
 

 

Abstract 

ATMADJA, STIBNIATI S. Discount Rate Estimation and the Role of Time Preference in Rural 
Household Behavior: Disease Prevention in India and Forest Management in the US. (Under the 
direction of Dr. Erin O. Sills.) 

 

This dissertation focuses on a key element of inter-temporal decision-making: time preference – 

the preference for current, instead of future, utility.  This study contributes to the literature by: 

(i) estimating discount rates among disadvantaged populations: rural households in Maharashtra, 

India, and limited resource woodland owners  in North Carolina; (ii) assessing the requirements 

and implications of different statistical approaches to analyzing binary-choice stated preference 

data, by employing four parametric and non-parametric estimation methods, and testing 

sensitivity to several key methodological choices; (iii) analyzing determinants of the discount rate 

suggested by theory and empirical studies, and (iv) modeling a wide range of health and forest 

management behaviors as a function of estimated discount rates, controlling for levels of 

financial, natural, human, and social capital, and other constraints. 

Estimates of the average discount rate in Maharashtra range from 10% to 25% per month, 

depending on estimation method and length of delay  between payments. Age, female gender, 

wealth, and recent experience with household crisis reduce individual discount rates. In turn, 

higher discount rates reduce the probability of hand washing and water treatment, but only 

among those who understand the future benefits of these activities. 

The average discount rate of forest landowners in North Carolina is estimated to be much lower: 

2% to 9% per year. As in Maharashtra, age is a significant determinant of discount rates in 

North Carolina, although it is positively rather than negatively associated with the discount rate. 

Other significant factors include income and number of children. Landowners with higher 

discount rates are more likely to have harvested timber in the past 10 years.  
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Chapter 1 : Motivation and Research Questions 
 

1.1. Introduction 

The quest for sustainable development entails making inter-temporal decisions about resource 

consumption.  This dissertation focuses on a key element of inter-temporal decision-making: 

time preference – the preference for current, instead of future, utility. In essence, it is one’s 

willingness to wait. Time preference is remarkably pervasive as almost every decision involves 

timing. The decision to undertake an action depends to some degree on how costly it is to wait 

for the results of that action to be realized. As a result of this cost, tomorrow’s good has less 

utility, and people prefer consuming the good today rather than tomorrow.  

Time preference is recognized as fundamental to economic development and poverty alleviation 

(Pennings and Garcia, 2005) and has received much attention in the health (Cairns, 2006)  and 

environmental (Groom et al., 2005) literatures as an essential parameter for explaining behaviors 

and designing policies with immediate costs and long-term benefits.  There is often a public 

interest in promoting private investments with long term payoffs, such as education, retirement 

savings, preventative healthcare, and conservation of natural resources. Households who are 

very present-minded may be less likely to respond to public initiatives such as preventing 

disease, promoting forest management, and investing in productive assets.  Thus, the factors that 

determine time preferences are of policy interest. The classic view of time preferences is that 

they are immutable and can be summarized as a single exogenous parameter that does not 

change over time or goods. Empirical evidence and alternative theories rooted in behavioral 

economics suggest otherwise: time preferences are formed by circumstances and experiences 

and are therefore potentially susceptible to policy interventions.  

Time preference is usually represented as the rate at which the utility of a good diminishes as the 

waiting time to consume the good increases.  It is commonly referred to as the discount rate. 

Unless stated otherwise, in this dissertation, the term “discount rate” refers to the constant 
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exponential rate at which utility of any good or service diminishes over time, expressed in real 

terms.  High discount rates mean that future utility diminishes more rapidly, leading to less 

future-oriented investments. The discount rate reflects opportunity costs and personal 

impatience, and is a separate concept from other factors that affect long-term decision-making, 

such as risk and uncertainty.  

While the rate of time preference is central to investment decisions, households are also 

constrained by available resources (e.g. financial, physical, natural, human, and social capital).  

These resources may also affect and/or be affected by time preferences.  To understand the link 

between time preference and behaviors, we must also consider these other constraints facing 

households.  This is of particular concern with poor (“limited resource”) and socially 

disadvantaged (“traditionally underserved”) households, who are often assumed to have high 

rates of time preference, who are the target of policy interventions designed to encourage 

immediate investments for future returns, and who operate under a complex set of constraints.   

This dissertation addresses three inter-related issues: estimating discount rates, identifying factors 

that influence them, and examining how they influence intertemporal behavior.  The specific 

research questions and approaches to them are as follows: 

1. What is the discount rate?  

Estimating discount rates using stated preference survey data and four estimation methods, 

testing sensitivity to several key methodological choices.  

2. What factors affect it?  

Testing the relationship between estimated discount rates and factors of the discount rate 

suggested by theory and empirical studies.  

3. Can estimated discount rates be used to predict personal behavior?   

Modeling future-oriented behaviors as a function of estimated discount rates, controlling for 

levels of financial, natural, human, and social capital, and other preferences.    
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The empirical portions of this dissertation are based on survey data of rural households in the 

state of Maharashtra, India and North Carolina and Virginia. The two populations differ in 

terms of culture, level of economic development, and institutional structures, but were alike 

because they were poor in comparison to the state average.  In an absolute sense, the households 

in Maharashtra were clearly much poorer. Analyses on Maharashtra are presented in Chapter 3 

and Chapter 4, while those on North Carolina and Virginia are presented in Chapter 5 and 

Chapter 6. Chapter 3 and Chapter 5 focus on the methodological aspects of discount rate 

estimation, while Chapter 4 and Chapter 6 analyze the factors that influence the discount rate 

and adoption of future-oriented behaviors. Chapter 7 concludes by summarizing the 

methodological and empirical lessons and policy implications from the four empirical chapters. 

This dissertation contributes to the time preference, health and forestry literature by studying (i) 

limited resource populations that are often the target of development interventions in two very 

different cultural and economic contexts (Maharashtra and NC), (ii) behaviors related to 

stewardship of natural resources and disease prevention, and (iii) the capital constraints that 

characterize these populations, which are widely believed to be correlated with high discount 

rates, and are likely to be themselves important determinants of inter-temporal behavior.  The 

methodological contributions of this dissertation include understanding (i) ‘opt-out’ responses in 

time-preference elicitation; (ii) potential self-selection effects: traits that have excluded 

respondents from previous research (e.g. income, education, gender and race) may also be 

correlated with their discount rates (Warner and Pleeter, 2001); (iii) the effect of observation 

selection criteria; (iv) the effect of maximum and minimum threshold levels on two non-

parametric methods of discount rate estimation; (iv) new methods to identify thoughtful 

responses to improve discount rate estimates. This dissertation is the most comprehensive 

review of discount rate estimation studies to date. It also enriches the economic development 

literature by providing: (i) estimates on discount rates from a rural developing country setting; 

and (ii) a time path for discounting that shows whether people use different discount rates for 

benefits that occur at different times in the future. 
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Chapter 2 : Literature Review and Methodology 
 

2.1. Introduction 

This chapter reviews three strands of the literature on time preference: (i) theories of time 

preference, identifying testable hypotheses regarding the formation/determinants of time 

preferences, (ii) empirical studies of the factors that affect time preference, with particular 

attention to the specific variables used to represent these factors, and (iii) methods for estimating 

discount rates, focusing on stated preference approaches and the effects of question design. The 

systematic effects of some elements of question design (e.g. amount of payoff, monetary vs. in-

kind payoffs, and time delay before and between payoffs) suggest alternative functional forms 

for time preferences (Lazaro et al., 2002), which will be tested using the Maharashtra dataset.  

This literature review is followed by a description of the methods used in this dissertation to 

estimate the discount rate, which will be used to test the hypotheses and compare to previous 

empirical literature.   

2.2. Time Preference: History and Definition 

Time preference is the preference for consuming goods based when it is being consumed. Early 

concepts of time preference involved the idea of patience, which is one’s willingness to wait for 

future benefits of current actions. For example, Adam Smith believed that patience is a virtue that 

we are born with as part of our survival mechanism, while impatience is momentary and somewhat 

irrational: 

“With regard to profusion, the principle which prompts to expence is the passion for 

present enjoyment; which, though sometimes violent and very difficult to be restrained, 

is in general only momentary and occasional. But the principle which prompts to save is 

the desire of bettering our condition, a desire which, though generally calm and 
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dispassionate, comes with us from the womb, and never leaves us till we go into the 

grave.” (Smith, 1870: Book II, Ch.3, Par. 28) 

Jevons (1888) expanded the analysis of time preference beyond its moral context in his Theory of 

Utility. For him, people are naturally inclined to ignore the future. The relationship between 

current and future consumption is not based on patience, but rather on our limited ability to 

perfectly envision future utilities: 

“The factor expressing the effect of remoteness should, in short, always be unity, so that 

time should have no influence. But no human mind is constituted in this perfect way: a 

future feeling is always less influential than a present one.” (Jevons, 1888: Ch.3, Par.61) 

He separates risk and uncertainty -which can be ameliorated by perfect information- from our 

inability to perfectly envision our ‘future feeling’:  

v1 p1 q1 = v2 p2 q2 = v3 p3 q3 =... = vt pt qt 

Where vt = consumption at time t, pt = probability of reaching time t, and qt = ratio between 

current utility and utility at time t, which is the classical counterpart of the discount factor that 

captures the ratio between current utility and the certainty equivalent utility of future 

consumption. It is a measure of the limited foresight into our future selves. Böhm-Bawerk 

provided the first arguments that qt is at least equal to 1 implying current utility is valued higher 

than future utility (i.e. positive discounting) (Böhm-Bawerk, 1888: Book V, Ch.1). Fisher (1930) 

interpreted time preference as tradeoffs between consumption occurring at different times 

(intertemporal substitution). Intertemporal substitution was treated in the same manner as 

intratemporal substitution of different goods by including indifference curves and an 

intertemporal trade-off line that greatly resembles a budget constraint (See Appendix 2.2). 

The discount rate is the speed in which consumption loses its utility as it is delayed further in the 

future, relative to its present utility. In its simplest functional form, utility diminishes at a 

constant speed equal to the discount rate:  
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Where r=discount rate per unit time; t=time between C0 and Ct (discrete time units, e.g. years, 

months, days). 

An annual discount rate equal to zero means that a reduction in 1 unit of present consumption 

can be compensated by increasing consumption twenty years from now by 1 unit (P20 = P0). This 

person is indifferent between consuming 1 unit today and 1 unit in the future. The above 

functional form implies that our future and present selves will use the same rate to discount the 

value of consumption that occurs one time period ahead.  

 

 

 

  

Figure 2.1: Recursive discounting 

 

If we assume that there are an infinite number of periods between C0 and C1, and each period is 

instantaneous, we can use the continuous version of the constant discount rate, called constant 

exponential discounting: 

 C0 = Ct e-rt
       r = ln (Ct /C0)/t = 0.288 

where e-rt
 is the discount function f(r,t). 

Samuelson made the great leap of mathematically deducing the q term in Jevon’s equation, by 

assuming a constant exponential discounting function. His Discounted Utility (DU) Theorem  
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(1937) made it possible for economists to formally treat time preference in utility-maximization 

models. In DU, an individual is assumed to have a constant discount rate r. The utility from 

consuming x amount of goods in the future at time t is: 

U0 (C0) = Ut (Ct). e-rt 

Where U0 = present utility; Utility = utility at time t. One useful feature of the DU model is that 

utility from multiple time periods can be aggregated into the present: 

dteUU
T

rt
t∫ −⋅=

0
0

  

There are numerous shortcomings of constant rate discounting, as summarized by Frederick et 

al. (2002). Samuelson asserted that the assumption of a constant discount rate in his DU model 

is arbitrary, and was only to simplify the analysis. Aside from the constant discount rate, the DU 

model relies on two additional assumptions: (i) preferential independence; and (ii) stationarity 

(the discount rate is not dependent on time)1. They imply that the events leading up to the 

period where a decision is made do not affect their choices in the future. These assumptions are 

essential in maintaining time-consistent choices, and allow us to conveniently add up utility from 

different time periods. Researchers have questioned these assumptions, and suggested a number 

of alternative discounting functions2. Considering the theoretical advantages of constant 

exponential discounting, a more important question is whether this discount function is a useful 

simplification with predictive power. This dissertation furthers our understanding of the validity 

and predictive power of the constant exponential discounting by separately estimating discount 

rates for different delay lengths (Chapter 2), and using estimates from a variety of methods as 

explanatory variable for the decision to adopt a range of future-oriented behaviors. 

                                                 
1 Mas-Colell et al., 1995, pp. 733-736. 
2 See Botelho et al., 2006 for an empirical review of discounting functions.  
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2.3. Theories on Determinants of the Discount Rate 

This section reviews time preference theories that explain the determinants and formation of 

discount rates, proposed by Becker and Mulligan (1997), Rogers (1994), Loewenstein and Prelec 

(1992) and Moseley (2001). In Becker and Mulligan’s theory of Endogenous Time Preferences, 

individuals choose their optimum discount rates and invest accordingly to decrease their 

discount rates. This was a radical approach to the classical notion that time preference is 

stationary and exogenous. Rogers’ theory of Natural Selection infused evolutionary biology into 

the understanding of time preference, providing a unique perspective on the roles of gender and 

age. The works of Loewenstein & Prelec, and Trostel & Taylor were representative of the 

Marginal Utility theory of time preference, while Moseley’s theory was based on differentiated 

discount rates of Primary vs. Secondary Needs.  

2.3.1. Endogenous Time Preference 

In Becker and Mulligan’s (1997) Endogenous Time Preference theory, people can choose to 

invest time, money, and energy into goods and activities that can reduce impatience and 

temporal myopia.  Resources spent will increase the ‘nearness’, and hence the value of future 

pleasures. Situations that make low discount rates more desirable or increase the amount of 

available resources, will prompt the decision-maker to invest in items/actions that reduces their 

discount rates. 

The objective function of a consumer with a two-period lifespan is to maximize total welfare. 

There is a general ‘future-oriented’ capital S to imagine all types of goods being consumed in the 

future. The stock of S does not depreciate with time. Individuals maximize the following utility 

function3: 

)C(U)t),s(r()C(UU 1100 ⋅+= δ   

Subject to an initial wealth endowment A0: 

R1C1 + π s = A0 
                                                 
3 Becker & Mulligan’s notations were changed to be consistent with notations in this dissertation 
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Where δ = discount function; s = resources spent to imagine future utilities; t=time between 

period 0 and 1; U=utility function, C=consumption, R=interest rate, and π = price of s. Let 

R(s))>0, R’(s)≥ 0,  R”(s)≤0 for s ≥ 0.  

In this model, individuals maximize current welfare by improving the way future pleasures is 

imagined (i.e. increase R). Any exogenously determined tendency to undervalue the future (e.g. 

hereditary, cultural) is expressed as δ(0)<1, and can be offset by investing on s, so that δ(s) ≥ 1. 

In general, δ(s) ≤ 1. There are two ways of increasing s: (i) spending time and effort appreciating 

future pleasures, such as going to school or visiting our aging parents; (ii) spending on certain 

goods that distracts one’s attention from the present (e.g. news paper) and disciplinary devices 

that help a person sacrifice current consumption (e.g. alarm, term-deposit accounts). This theory 

proposes that education reduces the discount rate. 

In this theory, the wealthy are more likely to have lower discount rates, because they can afford 

to spend on reducing their discount rates. It explicitly differentiates income from wealth. 

Income, being a flow or resources, has a time component that wealth (a stock) does not. People 

with more income may not be patient because they have a higher opportunity cost of time.  

Future utilities and discount rates are complements: anything that increases future utilities will 

increase the advantage of having low discount rates. Age can be used to proxy for the amount of 

future utilities that are available for consumption.  As a person ages, the amount of future 

utilities left to consume decreases, increasing the discount rate. However, the relationship 

between age and discount rates is not linear. As we age, more s is accumulated, driving our 

discount rates down, but this is counteracted by reduced total future utility. If we relax the 

assumption that s does not deteriorate with time, the effects of accumulated S at later ages will 

be dampened. Hence, the future is discounted heavily at both old and young ages.  

I extend this theory to include the expectation of future pleasures or pain. These expectations are 

formed using information that is available through past experiences. Hence, recent negative 

(positive) shocks can increase (decrease) discount rates. In the India dataset, data on recent 

household crises were collected could be used to test this prediction. This has important 
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theoretical implications: if past experiences influence current discount rates, the stationarity 

assumption of the DU model would be invalidated. 

2.3.2. Natural Selection 

An alternative model proposed by Rogers (1994) is based on a radically different approach based 

on the laws of Natural Selection. Instead of intertemporal substitution of consumption, the 

discount rate is based on the trade-off between higher survival probabilities of one’s genes in the 

current time period, versus those of a future period. Consumption affects discount rates only 

through its effects on survival probabilities. Hence, a typical discount rate elicitation question of 

trading off $100 now and $150 five years from now implies trading off higher survival 

probabilities now versus later.  

Altruism, which is the preference for increasing the welfare of others, was used by Rogers as a 

way of extending current decisions into the future, by including benefits to other individuals as 

well as the ‘future self’ at the expense of one’s own welfare (i.e. the current self). Natural 

selection will favor a certain level of altruistic preference because it ensures the survival of a 

species (Hamilton, 1964a, Hamilton, 1964b cited in Rogers, 1994). As age increases, the survival 

of one’s genes is dependent on the fertility of generations that are further away from one’s self 

(e.g. grandchildren, great-grandchildren). Hence, older individuals will take into account their 

own (decreasing) fertility and adopt the next generation’s fertility. As one becomes older, 

discount rates still fluctuate to follow the fertility rates of the younger generation, but in an 

increasingly subtle manner4. 

The discount rate is related to fertility, because it determines the aggregate survival rate of future 

generations5. Discount rates are age-dependent because fertility changes with age. Age 

dependency means that the age when a decision is made influences how much future utilities are 

discounted. At peak fertility ages, an individual will have higher discount rates for the future 

because they do not expect to have higher fertility in the future.  This theory predicts that the 

combination of age and gender, which proxies for fertility, affects the discount rate in a non-linear 
                                                 
4 See Appendix 2.2 for graph of the relationship between age, gender and discount rates. 
5 Increased fertility will increase the chances of the specie to exist in the next time period. 
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fashion. This is a unique insight because past studies have only tested the effects of age and 

gender separately (e.g.van der Pol and Cairns, 1999). 

2.3.3. Primary vs. Secondary Needs 

Another model of time preference by Moseley (2001) focuses on the divergence between time 

preference for subsistence/primary needs, and that of secondary needs. Under poverty, 

households are hard-pressed to secure basic needs such as food, shelter and clothing. These 

‘primary’ needs are non substitutable, and necessary. There is very strong preference to have 

these goods immediately, because their consumption cannot be deferred.  Beyond meeting 

minimum caloric requires, households strive to meet ‘secondary’ needs such as schooling, non-

emergency and preventive health care, sanitation and housing. Discount rates for these needs are 

lower than that of primary needs, because they are less urgently needed. 

A household’s ability to meet their primary needs depends on how much they can spend to 

acquire it. In poor households, the budget share for meeting primary needs is larger than in rich 

households. Hence, the overall discount rates of poor households are higher. Thus: 

r1>r2 ;  h1,poor>h1. rich 

rpoor = h1,poor*r1+h2,poor*r2 > h1,poor*r1+h2,poor*r2 = rrich  rpoor >rrich 

Where r= discount rate, h1 = share of primary needs in household budget; h2 = share of 

secondary needs in budget; h2,m = 1- h1,m ; m= index for poor or rich households 

Poorer households spend more of their income on primary goods (h1 is near 1) compared to 

those who are less poor. Lower income households will have a higher proportion of their 

income spent on items that are discounted at a higher rate. This is exacerbated when the 

household is large, because per capita income is reduced. Hence, Moseley’s model supports the 

hypothesis that larger households with lower per-capita income have higher discount rates. 

However, there is no separate hypothesis on wealth. 
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2.3.4. Marginal Utilities  

Loewenstein and Prelec, 1992, views time preference in the context of utility improvements 

compared to a baseline condition.  For example, someone earning $100/month is more likely to 

wait (have lower discount rates) for a $50 gift in one month compared to a person who earns 

$5,000/month.  Wealth affects discount rates in the same direction: for the wealthier individual, 

the $50 is a smaller proportion of total asset value, and increases utility by a smaller amount. So, 

people with lower income and wealth have lower discount rates. A corollary to this is a theory 

developed by Trostel and Taylor (2001), which posits that as people age, they expect lower utility 

from consumption as their mental and physical abilities eventually falls. At any given age (i.e. 

baseline condition), an individual’s marginal utility from a $50 gift would be higher than having 

the gift in the future, when it is not clear whether they have the ability to equally enjoy the gift. 

Hence, discount rates increase with age.  

Time preference theories based on marginal utilities provide a justification for using baseline 

condition that match the goods being traded off. For example, monetary tradeoffs should be 

compared to income; changes in health states should be compared to current health. 

Socioeconomic factors correlated with baseline conditions will also be correlated with discount 

rates. However, the theory does not provide clear guidance on the relevant baseline for tradeoffs 

consisting of multiple goods. In India, time preference elicitation questions are based purely on 

monetary tradeoffs. The relevant baseline condition is relatively straightforward: income and 

debt. In NC, respondents were asked to trade off a bundle of goods that consists of money and 

timber harvest methods. The possible baseline conditions for this tradeoff would be whether 

timber has ever been harvested, and income from past timber harvests.  

2.3.5. Summary of Time Preference Theories 

According to endogenous time preference theory, individuals weigh the benefits and costs of 

having a low discount rate, and invest accordingly in activities that change their discount rate. In 

natural selection theory, utility is transformed into probabilities of gene survival, and time 

preference into fertility levels.  This is quite foreign to the typical economic perspective, but it 
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provides interesting predictions. Primary vs. Secondary Needs theory distinguishes between 

goods by how necessary they are for survival. Primary goods have to be consumed, and will 

consequently be discounted heavily. Poorer households spend a larger share of their income on 

these goods, and therefore have higher discount rates. Marginal utility theory goes back to 

basics: all increases in consumption are reverted back to their utility equivalent, as Samuelson 

intended. Individuals take stock of what they have (their baseline condition) in order to evaluate 

how much more utility they gain from a certain future payoff. Due to diminishing marginal 

utility, people who have more of the good being offered will not value additional units of it as 

much. Each theory approaches time preference differently, and they sometimes have conflicting 

predictions. Table 2.1 summarizes the predictions derived from these theories.  

Table 2.1: Hypothesized effects on discount rate according to different theories 

Discount Rate Factors 
 

Endogenous time 
preference 

Natural Selection
Primary Vs. 

Secondary Needs 
Marginal 
Utilities 

Income (+) (-) (+)
Wealth (-) (+)

Recent Crisis (India) (+)
Household size (+) 

Gender  Effect depends on 
age/fertility   

Age U-shaped Effect depends on 
gender  (+) 

Education (-)
 

2.4. Socioeconomic Factors of the Discount Rate 

The empirical literature in time preference includes many studies that estimated discount rates 

using a variety of methods, a sub-set of studies that relate estimated discount rates to 

socioeconomic factors, and even fewer studies that examine whether the estimated discount rate 

is related to future-oriented behaviors. This section identifies and reviews published studies that 

relate discount rates to socioeconomic factors and future-oriented behaviors.  I consider studies 

that have used the variables in Table 2.1 as explanatory variables of the discount rate. The set of 
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factors that are frequently discussed include: income, gender, age, race, household size and 

education6.   

Table 2.2 summarizes empirical evidence of the relationship between time preference and these 

factors. The factors are categorized by financial, human and social capital constraints. 

Table 2.2: Relationship between socioeconomic characteristics and the discount rate 

(Developing country studies in italics)  

 Characteristics ↑ Discount rate ↓ Discount rate No effect 

Fi
na

nc
ial

 C
on

st
ra

in
t 

↑ Income & 
Wealth 

Income: Coller and 
Williams, 1999 

Wealth: Ventura, 2003 
Both: Holden et al., 

1998 

Wealth: Pender, 1996
Income: Lawrance, 

1991; Agee and Crocker, 
1996; Poulos and 
Whittington, 2000 

Both: Houston, 1983, 
Wahlund and 

Gunnarsson, 1996 

Income: Groenland and Nyhus, 
1994; Warner and Pleeter, 2001; 

Curtis, 2002; Harrison et al., 2002; 
Anderson et al., 2004; Kirby and 
Petry, 2004; Botelho et al., 2006 

↑ Household 
size 

Houston, 1983; Holden 
et al., 1998; Warner 
and Pleeter, 2001; 

Ventura, 2003 

Lawrance, 1991; Groenland and 
Nyhus, 1994; Agee and Crocker, 
1996; Wahlund and Gunnarsson, 
1996; Coller and Williams, 1999; 

Botelho et al., 2006 

So
cia

l C
on

st
ra

in
ts

 

Gender 
(Female) 

 Coller and Williams, 
1999; Warner and 

Pleeter, 2001 (Enlisted 
Soldiers) 

Cropper et al., 1992; Redelmeier 
and Heller, 1993; Kirby and 

Marakovic, 1995; Pender, 1996; 
Wahlund and Gunnarsson, 1996; 
Holden et al., 1998; Cairns and van 
der Pol, 1999; Warner and Pleeter, 

2001 (Officers); Harrison et al., 
2002; Ventura, 2003; Anderson et al., 
2004; Botelho et al., 2006; Chesson et 

al. , 2006; Kirby et al. 2002 
↑ Age Cropper et al., 1992; 

van der Pol and 
Cairns, 1999; Ventura, 

2003;  

Groenland and Nyhus, 
1994; Warner and 

Pleeter, 2001; Anderson et 
al., 2004; Chesson et al. , 

2006; 

Lawrance, 1991; Pender, 1996; 
Wahlund and Gunnarsson, 1996; 
Holden et al., 1998; Cairns and van 

der Pol, 1999; Coller and Williams, 
1999; Curtis, 2002; Harrison et al., 

2002; Botelho et al., 2006 Read and Read, 2004 (U-shape)

 

                                                 
6 Many discount rate studies also focus on addiction, where it is equally viewed as determinant of and determined by 
the discount rate. The use of addictive substances (tobacco and alcohol) will be treated in Chapter 4 as a dependent 
variable, determined by the discount rate, because it is strongly influenced by exogenous factors such as local culture. 
To acknowledge this body of work, but also to avoid confusion, a review of the literature that links addiction with 
discount rates is displayed in Appendix 2.1Appendix 2.1. 
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Table 2.2 (Continued) 

 Characteristics ↑ Discount rate ↓ Discount rate No effect
So

cia
l C

on
st

ra
in

ts
 

Race (Non-
White) 

Lawrance, 1991; Coller 
and Williams, 1999; 
Cropper et al., 1992; 

Warner and Pleeter, 2001; 
Chesson et al., 2006 

 

↑ Education Poulos and Whittington, 2000
(Ethiopia, Uganda) 

Viscusi and Moore, 1989; 
Lawrance, 1991; Agee and 
Crocker, 1996; Poulos and 

Whittington, 2000 
(Indonesia, Ukraine); 

Warner and Pleeter, 2001; 
Harrison et al., 2002; Kirby 

et al., 2002 

Cropper et al., 1992; 
Groenland and Nyhus, 

1994; Pender, 1996; 
Wahlund and 

Gunnarsson, 1996; Holden 
et al., 1998; Cairns and 

van der Pol, 1999; Poulos 
and Whittington, 2000 

(Bulgaria, Mozambique); 
Ventura, 2003 

 

2.4.1. Income & Wealth 

Empirical studies frequently used income and wealth as an independent variable.  Of the 16 

studies identified, only three found a positive relationship between income or wealth and 

discount rates, while six found a negative relationship, and seven found no relationship.  Thus, 

the preponderance of evidence suggests that people who have higher income and wealth do not 

have higher discount rates than those that have lower incomes. However, studies have noted 

strong positive correlation between income and wealth (e.g. Houston, 1983). Some authors only 

used permanent income, arguing that liquidity constraints are more important to those who are 

temporarily poor (e.g. Lawrance, 1991). Others used an index that combines wealth and income 

(e.g. Wahlund and Gunnarsson, 1996). 

The conceptual difference between the effects of income and wealth hinges on credit access. 

With perfect credit access, one can borrow from future incomes as well as present assets with 

equal ease. Without credit, it is difficult to borrow from future income because it has not been 

earned. In contrast, one can ‘borrow’ from currently owned assets (a measure of wealth) by 

using it as a productive capital. The rate of interest from this ‘loan’ is equal to the profits earned. 
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The role of wealth becomes more prominent in areas with limited credit access. In areas where 

credit is scarce, wealth also influences the credit access and interest rates (Pender, 1996). 

2.4.2. Household size 

Some studies found linear relationships between household size and time preference (e.g. 

Houston, 1983; Warner and Pleeter, 2001), but most empirical evidence suggests that the 

relationship is not significant. The relationship between household size and the time preference 

of the household head may be non-linear because of economies of scale in household 

consumption. Additionally, household size determines labor availability and productive capacity. 

In both developing and developed countries, non-wage-earning household members provide 

services (e.g. childcare, fetching water and firewood, chores) that give larger households more 

options for spreading consumption across time. 

2.4.3. Gender  

The relationship between gender and time preference has been a concern in many empirical 

research due to women’s role in children’s education, household nutrition and hygiene, the labor 

force, family planning, and rural development. Women’s traditional role as the manager of the 

household suggests patience, monetary prudence and forward-planning. Although these traits 

suggest that women have lower discount rates, it is empirically supported by only two out of 

sixteen studies that used gender as an explanatory variable for discount rates. The result from 

one of the two studies only applies to a subsection of their respondents. In general, empirical 

evidence finds that gender has little effect on the discount rate, and this is especially true among 

studies in developing countries. However, this conclusion does not mean that gender has no role 

in determining discount rates, because it may be that it is highly correlated with other variables, 

such as income and education.  

2.4.4. Age 

Theories that relate age to time preferences (Becker and Mulligan, 1997; and Rogers, 1994) 

suggest that age should have a non-linear effect on discount rates.  This may explain why so 
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many studies found that age has no linear effect on time preference. The study by Van der Pol 

and Cairns (1999) allowed for non-linearity by including dummy variables for different age 

categories and found that the ‘64 and above’ group had statistically higher discount rates 

compared to other age groups.  

2.4.5. Race and Caste  

Race and caste are usually correlated with financial and human capital, such as income and 

education. Socially disadvantaged races or castes (e.g., African Americans in the US, low caste in 

India) are expected to have higher discount rates. US studies found that African Americans had 

a higher discount rate compared to other races even after controlling for income and education.  

A history of racial discrimination in the US may still have residual cultural and economic impacts 

that are still captured by more recent studies (e.g. Warner and Pleeter, 2001), and by those with 

respondents in the US South, where segregation was especially prominent (e.g. Coller and 

Williams, 1999).  For example, African Americans were denied access to credit or charged higher 

interest rates by public and private institutions (e.g. USDA Forest Service, 2000), which reflects 

the financial barriers faced by African Americans that influence in studies that use datasets up to 

the 1990’s (e.g. Lawrance, 1991).  

2.4.6. Education  

Education is one of the tools that allows us to reduce our mental myopia, and hence our 

discount rate (Becker and Mulligan, 1997). It is a proxy for a person’s ability to plan, persevere 

and enforce self-discipline. There is ample evidence to support this, although many studies also 

found no relationship between formal education and discount rates. The relationship may be 

location-specific: a cross-country study by Poulos and Whittington (2000) found differences in 

the relationship between education and discount rates across six developing countries.  
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2.5. Survey Methods and the Discount Rate 

Aside from respondents’ characteristics, discount rates are also sensitive to the survey method 

used to elicit them. The following section reviews the effects of elicitation methods, discusses 

the possible theoretical implications of these patterns in empirical responses.  Table 2.3 

summarizes results of studies that have tested the effect of methodological choices regarding 

these three components.  

Table 2.3: Empirical studies: Relationship between elicitation methods and the discount 

rate 

 Factor (+) (-) No Effect

Ti
m

e 
Fr

am
e 

Time delay  Thaler, 1981; Benzion et al., 1989; 
Cropper et al., 1992; Redelmeier and 

Heller, 1993; Shelley, 1993; 
Johannesson and Johansson, 1997; 

Cairns and van der Pol, 1999; van der 
Pol and Cairns, 1999; Poulos and 

Whittington, 2000; Anderson et al., 
2004 Botelho et al., 2006 

Andersen et al., 
2006 

A
m

ou
nt

 

Amount of 
payoff 

 Loewenstein, 1987; Benzion et al., 
1989; Shelley, 1993; Chapman and 

Elstein, 1995; Poulos and Whittington, 
2000; Warner and Pleeter, 2001; Kirby 
and Santiesteban, 2003; Anderson et 

al., 2004 

Kirby and 
Marakovic, 

1995 

Tr
ad

ed
 g

oo
d 

Real rewards (vs. 
hypothetical) 

 Kirby and Marakovic, 1995; Coller and 
Williams, 1999 

 

Loss (vs. gain) Shelley, 1994 Thaler, 1981; Loewenstein, 1987; 
Benzion et al., 1989 

Kirby and 
Santiesteban, 

2003 
Monetary (vs. 
other goods) 

Loewenstein, 1987
(vs. kiss or electric 

shock); Cairns, 1994 
(vs. life saved) 

Kirby et al., 
2002 (vs. 
candy); 

Chapman and 
Elstein, 1995 
(vs. health) 

 

2.5.1. Time frame 

Under constant exponential discounting, people discount their utility at a constant rate:    

U0 =(1+r)t
  Ut , where t is the time delay between current (U0) and future (Ut) utilities. 



20 

Note that r is not a function of t. An important implication of constant exponential discounting 

is that under reasonable ranges of discount rates, people will place almost negligible utility on 

events that occur centuries from now. In contrast, there is overwhelming empirical evidence that 

the discount rate depends on how far into the future events occur (i.e. time delay). Events 

occurring in the distant future are discounted less heavily than those occuring in the near future: 

U0=(1+r(t))t Ut , where discount rate r is a decreasing function of t (∂r/∂t < 0).  

2.5.2. Amount of payoff 

Discount rates have also been shown to vary with the amount of goods being considered, also 

known as the magnitude effect: Small amounts of money are discounted more heavily than large 

amounts of money. There are a few theories that attempt to explain this empirical regularity. 

People may put different amounts of money in different mental accounts (Loewenstein and 

Thaler, 1989). Large sums are reserved for investment purposes and are expected to accrue 

interest at the market rate. Small amounts of money are reserved for immediate consumption. 

Giving up small amounts of money means foregoing immediate consumption. This is more 

difficult than foregoing the rate of interest, and requires higher compensation expressed as a 

higher discount rate.  

However, this does not explain why magnitude effects are observed in other goods that cannot 

be invested or saved (e.g. health and vacation in Chapman and Elstein, 1995). An alternative 

explanation is that people are not willing to wait very long for small changes to their current 

welfare level. Hence, small amounts of any good are discounted more because people have to be 

compensated more to wait for them (Loewenstein and Prelec, 1992).  
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2.5.3. Real7 vs. Hypothetical Rewards 

Instead of presenting respondents with hypothetical scenarios of intertemporal tradeoffs, some 

studies ask them to tradeoff real money (or other goods, such as candy or bags of rice) across 

time. Two studies (Kirby and Marakovic, 1995; Coller and Williams, 1999) compared between 

hypothetical and real payoffs and found that real goods are discounted less rapidly (i.e. using a 

lower discount rate) than hypothetical goods.  

2.5.4. Loss vs. Gain 

Several studies have compared discount rates estimated from scenarios that specify a loss vs. 

gain.  Three out of five studies that have tested the loss-gain asymmetry in time preference have 

found that losses are discounted less heavily than gains. Only Shelley (1994) found that losses are 

discounted more heavily, which may be because the MBA students who were the subject of his 

study were confident that they could mitigate future losses and thus discount losses more than 

gains. Early notions of time preference, as illustrated in Fisher’s graph (Appendix 2.3), do not 

distinguish between consumption losses and gains. Discounted utility theory suggests that 

people discount the utility from gains and losses equally. Hence, gains are discounted more 

heavily when the utility of a unit gained is less than the disutility of a unit lost. 

2.5.5. Monetary vs. Other Goods 

If all goods can be freely traded, i.e. there is a barter/exchange rate for all goods, we should have 

only one discount rate for everything8. Time preference studies often use non-monetary goods, 

                                                 
7  Although some respondents are paid (using ‘real’ money) to take the surveys, the term ‘real reward’ refers to 
studies that allow respondents to earn the goods they are asked to trade off. Typically, respondents are told they 
have a chance of receiving one of the current/future payoffs that they chose in the elicitation question. This is done 
to motivate the respondents into revealing their true time preferences.  
8   Chapman and Elstein Chapman and Elstein, 1995provided an example: A person is asked to choose between 
$1,000 and 120 bushels of corn worth $10 per bushel. If money is discounted at 10% and corn at 20%, this person 
will choose the money because the Present Value of money ($385) is larger than corn ($194). In fact, she is willing 
to pay up to $385-$194 = $191 to get the money award. When then 10th year comes, the corn is worth more ($1200) 
than the money ($1000), and she is willing to pay up to $1200-$1000=$200 to switch back to corn. This switch is an 
example of dynamic inconsistency, where people switch from one decision to the other when the decision 
parameters (outside personal preference) did not change.  
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such as household appliances, life saved, and health states. It is not clear how using different 

goods to frame an elicitation questions affects the estimates. The useful life of each good is 

different; the consumption of goods such as money can be deferred easily compared to a good 

such as health, which is a transient state.  

The discount rate related to health has been frequently estimated, but discrepancies in the 

literature exist.  Chapman et al. (1999) found that time preference for health is uncorrelated 

money discount rates. Chapman et al.’s average discount rate for health is higher (64%) than for 

money (61%). Their estimates are much higher than those found in other studies (e.g. Redelmeier 

and Heller, 1993: 3%; van der Pol and Cairns, 1999: 7.3%). Cairns (1994) found that the 

discount rate for health is higher than for money. Loewenstein’s (1987) study, although small 

(n=30), showed that the discount rate for money, electric shock and a kiss from a movie star 

follow different time paths. A study by Kirby et al. (2002) found no statistically significant 

difference between discount rates for money and candy. 

2.5.6. Information & Familiarity 

A person’s experience/familiarity with the good/task that is used in the elicitation question may 

affect their ability to understand the task. Researchers have tried to control for this by working 

with finance and economics students (e.g. Benzion et al., 1989) and framing the questions to suit 

their respondents’ experience or profession (e.g. Redelmeier and Heller, 1993; Curtis, 2002; Kirby 

and Petry, 2004). Providing information that improves intertemporal decision making has been 

shown to affect discount rate estimates (Coller and Williams, 1999). Chapman et al. (1999) tested 

for the effect of familiarity by asking patients with migraine or Crohn’s disease to make 

intertemporal tradeoffs of both diseases, and money. They did not find that familiarity with the 

good affects the discount rate.  

2.6. Review of Discount Rate Estimates 

Table 2.4 summarizes 42 studies published from 1976 to 2006 that estimated the discount rate, 

including 6 studies from developing countries, 10 studies from developed countries outside the 
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US, and 26 studies from the US. All developing country studies used stated preference methods 

to elicit the discount rates. Most studies used hypothetical scenarios involving money or life 

saved. To increase realism, respondents in some studies were entered into lotteries to win real 

payments, whose magnitude depends on the choices they made in the survey (e.g. Pender, 1996; 

Kirby et al., 2002; Botelho et al., 2006).  

Studies differed in terms of the magnitude of payments/goods being traded across time, time 

range between tradeoffs, the type of good being traded, and the elicitation used to reveal time 

preferences. Cross-country comparisons using a consistent method, such as those by Poulos and 

Whittington (2000) and Holden et al. (1998) become very valuable because of the large variety of 

methods that could be used to elicit and estimate discount rates. The Poulos and Whittington 

study found that discount rates in six developing countries in Africa, Asia, and Europe decreased 

as the delay length increased, which supports the idea of non-constant discount rates. Discount 

rates also fell with higher numbers of goods being traded9, a phenomenon known as the 

magnitude effect. 

A closer examination of the 42 disparate studies reveals the following observations: (i) Discount 

rates in developing countries were generally higher than those in developed countries; (ii) It is 

unclear whether discount rates for money is higher or lower than discount rates for other goods; 

(iii) Discount rates are much higher when tradeoffs are conducted across a short period (e.g. days 

or weeks); (iv) Tradeoffs of small amounts are discounted at a higher rate and (v) survey formats 

can influence the discount rate.  

 

                                                 
9 Poulos and Whittington (2000) asked respondents to trade between current and future lives saved. 
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Table 2.4: Studies estimating personal discount rate 

 
Author/Year 
(by Author) 

Stated 
/Obs 

Good Decision 
Value Range** 

+ 
Time 

Range ** +

Disc.Rate 
Range 

(Annual) 

D
ev

el
op

in
g 

Co
un

tri
es

 

Pender, 1996 Stated ($) Rice Smaller Sooner vs. Larger Later 10-65kg rice 7mths-2yrs 26-91%
Holden et al., 1998 (Indonesia) Stated Money Present value equivalents Rp100,000 1yr 93% 
Holden et al., 1998 (Ethiopia) Stated Money Present value equivalents 100 birr 1yr 104-116% 

Holden et al., 1998 (Zambia) Stated Money, 
Maize Present value equivalents Kw10-100k 

15bagsMaiz 1yr 53% 

Poulos and Whittington, 2000 (Ethiopia) Stated Life saved Choice of life-saving program 200-1,000 lives 2-10 yrs 28-49%
Poulos and Whittington, 2000 
(Mozambique) Stated Life saved Choice of life-saving program 100 – 500 lives 2-10 yrs 15-46% 

Poulos and Whittington, 2000 (Uganda) Stated Life saved Choice of life-saving program 200-1,000 lives 2 yrs 46%

Poulos and Whittington, 2000 (Indonesia) Stated Life saved Choice of life-saving program 2,000-10,000 
lives 2-5 yrs 45-57% 

Poulos and Whittington, 2000 (Ukraine) Stated Life saved Choice of life-saving program 200-1,000 lives 2 yrs 206%
Poulos and Whittington, 2000 (Bulgaria) Stated Life saved Choice of life-saving program 200-1,000 lives 2-5 yrs 38-45%

Kirby et al., 2002 Stated ($) Money, 
Candy Smaller Sooner vs. Larger Later $0.50-1.50;

6-16 candies 7-157days 4380% -
5110%  

Anderson et al., 2004 Stated Money Hypothetical debt repayment $7-$276 1day-1yr 0.6-67%
Botelho et al., 2006 Stated ($) Money Smaller Sooner vs. Larger Later $100-104 1-25mths 12.7% 

N
on

-U
S 

D
ev

elo
pe

d 
Co

un
tri

es
 

Benzion et al., 1989 Stated Money Smaller Sooner vs. Larger Later $40-$5,000 6mth-4yrs 7.5%-60%

Groenland and Nyhus, 1994  Stated Money WTP to postpone payment of tax 
debt/traffic ticket $150-2,000 1yr 3.7% 

Wahlund and Gunnarsson, 1996 Stated Money WTA for delayed lottery prize 10,000 SEK 1mth-1yr 18-158%

Johannesson and Johansson, 1997 Stated Life saved  Choice of undertaking hypothetical life-
saving procedure 200-10000 lives 25-75yrs 4.84-13.77%

Enemark, 1998 Obs Health Choice of treatment: wait vs. surgery n/a n/a 5.3-19.4% 

Cairns and van der Pol, 1999 Stated Health (own 
& others') 

Tradeoff: Days of future ill health and
delay of the illness. 

2 weeks 
(example) 2-16yrs 6.1% 

van der Pol and Cairns, 1999 Stated Health Choice to delay temporary health 
problems  n/a 5-13yrs 7.3% 

Curtis, 2002 Stated Fishing 
profits 

Hypothetical fish stock recovery 
programs n/a 8 yrs 

(annual) 30-40% 

Harrison et al., 2002 Stated ($) Money Smaller Sooner vs. Larger Later $450-1,840 6-36mths 28.1%
Ventura, 2003 Stated Money WTP to receive payoff now vs. later 10million lire 1-2yrs 10.6% 
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Table 2.4 (Continued) 
 Author/Year 

(by Author) 
Stated 
/Obs 

Good Decision 
Value 

Range** + 
Time 

Range ** +

Disc.Rate 
Range 

(Annual) 

U
ni

te
d 

St
at

es
 

Gilman, 1976* Obs Retirement fund Annuity vs. lump-sum payments n/a n/a <20%
Hausman, 1979 Obs Appliance Upfront and operation cost of air conditioners n/a n/a 26.4%
Thaler, 1981 Stated Money Smaller Sooner vs. Larger Later payments $15 -$3,000 1mth-10yrs 1-345%
Cylke et al., 1982* Obs Retirement fund Annuity vs. lump-sum payments n/a n/a 15-18%
Houston, 1983 Stated Energy bill Installation of hypothetical energy-saving device $0-100 Annual 22.5%
Black, 1984 * Obs Retirement fund Annuity vs. lump-sum payments n/a n/a 10.3%-12.5%
Ruderman et al., 1986 * Obs Appliance Upfront and operational cost of appliances n/a n/a 17%-243%

Loewenstein, 1987 Stated Money, Kiss, 
Electric shock WTP to obtain gain/avoid loss $4-1,000 0-10yrs 3%- ∞ (?)  

Viscusi and Moore, 1989 Obs Occupation Choice of occupation (wage - risk tradeoff) n/a n/a 11.7%
Lawrance, 1991 Obs Food Food consumption over time n/a n/a 12-19%
Cropper et al., 1992 Stated Life saved Choice of hypothetical life-saving programs n/a 5-100yrs 31% (1st yr)
Redelmeier and Heller, 1993 Stated Health Value of 3 temporary health conditions n/a 4mths 0-5.8%

Shelley, 1993 Stated Money Present value of delayed/expedited 
payment/receipts $40-$5,0000 6mths-4yrs 7.5-29.3% 

Shelley, 1994 Stated Money Rate worse to best investment $50 to $150 6-24mth 3.7-22%
Dreyfus and Viscusi, 1995 Obs Cars Car purchase (accident risk and fuel economy) n/a n/a 10.7-17.4%

Kirby and Marakovic, 1995 Stated ($) Money Smaller Sooner vs. Larger Later $14.50-
$28.50 3-29days 

1022-1068% 
(Hypothetical) 

438-511% (Real)
Agee and Crocker, 1996 Obs Child’s health Chelation therapy to reduce child’s lead burden n/a n/a 4.7%
Coller and Williams, 1999 Stated ($) Money Smaller Sooner vs. Larger Later $500 2mths 19.1-22.1%
Prestemon and Wear, 2000 Obs Timber harvest Harvest timber between two survey periods n/a n/a 2- 18% 
Warner and Pleeter, 2001 Obs Retirement fund Annuity vs. lump-sum payments n/a n/a 0-71%
Johnson, 2002 Obs Occupation Post-compulsory education n/a n/a 3.39%
Frederick, 2003 Stated Life saved Current vs. future lives saved 0-7000 lives 25-100yrs 0-3.8%
Kirby and Santiesteban, 2003 Stated ($) Money Smaller Sooner vs. Larger Later 548%
Kirby and Petry, 2004 Stated ($) Money Smaller Sooner vs. Larger Later $11-$85 1wk -6mth 475% –3030%
Shapiro, 2005 Obs Food stamp  Food stamp consumption over 1 month n/a 1-30days 335%
Andersen et al., 2006 Stated ($) Money Smaller Sooner vs. Larger Later $447-567 1-7mths 14.3% 

* As cited in Curtis, 2002; ** Not available for Observed (Obs) behavior; + Absolute value  of Gains & Losses/Delay & Speed-up 
($) Real reward; (I) Developed country (Non-US) study; (D) Developing country study;  (?) Interpreted from graph/chart 
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2.7. Methodology 

Discount rate estimation is a fairly recent exercise, dating back to the late 1970’s. The first 

studies to estimate discount rates were based on observed consumer choice behavior (e.g. 

Gilman, 1976; Hausman, 1979). Thaler (1981) was the first to publish results derived from stated 

preference of purely hypothetical scenarios, which later became an important approach for  

discount rate elicitation. Subjects chose between a Smaller Sooner (SS) or Larger Later (LL) 

payment, or stated the equivalent amount they were willing to trade for one or the other in an 

open-ended question format.  Both types of studies rely on observations of inter-temporal 

tradeoffs of various goods or states, in the former case observing ‘real-life’ buying behavior and 

in the latter case, observing stated preferences across hypothetical goods. In this dissertation, the 

latter case is used. This section reviews methods used in this dissertation to: (i) elicit time 

preference; and (ii) estimate the discount rate.  

2.7.1. Time Preference Elicitation Methods 

The data sets used to estimate discount rates in this dissertation are based on stated (instead of 

observed) preference, i.e. respondents were prompted to make a decision based on hypothetical 

scenarios. The surveys in India and NC used a simple binary choice model, and are contrasted in 

Table 2.5. Respondents chose between: (Option A): Payoff amount PA received at tA (or payoff 

series PA received at interval tA) or (Option B): payoff PB at tB (or payoff series PB received at 

interval tB).  The combination of payoff amount (Pi) and when the payoff was received (ti) were 

designed so that one option was Smaller but Sooner (SS)/more frequent, and the other was 

Larger but Later (LL)/less frequent (i=A,B).  

The NC data were collected through a mail survey. It was important to avoid repetitive 

questions, so only two tradeoff questions and no follow-ups were asked. Even so, non-response 

was frequent. In contrast, the Maharashtra data were gathered through personal interviews, 

making it possible to ask a sequence of five tradeoff questions and a follow-up question. Both 

surveys included an opt-out option in each elicitation question. The elicitation questions in the 

Maharashtra survey refer to a shorter time horizon than those in the NC survey. The observable 
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factors that affect the discount rate and the predicted behavior will also have different time 

scales. The questions also have different magnitudes, which have been empirically shown to 

affect discount rates. 

Table 2.5: Comparison between elicitation methods in the India and NC surveys  

Parameters Maharashtra (n=10,206) NC (n=299) 
Type of Good Money Money, timber harvest method 
Payment delivery method Gift Profits from timber sales 
Real/Hypothetical? Hypothetical Hypothetical
Number of tradeoff options 2 2
Payment schedule One-off payment Recurring payment every 8 or 32 years
Time horizon 3-15 months Infinite horizon
Upfront payment in both options? No Yes

Tradeoff options A=Smaller Sooner (SS)
B=Larger Later (LL) 

A= Large upfront with LL future payments
B= Small upfront with SS future payments 

Opt out option ‘Uncertain’ ‘Neither’
Number of elicitation questions (q) 5 2

Range of implied discount rates (ρ) 0.8%-10% per month
= 10%-232% per year 2.6-22% per year 

Range of values (Pi) Rs1,000-2,600 ($22-58) $500-$3,500 per acre x 50 acres 
Different time horizons in each 
question? Yes No 

Follow up question? Yes No

Non-response No (if not A or B, 
response is ‘uncertain’) Yes (left blank) 

Inconsistent response 1,646 7
Consistent: 8,276 207
Choose All A 5538 45
Choose All B 2174 133
Mixed between A and B 564 29
Not enough data (opt out or blank) 284 85
 

Payoffs in the Maharashtra survey were comparable to monthly household income and delayed 

for up to 15 months. Payoffs in NC were comparable to 3 years of household income, delayed 

for up to 32 years. Although the payoff relative to the time scale was similar, the discount rates 

used may be different. The long time horizons in the NC survey allowed for many factors to be 

endogenous, and future payoffs were well beyond the decision-maker’s lifetime. Consequently, 

bequest values and environmental preferences may play a large role in decision-making, which 

was not the case in Maharashtra. 
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Despite these differences, the results from elicitation questions in both datasets have some 

common features. Both datasets used binary choice questions that only defined the range of an 

individual’s discount rates, as opposed to an open-ended question format that would allow the 

rate to be pinpointed. The use of a series of trade-off questions in both surveys may result in 

problems related with inconsistent responses, e.g. a respondent can imply that her discount rate 

is less than 5% in one question, but more than 10% in a later question. 

There were also challenges specific to each dataset. In the NC data, respondents could choose 

“Neither” as an opt-out option, which may imply that the payoffs were lower than the 

respondent’s reservation price. Issues such as self-selection and the validity of the Independence 

of Irrelevant Alternative (IIA) will be analyzed in Ch.4. In contrast, the opt-out option in the 

Maharashtra study (“I don’t know”) was reserved for people who, for any reason, cannot decide 

between A or B. This includes fatigue, confusion, protest, or a real attempt to say that both 

options seem equally (un)interesting. The decision to choose Opt-out is of no interest, since it is 

difficult to interpret.  

In the NC survey, each option had a different payment mechanism: timber profits from clear 

cutting delivered the Larger but Seldom (LS) payments, which profits from selective cutting 

delivered payments for the Smaller but Frequent (SF) option. It is highly likely that other types 

of preferences, e.g. environmental preference, will play a role in determining the relative 

desirability of each option, which will be discussed in Ch. 4. The payment mechanism in the 

Maharashtra study, however, was consistent across the SS and LL options (i.e. gifts).  

The Maharashtra survey had a longer sequence of questions (q=5) compared to the NC survey 

(q=2). Since the probability of encountering inconsistent responses increases with the sequence 

length, response inconsistency was more of an issue in the Maharashtra data. Past studies with 

long question sequences did not exclude all inconsistent responses because doing so drastically 

reduced the number of observations (e.g. Pender, 1996, where q=9). The problem of estimating 

the discount rate using inconsistent responses will be discussed further in the Maharashtra 

chapter (Ch.2). In the Maharashtra dataset, nearly 2/3 of respondents always choose the same 

option in response to all five questions, raising the suspicion that they may not have understood 
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the questions or may not have given carefully considered answers based on their time 

preferences. This problem is not as acute in the NC data. It is imperative to separate between 

‘thoughtful’ respondents who understood and carefully considered the tradeoffs posed in the 

elicitation question, and those who did not. 

2.7.2. Discount Rate Estimation Methods 

The stated preference methods used in estimating the discount rate is similar to those used in the 

Willingness to Pay (WTP) literature. There, estimates was shown to be sensitive to the 

estimation methods, and it was recommended that researchers use several methods to see the 

robustness of the estimates across different methods (Bengochea-Morancho et al., 2005). A 

similar methodological robustness check has not been done in the time preference literature, 

even if it is possible for researchers to apply different estimation methods on one dataset. The 

choice of methods is primarily driven by elicitation method and data availability10.  

In the two case studies considered in this dissertation, the discount rates were estimated using 

four methods that could be applied to the binary and cross-sectional nature of the data that 

resulted from the survey instrument. The following four methods have been chosen: (i) 

Bounded estimates, (ii) Turnbull method, (iii) Binary Maximum Likelihood Estimation (MLE); 

and (iv) Grouped MLE. Each method represents a different combination between parametric vs. 

non-parametric, and binary vs. grouped data, as illustrated in Table 2.6. 

Table 2.6: Overview of Discount Rate Elicitation Methods 

 Parametric Non-Parametric
Binary 

(Choice between A or B) Binary MLE Turnbull 

Grouped  
(Discount rate ranges implied by 

choices) 
Grouped MLE Bounded Estimates 

 

                                                 
10 For example, a popular discount rate estimation method is based on Euler’s theorem (e.g. {Lawrance, 1991 
#329}; {Ogaki, 1997 #371}; {Shapiro, 2005 #422}), which requires time-series data on consumption. 
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2.7.2.1. Bounded Estimates 

A respondent chooses the option that maximizes her utility. She will choose Option A (Smaller 

Sooner (SS) or Larger Seldom (LS)) in question number q = (1,..,Q) only if the present value of 

utility from that option is higher than that from Option B (Larger Later (LL) or Smaller 

Frequent (SF)). 

Prq(A) = 1 if ( ) ( )[ ]q,Bq,Bq,Bq,Aq,Aq,A t,PUt,PUPr >  

=0 if ( ) ( )[ ]q,Bq,Bq,Bq,Aq,Aq,A t,PUt,PUPr <  

 

Eq. 2.1 

Where Pr(A) is the probability that the respondent chose option A. Note that Ui,p are present 

values of utility from consuming a payment Pi at time ti that were presented in question q. 

Discounted utility theory suggests that utilities at different points in time can be exchanged using 

a discount function δ(.). For every question in the sequence, there is an implied discount rate (ρq) 

that makes the present value of utility from both options equal (q subscript suppressed): 

UA(PA) δ(ρ, tA)= UB(PB) δ(ρ,tB)   

Or  
( ) ( )

( ) ( )BB
A

B
AA PU

t,
t,

PU
ρδ
ρδ

=
  

             ( ) )t,t,(
PU

)P(U
BA

BB

AA ρδ=
  Eq. 2.2 

Where δ(ρ,tA,tB) <1 is the discount function, and ρ is the implied discount rate that makes a 

respondent indifferent between Options A and B. Assuming that individuals weigh the 

comparative utility between the two options based on the payments they receive from each 

option, Eq. 2.2 can be transformed into: 
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The discount function is decreasing in ρ, i.e. at higher implied discount rates, UB must be higher 

in order for UA to stay constant: 

  
0

)t,t,( BA <
∂

∂
ρ

ρδ

 
 Eq. 2.4 

The choice between A or B reveals the range of the discount rate (r): If a respondent chose 

Option A, Eq. 2.1 implies that utility from A was larger than the present value of B, given the 

respondent’s discount rate r: 

 )P(U)t,t,r()P(U BBBAAA δ>   Eq. 2.5 

By combining Eq. 2.2 and Eq. 2.4, we get: 

)tt,r()tt,( B,AB,A δρδ >   

Because δ(.) decreases with the discount rates (ρ and r), this implies that a respondent chose 

Option A (Smaller Sooner option) only when her discount rate was higher than the implied rate: 

ρδρδ >→> r)tt,r()tt,( B,AB,A   

By assuming constant exponential discount rates, ρ could be calculated given Pi and ti: 

Maharashtra: One-off payment 
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P
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=ρ , where ti = time to payment (i=A, B) 

NC: Recurring payments 
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=  ρ was calculated numerically, where ti = payment intervals (i=A, B) 
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Each elicitation question produces one single-bounded interval: r>ρq or r<ρq , where q = 

(1,…,Q). Q is the number of elicitation used in a survey: QMaha = 5, QNC = 2. By design, each 

question in a survey had a different level of ρ. The questions were not asked in any particular 

order of ρ. Take, for example, a survey that contained three elicitation questions, where the 

implied discount rates were elicited in the following order: ρ1 = 5%, ρ2 = 1%, and ρ3 = 10%. 

The subscript denotes the implied rate corresponding to a question number. The respondent 

chose A for question #2, and B for question #1 and #3.  

This implies:  

 r > ρ2; r < ρ1; r < ρ3 

Since ρ1<ρ3, some of this information is redundant, and can be summarized into one statement:  

 ρ2 < r < ρ1 

Hence, ρLow = ρ2 and ρHigh = ρ1, where ρLow and ρHigh are the lower and upper bounds of a 

respondent’s discount rate. Note that when there are more than two elicitation questions (such 

as in the Maharashtra survey), respondents who answer all questions will provide redundant 

responses.  

This method results in three possible ranges for the discount rate of each respondent:  

 

 

Zone 1: Discount rate bounded from above  r < ρLow 

Zone 2: Double-bounded discount rate     ρLow < r < ρHigh 

Zone 3: Discount rate bounded from below  r > ρHigh 

 

ρlow  ρhigh -∞  ∞  Zone 1 Zone 2 Zone 3 
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The point estimate for r ( r̂ ) is equal to the geometric mean between ρLow and ρHigh:  

 2
r̂ HighLow ρρ +
=

 

Zones 1 and 3 are single-bounded from above and below, respectively. A double-bounded range 

is necessary to find a point estimate for individual discount rates (e.g. Zone 2). In this method, 

minimum and maximum discount rate thresholds (ρMin and ρMax) have to be imposed, so that: 

Zone 1: Discount rate bounded from above ρMin < r < ρLow 

Zone 3: Discount rate bounded from below ρHigh < r < ρMax 

The ρMin and ρMax are minimum and maximum discount rates that any rational individual can 

have, i.e. the ceiling and floor discount rates. This is to be distinguished from ρHigh and ρLow, 

which are features of the survey instrument.  

If respondents were inconsistent, e.g. if they implied that r>ρ1 and r<ρ2 but ρ1<ρ2, the 

appropriate range for the discount rate could not be identified, and the respondents were 

excluded from the Bounded Estimates analysis. Inconsistent responses were more frequent in 

the Maharashtra data. The Maharashtra data used more questions, which increased the chances 

of a respondent being inconsistent. Also, the level of education among Maharashtra respondents 

was significantly less than that for NC respondents. Many respondents were illiterate and had 

little formal education.  

Single-bounded results are very common, especially in developing countries (e.g. Nielsen, 2001). 

The datasets used have the potential to be very sensitive to threshold levels, because a large 

proportion of respondents always choose the same option in all elicitation questions, yielding a 

high proportion of single-bounded discount rates (See Table 2.5). Unfortunately, there is no 

clear guidance for setting these threshold values. There is some level of consensus regarding the 

minimum threshold rate: most economists would agree that discount rates are non-negative, 
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although there is evidence of the contrary11. Thus, it is feasible to set ρMin = 0 as the lower bound 

on Zone 1. The ρMax for Zone 3 is more difficult to determine, since there is no theoretical 

model that puts a maximum limit on one’s discount rates.  

In this dissertation, I employ the following approaches to set ρMin and ρMax, and observe how 

they affect the estimates: (i) Survey Instrument: Set ρMin and ρMax equal to the lowest and highest 

implied discount rates used in the survey instrument. This approach is used by Kirby (e.g. Kirby 

et al., 2002); and (ii) Literature Review: Use discount rate estimates from empirical studies drawn 

from a similar location and population. Pender’s 1996 study in India will be used as a benchmark 

for Maharashtra; Prestemon & Wear’s study ({, 2000 #169}) on woodland owners in the US 

South will be the benchmark for the NC study.  

2.7.2.2. Turnbull Estimator 

The Turnbull Estimator is a non-parametric method based on the proportion of “yes” responses 

for a given binary choice. This method simulates the construction of a demand function for a 

future good. As the price of waiting increases, the proportion of people that will accept that 

price will decrease. The estimate (i.e. average price of waiting) is equal to the area under the 

demand curve. This method’s appeal lies in the simplicity of the concept and data processing. 

The method used in this dissertation follows Kristrom (1990) approach to implementing this 

method. 

Respondents were asked a binary question of whether they would agree to pay a price for a 

good. By aggregating the responses for different levels of implied discount rates (within and 

across respondents), a demand curve is generated. The questions in the Maharashtra and NC 

surveys were analogous to a WTP question. The implicit discount rates (ρ) were the prices that 

measured a respondent’s Willingness to Pay to enjoy a good now instead of later. As the ρ 

increases, the probability that a respondent accepts that ρ declines. A respondent signals that 

                                                 
11 E.g. negative discount rates (Loewenstein and Prelec, 1991) 
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their WTP is higher than ρ by choosing the option that gives them more money now (i.e. Option 

A).  

The proportion of respondents who chooses A (γ) is ranked from the lowest implied interest 

rate (γ1) to the highest (γp).  

ppp n/g=γ  

Where p=rank for all the implied discount rates used in the study12; γp = proportion of 

respondents choosing option A for implied discount rate ρp; gp are the number of respondents 

choosing A at the corresponding ρp; np is the total number of respondents that were given the 

implied discount rate ρp.  

The Turnbull method assumes that γ is non-increasing, i.e. γp≥γp+1. Kristrom (1990) citing Ayer 

et al. (1955) noted that “if [γ] forms a monotone non-increasing sequence of proportions, the 

sequence provides a Distribution Free Maximum Likelihood estimator of the probability for 

acceptance” (p.137). In reality, the proportion of respondents that accept a given price can 

increase with increased price, i.e. for some p, γp < γp+1. In this case, a smoothing function is used 

to force the curve to be non-increasing:  

if γp < γp+1 then 1
p1pp1pp1pp )nn/()gg( γγγ =++== +++  

The superscript denotes the first round of smoothed γ’s. Hence, 1
1pp

1
p ggg ++= ; 

1
1pp

1
p nnn ++= ; There can be subsequent sets if there are still segments γ1 that are increasing in 

price: 1
1p

1
p +< γγ . A program was written to automate this process in SAS (See Appendix 2.6). 

The smoothing function is re-applied until all γ’s are non-decreasing in price. This final set is 

used to calculate the discount rate estimates. Under conditions provided by Ayer et al. ({, 1955 

#503}) the resulting probabilities was shown to converge in probability to the true probability of 

acceptance.  

                                                 
12 There are 22 different ρ’s in NC, and 20 in India (i.e. 4 versions x 5 questions) 
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The resulting estimates is equal to the area under the smoothed γ(ρ) curve  (the blue and green 

areas in Figure 2.2. This is done by calculating:  

∫
ρ

ρ

ρργ=
max

min

d)(r̂
 

Where γ(ρ) explains the relationship between the probability that a respondent chooses A (γ) 

given the implied discount rate ρ.  

 

Figure 2.2 Smoothing function and discount rate estimation in the Turnbull method 

Its non-continuous version is used, because the data is also non-continuous: 
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Variance is calculated using a formula in Boman et al. ({, 1999 #4}): 
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The magnitude of r̂  depends on having a closed interval between ρMin and ρMax. As discussed in 

the bounded estimates section, the method to choose these floor and ceiling rates has not been 

well developed. Theoretically, ρMin should be set equal to zero. Three strategies will be employed 

to set ρMax: (i) interpolate ρMax  from the maximum endpoint ρP using the slope of the last 

segment: ρP-1 to ρP (e.g. in Kriström, 1990; Boman et al., 1999); (ii) interpolate ρMax from the 

entire segment: ρ1 to ρP; and (iii) use the benchmark studies to set ρMax.  

The sensitivity to threshold estimates depends on the horizontal and vertical range of the 

observed γ(ρ) curve. Curves that span a larger vertical range of (i.e. the survey instrument 

captured responses from γ0=0% to γP=100%) and survey instruments that use ρ’s near the 

ceiling and floor rates (i.e. have wide horizontal ranges) will be less sensitive to the ceiling and 

floor rates. Note that the marginal effect of the ceiling rate ρMax on r is:  

2
r̂ p

Max

λ
=

ρ∂
∂

 

Where γp is the proportion who chose A at the highest implied discount rate used in the survey 

(ρp). If this proportion is high (as in the case of the Maharasthra dataset), the marginal effect of 

ρMax will be high.  

2.7.2.3. Binary Maximum Likelihood Estimation (MLE) Method  

The drawback of non-parametric methods is that they can not reveal whether people have biases 

for one choice over another that cannot be attributed to the prices given in the question (e.g. due 

to timber harvesting method). The Binary Maximum Likelihood method improves on this. It is 

based on the Random Utility Model, which assumes that people can perfectly discriminate 

among choices, but the researcher has incomplete information about the factors that enter into 

this choice decision. Choices are made by setting the marginal utility of the Net Present Value 

(NPV) of the payments equal:  
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 328 NPV
U

NPV
U
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 Eq. 2.6 

Using the chain rule:  

i

i

ii NPV
P

P
U

NPV
U

∂
∂

⋅
∂
∂

=
∂
∂

, where i= [A, B], and P=payment amount 
 Eq. 2.7 

Assuming an infinite horizon, the NPV of the payment in option i is )t,r(PNPV iii δ⋅=  , where 

δ(r,ti) is the discount function. Thus,  

)t,r(
1
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i
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=
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 Eq. 2.8 

From Eq. 2.6 and Eq. 2.8, we get: 
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  Eq. 2.9 

The discount function for Maharashtra is )tt(r
BA

ABe)t,t,r( −−=δ , where ti is the delay before 

payment Pi will be received, ranging from 0 to 15 months. In NC, this function  is 

AB rtrt
BA e1e1)t,t,r( −− −−=δ  where ti is the interval length between timber sales for option, 

where tA = 32 years and tB=8 years. 

The utility of a choice is equal to the absolute value of the difference between the options. By 

choosing one, the respondent is forgoing the other, which becomes an opportunity cost.  

U  = UA – UB   Eq. 2.10
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From Eq. 2.9 we can numerically solve for an average discount rate r if we can obtain estimates 

of ∂U/∂Pi. Following standard Random Utility theory, Utility, the observed choice outcome is 

determined by a deterministic (V) and random (ε) components ({Holmes, 2003 #27}). The 

deterministic components are payments (PA and PB) and choice-specific attributes (captured by 

the intercept term α). 

UA  = VA + εA  = αA +βAPA +εA  

UB  = VB + εB  = αB + βBPB +εB 

Substituting UA and UB into Eq. 2.10: 

U  = αA - αB +βAPA - βBPB +εA -εB   Eq. 2.11 

Where β is the estimated marginal utility of payments. Substitute this with Eq. 2.9, we get: 

)t,t,r(f
PU
PU

BA
B

A

B

A =
−

=
∂∂
∂∂

β
β

  Eq. 2.12 

This ratio is reminiscent of the ratio used to estimate the discount rate in the Bounded Estimates 

method13. To parameterize this method, we need to view it as the probability of respondents in 

choosing an option, because this is the observed behavior. In this case, the sign of UA-UB 

matters. A respondent will choose, for example, Option A if:  

Pr(A) = Pr (UA-UB ≥ 0) 

Hence: 

Pr(A)  =  f(αA - αB +βAPA - βBPB +εA -εB ≥ 0)  Eq. 2.13 

Since 0 ≤ Pr(A) ≤ 1, the coefficients αi and βi should be estimated so that the Pr(A) estimated 

values are bounded between 0 and 1. The following logit specification taken from Ben-Akiva, 

1985 p.71 is used to estimate αi and βi:  

)PP( BBAAe1
1)APr( ε+β−β+α−+

=
 

 Eq. 2.14 

                                                 
13 See Appendix 2.4 for a comparison between the Bounded Estimates and Binary MLE methods 
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Where α = αA - αB, and ε = εA - εB, which is assumed to be normally distributed and IID.  

The intercept α reveals the utility associated with choosing option A, given the same levels of PA 

and PB. As the price offered in Option A increases, the probability that the respondent chose 

that option also increases. Conversely, respondents are less willing to choose A as the payoffs 

from competing options (Option B) increase. Thus, the expected signs on the coefficients are 

βA>0 and βB<0.  This method can be used to test the correlation between discount rates and 

socioeconomic factors by estimating separate equations for different socioeconomic groups or 

by including interaction terms for those groups.  Unlike the previous methods, the number of 

data points derived from each respondent is equal to q (the number of elicitation questions), 

substantially adding the total number of observations. The error term is assumed to be clustered 

around the respondent to take into account the panel nature of the dataset14.  

Because the discount rate is derived from the ratio of parameter coefficients, the variance cannot 

be calculated parametrically. Instead, the bootstrapping sampling method is applied. Imagine a 

dataset with m observations. This dataset is re-sampled with replacement D times, to produce D 

number of sampled dataset. Each dataset contains the same number of observations as the 

original dataset (n). Hence, there are D number of datasets, each containing n observations. The 

discount rate is re-estimated for each dataset, so that there are D number of discount rate 

estimates ( D1 r̂,...,r̂ ). The 95% confidence interval is estimated by looking at the lowest 2.5% and 

highest 2.5% of the resulting set of D estimates. Larger D and m generally lead to better 

approximations of the true variance of the parameter of interest (in this case, the estimated 

discount rate) (Mooney and Duval, 1993). In this dissertation B  = 1000 because additional 

sampling provides little improvements in the approximating the true distribution of the statistic 

of interest (Efron and Tibshirani, 1986, Sec.9); the number of observations for Maharashtra 

(n=10,206) and NC (n=299) is also sufficient for this method (Mooney and Duval, 1993, p.21). 

The SAS codes used to generate the bootstrap sampling program, along with the codes for the 

binary choice models are found in Appendix 2.6. 

                                                 
14 See SAS code in Appendix 2.6 
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2.7.2.4. Grouped Maximum Likelihood Estimation (MLE) 

This method calculates the parameters that maximize the likelihood that a respondent with a 

given set of characteristics will fall into their observed discount rate interval. This approach is 

similar to the ‘Payment Card’ method of estimating Willingness to Pay (e.g. Cameron and 

Huppert, 1989) and has been used by Pender, 1996 to analyze the discount rate variation across 

households as a function of their socioeconomic characteristics. The unobserved discount rate r 

is explainable by a vector of Zr characteristics. This latent discount rate is modeled as follows: 

j

K

1k

r
j,kkj Zr εβ +⋅= ∑

=  

Eq. 2.15

where j is an index of respondents, and k is an index of variables. The dependent variable r is the 

observed range of the discount rate, i.e. ρHigh and ρLow.  

( ) j

K

k
jkkjHighjLow Z εβρρ ρ +⋅= ∑

=1
,,, ,

 

Eq. 2.16

Zr 
k,j is a matrix of k explanatory variables that includes respondent j’s characteristics that are 

related with the discount rate, as determined in Section  2.4. εj is an error term assumed to follow 

a logistic or normal distribution. The intercept term is equal to the population average discount 

rate when no explanatory variables are used15. If explanatory variables are use, the predicted 

discount rate will vary across individuals/subgroups. The coefficients (β) can be interpreted as 

the marginal effect of the variable16. 

This Maximum Likelihood procedure maximizes the following log likelihood function: 
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The LIFEREG procedure in SAS was used to estimate this equation (See Appendix 2.6 for SAS 

codes). In the Grouped MLE method, the single-bounded data (i.e. missing an upper or lower 
                                                 
15 If we assume a log-normal distribution, the intercept is equal to the log of the population discount rate estimate. 
16 Coefficients may have to be transformed, depending on the distributional assumptions. 
 



 

42 

bound) are treated like censored data. It assumes that the population discount rate follows a 

certain distribution, and calculates the discount rate that fits that distribution and observed data.  

2.7.3. Linking Discount Rates with Behavior 

The main objective of Chapters 4 and 6 are to unravel the linkages between discount rates and 

future-oriented behavior in Maharashtra and NC respectively. Some factors that determine the 

discount rates pose constraints that directly affect behavior. For example, poverty increases the 

need for immediate consumption (high discount rate) but also limit the financial ability to 

undertake investments needed for future-oriented behaviors. These common factors must be 

carefully separated in order to fully understand the role of the discount rate in these behaviors. 

This section provides a conceptual framework that describes the relationship between the 

discount rate, its underlying factors, and other determinants of behavior, and describes the 

econometric strategy to identify the determinants of behavior that takes into account these 

relationships.  

2.7.3.1. Conceptual Framework 

There are two components of the discount rate: (i) opportunity cost of capital, and (ii) 

impatience. Opportunity cost is related to the individual’s wealth and income, which is 

determined in the medium to long-term. Impatience is both a persistent trait (i.e. someone was 

born impatient or born into a culture that is impatient) and a state-dependent trait (determined 

by circumstance). Hence, one can be inherently patient but have high opportunity cost. 

Socioeconomic characteristics can explain the variation in discount rates among individuals 

because they proxy for opportunity cost of capital and/or impatience.  

An alternative approach is to view time preference as an outcome of three dynamic forces: (i) 

Lifelong impatience (Long-term); (ii) Opportunity cost of capital (Medium/long-term); and (iii) 

Situational impatience (Short-term). Lifelong impatience is a relatively immutable trait. In 

contrast, Situational impatience is a temporally dependent state, while Opportunity cost of 

capital is affected by long-term and short-term traits. We can account for variations among 

individuals if these components can be perfectly measured. Because they are difficult to measure, 
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economists use socioeconomic characteristics as proxy. Resource constraints are also defined by 

a person’s characteristics and environment. Together with time and other preferences, they 

shape a person’s decisions to undertake future-oriented behavior. Figure 2.3 illustrates the links 

between socioeconomic characteristics, the discount rate, and future-oriented behavior.  

 

 

 

 

 

 

Figure 2.3  Relationship between time preference and future-oriented behavior 

Notice that future behavior has a feedback effect on socioeconomic characteristics. It can be 

argued that some socioeconomic characteristics, such as wealth, are endogenous. For example, a 

person who is well-off may have low discount rates. They are willing to invest in ventures that 

have benefits that accrue in the future. This behavior, in turn, increases their wealth in the 

future. Following this reasoning, many socioeconomic factors become endogenous, such as 

health, wealth, education, household size (through birth control decisions). However, the cycle is 

completed in the long-run, e.g. wealth benefits of investments are felt in the distant future. Since 

long term components are not directly observable, it is difficult to ascertain the extent of the 

endogeneity issue from this conceptual model. Limited empirical evidence suggests that 

endogeneity of wealth is not significant (Pender, 1996). 

2.7.3.2. Econometric Strategy 

The above figure shows that the preferences and constraints that determine future-oriented 

behavior are shaped by common underlying factors. Exogenous environmental factors that 
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influence behavior but do not influence discount rates, such as distance to clinics and forest 

management experience, are used to separate the role of the discount rate from other factors. A 

two-step procedure was employed: (1) Predict individual discount rates: Essential and 

Socioeconomic characteristics as explanatory variables, and discount rate ranges implied by the 

stated preference as the dependent variable; and (2) Predict the probability of adopting future-

oriented behavior explained by discount rates from Step 1, other preferences, resource 

constraints and environmental factors.  This approach is similar to that of Agee and Crocker’s 

(1996; 2002), who studied the role of discount rates in parents’ decision to treat their children’s 

body burden of lead. 

Step 1: Discount rate model 

Grouped MLE were used to predict individual discount rates in Step 1 because of its simplicity 

(i.e. directly produces individual discount rate estimates without secondary steps like the 

Turnbull or Binary MLE methods), and flexibility (i.e. easily accommodate missing bounds and 

explanatory variables). The choice of distributional assumptions (i.e. normal or lognormal) was 

based on lessons from other chapters (Chapter 2 for Maharashtra, and Chapter 4 for NC). The 

general structure of the Grouped MLE model follows that of Eq. 2.16.  

Step 2: Behavior model  

The decision to adopt various future-oriented behavior was transformed into a binary choice 

model (adopt vs. not adopt). The predicted discount rates from Step 1, along with other 

variables that may explain behavior, were used as explanatory variables. Since the discount rate 

model and behavior model may share common variables, only those that were significant at the 

15% level were retained in Step 1 and were not used in Step 2 to avoid problems from 

multicollinearity. Conversely, common variables that were not significant in Step 1 were 

excluded from Step 1 and used as an explanatory variable for behavior in Step 2.  
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2.8. Summary 

The objective of this dissertation is to estimate time preferences, explore their determinants and 

correlates, and relate them to inter-temporal behavior by limited resource and socially 

disadvantaged populations.  These populations are often considered to have high discount rates 

or short time horizons; this became the tested hypothesis in this dissertation.  By definition, 

these populations face severe resource constraints on inter-temporal decisions (e.g. limited assets 

and lack of access to credit markets). Preferences may provide the tools for decision making, but 

resource constraints limit the decisions that could be made. Hence, both factors needed to be 

taken into account. In this dissertation, the discount rate is viewed as a composite of short, 

middle and long term components that can be proxied by socioeconomic, environmental and 

‘essential’ characteristics. A two-step econometric procedure is used to identify the role of 

discount rates in future-oriented behavior.  

A significant contribution from this dissertation is that two datasets were analyzed using 

identical methods. This was a valuable opportunity to learn about the methodology of discount 

rate estimation. Methods were tested twice against datasets of very different sizes and from very 

different contexts, allowing us to identify features in the methods that was best suited for 

particular datasets, and compare the robustness of each method. 

2.9. References 

Agee, M. and Crocker, T. (1996). Parents' discount rates for child quality. Southern Economic 
Journal 63(1): 36-50. 

Agee, M.D. and Crocker, T.D. (2002). Parents' discount rate and the intergenerational 
transmission of cognitive skills. Economica 69(273): 143-154. 

Andersen, S., Harrison, G.W., Lau, M.I. and Rutström, E.E. (2006). Eliciting Risk and Time 
Preferences. Faculty Working Paper No.24. Economics Department, University of Central 
Florida. Orlando, FL.  

Anderson, C.L., Dietz, M., Gordon, A. and Klawitter, M. (2004). Discount rates in Vietnam. 
Economic Development and Cultural Change 52(4): 873-887. 



 

46 

Ayer, M., Brunk, H.D., Weing, G.M. and Silverman, E. (1955). An empirical distribution 
function for sampling with incomplete information. Annals of Mathematical Statistics 26(4): 
641-647. 

Becker, G.S. and Mulligan, C.B. (1997). The Endogenous Determination of Time Preference. 
Quarterly Journal of Economics 112(3): 729-58. 

Ben-Akiva, M.E. (1985). Discrete Choice Analysis : Theory and Application To Travel Demand. 
Cambridge, MA: MIT Press. 

Bengochea-Morancho, A., Fuertes-Eugenio, A.M. and del Saz-Salazar, S. (2005). A comparison 
of empirical models used to infer the willingness to pay in contingent valuation. Empirical 
Economics 30(1): 235-244. 

Benzion, U., Rapoport, A. and Yagil, J. (1989). Discount rates inferred from decisions: An 
experimental study. Management Science 35: 270-285. 

Black, M. (1984). Personal Discount Rates: Estimates for the Military Population, Final Report of the Fifth 
Quadrennial Review of Military Compensation,volume 1B, Appendix I. US Department of 
Defense. Washington DC.  

Böhm-Bawerk, E.v. (1888). The Positive Theory of Capital. London: Macmillan and Co. 

Boman, M., Bostedt, G. and Kriström, B. (1999). Obtaining welfare bounds in discrete-response 
valuation studies: A non-parametric approach. Land Economics 75(2): 284-294. 

Botelho, A., Harrison, G.W., Pinto, L.M.C., Rutström, E.E. and Veiga, P. (2006). Discounting in 
Developing Countries: Experimental Evidence from Timor-Leste. Faculty Working Paper No. 31. 
Economics Department, University of Central Florida. Orlando, FL.  

Cairns, J.A. (1994). Valuing future benefits. Health Economics 3(4): 221-229. 

Cairns, J. and van der Pol, M. (1999). Do people value their own future health differently from 
others' future health? Medical Decision Making 19: 466-472. 

Cameron, T.A. and Huppert, D. (1989). OLS versus ML estimation of non-market resource 
values with payment card interval data. Journal of Environmental Economics and Management 
17(3): 230-246. 

Chapman, G.B. and Elstein, A.S. (1995). Temporal discounting of health and money. Medical 
Decision Making 15: 373-386. 

Chapman, G.B., Nelson, R. and Hier, D.B. (1999). Familiarity and time preferences: Decision 
making about the tratments for migraine headaches and Crohn's disease. Journal of 
Experimental Psychology: Applied 5(1): 17-34. 



 

47 

Chesson, H.W., Leichliter, J.S., Zimet, G.D., Rosenthal, S.L., Bernstein, D.I. and Fife, K.H. 
(2006). Discount rates and risky sexual behaviors among teenagers and young adults. 
Journal of Risk and Uncertainty 32(3): 217-230. 

Coller, M. and Williams, M.B. (1999). Eliciting individual discount rates. Experimental Economics 
2(2): 107-127. 

Cropper, M.L., Aydede, S.K. and Portney, P.R. (1992). Rates of Time Preference for Saving 
Lives. American Economic Review 82(2): 469-72. 

Curtis, J.A. (2002). Estimates of fishermen's personal discount rate. Applied Economics Letters 
9(12): 775-778. 

Cylke, S., Goldberg, M.S., Hoga, P.F. and Mairs, L. (1982). The Personal Discount Rate: Evidence from 
Military Career Decisions. OP-62. US Department of the Navy. Washington DC.  

Dreyfus, M.K. and Viscusi, W.K. (1995). Rates of time preference and consumer valuations of 
automobile safety and fuel efficiency. Journal of Law and Economics 38(1): 79-105. 

Efron, B. and Tibshirani, R. (1986). Bootstrap methods for standard errors, confidence intervals, 
and other measures of statistical accuracy. Statistical Science 1(1): 54-75. 

Enemark, U., Lyttkens, C.H., Troëng, M.D., Weibull, H. and Ranstam, J. (1998). Implicit 
discount rates of vascular surgeouns in the management of abdominal aortic aneurysms. 
Medical Decision Making 18(2): 188-177. 

Fisher, I. (1930) The Theory of Interest: As Determined by Impatience to Spend Income and Opportunity to 
Invest It. New York: Macmillan Company. Retrieved 1 May 2008 from: 
http://www.econlib.org/library/YPDBooks/Fisher/fshToI.html. 

Frederick, S. (2003). Measuring Intergenerational Time Preference: Are Future Lives Valued 
Less? Journal of Risk and Uncertainty 26(1): 39-53. 

Frederick, S., Loewenstein, G. and O'Donoghue, T. (2002). Time discounting and time 
preference: A critical review. Journal of Economic Literature 40(2): 351-401. 

Gilman, H.J. (1976). Determinants of Implicit Discount Rates: An Empirical Examnination of the Patterns 
of Voluntary Pension Contributions of Employess of Four Firms. Arlington, VA: Center for 
Naval Analyses. 

Groenland, E. and Nyhus, E.K. (1994). Determinants of time preference, saving, and economic 
behaviour: A comparison between Norway and The Netherlands. Proceedings of 
IAREP/SABE Conference: Integrating Views on Economic Behavior, Rotterdam, The 
Netherlands, Erasmus University. 



 

48 

Hamilton, W.D. (1964a). The genetic evolution of social behavior, I. Journal of Theoretical Biology 
7(1): 1-16. 

Hamilton, W.D. (1964b). The genetical evolution of social behavior, II. Journal of Theoretical 
Biology 7(1): 17-52. 

Harrison, G.W., Lau, M.I. and Williams, M.B. (2002). Estimating individual discount rates in 
Denmark: A field experiment. American Economic Review 92(5): 1606-1617. 

Hausman, J.A. (1979). Individual discount rates and the purchase and utilization of energy-
saving durables. Bell Journal of Economics 10(1): 33-54. 

Holden, S.T., Shiferaw, B. and Wik, M. (1998). Poverty, market imperfections and time 
preferences: of relevance for environmental policy? Environment and Development Economics 
3(1): 105-130. 

Houston, D.A. (1983). Implicit discount rates and the purchase of untries, energy-saving durable 
goods. Journal of Consumer Research 10(2): 236-246. 

Jevons, W.S. (1888). The Theory of Political Economy. London: Macmillan and Co. 

Johannesson, M. and Johansson, P.O. (1997). Saving lives in the present versus saving lives in 
the future - Is there a framing effect? Journal of Risk and Uncertainty 15(2): 167-176. 

Johnson, D. (2002). Lifetime earnings, discount rate, ability and the demand for post-
compulsory education in men in England and Wales. Bulletin of Economic Research 54(3): 
233-247. 

Kirby, K., Godoy, R., Reyes-Garcia, V., Byron, E., Apaza, L., Leonard, W., Perez, E., Vadez, V. 
and Wilkie, D. (2002). Correlates of delay-discount rates: Evidence from Tsimane' 
Amerindians of the Bolivian rain forest. Journal of Economic Psychology 23(3): 291-316. 

Kirby, K.N. and Marakovic, N.N. (1995). Modeling myopic decisions: Evidence for hyperbolic 
delay-discounting within subjects and amounts. Organizational Behavior and Human Decision 
Processes 64(1): 22-30. 

Kirby, K.N. and Petry, N.M. (2004). Heroin and cocaine abusers have higher discount rates for 
delayed rewards than alcoholics or non-drug-using controls. Addiction 99(4): 461-471. 

Kirby, K.N. and Santiesteban, M. (2003). Concave utility, transaction costs, and risk in 
measuring discounting of delayed reward. Journal of Experimental Psychology. Learning, 
memory, and cognition 29(1): 66-79. 

Kriström, B. (1990). A non-parametric approach to the estimation of welfare measures in 
discrete response valuation studies. Land Economics 66(2): 135-139. 



 

49 

Lawrance, E.C. (1991). Poverty and the Rate of Time Preference: Evidence from Panel Data. 
Journal of Political Economy 99(1): 54-77. 

Lazaro, A., Barberan, R. and Rubio, E. (2002). The discounted utility model and social 
preferences: Some alternative formulations to conventional discounting. Journal of 
Economic Psychology 23(3): 317-337. 

Loewenstein, G. (1987). Anticipation and the valuation of delayed consumption. Economic Journal 
97(387): 666-684. 

Loewenstein, G. and Prelec, D. (1992). Anomalies in Intertemporal Choice: Evidence and an 
Interpretation. Quarterly Journal of Economics 107(2): 573-97. 

Loewenstein, G. and Thaler, R.H. (1989). Anomalies: Intertemporal choice. Journal of Economic 
Perspectives 3(4): 181-93. 

Mas-Colell, A., Whinston, M.D. and Green, J.R. (1995). Microeconomic Theory. New York, NY: 
Oxford University Press. 

Mooney, C.Z. and Duval, R.D. (1993). Bootstrapping: A Nonparametric Approach to Statistical Inference 
Newbury Park, CA: Sage Publications, Inc. 

Moseley, W.G. (2001). African evidence on the relation of poverty, time preference and the 
environment. Ecological Economics 38(3): 317-326. 

Nielsen, U. (2001). Poverty and Attitudes Towards Time and Risk -  Experimental Evidence from 
Madagascar.  Retrieved October, 2006, from. 

Pender, J.L. (1996). Discount rates and credit markets: Theory and evidence from rural India. 
Journal of Development Economics 50(2): 257-296. 

Poulos, C. and Whittington, D. (2000). Time preferences for life-saving programs: Evidence 
from six less developed countries. Environmental Science and Technology 34: 1445-1455. 

Prestemon, J.P. and Wear, D.N. (2000). Linking harvest choices to timber supply. Forest Science 
46(3): 377-389. 

Read, D. and Read, N.L. (2004). Time discounting over the lifespan. Organizational Behavior and 
Human Decision Processes 94(1): 22-32. 

Redelmeier, D.A. and Heller, D.N. (1993). Time preference in medical decision making and 
cost-effectiveness analysis. Medical Decision Making 13(3): 212-217. 

Rogers, A.R. (1994). Evolution of time preference by natural selection. American Economic Review 
84(3): 460-481. 



 

50 

Ruderman, H., Levine, M. and McMahon, J. (1986). Energy-efficiency choice in the purchase of 
residential appliances. American Council for an Energy Efficient Economics. W. Kempton and 
M. Neiman: pp.41-50. 

Samuelson, P. (1937). A Note on the Measurement of Utility. Review of Economic Studies 4: 151-
161. 

Shapiro, J.M. (2005). Is there a daily discount rate? Evidence from the food stamp nutrition 
cycle. Journal of Public Economics 89(2-3): 303-325. 

Shelley, M.K. (1993). Outcome signs, question frames and discount rates. Management Science 
39(7): 806-815. 

Shelley, M.K. (1994). Gain/loss asymmetry in risky intertemporal choice. Organizational Behavior 
and Human Decision Processes 59: 124-159. 

Smith, A. (1870). The Theory of Moral Sentiments. London: A. Millar. 

Thaler, R.H. (1981). Some empirical evidence on dynamic inconsistency. Economics Letters 8(3): 
201-207. 

USDA Forest Service (2000). USDA Forest Service Interim Strategic Public Outreach Plan. FS-665. 
USDA Forest Service. 64. 

van der Pol, M. and Cairns, J. (1999). Individual Time Preferences for Own Health: An 
Application of a Dichotomous Choice Question with Follow-up. Applied Economics Letters 
6(10): 649-54. 

Ventura, L. (2003). Direct Measures of Time Preference. Economic and Social Review 34(3): 293-
310. 

Viscusi, W.K. and Moore, M.J. (1989). Rates of time prefernce and valuations of the duration of 
life. Journal of Public Economics 38(3): 297-317. 

Wahlund, R. and Gunnarsson, J. (1996). Mental Discounting and Financial Strategies. Journal of 
Economic Psychology 17(6): 709-30. 

Warner, J.T. and Pleeter, S. (2001). The personal discount rate: Evidence from military 
downsizing programs. American Economic Review 91(1): 33-53. 



 

51 

 

2.10.  Appendix 



 

52 

 
2.10.1. Appendix 2.1: Literature Review of the Association between Addiction and 

Discount Rates 

 Characteristics ↑ Discount rate ↓ Discount rate No effect

O
th

er
 

Addiction Madden et al., 1997; 
Vuchinich and Simpson, 
1998; Bickel et al., 1999; 
Bretteville-Jensen, 1999; 

Madden et al., 1999; Petry 
and Casarella, 1999; Petry, 
2001a; Petry, 2001b; Kirby 

and Petry, 2004 (R heroin & 
R cocaine > R alcohol) 

van der Pol and Cairns, 
1999 (smoking) 

 
 
2.10.2. Appendix 2.2: Discount rates in Natural Selection Theory 

(Taken from Rogers, 1994, Figure 5,  p.472) 
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2.10.3. Appendix 2.3: Intertemporal Tradeoff of Consumption 

The optimal combination of present and future good is found where the ‘budget’ constraint is 

tangent to the indifference curve, which is point A in Figure 2.4.  

 

 

 

 

 

 

 

Figure 2.4: Intertemporal tradeoff of consumption 

In a normal tradeoff graph, the slope of the budget constraint equals the price of one good 

relative to another. This is also exactly the case in intertemporal tradeoff: the slope of the X-Y 

line is equal to the value of present goods relative to future goods. The slope of this line is the 

discount factor, which is a measure of an individual’s time preference (q in Jevon’s notation). 

The intertemporal tradeoff line is unique among individuals, determined by a combination of 

socioeconomic and circumstantial factors. These factors also dictate how much utility a person 
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can achieve given a combination of present and future consumption levels (i.e. U1 for one person 

may be a higher level of welfare compared to U1 for another person).  

The graph illustrates how a person trades off consumption in the present (C0) with consumption 

in the future (C1), while maintaining her utility level at U1. The discount factor is equal to: 

 δ = 16/12 = 4/3   ; where δ = discount factor. 

This means, it takes 4 units of future consumption to compensate the person for the loss of 3 

units of current consumption. For her, present consumption is more valuable than future 

consumption, because it needs to be compensated by a larger amount in the future. Because the 

red line is linear, the discount factor is also equal to the ratio between the reduction in present 

consumption, and the compensating increase in future consumption: 

3
4

)96(
)48(

0

1 =
−
−

−=−= u

u

dC
dC

δ
 ;  

The superscript u refers to combinations of C0 and C1 that belong to the same intertemporal 

tradeoff line, such as points A and B. The superscript is omitted in future references of C0 and 

C1. 

2.10.4. Appendix 2.4: Comparison between Bounded Estimates and the Binary MLE 

Methods 

The ratio between the coefficients of the payments used to estimate the discount rate in the 

Binary MLE (
)t,t,r(f BA

B

A =
β−
β

, Eq. 2.12) is similar to that used in the Bounded Estimates 

method (
)tt,(f

P
P

B,A
B

A ρ=
, Eq. 2.3). In the Bounded Estimates method, there is a ρhigh and ρlow 

that bounds the true discount rate of each respondent: 
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The difference between Binary MLE and Bounded Estimates (BE) methods is that Binary MLE 

provides a estimate of the population’s average r, while BE provides a range of r for each 

individual.  Because the data source is the same, we expect the following relationship:  
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2.10.5. Appendix 2.5: Discount Rate Elicitation Questions 

2.10.5.1. North Carolina 

Suppose that you are given 50 acres of woodland about a mile away from your house.  This 

woodland has a mixture of pines and hardwoods and a mixture of different size trees.  A forester 

takes a look at this woodland and gives you two choices: Choice A or Choice B.   

Choice A 

You cut and sell all of the trees now and 

replant with pine seedlings. You earn $PA,1 

per acre. Every 32 years, you cut and replant 

all of your trees and earn $PA,1 per acre. 

Your earnings already include all costs. 

 This choice gives you more money each 

time you sell, but you wait longer between 

harvests.  

Choice B 

You cut and sell some of the trees now and 

let them grow back on their own. You earn 

$PB,1 per acre. Every 8 years you cut some 

more trees and earn $PB,1 per acre. Your 

earnings already include all costs.  

This choice gives you less money each time 

you sell, but you don’t wait as long between 

harvests. 

Which would you pick?   

    1 Choice A 
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    2 Choice B       

    3 Neither 

Now suppose that you end up with a different piece of woodland and the forester gives you the 

following two new choices: Choice A or Choice B.   

Choice A 

You cut and sell all of the trees now and 

replant with pine seedlings. You earn $PA,2 

per acre. Every 32 years, you cut and 

replant all of your trees and earn $ PA,2 per 

acre. Your earnings already include all 

costs. 

 This choice gives you more money each 

time you sell, but you wait longer between 

harvests. 

Choice B 

You cut and sell some of the trees now and 

let them grow back on their own. You earn 

$PB,2 per acre. Every 8 years you cut some 

more trees and earn $ PB,2 per acre. Your 

earnings already include all costs.  

This choice gives you less money each time 

you sell, but you don’t wait as long 

between harvests. 

Which would you pick?   

    1 Choice A 

    2 Choice B       

    3 Neither 

2.10.5.2. Maharashtra 

In daily life you make many decisions about how to spend and earn money. Some decisions 

concern the future. The future is uncertain, although sometimes we know if something is more 

or less uncertain and if something will happen in the near or distant future. We are trying to 

understand how people in this village make decisions when faced with a choice between an 
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outcome in the near future compared to an outcome in the distant future. Suppose that 

someone offers you a gift of some money. 

 Imagine that the person giving you this gift offered you a choice: Option A - you could either 

have Rs. 1,000 now or Option B - you could have Rs. PB,1 in 15 months. Imagine that there is 

absolutely no risk of not receiving any of the amounts in the future. There are no right or wrong 

choices regarding how you decide about the future. Which option would you chose? 

[ 1 ] Option A 

[ 2 ] Option B 

[ 3 ] Uncertain 

Now, we will ask you a series of questions that are similar to these options. 

If you select option A, you will receive a payment of Rs. 1,000 now. If you select Option B, then 

you will receive Rs. PB,2 after 12 months. Which option would you choose? 

[ 1 ] Option A 

[ 2 ] Option B 

[ 3 ] Uncertain 

If you select option A, you will receive a payment of Rs. 1,000 now. If you select Option B, then 

you will receive Rs. PB,3 after 3 months. Which option would you choose? 

[ 1 ] Option A 

[ 2 ] Option B 

[ 3 ] Uncertain 

 If you select option A, you will receive a payment of Rs. 1,000 after 3 months. If you select 

Option B, then you will receive Rs. PB,4 after 12 months. Which option would you choose? 
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[ 1 ] Option A 

[ 2 ] Option B 

[ 3 ] Uncertain 

 If you select option A, you will receive a payment of Rs. 1,000 after 3 months. If you select 

Option B, then you will receive Rs. PB,5 after 15 months. Which option would you choose? 

[ 1 ] Option A 

[ 2 ] Option B 

[ 3 ] Uncertain 

(After respondents finish these answers, ask the following questions.) 

 What is the maximum period you would be willing to wait to receive the higher payoff in the 

future? 

[ 1 ] 3 months     [ 5 ] 24 months 

[ 2 ] 6 months     [ 6 ] 36 months 

[ 3 ] 12 months    [ 95 ] Other (specify _______________) 

[ 4 ] 15 months    [ 99 ] Don’t know / not sure 

 

2.10.6. Appendix 2.6: SAS Codes for Bootstrap Sampling, and Binary and Grouped MLE 

Methods  

2.10.6.1. Turnbull: Smoothing function 

proc iml; 
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use work.turn; 
read all var{perc} into f; 
read all var{impexp} into r; 
nobs=16; 
p=j(nobs,1,0);p=f; 
ok=j(nobs,1,1);ok[nobs,]=0; 
pd=j(nobs,1,99); 
do until (sum=0); 
do i=1 to (nobs-1); 
 if p[i,]-p[i+1,]>=-0.00001 then do; pd[i,]=p[i,];pd[i+1,]=p[i+1,];ok[i,]=0;end; 
 if p[i,]-p[i+1,]<-0.00001 then do; pd[i,]=(p[i,]+p[i+1,])/2;pd[i+1,]=pd[i,];   
  p[i,]=pd[i,];p[i+1,]=pd[i+1,];ok[i,]=1;end; 
 end; 
sum=sum(ok); end; 
print r pd f sum; 
quit; 

Note: variables ‘perc’ = γ (percent that chose A), ‘impexp’ = ρ (implied discount rate), ‘count’ =  

2.10.6.2. Bootstrap Sampling 

data bootsamp;/* this is the name of the large bootstrapped data set, with B*n observations*/ 
do sampnum = 1 to 1000; /* To create 1000 replications */ 
do i = 1 to nobs; /* n=number of observations in the original dataset*/ 
x = round(ranuni(0) * nobs); /*pick random numbers from 1 to n observations, called x*/ 
set a nobs = nobs point = x; /* randomly select the x-th row from the original dataset*/ 
output;/*stack the output into one dataset (bootsamp)*/ 
end;/* do this n times*/ 
end;/* do this 1000 times*/ 
stop;/*stop the do loop*/ 
run; 

2.10.6.3. Binary MLE 

Basic Binary MLE model for population discount rates, using bootstrapped sample 

proc probit data=bootsamp; 
option nonotes; class timepref; 
model timepref=[price1] [price2]; where timepref in (1,2) and consistent=1; 
by sampnum;ods output parameterestimates=bin_probit; run; 
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Model where the standard error is clustered by respondent (results are very similar to basic 

model) 

proc genmod data=b; 
where timepref in (1,2); 
model timepref=[price1] [price2]; 
repeated subject=surnum; 
ods output parameterestimates=parest; 
output out=r_est p=pred;run; 
 

Solving the discount rate from the price coefficients generated by the Basic Binary MLE model 

Arrange the dataset so that the coefficients of price1 and price2 are separate columns in dataset 

rprobit 

data probit1;set work.bin_probit; where parameter="[price1]"; keep sampnum estimate; 
rename estimate=parm1; run; 
data probit2;set work.bin_probit; where parameter="[price2]"; keep sampnum estimate; 
rename estimate=parm2; run; 
data rprobit; merge probit1 probit2; by sampnum;run; 

Select bootstrapped samples that produced positive coefficients for price1 and negative 

coefficients for price2 

data rprob1; set rprobit;ratioprob=parm1/-parm2; where parm1>0 and parm2<0;run; 
data rprob;set rprob1; where ratioprob<1 and ratioprob>0;run; 
proc sort data=rprob;by ratioprob;run; 

Solve the discount rate through an iterative process (example from NC) 

proc iml; 
use work.rprob; 
read all var{ratioprob} into ratio; 
read all var{sampnum} into num; 
n=nrow(ratio);r=j(n,1,-0.11);diff=j(n,1,-1); 
do i=1 to n; 
 do until (diff[i,]=0); 
  if (1-exp(-8*r[i,]))/(1-exp(-32*r[i,]))-ratio[i,]>0.01 then do;  
   diff[i,]=1;r[i,]=r[i,]-0.0001;end; 
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  if (1-exp(-8*r[i,]))/(1-exp(-32*r[i,]))-ratio[i,]<-0.01 then do;  
   diff[i,]=1;r[i,]=r[i,]+0.0001;end; 
  if abs((1-exp(-8*r[i,]))/(1-exp(-32*r[i,]))-ratio[i,])<0.01 then diff[i,]=0; 
 end; end; 
create disc_prob var {num r ratio};append; quit; 

 
2.10.6.4. Grouped MLE 

Model for population discount rate average, i.e. without explanatory variables; Create an output 

file that only contains the intercept (discount rate estimate) term. 

proc lifereg data=[dataset name]; 
model (r_low, r_high)=/d=[distributional assumption]; 
ods output parameterestimates=parestzerolog (keep=sampnum estimate parameter 
where=(parameter="Intercept") rename=(estimate=zerolog)); run; 
 
Model for individual/subpopulation discount rates, i.e. with explanatory variables; Create an 

output dataset that contains the predicted discount rates. 

proc lifereg data=[dataset name]; 
class [dummy variables]; 
model (r_low, r_high)= [continuous variables] [dummy variables] /d=[distributional 
assumption]; 
output out=r_pred p=pred; run; 
 
Model for individual/subpopulation discount rates, i.e. with explanatory variables, using 

bootstrapped sample; Create an output dataset that contains the predicted discount rates. 

proc lifereg data=[dataset name]; 
class [dummy variables]; 
model (r_low, r_high)= [continuous variables] [dummy variables] /d=[distributional 
assumption]; 
output out=r_pred p=pred; 
by sampnum;  run; 
 

The distributional assumptions options: 

normal  = Normal distribution 
lognormal = Log Normal distribution 
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Chapter 3 : Discount Rates of  Rural Households 

in Maharashtra, India 
 

3.1. Introduction 

The discount rate of rural Indian households was estimated by applying four discount rate 

estimation methods to a large-sample survey that included a series of discrete choice time 

preference questions. This chapter is motivated by the following research questions: 

Q1:  What is the discount rate? 

The discount rate is a fundamental parameter for cost benefit assessments and for predicting 

behavior such as uptake of new technologies.  It is commonly assumed to be relatively high in 

developing countries (Ascher,  2006), which is a concern for policy initiatives that rely on the 

willingness of individuals to invest now for a future benefit.  However, discount rate estimates of 

households in developing countries are rare. This chapter estimates a range of discount rates that 

can be used by policy makers to evaluate short-term projects in poor rural areas where credit 

markets are scarce. It contributes significantly to the literature by estimating discount rates from 

a survey of more than 10,200 households in rural India, a larger sample size than in any previous 

study of discount rates in the world.  Because the survey elicited choices across different time 

periods, consistency with the standard assumption of constant exponential rate discounting was 

also tested.  

Q2:  How do the methodological choices affect the discount rate estimate? 

There are many methodological factors to consider when estimating the discount rate. Their 

effects on the final discount rate estimates are generally not transparent. This chapter contributes 

to the literature by investigating the effect of three methodological choices that are often left un-

discussed: (i) estimation method; (ii) observation selection criteria; and (iii) distributional 

assumptions and discount rate threshold levels. The methodological issues addressed here are 
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applicable to analyzing data from surveys that have: (i) more than one tradeoff question; (ii) 

intertemporal tradeoffs of one-off payments17; and (iii) multiple payment schedules.  

In this study, personal time preference was inferred from stated choices between Smaller Sooner 

(SS) or Larger Later (LL) monetary gifts. Each survey respondent answered up to five of these 

intertemporal tradeoff questions. Each question differed in terms of when the gifts were 

hypothetically paid (i.e. the payment schedule) and the amount of the future (LL) gift.  

The discount rate was estimated from these responses using parametric and non-parametric 

approaches. For the non-parametric approach, I tested various assumptions about the maximum 

possible discount rate.  For the parametric approach, I used the normal distribution but also test 

sensitivity to lognormal distribution.  Each approach employed two methods: (i) treating the data 

as a series of independent binary responses, and (ii) as sequential (grouped) choices.  

Respondents must provide consistent responses in order to be included in the grouped methods, 

but there are many ways to define this selection criterion. In this dissertation, four criteria were 

used, and were applied across the methods to identify the impact of different selection criteria 

on the final estimates. Finally, I took advantage of the different payment schedules and delays 

between the hypothetical payments in each of the five survey questions to estimate and test for 

statistical differences in discount rates for different time periods.  

The remainder of this chapter is organized as follows: Section 2 describes the study site, sample, 

and survey instrument.  Section 3 explains the time preference elicitation method, while section 

4 delineates the methods used to screen and analyze the responses.  Section 5 presents results 

from discount rate estimation and hypotheses tests, followed by a discussion of the results and 

summary of the chapter (Section 6). 

3.2. Study Description 

Data were drawn from a survey conducted as part of an impact evaluation study of the 

Jalswarajya water supply and sanitation (WSS) program led by RTI International and funded by 

                                                 
17 Instead of trading off a series of payments against another series or a one-time up-front payment 
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the World Bank. The program was implemented by the state of Maharashtra and supported by 

the World Bank. Its goals are to increase rural access to drinking water and sanitation services, 

and institutionalize decentralized delivery of rural water supply and sanitation services by the 

local government. Since the program’s inception in 2003, 2800 villages from 28 districts have 

volunteered to participate. The following description of the study area and sampling methods  

draws heavily from Pattanayak et al.,  2007.  

3.2.1. Study Area 

This study included four of the 35 districts in Maharashtra.  They represented four distinct 

geographical regions: Osmanabad (Marathwada Region), Nashik (Near Mumbai Region), Sangli 

(Western Maharashtra) and Buldana (Vidarbha Region). Districts are divided into tahsils 

(administrative sub-districts); the survey covered 36 tahsils in these four districts.  Within 

Maharashtra, there are large variations in climate. The average annual rainfall in Maharashtra is 

1,180mm, with 85% occurring during the monsoon season in June-October.  However, rainfall 

is highly variable across the state, so that parts of the state are vulnerable to floods, droughts, or 

both. Across the study districts, Buldhana and Osmanabad have the lowest annual rainfall, drier 

climates, and are furthest from Mumbai (See Table 3.1). 

Table 3.1: Characteristics of study districts 

 Buldhana Osmanabad Nashik Sangli
Annual rainfall 500-900 mm 600 -730mm 2,600-3,000mm 500 – 4,000mm
Location Far from coast, 

River basin 
Far from coast, 
Deccan plateau 

Nearer to coast, 
Deccan plateau 

Nearer to coast, 
River basin 

Climate dry and hot dry pleasant varied across 
district  

Distance to Mumbai 700 km 438km 180 km 435km
Urban population 21% 16% 39% 25% 
Population (2001) 2.2 million 1.5 million 5 million 2.6 million
 

Maharashtra is one of the most progressive states in India. Approximately 42% of its 97 million 

citizens live in urban centers, including the capital of Mumbai (Government of Maharashtra,  

2005:123), compared to 29% of the national average 18. The literacy rate (77%), is higher than the 

                                                 
18 According to the Census of India, 2001 
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national average (65%). Annual per capital income is US$539 (Pattanayak et al.,  2007). Water 

access is highly seasonal and tightly linked with gender, economic status and social status.  Water 

quality is also a problem; 85% of households in the state do not have access to sanitation 

services. 

Credit and insurance markets in rural India are thin (Binswanger and Rosenzweig,  1986; 

Rosenzweig and Wolpin,  1993; Pender,  1996). Low-interest loans (10% per month or less) are 

in limited supply because they can only exist under (limited) government subsidies. Borrowers 

who could not access credit from formal sources resort to other credit arrangements, normally 

with higher interests. A 1991 survey of rural households in the neighboring state of Andhra 

Pradesh found that people who borrowed money from village money lenders paid 18% to 36% 

interest per month (Pender,  1996). 

3.2.2. Survey Sampling Method 

Sampled villages were divided into two groups: Treatment villages (i.e. with the program) and 

Control villages (i.e. without the program). Propensity score matching with census data was used 

to match participating villages with similar non-participating villages. First, a logistic model was 

used to estimate the probability of a village being included in the Jalswarajya program. The 

model covariates reflected the three eligibility criteria for participation in the program: (a) poor 

quality and quantity of drinking water and sanitation services, (b) high proportion of socially 

disadvantaged groups, and (c) institutional capacity for fiscal responsibility, community 

participation and governance. Second, participating villages were matched with the non-

participating villages that had the most similar probability of being included in the program.  

This resulted in a sample of 95 Jalswarajya villages and 147 control villages.  

The resulting sample is representative of a disadvantaged population, relative to Maharashtra’s 

standards. Across the state, 71% of the rural population is literate, and 19% belong in a 

Scheduled Caste or Scheduled Tribe (low caste) (Planning Commission,  2002). In contrast, our 

survey respondents had a 52% literacy rate and 29% were in a Scheduled Caste/Tribe.  
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In each of the 242 villages, every household was listed and mapped to facilitate the survey 

implementation. A list of ‘eligible households’ was compiled, consisting of households with at 

least one child under five years old. A maximum of 50 households were randomly selected from 

this list for the survey. Up to three interview attempts were made before moving on to the next 

eligible household on the list. 10,206 households were surveyed in May to June 2006, 

immediately before the start of the rainy season.  

Most respondents were female (91%) under the age of 35 (90%) because the survey was targeted 

at women of child-bearing age. Two-thirds of respondents indicated that they could do 

household accounts, which was important in understanding and responding to the survey 

questions used to elicit time preferences.  Only a quarter of respondents felt that they can get 

credit from formal sources. The median interest rate among these respondents who received 

credit is 5% per month.   

Table 3.2 provides a summary of these respondent characteristics, as well as the proportion of 

respondents in different castes.  

Table 3.2: Respondent Characteristics (N=10,206) 

Categorical data Yes No 
Missing/

Don’t Know 
Good reading skills (Can read newspapers easily) 53% 37% 10% 
Good math skills (Can do household accounts) 69% 15% 16% 
Female 91% 9% 0% 
Caste Low: 37.6%; Middle: 18.2%; High: 33.3%; n/a: 10.9%
Age (Median) All: 25; Female: 25;  Male:30 

 

Caste is a fundamental indicator of socio-economic status in India.  In this study, caste is 

categorized into three classes, in ascending social status: Low, Middle, and High. This 

categorization is a simplification of the government caste classification system: Low caste 

includes Scheduled Caste and Tribes, Nomadic Tribes and De-Notified Tribes; Middle caste 

includes OBC (Other Backward Castes); High caste includes those in the Open caste.  
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3.2.3. Survey Instrument 

The preliminary survey instrument was based on publicly available surveys in India, previous 

RTI International studies of water supply and sanitation in Nepal and Sri Lanka, review of water, 

sanitation and hygiene literature, and input from technical advisors and fellow researchers. The 

final version was a result of further revisions through focus group discussions, pretest with rural 

households, and feedback during enumerator training.  The questionnaire included eight 

modules covering family demographic data, health literacy, recent illness, water source quality 

and quantity, water treatment/storage and hygiene practices, sanitation and sewerage, 

socioeconomic profile, community participation, and time and risk preferences.   

3.3. Methodology 

This section describes the survey questions used to elicit time preference, four methods to 

estimate discount rates, and selection criteria used to define consistent responses. The goal is to 

understand the impact of using different estimation methods and selection criteria on the final 

discount rate estimate. The issue of consistency is an issue of observation selection. Some 

methods can only use consistent responses; hence, the criteria to choose these responses are also 

the criteria for including observations in an analysis. For other methods that can accommodate 

inconsistent responses, the effect of limiting the analysis to only the consistent responses will 

also be investigated.  

3.3.1. Time Preference Elicitation 

Respondents were asked a sequence of five questions. In each question, they chose between two 

options with an opt-out: (a) Smaller Sooner (SS) : Rs 1,000 (PSS) either now or in three months 

(tSS), (b) Larger Later (LL): Rs 1,100 to Rs 2,600 (PLL) in 3, 12 or 15 months (tLL), and (c) 

Uncertain.  For each question (q), PSS < PLL and tSS < tLL.  The payoff values used in the 

questions are in the order of magnitude of a month’s wages. Similar binary choice approaches 

were used extensively in discount rate elicitation (e.g. Cropper et al.,  1992; Pender,  1996; Coller 

and Williams,  1999; Poulos and Whittington,  2000; Harrison et al.,  2002; Kirby and Petry,  



 

68 

2004).  After the fifth question, there is a follow-up question that asks the maximum period the 

respondent is willing to wait to receive the higher payoff, intended to refer to the LL payment in 

the previous question.  

Respondent i chooses the option that gives her the highest present value, given her discount rate 

(ri). She would choose SS (LL) if SSt
iSS )r1(P +  is greater than (less than) LLt

iLL )r1(P + .  An 

implicit discount rate that would make the respondent indifferent to the two options can be 

defined for each question; that is, if a respondent’s discount rate was exactly equal to the implicit 

discount rate (ρ), she would be indifferent between option SS or option LL. If her discount rate 

was higher than ρ, she would choose SS.  The implicit discount rate is determined by: 

q,SSq,LL

q,SS

q,LL

q tt

P
Pln

−

⎟
⎠
⎞

⎜
⎝
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=ρ
 

 

where ρq is the implicit discount rate for question q (1,2,3,4,5).  There were four versions of the 

questionnaire, labeled A – D, each with a different set of questions, including different options 

and different implicit discount rates.  Table 3.3 summarizes the prices, time delays, their 

corresponding implicit discount rates, and the percent of respondents who chose SS in each 

version of the questionnaire, implying that their personal discount rate was higher than the 

corresponding implicit discount rate in that question. 

Table 3.3: Parameters in the time preference elicitation questions  

Version q 
Option SS Option LL 

Implicit R (ρ) % Choose SSa (γ) 
PSS tSS PLL tLL 

A 1 1000 0 2600 15 6.4% 65% 
A 2 1000 0 2600 12 8.0% 64% 
A 3 1000 0 1350 3 10.0% 61% 
A 4 1000 3 1500 12 4.5% 64% 
A 5 1000 3 2200 15 6.6% 61% 
B 1 1000 0 2000 15 4.6% 67% 
B 2 1000 0 2000 12 5.8% 65% 
B 3 1000 0 1250 3 7.4% 63% 
B 4 1000 3 1500 12 4.5% 65% 
B 5 1000 3 1400 15 2.8% 65% 
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Table 3.3 (Continued) 

Version q 
Option SS Option LL 

Implicit R (ρ) % Choose SSa (γ) 
PSS tSS PLL tLL 

C 1 1000 0 1600 15 3.1% 68% 
C 2 1000 0 1600 12 3.9% 67% 
C 3 1000 0 1175 3 5.4% 64% 
C 4 1000 3 1220 12 2.2% 68% 
C 5 1000 3 1500 15 3.4% 66% 
D 1 1000 0 1250 15 1.5% 70% 
D 2 1000 0 1250 12 1.9% 69% 
D 3 1000 0 1150 3 4.7% 66% 
D 4 1000 3 1200 12 2.0% 69% 
D 5 1000 3 1100 15 0.8% 70% 

a The remaining percentage includes those who chose LL and Uncertain 
PSS = immediate payment amount (Rupees); PLL = future payment amount (Rupees); tSS = months before immediate payment; tLL = months 
before immediate payment 
 

3.3.2. Observation Selection Criteria 

Methods that treat a respondent’s answers as sequential (grouped) choices can only include 

responses that are consistent across the elicitation questions, because each response builds upon 

prior responses to define the upper and lower bounds of the discount rate. For example, if the 

response to question 1 implied that the respondent’s discount rate was lower than 5%, but later 

responses implied that the discount rate was higher than 7%, the entire sequence cannot be 

analyzed. In contrast, binary methods can be applied to inconsistent responses because each 

answer is treated independently. The effect of including inconsistent respondents in the discount 

rate estimation of these binary methods is not clear.  

The concept of consistency is important for other reasons. Respondents who were not ‘playing 

the game’ properly (e.g. misunderstanding the questions, or not thoughtfully answering the 

questions) needed to be excluded because their answers did not provide any accurate 

information on time preferences.  Respondents’ understanding of complex intertemporal 

tradeoff questions was a concern, especially in rural areas of developing countries.  Further, the 

time preference questions were the last section of a long, detailed survey that often took more 

than an hour to complete, and some respondents may have been fatigued and tried to finish the 
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survey quickly. One way to determine if a respondent was playing the game is to discriminate 

based on consistencies across elicitation questions and with a followup question: Respondents 

who could provide consistent responses were assumed to play the game properly. This 

assumption may be flawed: one could argue that inconsistency does not necessarily mean that 

the respondent was not taking the survey seriously, or conversely, those were consistent may not 

have taken the survey seriously. Without other means of selecting thoughtful respondents, the 

consistency criteria are the best alternative available.  

Three selection criteria based on the concept of response consistency are used in this chapter. 

The baseline criterion includes all respondents who chose SS or LL in at least one time-

preference question (See Table 3.4).    

Table 3.4: Selection criteria and datasets 

Criteria Description 
Number of 

observations 
Baseline At least one elicitation question is answered 9,944 
Consistent – All Consistent across all elicitation questions 8,298 
Consistent – Q1Q2 Consistent across question 1 and 2 only 9,594 
Consistent –   FU Consistent across question 5 and Follow-Up question 6,582 
 

Studies that estimated censored data models using the range of discount rates as the dependent 

variable either discarded all inconsistent responses (e.g. Bosworth et al.,  2006) or set selection 

rules (e.g. Kirby et al.,  2002). In most cases, the method used is explained in the article. In 

contrast, studies that estimate binary choice models (i.e. choice between SS and LL) rarely 

address the issue of inconsistent responses. The question of inconsistency only arises when a 

respondent’s answers are viewed in the context of their previous responses. Since binary models 

treat each answer separately (possibly with error correlation), inconsistent responses are treated 

as extra noise in the data.  The view is that respondents can make mistakes, but it does not mean 

they were not making thoughtful responses. These observations can still be used to estimate the 

discount rate, albeit at a higher variance. 
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3.3.2.1. Consistent Across All Questions: Consistent –  All 

Observations were included if responses in each tradeoff question did not conflict with 

responses in the other four questions. This criterion ensures that each observation is as robust as 

possible; however, it does not allow any mistakes, which are likely to happen in a sequence of 

five questions at the end of a long survey. Also, the number of inconsistent responses is 

cumulative: once a respondent is inconsistent in previous questions, they cannot become 

consistent by answering more questions. Hence, a different survey that contains (for example) 

only the first two questions in this survey would result in more consistent respondents using this 

criterion. 

3.3.2.2. Consistent Across Questions 1 and 2: Consistent –Q1/Q2 

Analyses with this sub-sample only use responses from questions 1 and 2 instead of the entire 

question set.  Only respondents who provide consistent responses to these two questions were 

included.  As a result, 1296 more respondents were retained in this subsample compared to the 

Consistent-All sub-sample (9594 vs. 8298).    

There were several reasons for screening the sample based on questions 1 and 2: (i) at least two 

questions were required to implement all four of discount rate estimation methods, (ii) these 

questions were asked at the beginning of the sequence, and used the same format (i.e.current vs. 

future tradeoffs), and (iii) further analysis showed that respondents who were consistent across 

these questions were not systematically different from those who were inconsistent, based on a 

set of sociodemographic characteristics that may influence respondents’ willingness or ability to 

answer the time preference questions (See Appendix 3.5). 

3.3.2.3. Consistent with Followup (FU) Question: Consistent –  FU 

In a long sequence of tradeoff questions such as the one used in this study, it is very common to 

find respondents choosing the same option throughout (i.e. SS and LL respondents). This 

implies very high or low discount rates, but can equally be a sign that a followed simple 

heuristics, e.g. always choose A, which would have passed the two previous inclusion criteria.  
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One way to address this problem is to use a follow-up question to detect inconsistencies in  a 

different manner. For example, Nielsen,  2001 and Pender,  1996 included strictly dominated 

options that would seem favorable for respondents who misunderstood the questionnaire. In the 

case of the Maharashtra survey, the questionnaire contains a follow-up question that asks 

respondents to state the maximum amount of time they were willing to wait for a future 

payment. This follow-up question referred to the respondent’s choice in the fifth time 

preference elicitation question: 

5) If you select option A [SS], you will receive a payment of Rs. 1,000 after 3 months. If you select Option B 

[LL], then you will receive Rs. PB,5 after 15 months. Which option would you choose? 

[ 1 ] Option A [SS] 

[ 2 ] Option B [LL] 

[ 3 ] Uncertain 

(After respondents finish these answers, the followup question was asked) 

What is the maximum period you would be willing to wait to receive the higher payoff in the future? 

[ 1 ] 3 months    [ 5 ] 24 months 

[ 2 ] 6 months    [ 6 ] 36 months 

[ 3 ] 12 months    [ 95 ] Other (specify _______________) 

[ 4 ] 15 months    [ 99 ] Don’t know / not sure 

Respondents who consistently chose the immediate payment (Option SS) should choose a 

maximum period of less than 15 months. Similarly, those who consistently chose the future 

payment (Option LL) should choose a maximum period equal or greater than 15 months.  
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3.3.3. Discount Rate Estimation Methods 

The four methods used to estimate the discount rate are: (i) Bounded Estimates; (ii) Turnbull; 

(iii) Binary Maximum Likelihood Estimation (Binary MLE); and (iv) Grouped Maximum 

Likelihood Estimation (Grouped MLE). As shown in Table 3.5, they can be categorized 

according to whether they rely on a parametric distributional assumption and whether they treat 

the answers to each question as a separate binary data point or analyze the combined answers as 

grouped data.  All of these methods were introduced in Ch.1; in this section, I discuss how they 

are applied to the Maharashtra dataset. 

Table 3.5: Discount rate estimation models 

 Non Parametric Parametric 
Binary :    SS vs. LL choice in each question Turnbull Binary MLE 
Grouped: SS vs. LL choices in 5 questions Bounded Estimates (BE) Grouped MLE 

 

3.3.3.1. Bounded Estimates (BE) 

The discount rate estimate is the median of the lower and upper bound of a person’s discount 

rate range. Ideally, these bounds were revealed by the respondents in the course of the elicitation 

process. However, 67% of useable observations19 lacked an upper bound because they always 

chose SS, i.e. their discount rate was higher than the implied discount rate in all the elicitation 

questions. Other studies encountered this problem. One approach, used by Kirby (e.g. in Kirby 

et al.,  2002; Kirby and Petry,  2004), sets the minimum (ρmin) and maximum (ρmax) discount rates 

equal to the highest and lowest implied rates used in their survey (i.e. ρlow and ρhigh).  This 

approach would work best when the range of implied rates in the survey instrument captured a 

large part of the population’s discount rate range.  Alternatively, one could review the literature 

for a studies that focused on a similar population to find a benchmark value for these bounds. In 

this case study, Pender’s (1996) estimates on discount rates of rural households in rural India 

was ideal. 

                                                 
19 Useable observations in the BE method only include consistent responses (i.e. with defined upper and lower 
bounds). 
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Thus, two methods are used: 

1. Instrument-based : ρMin = ρMax = ρHigh if bounded from above 

ρMax = ρMax = ρLow if bounded from below 

2. Literature review : ρMax = 10.6% based on Pender’s 1996 paper20.  

ρMin = 0  

Given the large proportion of single-bounded responses in this dataset, it is important to 

measure the population estimate’s ( r̂ ) sensitivity to ρMax.  For this purpose, the marginal effect of 

ρMax on r̂  is estimated by setting ρMax at various levels while maintaining ρMin at zero. 

3.3.3.2. Turnbull Method 

The Turnbull method is a non-parametric estimator of censored, truncated, and grouped data, 

originally developed to estimate the survival of a sample population at different monitoring 

periods (Turnbull,  1976). In the current application, it is based on the proportion of 

respondents that chose SS (γ) given an implied discount rate (ρ), i.e. the proportion of 

respondents that had higher discount rates at each implied rate. Each respondent could 

contribute up to five datapoints because each elicitation question had different implied rates.  

Each survey version had a uniform set of implied rates, which differed across the four version, 

with one overlap.  In total, there were 19 levels of ρ, which corresponded to 19 points on the 

γ(ρ) curve (See Appendix 3.1)21.  

                                                 
20 The ρMax was calculated using Pender’s regression results: 
r̂ = 0.948 – 0.223*Wealth + 0.0025*Age -0.0027*Education - 0.021*Male + 0.175*Dokur 
(T-stat)             (-2.84)                (-0.42)    (-0.09)        (-0.09)        (1.06) 
Where Wealth = net household wealth in Rs 10,000; Age = respondent’s age (years); Education = years of formal 
education; Male = dummy variable for male respondents; Dokur = dummy for Dokur village. ρMax was derived by 
setting Wealth = 0, Age = 60, Education = 0, Male = 0, Dokur = 1. The result is ρMax = 10.6% per month, which is 
slightly higher than the highest ρ used in the survey instrument (10.5%).  
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The discount rate estimate is the area under this γ(ρ) curve22. One of the difficulties of estimating 

discount rates from the Maharashtra survey was that γ only ranged from 61% to 70%, resulting 

in a relatively flat response curve (See right-most column in Appendix 3.1). Ideally, the survey 

would employ questions with implied discount rates that resulted in γ ranging from 0% to 100%: 

low enough to prompt 100% of respondents to choose option SS (i.e. γ (ρ1)=1), and high 

enough so that no one to choose option SS (i.e. γ (ρp)=0). The small range between γ (ρ1) and γ 

(ρ p) implied that there was a large portion of preferences that were not revealed.  

Additionally, The high γ(ρp) made discount rate estimates from this dataset particularly sensitive 

to ρMax.  The methods of choosing ρMax are slightly different that those used in the BE method. 

The task is finding a high enough discount rate that will prompt all respondents to choose the 

future instead of the present payment, i.e. γ(ρ)= 0. I use three methods: 

1. Interpolating ρMax from the last segment of the γ (ρ) curve to the horizontal axis 

2. Interpolating ρMax from a linear trend line fitted through γ (ρ1) to  γ (ρp) 

3. Literature review approach: setting ρMax equal to Pender’s ρMax estimate (10.6%) 

The first method follows Kriström (1990) and Boman et al. ({, 1999 #4}). They used the slope 

between the last and the second-last segment of the curve, i.e. γ (ρP-1) and γ(ρP), to determine 

ρMax. The second method of fitting a trend line across all the points in the γ (ρ ) curve captures 

the general relationship between γ and ρ.  

The average discount rate ( r̂ ) is calculated by measuring the area under the γ (ρ) curve. The area 

under the curve up to the highest implied discount rate in the survey (ρp) is unaffected by ρMax 

because it was derived from observed data. After that point (ρ>ρp), the γ (ρ) curve is 

extrapolated to the ρMax using the three methods discussed above. The total area under the γ(ρ) 

curve is thus: 

                                                                                                                                                       
21 Under the Consistent – All and Consistent – Followup, there were 19 datapoints from the five questions (5x4 
version – 1 overlap). Under the Consistent – Q1Q2 criterion, there were only 8 data points because only 2 questions 
were used (2x4 version) 
22 This curve is sometimes referred to as the survival curve. 
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 is the area under the γ (ρ) curve from ρ=0 to ρp (0.10), and 

γp = γ (ρp), which is the proportion of respondents that chose option SS given the highest 

implied discount rate in the survey (ρp). The marginal effect of ρMax is determined by γp: 
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The marginal effect of ρMax on r̂  is positive because γp is positive. Since inclusion criteria affects 

the respondent composition, γ1 to γP  would differ across inclusion criteria, resulting in different 

r̂ ’s and sensitivities to ρMax.  

The variance for the discount rate estimate is calculated using the following formula adapted 

from Boman et al.,  1999, eq. 13:  
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 Eq. 3.2 

Where γn=the proportion of respondents that chose SS given the p-th ranked implied discount 

rate, after applying Ayer’s smoothing function (not necessarily equal with observed proportions, 

see Appendix 3.1). At the endpoints, γ0(0) = 1 and γP+1 (ρMax)= 0; n is the number of 

respondents. All calculations were executed in SAS v.8, the PROC IML procedure (See 

Appendix 3.2). 

3.3.3.3. Binary Maximum Likelihood Estimation (Binary MLE) 

The Binary MLE method is a parametric method that assumes individuals choose the amount 

they will consume at different periods by setting their marginal utility of the present value of 
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consumption equal given their discount rate. Hence, the observed choices between SS and LL 

reveal their discount rate. This is formalized as follows: 
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Eq. 3.3 

Where U =current utility, P = payment amount, NPV = net present value of receiving P, r = 

discount rate, δ = function that converts future payments into its NPV form, t = delay until the 

payment is received. Subscripts SS and LL denotes the Smaller Sooner and Larger Later options. 

The ratio of the marginal utility from PSS and PLL is a function of the NPV functions for PSS and 

PLL, which are known. However, the marginal utilities of PSS and PLL are unknown, and will be 

estimated using the Random Utility Model. 

Let us assume that the utility from SS and LL are expressed as a linear function of the payments 

they can receive from these options. 

USS,j,q  = VSS,j,q + εSS,j,q  = αSS,j,q +βSS,qPSS,j,q +εSS,j,q  

ULL,j,q  = VLL,j,q + εLL,j,q = αLL,j,q + βLL,qPLLj,,q +εLL,j,q  

The utility from choosing an option, say SS, is the difference between choosing SS and not 

choosing LL. The subscript q denotes the question number, and j denotes respondents. Since 

there were five questions with different PLL levels, each respondent could contribute up to five 

datapoints. The respondent will choose SS if the utility from SS is larger than the utility of 

choosing LL, that is if the utility difference is larger than zero (subscript q and j suppressed): 

                 ΔU  = USS – ULL = αSS - αLL +βSSPSS - βLLPLL +εSS -εLL Eq. 3.4 
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Based on Eq. 3.4, the marginal utilities of PSS and PLL are βSS and βLL, respectively. Eq. 3.3 

becomes: 

( )SSLL ttr
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SS e −−=
β
β

 Eq. 3.5 

The discount rate is derived by solving r in Eq. 3.5. To estimate the β’s, the following logistic 

link function was used: 
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Since PA is a constant (Rs 1,000), and dropping the question index, Eq. 3.6 becomes: 
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Where ε is the difference between εLL and εSS,. Because PSS is held constant at Rs. 1,000, α 

becomes the coefficient for PSS, and β for PLL. Hence, Eq. 3.5 becomes: 

( )SSLL ttre −−=
β−
α

   

The closed-form equation for r is: 

SSLL tt

ln
r

−

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
β−
α

=
 Eq. 3.8 

The sign of α should be positive and β, negative, because higher PSS and lower PLL will increase 

the probability of choosing SS. If these expectations are not observed out empirically, the 

respondents are either not “playing the game” (that is, misunderstanding the question) or not 

behaving rationally.  The resulting discount rate estimate would be invalid. 

There is a large body of empirical evidence that suggest that the discount rate declines as tB is 

further in the future.  This can be tested with the binary MLE approach by analyzing each 
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payment schedule (corresponding to each question number) separately.  Constant exponential 

discount holds when: 

 H1: r0,3 = r0,12 = r0,15 = r3,9 =r3,12 

where the first subscript denotes the time when the first payment is received (tSS), and the 

second subscript denotes the delay between payment (tLL – tSS).   

The effect of different starting points (i.e. Current vs. Future or Future vs. Future payments) also 

can be analyzed. Questions 2 and 5 have the same (12-month) payment delay. Differences in the 

estimated discount rates from these two questions can be attributed to the effect of the starting 

point.  If only the length of delay (tLL – tSS) matters, there will be no statistically significant 

difference between discount rates from question 2 and 5.  

The above hypotheses can be tested through two econometric approaches: (i) Separated Model: 

estimate separate equations for each question number; or (ii) Pooled Model: use dummy 

variables and interaction terms and pool the data.   

For the separated model, the estimating equation is:  

qq,LLqqq P)SSPr( εβα +−=  Eq. 3.9 

Where q is the index for question numbers that corresponds to a unique payment schedule (See 

Table 3.3 for the payment schedule of each question). Formulas for calculating the discount 

rates are: 
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Eq. 3.10 

Future vs. Future payments 
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The variance of the discount rate estimate is determined through a modified bootstrapping 

method, known as the Krinsky-Robb procedure (Krinsky and Robb,  1991). First, 1000 pairs of 

α and β are randomly sampled from the variance-covariance matrix resulting from Eq. 3.9. 

Second, the discount rate is estimated from each pair based on Eq. 3.10 and Eq. 3.11, from 

which the variance of the discount rate estimate is calculated23. This modification has been 

shown to yield similar parameter estimates as conventional bootstrapping (e.g. Krinsky and 

Robb,  1991, Chen and Cosslett,  1998), and was favorable because the large dataset (N=10,206) 

would otherwise result in a cumbersome bootstrapping process. 

In the pooled model, dummy variables denote the length of delay between payments (3, 9, 12, and 

15 months) and the time when the first payment can be received (0 and 3 months); they enter 

individually and interacted with the amount of future payment (PLL) 

The estimating equation is: 

Pr (SS) = f(α      + α9*d9    + α12*d12    + α15*d15     + αNow*dNow 

               + β*PLL + β9*PLLd9 + β12*PLLd12 + β15*PLLd15 + βNow*dNow + ε) 

Where dt are dummy variables for the delay time between immediate and future payment, and 

dNow is the dummy variable for whether the immediate payment can be received now (0 months) 

as opposed to 3 months. The intercept (α) and β capture the effect of a 3-month delay between 

payments, which is the missing dummy variable.  

Below are the formulas to calculate the discount rates for each payment schedule: 

Current vs. Future payments: 
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Eq. 3.12

                                                 
23 SAS codes for the Krinsky-Robb procedure and the discount rate estimation using Binary MLE can be found in. 
Appendix 3.3 
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Future vs. Future payments: 

( )
( )
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; 
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 Eq. 3.13

The pooled approach separates the effect of delay between payment (tLL-tSS) and the timing of 

the immediate payment (tSS). Previous studies have established that delay between payments 

reduces the discount rate, but most studies do not contrast Current vs. Future (CF) and Future 

vs. Future (FF) tradeoffs. Discount rates may be higher when the current time period is included 

in the tradeoff (CF), compared to a different scenario where the tradeoff includes two future 

periods (FF), if respondents have a strong and discontinuous preference for immediate payment. 

Standard errors are clustered around the respondent to take into account the panel nature of the 

data.  

With the pooled model, the difference between CF and FF discount rates is captured in the 

coefficients αNow and βNow. The test for constant exponential discounting is that all of these 

coefficients are equal to zero. While the pooled model has a larger sample size, there are at least 

9769 observations for each equation/question in the separated model. The pooled model is 

more restricted because it assumes one common model error for all of the different payment 

schedules.  

3.3.3.4. Grouped Maximum Likelihood Estimation (Grouped MLE) 

Another parametric method being employed in this study is the Grouped MLE method. It uses 

the discount rate ranges as the independent variable, instead of the probability of choosing an 

option used in the Binary MLE method. In this sense, it is the parametric analogy of the 

Bounded Estimates method: instead of using the median, a distributional assumption is used to 

solve for the mean discount rate. Previous studies have assumed that the discount rate follows a 

normal distribution (e.g. Cropper et al.,  1992; Pender,  1996; Coller and Williams,  1999; van der 

Pol and Cairns,  1999). This paper used normal and log-normal distributions to understand the 

sensitivity of discount rate estimates to different distributional assumptions. 
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The upper (ρHigh) and lower (ρLow) discount rate bounds for each respondent was determined 

using the same approach outlined in the Bounded Estimates method. The population discount 

rate was estimated using the following regression, which only included an intercept term α24. 

After estimation, α is equal to the population mean discount rate. Since the purpose of this 

chapter is to estimate the population discount rate average, additional covariates that represent 

individual/group characteristics were not used. 

Normal distribution: (rLow, rHigh)i = α + εi   ε ~N(µ, σ2) 

Log Normal distribution:  (rLow, rHigh)i = α + εi   exp (ε) ~ Log N(µ, σ2) 

where μ and σ2 are the mean and variance of  ε, respectively. rLow and rHigh are the lower and 

upper bounds of each individual’s discount rate ranges. If the range was only bounded from 

above or below then the dependent variable was coded as (rLow, .) or (. , rHigh). The 95% 

confidence interval was derived non-parametrically by using bootstrap sampling 1000 times; the 

lower and upper bounds are set equal to the lower and upper 2.5% of the bootstrapped 

estimates. 

3.4. Results  

3.4.1. Choice Behavior in the Time Preference Elicitation Sequence 

Of all the respondents to the survey, 9,944 chose SS or LL in at least one of the time preference 

questions.  The other 262 either did not answer or always chose “uncertain.”  These 9,944 

respondents could be categorized by their choice behavior: (i) Switching between options SS and 

LL; and (ii) Choosing one option (SS or LL) throughout the sequence (See Figure 3.1). 

Just over half of the respondents consistently answer SS, and approximately one out of five 

always chose LL. Altogether, 75% of respondents did not reveal their upper or lower discount 

rate bounds during the course of the survey. In order to reveal both bounds, a respondent must 

switch her response between SS and LL. Of the remaining 22% who made this switch, only 6% 

                                                 
24 The model is estimated with PROC LIFEREG in SAS v.8 statistical software. 
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of revealed their upper and lower bounds in a consistent manner, while 16% did so 

inconsistently.  

 

Figure 3.1: Choice behavior for time preference elicitation questions 

a Consistent-All criteria was used to calculate the proportion of Consistent and Inconsistent Respondents 

3.4.2. Analysis of the Respondent Selection Criteria  

3.4.2.1. Consistent Across All Questions 

This criterion is the strictest in the sense that respondents cannot make any mistakes. One of the 

most common ways of fulfilling it is to consistently choose SS or LL across the five elicitation 

questions. Approximately 93% (67% chose SS, 23% chose LL) of respondents who fulfilled this 

criterion chose this way; only 7% mixed their responses between SS and LL. Hence, this 

criterion is heavily biased towards respondents that always chose the same option.  

The data confirmed that the probability of making a mistake increase with the number of 

questions, and that a different survey that contains (for example) the first three questions in this 

survey would result in more consistent respondents using this criterion (See Figure 3.2). As the 

questions progress, more respondents become inconsistent (See Appendix 3.4, Figure 3.7). The 

largest increase in inconsistent responses occurred in Question 4, when respondents were 

suddenly asked to switch from Current vs. Future tradeoffs (Question 1-3) to Future vs. Future 

tradeoffs (See Appendix 3.4, Table 3.14). 
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Another concern is bias: As the questions progressed, differences across gender, caste and 

questionnaire versions become more apparent (see Appendix 3.1). The probability to answer 

inconsistently is higher among low- numeracy and male respondents, and those who received 

version A of the questionnaire. Version A had higher implied discount rates, which may have 

increased the probability that respondents will mix their responses. The proportion of 

respondents who were inconsistent was always higher in Version A at any point in the question 

sequence (See Appendix 3.4). If inconsistent responses were the result of respondent mistakes 

rather than the unwillingness to provide a thoughtful response, this selection criterion would 

unnecessarily exclude respondents who provide the most valuable information, i.e. those who 

switched between SS and LL. 

Figure 3.2: Number of consistent and inconsistent respondents, by question number 

3.4.2.2. Consistent Across Questions 1 and 2 

In this criterion, the respondent must only be consistent across the first two questions. It is 

more ‘forgiving’ for respondents who mix their choices between SS and LL: 20% of respondents 

that met this criterion mixed their choices, compared to only 7% in the previous criterion 

(Consistent – All). Unlike Consistent – All, there was no correlation between inconsistent 
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responses to questions 1 and 2 and individual characteristics or survey version, which made it a 

more robust criterion compared to Consistent – All (See Appendix 3.5).  

3.4.2.3. Consistent with Follow-up (FU) Question 

One out of four Consistent-All respondents gave follow-up responses that were not consistent 

with their previous answers (See Table 3.6). Although this seems like a very high percentage, it is 

not unique. In a study of rural households in Madagascar, Nielsen (2001) found that nearly 40% 

of respondents misunderstood time and risk preference questions, as indicated by their choice of 

dominated/inferior options in a follow-up question25.  

Table 3.6: Choice behavior and respondent’s understanding of time preference questions 

(Consistent – All respondents only) 

Respondent Type 
Consistent 
Followup 

Others Total 

SS Respondents 4873 (95%) 245 (5%) 5118 (100%) 
LL Respondents 574 (28%) 1501 (72%) 2075 (100%) 
Mixed Respondents (Consistent) 1135 (55%) 932 (45%) 2067 (100%) 

Total 6582 2678 9260 
* Missing data include respondents who always chose ‘Uncertain’, or were inconsistent. 
 

This criterion was biased against respondents who always chose LL. Almost all SS respondents 

(95%) answered the followup questions consistently, compared to only 28% of LL respondents. 

In the baseline dataset, 26% of respondents always chose LL, compared to only 9% after 

applying the Consistent – Followup criterion. The proportion of SS respondents remained 

relatively stable (67% in baseline dataset vs. 74% in Consistent-FU).  Characteristics linked with 

cognitive ability (e.g. ability to read newspaper and do household accounts) and respondent 

fatigue (length of interview time) were not significant factors in the probability of being 

inconsistent under this criterion (Appendix 3.6) or always choosing SS or LL (Appendix 3.7). 

This suggested that inconsistent responses to the follow-up questions may be driven by other 

survey-related factors.  

                                                 
25 Nielsen did not specify the proportion of respondents who misunderstood the time preference questions. His 
experimental design only used a sequence of two questions, each having six options, which is different but not 
easier/more difficult that the present survey.  His respondents had similar levels of formal education.  
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LL respondents may have been more likely to misinterpret the follow-up question because of 

the framing effect of previous questions. Their previous choices implied that they were willing to 

wait beyond 15 months; they may find it strange that the interviewer would provide them with 

options that were less than 15 months. To compensate, they may interpret these choices as 

additional to the 15 months.  Thus, it is quite likely that this criterion screened out LL 

respondents who understood the time preference questions correctly but misinterpreted the 

follow-up due to a question framing problems.  

3.4.3.  Discount Rate Estimates 

Results for each method are displayed for three selection criteria: (i) consistent across all tradeoff 

questions (‘Consistent – All’); (ii) consistent across questions 1 and 2 (‘Consistent – Q1Q2’); and 

(iii) consistent with followup tradeoff question (‘Consistent – Followup’). I will also analyze 

other subsets of the dataset, (e.g. inconsistent respondents) to illustrate the effect of including 

these respondents in binary methods. 

3.4.3.1. Bounded Estimates 

Estimates by selection criteria were not significantly different (See Table 3.7).  

Table 3.7: Bounded Estimates: Monthly discount rate estimates 

(Standard deviation in parentheses) 

Selection Criteria1 ρMax Methods 
Instrument-based LitReview

Consistent – All  5.67% 6.55%
(N=8298) (2.67%) (3.42%)

Consistent – Q1- Q2  4.67% 5.99%
(N=9594) (2.18%) (2.81%)

Consistent Followup  6.27% 7.57%
(N=4303) (2.47%) (2.79%)

1 The Baseline criterion (which can include Consistent and Inconsistent responses) was not used because the Bounded Estimates method 
requires only consistent responses. 
 

The ρMax based on Pender’s study (10.6%) was close to the highest ρ used in the survey 

instrument (10.0%). Hence, the method of setting ρMax did not have a large impact on discount 
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rate estimates. The discount rate estimate from Instrument-based method ( r̂ I) was equal 5.9% 

(σ2=0.0008). This result was also obtained by setting ρMax = 15.4%.  

Differences in estimates across the selection criteria were not statistically significantly, due to the 

relatively large standard deviations. The largest difference across means was found between 

Consistent Followup and Consistent Q1-Q2 respondents, using the instrument-based ρMax 

method. There were a few reasons: (i) respondents who were consistent in the followup question 

had high discount rate estimates in general, because they tended to always choose the SS option; 

and (ii) by excluding Q3 in the Consistent –Q1Q2 criterion, the highest ρ was reduced to 1.9% - 

8%, reducing the overall estimate. Differences between the ‘Consistent – All’ and ‘Consistent – 

Q1-Q2’ were statistically insignificant, and attributable to the omission of approximately 1,300 

respondents who were consistent in questions 1 and 2 but became inconsistent afterwards. The 

marginal effect of ρMax was high: a 1 unit increase in ρMax increases the final estimate by 0.33 to 

0.42 units, depending on the Respondent group (Figure 3.3) 
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Figure 3.3: Simulation of the effect of ρMax on the discount rate estimate 
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The estimates from the two methods of defining ceiling and floor rates (i.e. Instrument-based vs. 

Literature review) were similar: (i) Instrument-based: r̂ =4.7-6.7% per month; (ii) Literature 

review:  r̂ =6-6.5% per month. Estimates were sensitive to the ceiling rate (ρMax), because 1 

percentage point increase in ρMax increases the final estimate by at least 0.33 points. 

3.4.3.2. Turnbull Method 

Figure 3.4 shows the relationship between percentage of respondents who chose SS (γ) at 

different levels of implied discount rate (ρ), after being subjected to the smoothing function26.  

 

 

 

 

 

 

 

 

 

Figure 3.4: Percent respondents who chose SS (γ) by implied discount rate (ρ ) 

Inconsistent respondents27 answered in such a random fashion that the smoothing function 

produced a flat response curve, resulting in an infinite discount rate. Consistent respondents had 

higher discount rate than the baseline and Inconsistent respondents, and had slightly downward-
                                                 
26 The complete table is in Appendix 3.1 
27 Those who were excluded from the Consistent – All criterion. 
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sloping curves, i.e. the proportion of respondents who chose SS (γ) decreased as the price of 

waiting (ρ) increases. The slope of the curves showed the marginal effect of ρ on γ, which was 

uniform across criteria (excluding Inconsistent respondents). The proportion of respondents 

that chose SS was always highest in the Consistent – Followup criterion, leading to the highest 

estimates among the different selection criteria (See Table 3.8). Variances were very small 

because of the large number of respondents (n) (See Eq. 3.2), ranging from 19,124 (Consistent – 

Q1Q2) to 49,222 (Baseline).  

Table 3.8: Turnbull Method: Monthly discount rate estimates  

(Standard deviation in parentheses) 

 ρMax Methods 

Dataset Trendline Last Segment Lit.Review

Baseline 27.47% 36.92% 7.06% 
 (0.17%) (0.25%) (0.01%) 
Consistent – All 24.61% 21.81% 7.34% 
 (0.16%) (0.14%) (0.01%) 
Consistent – Q1Q2 24.06% 14.37% 6.60% 
 (0.24%) (0.12%) (0.02%) 
Consistent – FU 36.07% 45.55% 8.70% 
 (0.22%) (0.30%) (0.01%) 
 

Recall in Eq. 3.1, the marginal effect of ρMax on r̂  in the Turnbull method was equal to γ(ρp)/2, 

which differs by dataset version. Datasets biased towards SS respondents, such as the Consistent 

Followup group, were most sensitive to ρMax (See Table 3.9). Estimates were dramatically 

different when different ρMax methods were used (i.e. Trendline and Last Segment), highlighting 

that the robustness of non-parametric methods is determined by their sensitivity to ρMax. Linear 

extrapolations yielded larger ρMax (See  

Table 3.10), resulting in discount rates up to nine times higher than estimates in the Bounded 

Estimates method28. 

                                                 
28 Differences between the ρMax methods are illustrated in Appendix 3.8. 
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Table 3.9: Marginal effect of ρMax on discount rate estimate 

Respondent group γ (ρp)* Marginal effect of

ρMax on r̂  
Baseline (all respondents) 63.55% 0.318
Consistent – All Questions  64.56% 0.323
Consistent – Q1-Q2 64.20% 0.321
Consistent Followup 78.08% 0.390
Inconsistent 53.28% 0.266
* Proportion of respondents chose SS at the highest implied discount rate 
 

Table 3.10: Comparison of ρMax calculated using different methods 

 ρMax Methods 
Dataset Last Segment Trendline Lit. Review 

Baseline 104.5% 74.8% 10.6% 
Consistent – All 55.4% 64.1% 10.6% 
Consistent – FU 103.4% 79.5% 10.6% 
Consistent – Q1Q2 34.8% 65.0% 10.6% 

 

Turnbull estimates were consistent with the Bounded Estimates when the same ρMax value was 

used (i.e. based on literature review), ranging from 6.6% to 8.7% per month. However, this ρMax 

(10.6%) was very close to the highest ρ in the survey (10.0%), and it is unlikely that all of the 

respondents who chose SS at ρ=10% will switch to LL at 10.6% (a mere 0.6% increase in ρ). 

The Last Segment method assumes that if higher implied discount rates were used in the study, 

the slope between them would be identical to the slope in the last segment. However, in the 

Maharastra case, there is no reason to believe this assumption is valid, because the slopes of 

prior segments have not been uniform. In contrast, fitting a trend line across all the points in the 

γ (ρ ) curve uses more datapoints to predict the relationship of ρ’s that are above 10.0%, instead 

of relying on one segment. It also results in estimates that were more uniform across the 

selection criteria. In light of these considerations, I favor the use of the second method (linear 

interpolation using the trend line).  

3.4.3.3. Binary Maximum Likelihood Estimation (Binary MLE) 

The Binary MLE method offers a way to investigate how discount rates change with delay length 

and the timing of the sooner payment. Results from the Separated and Pooled models were very 
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similar29. In almost all cases, more than 90% of the α and β pairs sampled using the Krinsky-

Robb method behaved as expected, i.e. α>0 and β<030. By far, estimates from the Inconsistent 

dataset performed poorest: in question 3 (Now vs. 3months), almost all (97%) of samples were 

not valid because α and/or β had the wrong signs, resulting in unusually high variances. It was 

also the only dataset that resulted in negative discount rates (3 months vs. 12 months tradeoff). 

Results confirmed previous empirical observations that delay length reduced discount rates, as 

the slope between 3-15 months were generally downward sloping (See Figure 3.5). Interestingly, 

the effect of delay length was not as strong when the tradeoff was between two future payments, 

as illustrated by the relatively flat line between the 9 and 12-month delays in the Future vs. 

Future scenario. Estimates seemed to converge with longer payment delays, although the 

convergence point differs across selection criteria. The confidence intervals shrank with delay 

length: across the selection criteria, confidence intervals were highest when the delay is shortest 

(3 months)31.  

 

Figure 3.5: Monthly discount rate estimates using the Krinsky-Robb procedure 

Solid line: Current vs. Future; Dashed line: Future vs. Future. Error bars are displayed but not visible in most cases 
                                                 
29 Model coefficients for the pooled model that used clustered standard errors were identical to those without 
clustered error, although including clustered error reduced the standard errors. 
30 See SAS codes in Appendix 3.3. 
31 Complete variance estimates can be found in Appendix 3.9. 
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The Pooled model showed that the effect of offering a payment ‘now’ was significant. The αNow 

and βNow coefficients decomposed the effect of a front-end payment delay. The resulting αNow 

was negative but not statistically significant from zero at the 10% level. However, βNow was 

positive significant (See Appendix 3.9), implying that the marginal disutility of not choosing the 

LL option was lower if the SS payment was offered ‘now’. In other words, given the same delay 

length (tLL-tSS) and payment amounts (PSS, PLL), the respondent was more likely to choose SS if it 

were offered now rather than in the future. This resulted in higher discount rates in the Current 

vs. Future scenarios compared to the Future vs. Future scenarios.  

Similar to results from previous methods, discount rates were highest under the Consistent - 

Followup criterion due to the large proportion of respondents that always chose the SS option. 

Excluding results from the Inconsistent dataset, the Binary MLE estimates ranged from 11.7% 

to 46.6% per month (See Table 3.11), which is remarkably similar with Turnbull results when the 

Trendline method was used (11.2% to 46.6% per month, See Table 3.8). Binary MLE results 

were much larger than prior non-parametric methods (Bounded Estimates and Turnbull) when 

the ρMax was based on prior literature or the survey instrument.  

Table 3.11: Binary MLE: Monthly discount rate estimates 

 Delay Baseline Consistent – All Consistent – Q1Q2 Consistent – FU InConsistent – All
CF 3 28.9% 23.6% - 46.6% 42.2%
CF 12 15.9% 15.9% 15.1% 20.3% 15.4%
CF 15 13.8% 13.5% 14.8% 17.8% 14.8%
FF 9 11.8% 15.1% - 15.3% 4.8%
FF 12 11.7% 12.9% - 16.6% -6.6%

* CF = Current vs. Future (Now vs. later); FF = Future vs. Future (3 months vs. Later) 
 

3.4.3.4. Grouped Maximum Likelihood Estimation (Grouped MLE) 

Estimates from the Log Normal assumption were higher than those from the Normal 

distribution assumption (Figure 3.6). The estimated discount rates from this method varied 

greatly, between 10.2% and 143.3% per month. The range of estimates from the normal 

distribution assumption was much smaller (10.2% to 20.1%) than the log normal distribution 
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(15.4% to 143.3%). Log normal distributions also resulted in larger variances. Consistent – 

Followup results had the highest estimates under both distributional assumptions, which is 

consistent with findings from other methods. The magnitude of estimates from the normal 

distribution assumption was more consistent with results of other methods (parametric and non-

parametric), and is therefore considered to be the more appropriate assumption for this study. 

 

Figure 3.6: Grouped MLE monthly discount rate estimates by distributional assumption 

and selection criterion 

Results from bootstrapping 1,000 times: discount rate estimate is the median bootstrapped 

estimate; 95% confidence interval is the lowest and highest 2.5% bootstrapped estimate. 

Appendix 3.10  contains the data tables. 

3.4.3.5. Correlations across Estimates 

Grouped MLE and Bounded Estimates were poorly correlated with other methods, and within 

the same method but across selection criteria (See Appendix 3.12). Binary MLE estimates across 
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Questions 1‐2 
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different question numbers (e.g. Q1 vs. Q3) generally had very high correlation (C>0.8). Results 

from Binary MLE question 5 (payment in 3 months vs. 15 months) were well-correlated with 

Turnbull estimates (average C=0.742). Results from Consistent – Q1Q2 were consistent with 

Consistent – All based on two measures: (i) correlation coefficients: C values between Binary 

methods were at least 0.73, although correlations between Grouped methods were very low; and 

(ii) the differences in estimates within the same method were no more than 1.5%32.  

3.5. Discussion 

3.5.1. Discount Rates in Maharashtra, India 

3.5.1.1. Summary of Discount Rate Estimates 

One of the motivations of this study was to find a range of discount rates that can be used to 

evaluate projects in areas such as rural Maharashtra. Among the various methods, 

methodological choices, and selection criteria, this study produced 46 discount rate estimates, as 

summarized in the table below:  

Table 3.12: Summary of Monthly Discount Rate Estimates 

 Method Methodological 
Choices 

Selection Criteria 
 Baseline1 Consistent 

- All 
Consistent 

– Q1Q2 
Consistent 
- Followup

Non- Bounded ρMax: Instrument-based - 5.67% 4.67% 6.27%
Parametric Estimates ρMax: Literature Review - 6.55% 5.99% 7.57%
 Turnbull ρMax: Trend Line 27.47% 24.61% 24.06% 36.07%
  ρMax: Last Segment 36.92% 21.81% 14.37% 45.55%
  ρMax: Literature Review 7.06% 7.34% 6.60% 8.70%
Parametric Grouped  Distribution: Normal - 10.19% 16.76% 20.1%
 MLE Distribution: Log Normal - 15.44% 76.91% 143.28%
 Binary  Q1: Now vs. 15 mths 13.8% 13.5% 14.8% 17.8%
 MLE2 Q2: Now vs. 12 mths 15.9% 15.9% 15.1% 20.3%
  Q3: Now vs. 3 mths 28.9% 23.6% - 46.6%
  Q4: 3 mths vs. 12 mths 11.8% 15.1% - 15.3%
  Q5: 3 mths vs. 15 mths 11.7% 12.9% - 16.6%
1 Estimates available only for binary methods (Turnbull and Binary MLE) 
2 Separated model, assuming normal distribution 
 
                                                 
32 The exception is the Grouped MLE method, where the difference between criteria is 5.5% (assuming Normal 
distribution).  
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Mean discount rates ranged from 4.67% to 143.28% per month, depending on estimation 

method and factors unique to each method, selection criteria, and payment schedule. Given the 

characteristics of the dataset, namely the large proportion of respondents who always chose SS 

or LL, there were some estimates that I argue were more reliable than others.  

These characteristics caused Bounded Estimates to be sensitive to the level of ρMax: a one 

percentage point increase in ρMax leads to a 0.33-0.42 point increase in the final discount rate 

estimate. This problem was exacerbated by the lack of guidance in setting ρMax. The Turnbull 

estimates were equally sensitive to ρMax; a one percentage point increase in led to a 0.29 to 0.39 

point increase in the estimate. However, this method offered some theoretical and empirical 

guidance about setting ρMax levels and dealing with monotonicity issues, and is therefore a more 

reliable non-parametric method.  The Trendline method is more reliable in setting ρMax because it 

is based on more information than other methods. Hence, the Turnbull method using the 

Trendline ρMax was favored among the non-parametric estimates, ranging from 24% to 36% per 

month.  

The Grouped MLE estimates varied widely across distributional assumptions. The Normal 

distribution was a better representation of the data because estimates were consistent with 

estimates in other methods, relatively stable across selection criteria, and had smaller standard 

deviations compared to estimates from the Log Normal distribution. Estimates ranged from 

10% to 20% per month.  

Binary MLE estimates followed a consistent pattern across distributional assumptions and 

selection criteria: (i) There was a premium for receiving current payments; (ii) Standard errors of 

the estimates declined with payment delay; and (iii) Discount rates declined with payment delay. 

The discount rate used for a 3-month tradeoff was exceptionally high, and is therefore not 

appropriate to evaluate projects where benefits and costs accrue further in the future. Discount 

rates for 9 to 15 month delays ranged from 12% to 20% per month, depending on selection 

criteria.  

The selection criteria were used to select respondents who made thoughtful responses in the 

time preference elicitation questions. Results from Binary MLE and Turnbull showed that 
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Inconsistent respondents did not respond to the payments in a consistent and rational manner, 

and should indeed be excluded from the dataset. Proportions of respondents who always chose 

SS vs. LL using Consistent – All and Consistent – Q1Q2 were similar to that of the Baseline 

(55% vs. 21%). The Consistent - Followup criterion altered this proportion in favor of SS 

respondents (73% vs. 8%). The way the Followup question was framed was more confusing for 

respondents who chose LL in previous questions, disproportionately increasing their likelihood 

of being excluded. Since the source of the bias was not related with the thoughtfulness of 

responses in the elicitation questions, results from the Consistent – Followup criteria was less 

reliable than other criteria (Consistent – All and Consistent Q1Q2).  

In summary, the most reliable estimates from non-parametric method ranged from 24% to 25% 

per month, while parametric estimates ranged from 10% to 24% per month. The Binary MLE 

method showed that discount rates decrease with delay and were lower in Future vs. Future 

tradeoffs, while other methods assumed that discount rates are constant.  

3.5.1.2. Implications for Policy and Cost Benefit Analyses 

The Maharashtra case study shows that rates that need to be considered are well above those 

typically used by governments and development agencies. Instead of the conventional discount 

rates of 5% to 10% per year, results in this study show that the range is between 10% and 24% 

per month. Different discount rates should be used depending on the way benefits and costs are 

scheduled. A higher range of 17% to 15% should be used if benefits accrue within three months 

and trades off current costs for future benefits. A lower range of 10% to 17% per month should 

be used if benefits accrue 3-15 months in the future, or when the costs and benefits all occur in 

the future (no immediate benefits /opportunity costs). An even lower range is recommended if 

benefits accrue further than 15 months in the future. Note that the discount rate estimates in 

this study apply to individual decision-making and should be used to evaluate private, instead of 

public, costs and benefits.  
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3.5.2. Effects of Methodological Choices 

3.5.2.1. Dataset Characteristics 

A main characteristic of the Maharashtra dataset was the large proportion of respondents who 

only chose one option (SS or LL) throughout the five time preference questions. These 

respondents did not reveal the upper or lower bound of their discount rates. Since grouped 

methods rely on explicitly defining these bounds, results from these methods were extremely 

sensitive to parameters that determined the bounds. In the non-parametric case, the Bounded 

Estimates method was sensitive to the ceiling and floor rates (ρMax and ρMin). Estimates from the 

(parametric) Grouped MLE method were sensitive to these proportions when the distributional 

assumption is skewed. Since more than half of respondents had a missing upper bound, using a 

distribution that had a long right tail (e.g. Log Normal) produced larger means and variances 

compared to a symmetrical distribution (e.g. Normal). The differences became more pronounced 

as the proportion of respondents who always chose SS increased.  

3.5.2.2. Selection Criteria 

The goal of using various selection criteria was to exclude respondents whose choices did not 

reflect their true preferences. Most of the selection criteria focused on internal consistency, i.e. 

whether respondents could choose in a way that results in a single or double-bounded discount 

rate range. Using this criterion, Inconsistent respondents may include well-intentioned 

respondents making mistakes, given the complexity of the task in question. This criterion is not 

perfect, since those who were consistent may have not provided thoughtful responses. However, 

the observed choices of Inconsistent respondents do not reflect their preferences, and must be 

excluded from the analysis. Additionally, results showed that Inconsistent respondents were 

different from Consistent respondents because they chose in a way that did not conform to 

theoretical and empirical expectations.  

The selection criteria determining ‘valid’ observations had a profound impact on discount rate 

estimates by altering the composition of respondents. The Consistent – Followup criterion 
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generally resulted in higher estimates because the resulting dataset had the highest proportion of 

respondents who chose the sooner payment (SS), implying high discount rates. Respondents 

who always chose the later payment (LL) were disproportionately screened out, possibly due to a 

survey framing effect that made them more likely to misinterpret the followup question. 

Estimates from the Consistent – Followup criterion were generally not well-correlated with 

estimates from other criteria.   

The Consistent – Q1Q2 criterion used the same concept to select respondents but was limited 

to the first two elicitation questions. The resulting dataset retained the original 

sociodemographic composition because it was not biased based on personal characteristics. 

Unfortunately, it discarded valuable information about the respondent’s preferences on Future 

vs. Future tradeoffs (Questions 4 and 5) and short-term tradeoffs (Now vs. 3mths, in 

Question3). This reduced the scope of analysis in binary methods: there were only eight values 

of ρ in the Turnbull estimates (instead of 19 in Consistent – All), and two data points in Binary 

MLE (instead of 5 in Consistent – All).  It also reduced the range of ρ being considered in the 

various methods (1.5% to 8%, compared to 0.8% to 10% in Consistent – All). 

Limiting the analysis to only the first two questions could explain why results from Consistent-

Q1Q2 was generally lower compared to Consistent – All. More than half of respondents always 

chose SS, which meant that their ρLow were set equal to the highest implied discount rates across 

the five questions. For these respondents, higher ρLow values would lead to higher Bounded 

Estimates results at any level of ρMax. Across five questions, the highest ρ was from  question 3, 

which was excluded in Consistent – Q1Q2. In the Turnbull method, the limited range of ρ also 

affected estimates by reducing the (horizontal) range of observed preferences, increasing the 

estimate’s sensitivity to ρMax. 

3.5.2.3. Understanding Inconsistent Responses 

Response consistency was used to gauge the reliability of responses, fully understanding that this 

is the second-best method because there was no reliable way to distinguish between those who 

understood the questions and those who did not. Many respondents had difficulty 
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understanding the concept of trading off gifts across time (Patil, personal correspondence).  

However, women and those with better math skills were more likely to be consistent, which was 

an indication that inconsistent choices may be linked with misunderstanding the question. If 

these respondents provided thoughtful responses, but were more likely to make mistakes, this 

criterion could result in biased estimates. This becomes important since women had 

systematically lower discount rates than women (See Appendix 3.11), adopting the Consistent – 

All criterion could artificially reduce the discount rate estimates by selecting more women in the 

dataset.  

It is also difficult to determine whether they were inconsistent in the real world, or whether they 

misunderstood the question. One way is to test for real-world consistency is to see if discount 

rates affected future-oriented behaviors in a way that is consistent with conventional wisdom, e.g. 

people with high discount rates were less likely to treat their water. In the study, this relationship 

was modeled using estimated discount rates. The discount rate was estimated using the Grouped 

MLE method, which had to exclude Inconsistent responses. Hence, the ‘real world’ consistency 

of Inconsistent respondents was not determined.  

Inconsistent respondents could not become consistent in later choices. However, information 

from past questions could improve their decision-making in later questions. This is especially 

important in the Maharashtra case study because respondents were given five elicitation 

questions. If they learned from answering previous questions, later choices would have been 

made using better information. There is some evidence of this: there were less respondents who 

became inconsistent because of their answer in the last question, compared to other questions in 

the sequence.  

Some inconsistencies may be due to non-constant discount rates, which have been found in this 

and other studies (e.g. see delay studies). People tend to have high discount rates for short delays. 

Hence, it may be true that a respondent has, for example, a discount rate higher than 10% when 

the delay is 3 months, but a discount rate lower than 5% for a 12-month delay. This choice 

pattern would result in an inconsistent response when a constant discount rate is assumed, when 

in fact it accurately reflected the discount rate of the respondent. 
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3.5.2.4. Estimation Method 

Each estimation method had unique sets of advantages and challenges. Non-parametric methods 

(Bounded Estimates and Turnbull) do not require any distributional assumptions to be imposed, 

and are easy to compute. Their primary weakness is their sensitivity to the threshold discount 

rate values (ρMin and ρMax). Parametric methods (Binary and Grouped MLE) rely on distributional 

assumptions to estimate the discount rate which can influence the final estimates.  

At first glance, methods that rely on Binary choice should not be susceptible to problems related 

with respondents who repeat their responses, because each response is treated separately. The 

problem occurs when choices were not especially responsive to the stimulus (i.e. the payoff 

amount), which was observed in the survey. In the Turnbull method, this resulted in a response 

curve that was barely downward-sloping, and estimates that were heavily influenced by 

interpolated instead of observed datapoints. Methods based on observing the discount rate 

ranges were clearly affected by this type of choice behavior. However, imposing a distributional 

assumption has allowed the Grouped methods to cope with missing upper or lower bounds, and 

arrive at estimates that were consistent with Binary MLE estimates. 

The Binary MLE method showed that discount rates indeed declined with delay length in 

tradeoffs between Current and Future payments. However, discount rates reached a plateau at 

longer delays (12-15 months), and were relatively constant when tradeoffs were made between 

two Future periods. Subject effect (i.e. effect from one respondent providing five datapoints) did 

not bias the results, although correcting for it could reduce the variance of the discount rate 

estimates.  

Grouped MLE estimates showed that estimates were sensitive to distributional assumptions. 

Log Normal and Normal distributions resulted in estimates that were 5% to 135% apart, 

depending on the selection criteria. Based on results from the Consistent – Followup method, 

the normal distribution was less sensitive to the proportion of respondents who always chose 

SS/LL, which makes it advantageous for studies in developed countries. Results based on two 
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questions (Consistent – Q1Q2) were much lower, due to the exclusion of data from question 3 

that used the highest implied rates in elicitation sequence. 

3.5.2.5. Other Considerations 

The assumption of positive discounting was maintained in this study so that ρMin was set equal to 

zero. Elsewhere, there is empirical evidence for negative discounting, i.e. when future 

consumption is more valuable than current consumption (e.g. {Loewenstein, 1991 #342; van der 

Pol, 2000 #446}). If negative discounting was taken into account, estimates from non-

parametric methods (Bounded Estimates and Turnbull), which require explicit values for ρMin 

and ρMax, would unambiguously be reduced. Sensitivity to ρMin increases with the proportion of 

respondents who always chose LL (i.e. not revealing their lower discount rate bound). In this 

study, the selection criteria would become critical: the Consistent – Followup criteria screened 

out many respondents who chose LL, which would dramatically reduce the sensitivity to ρMin 

relative to results from other criteria. Among the parametric methods, only the Grouped MLE 

method would be affected because it must apply distributional assumptions that allow for 

negative discount rate estimates, such as the Normal distribution. However, since estimates from 

this distribution were preferred over other distributions, relaxing the assumption of positive 

discount rates would not affect the final conclusions from this method. The Binary MLE 

method would remain unchanged, because it allows for negative discount rate estimates under 

any distributional assumption. 

In the Binary MLE method, Inconsistent respondents were not affected by delay between 

payments, and had near-zero discount rates. These were at odds with outcomes from Consistent 

respondents and results from many other empirical studies. These results show that Inconsistent 

respondents should also be excluded from Binary methods, even if there were no practical 

barriers against using these observations.  

In developing countries, mechanisms to enforce future promises are weak. Risk aversion is even 

more prominent among poor, socially disadvantaged populations, who often fall victim to empty 

promises. Although the survey explicitly guaranteed that future payments will be received, risk 
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aversion may still influence outcomes if respondents did not believe in the guarantees. The 

survey included Current vs. Future and Future vs. Future tradeoffs, which were affected 

differently by risk aversion. Options in the Future vs. Future tradeoff carried the same risk of 

default. Hence, the decision would be less influenced by risk aversion. The Current option 

eliminated the risk of default. Instead of relying solely on time preferences, the choice between a 

Current vs. Future would also include comparing between a sure, smaller payment now and a 

risky, larger payment later.  

Risk aversion would unambiguously increase the likelihood of choosing SS in Current vs. Future 

tradeoffs, increasing the estimated discount rates. This discount rate increase reflects the risk 

premium, which was roughly 3% per month for a 12-month delay (the difference between CF 

(15.9%) and FF (12.9%) estimates). If people with high discount rates were generally more risk 

averse, the estimated discount rates would be higher than if they were risk lovers.  

3.5.3. Methodological Lessons 

The problems encountered in this study stemmed from the large proportion of respondents that 

did not reveal their upper discount rate limits (i.e. respondents who always chose SS). Such 

pattern of choice behavior had been found in other surveys in developing countries. If this 

behavior was due to very high discount rates, this can, to some extent, be addressed by 

rigorously pre-testing the survey instrument to ensure that it uses a range of implied discount 

rates that is appropriate for the target population.  

Alternatively, respondents may be wary that they would not receive the future gift promised by 

the scenario. They may be concerned about the payment mechanism and/or local conditions 

were such that propositions of future payments were met with general suspicion. Future surveys 

could mitigate the impact of mistrust and risk aversion by providing additional information (e.g. 

the institution administering the gift, reason for the gift), using more familiar intertemporal 

scenarios (e.g. loaning money with an implied interest rate), or include a follow-up questions on 

the reason for always choosing the same option.  An alternative would be to include a question 

that does not provide immediate payment, e.g. a choice between paying now for a future payment 
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A, or a larger payment now for a larger future payment B. It emulates investment decisions more 

familiar to households.  

It may also be a case of respondent fatigue: the five time preference questions were cognitively 

demanding, and elicited at the end of a long interview. Reducing the number of questions to two 

or three, coupled with a larger number of survey versions, may reduce respondent fatigue. 

Because of the similar results between Consistent – All and Consistent – Q1Q2, a survey using 

only two questions would have sufficed. Using only two questions resulted in a dataset that was 

not biased against any sub-population. The number of survey versions could be increased to 

draw the same number of parameter variations (e.g. delay length, implied rates, and payment 

schedule) across respondents, instead of within respondents.  

3.6. Conclusion 

This study shows that there are many ways to estimate the discount rate. Discount rate estimates 

varied widely depending on method, respondent group, and distributional assumptions. The 

question is, which method to use? In general, results in one class of methods (parametric vs. 

non-parametric) were similar when using the same selection criteria (e.g. Consistent All, 

Consistent Followup, etc.) and threshold values/distributional assumptions. Results within 

binary and grouped models, however, can be different.  

Discount rates should be estimated using at least one parametric and one non-parametric 

method, in order to gauge the robustness of the estimates. A comparison between parametric 

and non-parametric methods is very useful when we are not sure of the distributional 

assumptions, and/or when these assumptions yield very different results. This study highlighted 

the importance of carefully understanding the implications selection criteria. Some criteria may 

inadvertently exclude certain sub-populations (e.g. Consistent – All), favor a particular choice 

behavior (e.g. Consistent - Followup), or limit the amount of information used in the analysis (e.g. 

Consistent – Q1Q2).  
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3.8. Appendix 
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3.8.1. Appendix 3.1: Turnbull Method: Table of implied discount rate (ρ) and the 

proportion of respondents who chose Option SS (γ) 

Smoothing function from Ayer et al. (1955) 

Implied Rate (ρ) 

% Choose S (γ) 

All Respondents Consistent Respondents 

 Un-Smoothed Smoothed* Un-Smoothed Smoothed* 
0%  100% 100% 

0.79% 71.6% 71.4% 76.1% 76.1% 
1.49% 71.1% 71.4% 74.0% 74.0% 
1.86% 70.5% 71.0% 73.8% 73.8% 
2.03% 71.5% 71.0% 73.2% 74.2% 
2.21% 71.0% 69.4% 75.2% 74.2% 
2.80% 67.9% 69.4% 73.4% 73.4% 
3.13% 69.8% 69.8% 73.1% 73.1% 
3.38% 68.7% 68.9% 72.5% 72.5% 
3.92% 69.0% 68.9% 71.9% 71.9% 
4.51% 67.7% 68.6% 71.5% 71.5% 
4.62% 69.4% 68.6% 71.0% 71.0% 
4.66% 67.1% 67.1% 69.3% 69.3% 
5.38% 65.6% 66.7% 68.0% 69.1% 
5.78% 67.7% 66.7% 70.2% 69.1% 
6.37% 66.7% 66.7% 69.4% 69.4% 
6.57% 63.7% 65.1% 68.7% 68.7% 
7.44% 65.5% 65.1% 66.7% 67.5% 
7.96% 65.6% 65.1% 68.2% 67.5% 
10.00% 63.6% 63.6% 64.6% 64.6% 
ρmax  0% 0% 
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3.8.2. Appendix 3.2: SAS Codes for the Turnbull method 

Setting up the dataset 

data a; set india.india_all; 
if choiceq5=1 then boundmax5=imprq5;if choiceq5=2 then boundmin5=imprq5; 
if choiceq6=1 then boundmax6=imprq6;if choiceq6=2 then boundmin6=imprq6; 
rlo56=max(boundmax5,boundmax6); 
rhi56=min(boundmin5,boundmin6); 
if rhi56=. and rlo56>0 then inconsistent56=0; 
If rlo56=. and rhi56>0 then inconsistent56=0; 
if rlo56<rhi56 and rlo56>0 then inconsistent56=0; 
if rhi56<rlo56 and rhi56>0 then inconsistent56=1; 
drop boundmax5 boundmax6 boundmin5 boundmin6; 
if response=0 then inconsistent=.; 
if inconsistent_t=1 then r_followup=.; 
if response>0 then invalid=0;if response=0 then invalid=1; 
keep timegame hhid invalid inconsistent inconsistent_t inconsistent56 choiceq5-choiceq9 
imprq5-imprq9; 
run; 
 
Variable list: 

Variable Description
India.india_all Source dataset
choiceq5-choiceq9 Respondent choices in question 5 – 9 (SS=1, LL=2, Uncertain=3) 
imprq5-6 Implied discount rate in questions 5-6
inconsistent Dummy variable: if consistent across all questions, inconsistent=1; else 

inconsistent =0 
inconsistent_t Dummy variable: if consistent with follow=up question, 

inconsistent_t=1; else inconsistent_t=0 
inconsistent56 Dummy variable: if consistent across questions 5 and 6, inconsistent=1; 

else inconsistent =0 
invalid Dummy variable: a respondent has at least one response that is SS or LL,  

invalid=0; else invalid=1 
timegame Survey version (A, B, C, D)
hhid Household ID number
 

Stacking the dataset so that each respondent contributes up to 5 datapoints 

%macro turndata(t); 
%do i=5 %to &t; 
data turn&i;set a;  
question=&i; 
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keep timegame invalid question choiceq&i imprq&i inconsistent inconsistent_t inconsistent56 
hhid; 
rename choiceq&i=choice imprq&i=r_imp; 
run; 
%end; 
%mend; 
%turndata (9); 
data turn;set turn5 turn6 turn7 turn8 turn9;run; 
 
Calculating the discount rate estimates for each selection criterion and ρMax method 

Selection criteria: Baseline = ‘invalid’, Consistent – All = ‘inconsistent’, Consistent – Q1Q2 = 

‘inconsistent56’, Consistent – Followup = ‘incosistent_t’. 

%macro turnbull(data); 
%if &data=invalid %then %do; %let dat=0;%let max=9;%end; 
%if &data=inconsistent %then %do; %let dat=1;%let max=9;%end; 
%if &data=inconsistent_t %then %do; %let dat=2;%let max=9;%end; 
%if &data=inconsistent56 %then %do; %let dat=3;%let max=6;%end; 
data select;set turn; where &data=0 and question le &max;run; 
proc sort data=select;by timegame;run; 
proc freq data=select ; table r_imp*choice/outpct out=freq ;by timegame; 
where choice in (1,2);run; 
proc sort data=freq; by r_imp;run; 
data turnbull;set freq; where choice=1; perc=pct_row/100; keep perc r_imp count;run; 
proc iml; 
use work.turnbull; 
read all var{perc} into f; 
read all var{r_imp} into r; 
read all var{count} into n; 
%if &data=invalid %then %do; 
 rho1=j(19,1,0);rho1[1:10,]=r[1:10,];rho1[11:19]=r[12:20]; 
 p=j(19,1,0);p[1:9,]=f[1:9,];p[11:19]=f[12:20];p[10,]=(n[10,]+n[11,])/((n[10,]/f[10,])+(n[11
,]/f[11,])); 
 nobs=19; 
 %end; 
%if &data= inconsistent %then %do; 
 rho1=j(19,1,0);rho1[1:10,]=r[1:10,];rho1[11:19]=r[12:20]; 
 p=j(19,1,0);p[1:9,]=f[1:9,];p[11:19]=f[12:20];p[10,]=(n[10,]+n[11,])/((n[10,]/f[10,])+(n[11
,]/f[11,])); 
 nobs=19; 
 %end; 
%if &data=inconsistent_t %then %do; 
 rho1=j(19,1,0);rho1[1:10,]=r[1:10,];rho1[11:19]=r[12:20]; 
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 p=j(19,1,0);p[1:9,]=f[1:9,];p[11:19]=f[12:20];p[10,]=(n[10,]+n[11,])/((n[10,]/f[10,])+(n[11
,]/f[11,])); 
 nobs=19; 
 %end; 
%if &data=inconsistent56 %then %do; 
 rho1=j(8,1,0);rho1=r; 
 p=j(8,1,0);p=f; 
 nobs=8; 
 %end; 
resp=sum(n/f); 
ok=j(nobs,1,1);ok[nobs,]=0; 
pd=j(nobs,1,99); 
do until (sum=0); 
do i=1 to (nobs-1); 
 if p[i,]-p[i+1,]>=-0.00001 then do; pd[i,]=p[i,];pd[i+1,]=p[i+1,];ok[i,]=0;end; 
 if p[i,]-p[i+1,]<-0.00001 then do; pd[i,]=(p[i,]+p[i+1,])/2;pd[i+1,]=pd[i,];   
  p[i,]=pd[i,];p[i+1,]=pd[i+1,];ok[i,]=1;end; 
 end; 
sum=sum(ok); 
end; 
print pd f sum; 
/*determine rho_max using trendline method*/ 
a=j(nobs,1,1);x=a||rho1; 
b=inv(x`*x)*(x`*pd); 
rmaxp=b[1,]/-b[2,]; 
if rmaxp>1 then rmaxtrend=1; if rmaxp<=1 then rmaxtrend=rmaxp;/*cap the rmaxtrend to 
1*/ 
freq=j(nobs+2,1,99);freq[1,]=1;freq[nobs+2,]=0;freq[2:nobs+1,]=pd; 
rho=j(nobs+2,1,99);rho[1,]=0;rho[nobs+2,]=rmaxtrend;rho[2:nobs+1,]=rho1; 
area=j(nobs+2,1,99);area[nobs+2,]=0; 
do n=1 to nobs+1; 
 area[n,]=(rho[n+1,]-rho[n,])*((freq[n+1,]-freq[nobs+2,])+(freq[n,]-freq[n+1,])/2); 
 end; 
rpredtrend=sum(area); 
rn1=rho[3:nobs+2,]; 
mn=freq[2:nobs+1,]; 
mn1=freq[3:nobs+2,]; 
vartrend=sum(((rn1-rpredtrend)##2)#(mn-mn1)/resp); 
print rho freq area rpredtrend vartrend; 
/*determine rpred using last segment method*/ 
rmaxlast=rho1[nobs,]-(pd[nobs,]/((pd[nobs-1,]-pd[nobs])/(rho1[nobs-1,]-rho1[nobs,]))); 
freq=j(nobs+2,1,99);freq[1,]=1;freq[nobs+2,]=0;freq[2:nobs+1,]=pd; 
rho=j(nobs+2,1,99);rho[1,]=0;rho[nobs+2,]=rmaxlast;rho[2:nobs+1,]=rho1; 
area=j(nobs+2,1,99);area[nobs+2,]=0; 
print pd rho1 rmaxlast; 
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do n=1 to nobs+1; 
 area[n,]=(rho[n+1,]-rho[n,])*((freq[n+1,]-freq[nobs+2,])+(freq[n,]-freq[n+1,])/2); 
 end; 
rpredlast=sum(area); 
rn1=rho[3:nobs+2,]; 
mn=freq[2:nobs+1,]; 
mn1=freq[3:nobs+2,]; 
varlast=sum(((rn1-rpredlast)##2)#(mn-mn1)/resp); 
print rn1 mn rho freq area rpredlast varlast; 
/*determine rpred using literature review*/ 
rmaxlit=0.106; 
freq=j(nobs+2,1,99);freq[1,]=1;freq[nobs+2,]=0;freq[2:nobs+1,]=pd; 
rho=j(nobs+2,1,99);rho[1,]=0;rho[nobs+2,]=rmaxlit;rho[2:nobs+1,]=rho1; 
area=j(nobs+2,1,99);area[nobs+2,]=0; 
do n=1 to nobs+1; 
 area[n,]=(rho[n+1,]-rho[n,])*((freq[n+1,]-freq[nobs+2,])+(freq[n,]-freq[n+1,])/2); 
 end; 
rpredlit=sum(area); 
rn1=rho[3:nobs+2,] ; mn=freq[2:nobs+1,]; mn1=freq[3:nobs+2,]; 
varlit=sum(((rn1-rpredlit)##2)#(mn-mn1)/resp); 
print rho freq area rpredlit varlit; 
turn={&dat}||rpredtrend||rpredlast||rpredlit||rmaxtrend||rmaxlast||rmaxlit||vartrend 
||varlast||varlit||resp; 
col={'data' 'r_trend' 'r_last' 'r_lit' 'rmax_trend' 'rmax_last' 'rmax_lit' 'vartrend'  
'varlast' 'varlit' 'num'}; 
create work.turn&dat from turn [colname=col]; 
append from turn; 
quit; 
%mend; 
%turnbull (invalid); %turnbull (inconsistent); %turnbull (inconsistent_t); %turnbull (inconsistent56); 
 

3.8.3. Appendix 3.3: SAS Codes for the Binary MLE estimation method and the Krinsky-

Robb procedure 

(Setting up the Macro commands that automate the estimation and sampling procedures by 

selection criterion and question number) 

 
%macro binmle (data); 
%if &data=inconsistent %then %let end=9; 
%if &data=inconsistent_t %then %let end=9; 
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%if &data=inconsistent56 %then %let end=6; 
%if &data=inconsistent1 %then %let end=9; 
%if &data=consistent %then %let end=9; 
%do q=5 %to &end; 
%if &q=5 %then %let t=15;%if &q=6 %then %let t=12;%if &q=7 %then %let t=3; 
%if &q=8 %then %let t=9;%if &q=9 %then %let t=12; 
%let choice=choiceq&q; 
%if &data=inconsistent %then %do;%let dat=all;%let ndat=1;%end; 
%if &data=inconsistent_t %then %do;%let dat=fu;%let ndat=2;%end; 
%if &data=inconsistent56 %then %do;%let dat=q56;%let ndat=3;%end; 
%if &data=inconsistent1 %then %do;%let dat=inc;%let ndat=4;%end; 
%if &data=consistent %then %do;%let dat=bas;%let ndat=5;%end; 
 
(Calculate the α and β coefficients using a binary logistic model, and creating an output dataset) 

proc logistic data=a covout outest=cov; 
class choiceq&q; 
model choiceq&q=gift2_q&q; 
%if &data=inconsistent | &data=inconsistent56 | &data=inconsistent_t %then %do; 
where choiceq&q in (1,2) and &data=0;%end; 
%if &data=inconsistent1 %then %do; 
where choiceq&q in (1,2) and inconsistent=1;%end; 
%if &data=consistent %then %do; 
where choiceq&q in (1,2);%end; 
ods output parameterestimates=par_est;run; 
data covv;set cov; rename _name_=variable;run; 
proc sort data=covv;by variable ;run; 
proc sort data=par_est;by variable;run; 
data covar;merge covv par_est;by variable;where variable ne "choiceq&q"; run; 
 
(Sampling the α and β coefficients from the output dataset created above) 

proc iml; 
use work.covar var{variable estimate intercept gift2_q&q}; 
read all var{Intercept gift2_q&q} into covar; 
read all var{Estimate} into mean; 
N=1000; 
call vnormal(x, mean, covar, N,111 ) ; 
alpha=x[,1]; 
beta=x[,2]; 
t=j(n,1,&t); 
q=j(n,1,&q); 
dat=j(n,1,&ndat); 
col={'data' 't' 'q' 'alpha' 'beta' }; 
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y=dat||t||q||alpha||beta; 
create work.binmle from y [colname=col]; 
append from y; 
quit; 
 
(Selecting valid α and β coefficients: α > 0 and β <0, and calculating discount rate) 

data r_binmle; 
 set binmle;if alpha>0 and beta<0 then rho=log(alpha/-beta)/t; 
 run; 
proc means data=r_binmle n mean; 
 var rho alpha beta; 
 output out=means n=num mean(rho alpha beta)=r_estimate alpha beta  
   lclm(rho)=lowercl uclm(rho)=uppercl; 
 run; 
data r_bin&q;set means; 
 data="&dat";t=&t;q=&q; 
 perc_valid=num/1000; 
 keep data t q alpha beta r_estimate lowercl uppercl num perc_valid; 
 run; 
%end; 
%if &data=inconsistent | &data=inconsistent_t | &data=inconsistent56 | &data=inconsistent1 
| &data=consistent %then %do; 
 data bin_&dat;set r_bin5 r_bin6 r_bin7 r_bin8 r_bin9;run;%end; 
%if &data=inconsistent56 %then %do; 
 data bin_&dat;set r_bin5 r_bin6;%end; 
%mend; 
%binmle (inconsistent1);/* extra dataset used in the dissertation*/ 
%binmle (consistent);/* extra dataset used in the dissertation*/ 
%binmle (inconsistent); 
%binmle (inconsistent56); 
 

3.8.4. Appendix 3.4: Determinants of Inconsistent Responses Across All Questions 

Main Findings 

1) Male, low numeracy respondents are more likely to provide inconsistent responses 

2) Inconsistent responses are related to questionnaire version. Version A has the most 

inconsistent responses. 

3) Two survey design factors increase the number of inconsistent respondents:  
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a. Switching from Current vs. Future to Future vs. future  

b. Considering a delay period that is significantly different from previous questions 

(i.e. shifting from 12 months in q2 to 3 months in q3).  

Main Finding #2 

A histogram of inconsistent responses confirms that respondents receiving version A has the 

highest proportion of inconsistent answers (Table 3.13) 

Table 3.13: Percentage of Inconsistent Respondents by Survey Version  

Version 
% Inconsistent

A B C D 
q1-q2 3.80% 3.16% 3.18% 3.14% 
q1-q3 9.30% 7.85% 6.98% 6.48% 
q1-q4 13.93% 13.08% 12.16% 11.12% 
q1-q5 18.01% 17.07% 16.33% 14.58% 

Current vs. Future (q1-q3) 9.30% 7.85% 6.98% 6.48% 
 Future vs. future (q4-q5) 3.59% 4.92% 3.45% 3.85% 

 

Observations: 

The proportion of respondents that were inconsistent across all questions (q1-q5) is highest in 

Version A, where the implied discount rates in q1, 2 and 3 are highest (See Table 3.13). Or 

maybe, more subtly, the increase of implied discount rates from q1 to q3 is more rapid in 

version A compared to other versions.  

Version B and D has higher proportions of respondents who were inconsistent in the Future vs. 

Future questions compared to A and C. I suspect this has something to do with the fact the 

implied discount rate in the very last question is less than that in the previous question (i.e. there 

is no kink in q4 in Figure 3.8). 

Main Finding #3 

As the questionnaire progresses from question 1 to 5, the number of inconsistent respondents 

increases. The graph below (Figure 3.7 related to Table 3.14) shows how the proportion of 

Inconsistent respondents, among respondents who answered SS or LL in at least one question.  
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Figure 3.7: Number of inconsistent respondents as elicitation questions progressed 

Table 3.14: Increases in inconsistent respondents as the time preference questions 

progress 

Question 
Number 

# Respondents who chose SS 
or LL in at least one question 

Inconsistent respondents 
(Difference from previous 

question) 

% Inconsistent 
(Difference from 

previous question) 
1 9897 0 0% 
2 9925 331 (+331) 3.35% (+3.35%)
3 9901 766 (+435) 7.74% (+4.39%)
4 9937 1254 (+488) 12.62% (+4.88%)
5 9939 1646 (+392) 16.56% (+3.94%)

 

If recalculated using only respondents that answer all five questions with SS or LL (not ‘I don’t 

know), we observe the same trend: 

Question 
Number 

# Respondents who chose SS or 
LL in all questions (did not leave 

any blank/uncertain) 

Inconsistent respondents
(Difference from previous 

question) 

% Inconsistent
(Difference from 

previous question) 
1 9897 0 0% 
2 9861 331 (+331) 3.35% (+3.35%)
3 9818 748 (+417) 7.62% (+4.27%)
4 9680 1205 (+457) 12.48% (+4.86%)
5 9586 1552 (+347) 16.19% (+3.71%)

 

The following table tallies the number of inconsistent respondents for questions 1 to 3 (Current 

vs. future or CF) and questions 4-5 (future vs. future or FF) separately. Note that people who 
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were inconsistent in the current vs. future questions may be consistent in the future vs. future 

questions, vice versa. 

 Respondents who chose SS or 
LL in at least one question 

Inconsistent 
respondents 

% Inconsistent

Current vs. Future (q1-3) 9933 766 7.71%
Future vs. future (q4-5) 9901 390 3.94%

 

Observations:  

The largest number of people that became inconsistent happened after they we started asking the 

first Future vs. future question (+488 in Table 3.14). The rate of increase of people who become 

inconsistent increases most dramatically in question 3 (from +331 to +435 in Table 1), when we 

ask respondents to answer a question that trades off current payment to that in 3 months. This 

delay is significantly shorter than the other two questions (15 and 12 months), which may have 

thrown people off.  

The implied discount rates increased from q1 peaks at q3, and decreases in later questions. So, if 

anyone chooses SS in q3 and then LL anywhere else, they will be inconsistent. Likewise, the 

lowest implied rates are found in q4 or q5. Those who chose LL in these questions and SS 

anywhere else will be inconsistent. Figure 3.8 illustrates where the kinks are.  

Implied discount rates by version and question 
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Figure 3.8: Implied discount rates by question number
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3.8.5. Appendix 3.5: Determinants of Inconsistent Responses, By Question Number 

Probability of being inconsistent 

Parameter 
Question 1-2 Question 1-3 (CF) Question 1-4 Question 1-5 (All) Question 4-5 (FF)

Estimate P-value Estimate P-value Estimate P-value Estimate P-value Estimate P-value

Intercept -3.300 *** <.0001 -1.556 *** 0.002 -0.800 ** 0.050 -0.513  0.162 -2.545 *** 0.000
Interview length 0.079  0.404 0.021  0.755 0.009  0.876 0.027  0.571 0.162 ** 0.048
Day of interview 0.181 ** 0.047 0.137 ** 0.024 0.122 ** 0.013 0.076 * 0.078 0.085  0.298
Day of interview2 -0.016 ** 0.011 -0.014 *** 0.001 -0.013 *** 0.000 -0.010 *** 0.001 -0.011 * 0.053
Day of interview3 0.0003 *** 0.009 0.000 ** 0.000 0.000 *** <.0001 0.000 *** <.0001 0.000 ** 0.019
Caste: No Answer -0.119  0.574 -0.041  0.771 -0.194 * 0.094 -0.194 * 0.062 -0.058  0.771

Caste: Low -0.060  0.663 0.044  0.640 -0.055  0.464 -0.043  0.528 0.075  0.558
Caste: Middle -0.165  0.327 -0.130  0.261 -0.150 * 0.100 -0.118 †  0.145 -0.152  0.347

Can read -0.051  0.725 -0.038  0.703 0.008  0.919 0.032  0.658 -0.183  0.174
Can count -0.086  0.578 -0.208 ** 0.038 -0.207 ** 0.011 -0.209 *** 0.004 -0.049  0.721

Age -0.005  0.863 -0.022  0.299 -0.020  0.229 -0.017  0.264 -0.036  0.179
Age2 0.00004  0.914 0.000  0.409 0.000  0.273 0.000  0.322 0.000 † 0.146

Female -0.149  0.457 -0.401 *** 0.002 -0.532 *** <.0001 -0.382 *** <.0001 -0.050  0.797
Observations 9734  9742  9745  9752  9709  
Pseudo R-sqa 0.011  0.014  0.018  0.018  0.012  

Significance level: ***=1%; **=5%; *=10%; †=15% 
a Pseudo R-squared = {LogLikelihood (Intercept Only) – LogLikelihood (Intercept and Covariates)}/ LogLikelihood (Intercept Only) 
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3.8.6. Appendix 3.6: Determinants of Inconsistent Follow-up Responses 

Y= Pr (Consistent in followup questions) 

Variables Model 1 Model 2 

 Estimate P-value Estimate P-value 

Intercept 1.1194 *** <.0001 0.9219 ** 0.0156 
Good reading skills -0.127 * 0.0632 -0.1506 † 0.1047 
Good math skills 0.0486 0.5044 0.0282 0.7749 
Age 0.00674 0.6486 0.0122 0.5496 
Age2 -0.00008 0.6823 -0.00014 0.5881 
Male 0.0611 0.2245 -0.00453 0.9479 
SS Respondent . . 1.9009 *** <.0001 
LL Respondent . . -2.046 *** <.0001 

N 7716 7716
Pseudo R-sqa 0.000758 0.409322 

Significance level: ***=1%; **=5%; *=10%; †=15% 
a Pseudo R-squared = {LogLikelihood (Intercept Only) – LogLikelihood (Intercept and Covariates)}/ LogLikelihood (Intercept Only) 
 

3.8.7. Appendix 3.7: Determinants of Always Choosing SS vs. LL 

Y= Pr (Always choosing SS) 

Variables Estimate P-value

Intercept 1.0414 *** <.0001 
Good reading skills -0.1160* * 0.0771
Good math skills 0.0557 0.4235
Age 0.00214 0.8801
Age2 -0.00004 0.8382
Male 0.1057 ** 0.0295
Version A -0.1561 *** 0.0003
Version B -0.0339 0.4520
Version C 0.0680 † 0.1374

N 7514
Pseudo R-sqa 0.003

Significance level: ***=1%; **=5%; *=10%; †=15% 
a Pseudo R-squared = {LogLikelihood (Intercept Only) – LogLikelihood (Intercept and Covariates)}/ LogLikelihood (Intercept Only) 
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3.8.8. Appendix 3.8: Turnbull Method: Comparison between γ (ρ) curves of All 

Respondents vs. Consistent Respondents only 
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3.8.9. Appendix 3.9: Binary MLE Estimates 

Separated Model: Pr(Choose A) = αq + βq*PB,q,i +εq,i , q = question number 

Question (tA,tB) Variable 
All Data Consistent –  All Consistent Followup

Estimate P-value Estimate P-value Estimate P-value

1 0,15 Intercept  1.084 *** <.0001 1.265 *** <.0001 2.261 *** <.0001
  Future Payment -0.145 *** 0.001 -0.175 *** 0.000 -0.239 *** 0.005
2 0,12 Intercept 1.076 *** <.0001 1.265 *** <.0001 2.253 *** <.0001
  Future Payment -0.167 *** <.0001 -0.196 *** <.0001 -0.259 *** 0.002
3 0,3 Intercept 1.459 *** <.0001 1.951 *** <.0001 2.775 *** <.0001
  Future Payment -0.667 ** 0.012 -1.002 *** 0.001 -1.089 ** 0.024
4 3,12 Intercept 1.601 *** <.0001 1.599 *** <.0001 2.644 *** <.0001
  Future Payment -0.574 *** 0.000 -0.452 *** 0.009 -0.595 * 0.053
5 3,15 Intercept 1.236 *** <.0001 1.478 *** <.0001 2.371 *** <.0001
  Future Payment -0.309 *** <.0001 -0.321 *** <.0001 -0.348 *** 0.001

Significance level: ***=1%; **=5%; *=10%; †=15% 
 
Results from the Krinsky-Robb (bootstrapping) procedure (N= 1000) 

 Question (tA, tB) 
Intercept 

(α )1 
Future 

Payment (β )1 
Discount 

Rate 
95% 

Conf.Interval2 
% Valid3 

Ba
se

lin
e 

1 0,15 1.081 -0.143 13.82% 13.7%, 13.94% 100% 
2 0,12 1.073 -0.165 15.88% 15.77%, 15.99% 100% 
3 0,3 1.447 -0.657 28.88% 28.19%, 29.57% 98.9% 
4 3,12 1.594 -0.568 11.84% 11.71%, 11.96% 100% 
5 3,15 1.233 -0.307 11.70% 11.64%, 11.75% 100% 

Co
ns

ist
en

t -
 A

ll 1 0,15 1.262 -0.173 13.54% 13.43%, 13.64% 100% 
2 0,12 1.261 -0.194 15.86% 15.75%, 15.96% 100% 
3 0,3 1.938 -0.991 23.57% 23.22%, 23.92% 100% 
4 3,12 1.590 -0.445 15.06% 14.8%, 15.32% 99.2% 
5 3,15 1.474 -0.318 12.91% 12.84%, 12.98% 100% 

Co
ns

ist
en

t -
 

Q
1Q

2 1 0,15 1.184 -0.137 14.82% 14.65%, 14.99% 99.9% 

2 0,12 1.042 -0.176 15.08% 14.98%, 15.18% 100% 

Co
ns

ist
en

t -
 

Fo
llo

w
up

 1 0,15 1.936 -0.148 17.85% 17.61%, 18.08% 98.4% 
2 0,12 1.943 -0.182 20.31% 20.12%, 20.5% 99.5% 
3 0,3 2.169 -0.608 46.62% 45.36%, 47.89% 93.9% 
4 3,12 2.796 -0.751 15.34% 15.12%, 15.57% 100% 
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 Question (tA, tB) 
Intercept 

(α )1 
Future 

Payment (β )1 
Discount 

Rate 
95% 

Conf.Interval2 
% Valid3 

5 3,15 2.771 -0.392 16.56% 16.45%, 16.67% 100% 
In

co
ns

ist
en

t -
 

A
ll 

1 0,15 0.125 0.061 14.84% 14.04%, 15.64% 25.4% 
2 0,12 0.063 0.045 15.45% 14.64%, 16.25% 31.6% 
3 0,3 -1.250 1.221 42.20% 31.21%, 53.2% 3.4% 
4 3,12 1.127 -0.755 4.84% 4.66%, 5.03% 97.9% 
5 3,15 -0.015 -0.141 -6.65% -7.34%, -5.96% 46.4% 

1 Median of the bootstrapped results 
2 The lower and upper 2.5% of the bootstrapped discount rate estimated results 
3 Bootstrapped logistic models that resulted in negative intercept and/or positive future payment coefficients were considered invalid and 
discarded 
 

Pooled Model:  Pr(Choose A) = α+β*PB+α9*d9+ β9*PBd9+α12*d12+β12*PBd12+α15*d15+β15*PBd15 

+αX*dNow+ βX*dNow+ ε 

Symbol Variable 
All Consistent Consistent Followup

Estimate P-value Estimate P-value Estimate P-value

α Intercept 1.619 *** <.0001 2.164 *** <.0001 2.893 *** <.0001

β Future Payment (Pa) -0.809 *** 0.003 -1.127 *** 0.000 -1.179 ** 0.019

α9 9mth delay -0.018 0.965 -0.566 0.213 -0.249  0.747

β9 Pa*9mth delay 0.235 0.453 0.675 * 0.053 0.584  0.321

α12 12mth delay -0.384 0.259 -0.686 * 0.068 -0.522  0.401

β12 Pa*12mth delay 0.500 * 0.063 0.806 *** 0.007 0.830 * 0.090

α15 15mth delay -0.375 0.269 -0.686 * 0.069 -0.514  0.410

β15 Pa*15mth delay 0.522 * 0.053 0.827 *** 0.006 0.850 * 0.083

αNow Current vs. Future -0.160 0.178 -0.213 † 0.114 -0.118  0.624

βNow Pa*Current vs. Future 0.142 ** 0.033 0.125 * 0.100 0.089  0.505
Significance level: ***=1%; **=5%; *=10%; †=15% 

 
 

3.8.10. Appendix 3.10: Grouped MLE Monthly discount rate estimates1 
(95% Confidence Interval in parentheses) 

Inclusion Criteria 
Distributional Assumption

Normal Log Normal
Consistent - All 10.19% 15.44%
 (9.69%, 10.74%) (13.7%, 17.57%)
Consistent - Q1Q2 16.76% 76.91%
 (15.74%, 17.83%) (59.57%, 100.67%)
Consistent - Followup 20.1% 143.28%
 (18.9%, 21.51%) (105.89%, 203.09%)

 1 Results from bootstrapping 1000x: discount rate estimate is the median, and the 95% confidence interval is the lowest and highest 2.5%. 
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3.8.11. Appendix 3.11: Gender and Discount Rates 

The four discount rate estimation methods were re-estimated by gender. Results displayed in 

Figure 3.9 used primarily the Consistent – All and Consistent – Q1Q2 results. Men have higher 

discount rates compared to women, across all methods and datasets. For both genders, the 

results from Turnbull, BE and Grouped MLE methods differ across datasets, but are similar 

when using Binary MLE. 
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Figure 3.9: Discount rate estimates by Gender
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3.8.12. Appendix 3.12: Pearson Correlation Coefficient across Datasets and Estimation Methods 

 Dataset Consistent across all questions Consistent with followup Consistent across Q1-Q2
 Estimation Method 
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 Binary MLE Q1 1 0.95 0.86 0.94 0.96 0.91 0.55 0.3 0.82 0.68 0.48 0.48 0.93 0.8 0.59 0.47 0.95 0.87 0.84 -0 -0 

Binary MLE Q2 0.95 1 0.92 0.9 0.95 0.85 0.53 0.02 0.73 0.7 0.5 0.63 0.84 0.78 0.68 0.47 0.9 0.92 0.88 0.01 -0.3

Binary MLE Q3 0.86 0.92 1 0.74 0.91 0.86 0.61 -0 0.64 0.72 0.61 0.66 0.82 0.81 0.75 0.28 0.78 0.82 0.73 -0.1 -0.4

Binary MLE Q4 0.94 0.9 0.74 1 0.83 0.76 0.33 0.24 0.89 0.71 0.52 0.53 0.88 0.75 0.4 0.59 0.94 0.86 0.89 0.21 0.07

Binary MLE Q5 0.96 0.95 0.91 0.83 1 0.93 0.65 0.17 0.65 0.6 0.39 0.49 0.85 0.76 0.72 0.37 0.87 0.86 0.78 -0.1 -0.2

Turnbull 0.91 0.85 0.86 0.76 0.93 1 0.73 0.4 0.65 0.56 0.4 0.32 0.81 0.83 0.7 0.46 0.9 0.85 0.77 -0.2 -0.1

Grouped MLE 0.55 0.53 0.61 0.33 0.65 0.73 1 0.1 0.23 0.26 -0.1 -0.1 0.53 0.4 0.87 0.03 0.5 0.48 0.32 -0.2 -0.4

Bounded Est. 0.3 0.02 -0 0.24 0.17 0.4 0.1 1 0.38 0.16 0.14 -0.2 0.27 0.4 -0.2 0.43 0.38 0.17 0.18 -0.1 0.74
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 Binary MLE Q1 0.82 0.73 0.64 0.89 0.65 0.65 0.23 0.38 1 0.75 0.7 0.48 0.86 0.75 0.26 0.49 0.84 0.69 0.76 0.2 0.29
Binary MLE Q2 0.68 0.7 0.72 0.71 0.6 0.56 0.26 0.16 0.75 1 0.79 0.81 0.66 0.87 0.41 0.55 0.66 0.72 0.66 0.19 -0.1
Binary MLE Q3 0.48 0.5 0.61 0.52 0.39 0.4 -0.1 0.14 0.7 0.79 1 0.79 0.5 0.77 0.09 0.39 0.51 0.54 0.57 0.44 0.02
Binary MLE Q4 0.48 0.63 0.66 0.53 0.49 0.32 -0.1 -0.2 0.48 0.81 0.79 1 0.41 0.68 0.24 0.36 0.43 0.6 0.55 0.49 -0.3

Binary MLE Q5 0.93 0.84 0.82 0.88 0.85 0.81 0.53 0.27 0.86 0.66 0.5 0.41 1 0.71 0.52 0.26 0.84 0.69 0.68 -0 0.07
Turnbull 0.8 0.78 0.81 0.75 0.76 0.83 0.4 0.4 0.75 0.87 0.77 0.68 0.71 1 0.47 0.66 0.84 0.86 0.81 0.11 -0.1

Grouped MLE 0.59 0.68 0.75 0.4 0.72 0.7 0.87 -0.2 0.26 0.41 0.09 0.24 0.52 0.47 1 0.08 0.52 0.62 0.45 -0.4 -0.7
Bounded Est. 0.47 0.47 0.28 0.59 0.37 0.46 0.03 0.43 0.49 0.55 0.39 0.36 0.26 0.66 0.08 1 0.68 0.74 0.77 0.21 0.14
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Appendix 3.12 (Continued) 

 Dataset Consistent across all questions Consistent with followup Consistent across Q1-Q2
 Estimation Method 
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2 Binary MLE Q1 0.95 0.9 0.78 0.94 0.87 0.9 0.5 0.38 0.84 0.66 0.51 0.43 0.84 0.84 0.52 0.68 1 0.93 0.94 0.02 0.01
Binary MLE Q2 0.87 0.92 0.82 0.86 0.86 0.85 0.48 0.17 0.69 0.72 0.54 0.6 0.69 0.86 0.62 0.74 0.93 1 0.96 0.03 -0.3
Binary MLE Q3                      
Binary MLE Q4                      
Binary MLE Q5                      

Turnbull 0.84 0.88 0.73 0.89 0.78 0.77 0.32 0.18 0.76 0.66 0.57 0.55 0.68 0.81 0.45 0.77 0.94 0.96 1 0.15 -0.1
Grouped MLE -0 0.01 -0.1 0.21 -0.1 -0.2 -0.2 -0.1 0.2 0.19 0.44 0.49 -0 0.11 -0.4 0.21 0.02 0.03 0.15 1 0.3 
Bounded Est. -0 -0.3 -0.4 0.07 -0.2 -0.1 -0.4 0.74 0.29 -0.1 0.02 -0.3 0.07 -0.1 -0.7 0.14 0.01 -0.3 -0.1 0.3 1 

 

Legend 

 

 

 

  Pearson coefficient less than 0 

  Pearson coefficient 0 to 0.20 

  Pearson coefficient 0.21 to 0.40 

  Pearson coefficient 0.41 to 0.60 

  Pearson coefficient 0.61 to 0.80 

  Pearson coefficient 0.81 to 1.00 
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Chapter 4 : Discount Rates and Health Behavior 

in Rural Maharashtra, India 
 

4.1. Introduction 

This study empirically tests the hypothesis that higher discount rates are related with less disease 

prevention. I estimate the discount rate and analyze its relationship with four health behaviors 

related to diarrhea and other health concerns: hand washing, water treatment, child vaccination 

and tobacco/alcohol consumption.  

Diarrhea is the main concern of this study because millions of children and adults still die or fall 

ill from this disease each year. In India, it is one of the most common cause of child morbidity; 

23% of children under 5 years old suffer from diarrhea (1998 -1999 National Family Health 

Survey (NFHS) cited by Pattanayak et al., 2007). Bouts of diarrhea stress the household and take 

time away from adults who take care of sick household members. In the long term, it increases 

the child’s risk of being malnourished, reducing their immunity to other diseases and can lead to 

long-term cognitive deficiencies (Berkman et al., 2002; Checkley et al., 2004; Dillingham and 

Guerrant, 2004).   

Preventive measures against diarrhea, such as hand-washing and treating water, have been 

shown to be simple, affordable and effective in reducing the incidence of diarrhea (Curtis, 2002; 

Mini and Monika, 2004; Fewtrell et al., 2005). Since cost can be minimal, preferences for 

investing in future benefits play an important role in determining behavior. This time preference 

determines how much utility is derived from foregoing a current benefit (e.g. avoiding water 

treatment to save time and money) for a future benefit (e.g. avoiding diarrhea).  It is commonly 

measured using the discount rate, which is the rate in which utility from consumption diminishes 

as it is consumed further in the future. People with high discount rates are expected to be more 

‘impatient’, do not value future consumption as much as current consumption, and will 

therefore be less likely to engage in disease prevention measures.  



 

126 

Vaccination and tobacco/alcohol consumption are included in this study because they offer a 

very different perspective on health decision-making. Preferences play a lesser role in the 

decision to adopt these behaviors; Vaccination is heavily subsidized and promoted by the 

Government of India, while tobacco/alcohol consumption is addictive and strongly associated 

with external factors such as social status, gender and culture.  

A two-stage estimation strategy was used to take into account that the fact that factors driving 

the discount rate may also drive behavior. This study drew upon a survey of 10,206 rural 

households in the state of Maharashtra, India. To reveal the discount rate, respondents were 

asked to choose between two hypothetical monetary gifts: Smaller Sooner (SS) and Larger Later 

(LL). This is a standard approach used in many time preference studies in developing and 

developed countries (e.g. Benzion et al., 1989; Harrison et al., 2002; Andersen et al., 2006; 

Bosworth et al., 2006; Botelho et al., 2006). 

The following section describes the literature on the linkage between health behavior and 

discount rates. A conceptual model of disease prevention behavior and a two-step estimation 

strategy are presented. This is followed by a description of the dataset and time preference 

elicitation technique.  Results are displayed, followed by discussion on the implications of the 

results. 

4.2. Literature Review on Health Behavior and Discount Rates 

The discounted utility theory (Samuelson, 1937) suggests that utility from future consumption is 

‘discounted’, i.e. has less value, compared to the same consumption enjoyed now. The discount 

rate describes the rate in which utility of a good dissipates solely from delaying consumption. For 

example, if the good is health, people who have lower discount rates are more likely to wash 

their hands, treat their water, immunize children, and avoid alcohol and tobacco to avoid future 

diseases. 

 Some empirical evidence supports this: High discount rates were related to criminal and risky 

sexual behavior (Chesson et al., 2006; Nagin and Pogarsky, 2004). Preventive measures such as 
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taking a cancer test were related to low discount rates (Picone et al., 2004). However, other 

evidences were not as strong as theory suggests. High discount rates were related to behavior 

such as substance abuse (Vuchinich and Simpson, 1998; Kirby and Petry, 2004), but the causal 

relationship could go both ways (Bretteville-Jensen, 1999). Chapman (2005) found that the role 

of time preference could be contradictory: time preference was related to addictive behaviors 

(e.g., smoking) but not to other preventive health behaviors (e.g. vaccination). He suggested that 

time preference measures reflect an ability to forgo immediate gratification that applied to hot 

behaviors, such as smoking, but not to cold behaviors, such as vaccination.  

 In developing countries, few studies discussed the relationship between time preference and 

behavior. Lumley’s study in the Philippines (1997) compared the average discount rates of 

households that adopted soil conservation strategies versus those who did not. Depending on 

the study site, adopters could have higher or lower discount rates than non-adopters. Nielsen’s 

study in Madagascar (2001) found respondents who practiced slash-and-burn had higher 

discount rates. However, Godoy et al. (1998) did not find that higher discount rates increased 

deforestation among Tsimane Amerindians in the Ecuadorian Amazon. Kirby et al. (2002) was 

one of the very few – if not the only – study that has linked discount rates to specific health 

behaviors. They found no meaningful associations between discount rates and drug/alcohol use 

among the Tsimane. 

Future-oriented behaviors are influenced by a host of other factors that may confound the effect 

of time preferences, which partly explains why there has been no apparent empirical consensus. 

For example, in the Kirby et al. (2002) study, drug and alcohol consumption was not viewed 

negatively by the survey population (Tsimané Amerindians). Because negative future effects 

were not perceived, it is no surprise that time preference had no role in explaining this behavior. 

In response, I test the robustness of the relationship between discount rates and disease 

prevention behavior by using a variety of health-related behaviors, such as immunization of 

children and tobacco/alcohol consumption. These behaviors are intertemporal health choices, 

but differ in terms of the constraints that affect them, such as water supply (e.g. hand washing 

and water treatment), government support (e.g. immunization) or addiction (e.g. tobacco/alcohol 

consumption).   
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4.3. Model for Disease Prevention Behavior 

4.3.1. Conceptual Model  

An individual decides to undertake measures to prevent disease by maximizing the utility from 

two periods: now and at the expected onset of the disease33. Each person has a sense of how far 

in the future a present action can affect their health. A person’s utility (U) is the sum of current 

utility (U0) and expected (E) future utility (U1). They are functions of the level of market goods 

consumed (C), time in leisure (TL) and time in sickness (TS) in period t=0 (now) and t=1 

(future). TS
0 is exogenous, while TS

1 is a function of the time spent in avoiding sickness (TH
0). 

She evaluates her utility given a set of exogenous characteristics (ZU): 

( ) ( )( )[ ]UH
0

S
1

L
111

UL
000 Z;TT,T,CUEZ;T,CUU ⋅+= δ  Eq. 4.1 

Utility in the future period is discounted at the personal discount factor δ. In general, there is 

empirical consensus that δ decreases with time delay (t) , i.e. people value the same goods less as 

it is consumed further in the future (e.g. Vuchinich and Simpson, 1998; Andersen et al., 2006). 

The most common functional form for δ is the constant exponential discount rate: δ = exp(-r·m) 

≤ 1, where r is a constant discount rate. The pros and cons of this function form have been 

extensively debated in the literature (See Frederick et al., 2002 for a summary). The discount rate 

r is a function of personal and household characteristics (Zr), so that: 

)Z(r r
exp=δ  Eq. 4.2 

The utility function (Eq. 4.1) is maximized subject to the following budget constraints, where 

w=wage rate, T=total time within a period, S =net savings (savings minus debt). φ is market 

discount factor for one period, which is equal to φ=exp(R)≥1, where R is the exogenous market 

rate of interest. 

                                                 
33 We can use a recursive model, whereby the next period is a function of previous periods, in order to extend the 
model further into the future (e.g. for lifetime or infinite time models) 
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( ) STTTTwC H
0

S
0

L
000 −−−−⋅=  

( )( )STTTTwC H
0

S
1

L
111 φ+−−⋅=  

Eq. 4.3 

Boundary conditions for savings and time is imposed. This implies that individuals will not leave 

debt in period 1 but could save for the more distant future. To ensure consistency in the budget 

constraint, individuals cannot have negative time in disease prevention, i.e. all behaviors that lead 

to more diseases (e.g. smoking) is cast as smoking reduction/avoidance. 

0T;0T;0T;0S L
1

H
0

L
0 ≥≥≥≥  Eq. 4.4 

The Lagrangean function in Eq. 4.5 is derived from Eq. 4.1, Eq. 4.3, and Eq. 4.4, applying 

Kuhn-Tucker conditions for a maximum with inequality constraints34, and maximized with 

respect to C0, C1, TL
0, TL

1, and TH
0. 

( ) ( )( )
( )( ) ( )( )( )[ ]STTTTwCZ;TT,T,CUE

STTTTwCZ;T,CUL
H
0

S
1

L
1111C

UH
0

S
1

L
111

H
0

S
0

L
0000C

UL
000

φλδ

λ

−−−⋅−+⋅+

+−−−⋅−+=

 Eq. 4.5 

The following simplifications were made: (i) Credit markets are complete; everyone can 

borrow/lend and pay/earn a market rate of interest that can differ across respondents35; (ii) 

Labor markets are perfect, but are differentiated by gender and location (See Himanshu, 2005); 

(iii) Wages are exogenous and constant across periods; (iv) Prevention is the only way to reduce 

time in sickness; medicines are not included in the model, i.e. T1
S is not a function of C1.  

Every individual forms a belief about the effectiveness of a prevention activity. To simplify the 

notations, ( ) [ ]H
0

S
1

H
0 TTET ∂∂=η , which represents the perceived effectiveness of disease 

prevention and is assumed to be independent of the marginal utilities of time and consumption. 

Future values of the market rate of interest and wage are known, so that φ =E[φ] and w=E[w]. 

Rearranging the first order conditions (described in Appendix 4.1), we get the following equation 

(from Eq.A9): 

                                                 
34 Following Silberberg, 1990, Section 14.2 
35 Discount rates can be too high/low that some individuals may decline to participate in the market, although this 
is not formally included in the model.  
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Rearranging Eq. 4.6 and converting simplifying notations back to their original form: 

( ) [ ] ( )Rexp
1

TTE
1
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U
T
U

E

rexp
1

H
0

S
1

L
0

0

S
1

1

+
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∂
∂

⋅

; if <, T0
H=0 Eq. 4.7 

The left hand side of Eq. 4.7 is the marginal rate of substitution between utility from present 

leisure time and the present value of avoiding future disutility from time in sickness (MRSLS). 

This ratio can be interpreted as the shadow price of future sickness in terms of present leisure 

time. MRS<-1 signifies the present value of disutility from one more day in future sickness is 

more than the utility of one more day in present leisure. Individuals at lower MRSLS are more 

willing to trade off leisure with less number of sick days in the future. 

As r increases, it decreases the absolute value of MRSLS by decreasing the present marginal 

disutility of future sickness, i.e. present value of disutility from one day of sickness in the future 

is diminished at a greater rate. Holding the terms on the right hand side constant, higher 

discount rates reduces MRSLS in two possible ways:  (i) lowering the marginal disutility from 

future sickness (numerator), or (ii) increasing the marginal utility from current leisure time 

(denominator). Because the marginal utilitiy of avoided time in sickness decreases, the outcome 

of higher discount rates (all else constant) is more days in sickness.  

The right hand side is the opportunity cost of time in disease prevention, which is the difference 

between the marginal returns from savings and marginal reduction in future sickness. Since 
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MRSLS must be negative, a positive right hand side will lead to no disease prevention, based on 

the Kuhn-Tucker conditions (if <, T0
H=0). A positive term is when: 

[ ] ( )mRexp
1

TTE
1

H
0

S
1 ⋅

−>
∂∂ , or ( ) [ ] 0TTEmRexp H

0
S
1 >∂∂+⋅  

It exists when the market rate of return is higher than the marginal effect of the prevention 

measure. In other words, there is no incentive to devote time into disease prevention when 

returns to savings is higher than returns from disease prevention (in terms of time in sickness 

avoided). Hence, the individual will decide to devote no time in disease prevention.  

What is the role of the discount rate in the decision to invest in disease prevention? Looking 

back at Eq. 4.7, we can look more closely at the comparative statics. If [ ]H
0

S
1 TTE ∂∂  increases 

(i.e. the slope is flatter), there will be more disease prevention (See Figure 4.1).  

 

Figure 4.1: Relationship between time in disease prevention (T0
H) and expected time in 

sickness in the future (T1
S) 

Because of declining marginal effect of T0H on E[T1S] and their negative relationship, reduced marginal effects 
(steeper η) corresponds to lower time in disease prevention (T0H) (η1A<η2 T0H***> T0H*). More health information 
shifts the entire curve downwards, and increases time in disease prevention at the same marginal effect (η1B=η1A but 

T0H**>T0H*) 
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Rearranging Eq. 4.7, factors that increase [ ]H
0

S
1 TTE ∂∂  or decrease 1/ [ ]H

0
S
1 TTE ∂∂  can be 

identified. 
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Eq. 4.8 

This model predicts that lower discount and marginal utility of leisure (since [ ]S
11 TUE ∂∂  is 

negative), lower market rate of interest, and lower disutility from time in sickness (i.e. the 

absolute value of [ ]S
11 TUE ∂∂ ) are expected to increase the time in disease prevention. Table 

4.1 summarizes the comparative statics: 

Table 4.1: Summary of conceptual model comparative statics 

Factors  Effect Prediction for T0H 

Discount rate ( r(Zr))  ↓ Decreases with estimated discount rate ( r̂ ) 
Marginal utility of leisure ↓ Increases with wealth, income and consumption levels.  

Decreased by cost of prevention, household size 
Market rate of interest ↓ Increases with access to credit (which lowers interest rates)
Disutility from time in sickness ↑ Increases with knowledge about disease
 

The optimal T0
H from Eq. 4.8 can be re-written as: 

[ ]⎟⎟
⎠

⎞
⎜
⎜
⎝

⎛
∂∂⎥

⎦

⎤
⎢
⎣

⎡

∂
∂

∂

∂
= H
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L
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0*H
0 TTE,

T
U

E,
T
U

,R,rfT
 

 

Eq. 4.9 

For diseases that are caused by use of addictive substances, the time spent on disease prevention 

results on more suffering compared to foregoing the same amount of leisure time  (i.e. 

∂U0/∂T0
H>∂U0/∂T0

L). In this case, the disutility from disease prevention is exaggerated, 

requiring even lower discount rates, or more knowledge of future risk to achieve the same level 

of disease prevention.  
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4.3.2. Empirical Model 

This section describes the empirical strategy for estimating Eq. 4.9. The conceptual model shows 

that the decision to adopt disease prevention behavior is a function of the following parameters: 

(i) the discount rate (r); (ii) expected marginal disutility from sickness (E[∂U1/∂T1
S]); (iii) 

expected marginal effect of disease prevention on reducing sickness time ( [ ]H
0

S
1 TTE ∂∂ ); (iv) 

the market rate of interest (R); and (v) the marginal utility of leisure (
L
00 TU ∂∂ ). Since the 

discount rate is only partially observed from the survey (observed as a range), the empirical 

strategy involves a two-step procedure: (i) Determine point estimates for individual discount 

rates; and (ii) Model the decision to adopt health behaviors using the estimated discount rates. 

This section goes through these steps.  

To understand the role of the discount rate, I compare results from this two-step model, which 

imposes a structure on the relationship between discount rates and behavior, with a naïve model 

that foregoes the discount rate estimation step, i.e. all the explanatory variables in the discount 

rate model are used as explanatory variables in the health behavior model.  

4.3.2.1. Step 1: Discount Rate Model 

The discount rate in the conceptual model is a function of personal characteristics (Zr), which is 

often related with the way individuals make their utility-maximizing choices (ZU). For example, 

income tends to reduce the discount rate (Lawrance, 1991; Agee and Crocker, 1996; Poulos and 

Whittington, 2000) but also determines the amount that can be invested for their future. These 

overlapping factors need to be taken into account. Studies by Agee and Crocker (1996; 2000) 

acknowledged that there were factors determining the level of parents’ investment in children’s 

IQ that may also affect the parents’ discount rate. This was addressed using a two-stage 

estimation process. The parent’s discount rate was estimated using factors unrelated with the 

child’s IQ. Then, the estimated discount rate was used to model the child’s IQ, along with other 

factors that were unrelated with the parent’s discount rates. 
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The lessons from the Agee and Crocker studies are to use variables unique to each stage 

(discount rate vs. health behavior). There were some variables that achieved this criterion: (i) 

Affects discount rates but not health behavior: survey methods (survey version, number of days 

since the first survey); and (ii) Affects health behavior but not discount rates: distances (distance 

to public health centers, distance to clean water), water quality, location, occupation and 

knowledge about disease. However, other variables can play a significant role in both stages, 

such as income, education, caste, age, and gender. To avoid overlap, the discount rate (Step 1) 

model only retained these variables if they were significant at the 15% level. 

The survey used to elicit discount rates revealed the upper and/or lower bound of each 

respondent’s discount rate. There are many ways of estimating the discount rate using this 

survey format. The Grouped Maximum Likelihood Estimation (Grouped MLE) method was 

used to estimate the discount rate based on the methodological lessons learned from the 

previous chapter: (i) Non-parametric methods were not ideal for this dataset because most 

respondents did not reveal their maximum discount rate, making estimates extremely sensitive to 

the ceiling discount rate (ρMax); and (ii) among the parametric methods tested, the Grouped MLE 

method (assuming Normally distributed errors) produced results that were similar to another 

parametric method (Binary MLE). Another reason is that the Grouped MLE method is a more 

practical method to apply multivariate statistical analyses compared to Binary MLE: (i) it directly 

estimates the discount rate for each individual/subpopulation without the need to use and 

transform dummy variables and interaction terms; and (ii) produces coefficients that can be 

interpreted as marginal effects.  

In the Grouped MLE method, the single-bounded data (i.e. missing an upper or lower bound) 

were treated like censored data (Cameron and Huppert, 1989). This method was used by Pender 

(1996) to estimate the discount rate and analyze the marginal effects of respondent 

characteristics on the discount rate, using a survey of Indian rural households. This method 

produced individual discount rate estimates necessary for explaining the relationship between 

discount rates and disease prevention behavior.  
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It was assumed that each respondent has an unobserved discount rate r, explainable by a vector 

of characteristics that have been identified in the literature as factors of the discount rate. This 

latent discount rate was modeled as follows: )Z(r r
exp=δ . The discount rate r can be estimated 

using the following model 

ij
r
jj Zr εβ +⋅=  

Eq. 4.10

Since the survey could only reveal the upper (ρHigh) and lower (ρLow) bounds of the discount rate, 

the discount rate is estimated using the following model for censored data: 

( ) ij

K

1k
j,k,rkj,Highj,Low Z, εβρρ +⋅= ∑

=  

Eq. 4.11

Zr
k,j is a set of k characteristics for respondent j; ε was an error term assumed to follow a normal 

distribution. Note that the change of notation from r to ρ is important: r is the true personal 

discount rate, while ρ refers to discount rates used in/derived from the survey instrument.  

In the estimating equation, the dependent variable was the lower (ρLow) and upper (ρHigh) bounds 

of the respondent j’s discount rate (as revealed by her choices during the survey). If the 

respondent did not reveal her ρHigh (i.e. always chose SS), it was left blank because there are no 

clear guidelines in the literature about what the maximum discount rate should be. For 

respondents who always chose LL, their unobserved ρMin could be left blank or replaced by zero 

because of the theoretical and empirical support of non-negative discounting36. This decision 

would be based on percentage of respondents correctly predicted, and the range of predictions 

(whether the model could predict respondents with very low and very high discount rates). 

The LIFEREG procedure in SAS was used to estimate this equation. This Maximum Likelihood 

procedure maximizes the following log likelihood function: 
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36 For empirical support in developing countries, see Poulos and Whittington, 2000, Botelho et al., 2006. For 
theoretical support, see Olson and Bailey, 1981. 
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Table 4.2 lists explanatory variables (Z) used in Eq. 4.1. The personal and household 

characteristics were chosen because they were found by other studies to be related with the 

discount rate: gender, age/fertility (Ventura, 2003), education (Harrison et al., 2002), social class 

(Warner and Pleeter, 200137), credit access (Pender, 1996), income (Coller and Williams, 1999), 

and wealth (Holden et al., 1998). A dummy variable for recent household crises was also 

included to take into consideration experiences that may affect the respondent’s future outlook. 

The model controlled for survey effects, which included the interview day (respondents may 

learn about the study, which may affect their response). Descriptive statistics related to these 

parameters, and the expected signs are summarized in Table 4.2. Expectations of the direction of 

effects were guided by the literature and/or by estimating the discount rate for each 

subpopulation38 

Table 4.2: Explanatory variables for the discount rate 

Variable Name Expected 
Sign 

Yes No Missing

Personal Characteristics  
Gender: Female (-) 91% 9% 0%
Can read newspaper a (-) 53% 37% 10%
Can do household accounts a (-) 69% 15% 16%
Main occupation: Housework (?) 45% 54% 1%
Fertility level: Increasing/Peak/Decreasing Inverted U 34%/ 53%/ 12% 0%
Caste: Low/Middle/High b (?) 38%/ 18%/ 33% 11%
Age  U-shape Mean: 28.5/Med:25 0%
Can access formal credit a (-) 24% 61% 15%
Household crisis: Experienced a household 
crisis in past year a 

(-) 14% 60% 26%

Household size (-) Mean: 6.4/Med: 6 0%
Total monthly household expenditure:  (?) Mean: Rs3,394/Med: Rs 1,822 0%
Monthly household expenditure: Staple foods 
(Rice, gram/pulses, cereals) 

(?) Mean: Rs 37/ Med: Rs 16 0%

Principal components: Home wealth a 
      Bad quality housing materials 
      Electricity 

(-)
67% 
44% 

 
33% 
43% 

0% 
14% 

      Number of rooms Mean: 3.16/Med: 3 0%
Principal components: Productive wealth a

      Owns land 
(-)

64% 
 

35% 1% 
      Number of cattle Mean: 10.23/ Med: 10 3%

Survey Characteristics  
Interview day: 1st to 31st day of the survey (?) Mean: 17.02/Med: 18 0%
a  Missing observations were replaced with No or zero in estimation 
b Missing observations were made into a separate category in estimation 
                                                 
37 Their study used race as a determinant of discount rates. 
38  Appendix 4.2 shows discount rate estimation results by gender, caste, credit access, and fertility.  
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Recent Crisis and Fertility Level are not commonly used as determinants of discount rates, and 

will require further explanation. Recent Crisis included events such as illness or loss of family 

members or livestock, hardship from natural disasters (e.g. flood or drought), job loss, or 

unexpected social/religious events (e.g. wedding, funeral). It is hypothesized these households 

have lower discount rates because these events forced them to think about future shocks. This 

hypothesis closely related with the Endogenous Time Preference theory (Becker and Mulligan, 

1997) which stated that people maximize lifetime utility by choosing to reduce future discount 

rates through activities/tools that remind them of the future. Although household crises are 

exogenously (instead of endogenously) determined, it also reminds us to think about the future.  

Most households did not report any crises in the recent past (80%). Recent crises were mostly 

related to death in the family (52%), drought (31%), or crop/livestock death (11%), and 

happened within the year39. 

Fertility Level encompasses the biological aspects of time preference. Roger’s (1994) Natural 

Selection theory hypothesized that time preference is an evolutionary trait, borne by the desire to 

maximize the survival of our species (i.e. Darwinian fitness). Individuals have the lowest discount 

rates when fertility levels are increasing because they are better off delaying consumption until 

fertility levels are higher. The highest discount rates is reach at Peak fertility, because 

consumption at any future state would be better spent now, when fertility is high. Those with 

Decreasing fertility have intermediate levels of discount rates due to altruism (consuming for the 

benefit of their higher-fertility offspring). Two specifications of fertility were tested: (i) Fertility 

classification: Increasing, Peak and Decreasing. For women, these fertility levels correspond to 

the ages of 15 to 19, 20 to 35, and over 35. For men, they are 15 to 24, 25 to 39, and above 3940; 

and (ii) Age and gender interaction term, to capture differences in age effects across gender.  

                                                 
39 The sum exceeded 100% because some households reported more than one crisis. 6% of households reported 
crisis that happened more than a year ago  
40 These ranges were an approximation of fertility schedules from four natural fertility populations (i.e. where birth 
control was absent), as summarized by Rogers, 1994, Fig. 3. 
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4.3.2.2. Step 2: Health Behaviors Model 

Aside from the discount rate, the conceptual model identified the following factors as 

determinants of adopting disease prevention: (i) expected marginal disutility from sickness 

(E[∂U1/∂T1
S]); (ii) expected marginal effect of disease prevention on reducing sickness time 

( [ ]H
0

S
1 TTE ∂∂ ); (iii) the market rate of interest (R); and (iv) the marginal utility of leisure 

(
L
00 TU ∂∂ ).  

Expected marginal disutility of sickness (E[∂U1/∂T1
S]) and marginal effect of disease prevention 

( [ ]H
0

S
1 TTE ∂∂ ) are affected by knowledge of the effects of a disease. Age was used as a proxy 

for experience; respondent’s opinion about important diseases in their communities was used to 

gauge their knowledge of the disease. Information on the health benefits of disease prevention 

was expected to influence a person’s marginal utility of prevention behaviors. Respondents with 

better literacy, math skills, and access to public services (proxied by distance to the health facility 

and village center) should also be more likely to have access to health information.  

In this model, wealth was presented as two principal components: Home Wealth, and 

Productive Wealth. The principal components of home wealth were: quality of building material 

(good/bad), and access to electricity (proxied by whether the household paid for electricity in 

past month); Productive wealth  principal components were composed of the number of farm 

animals (weighted) and size of land owned. Data on the market rate of interest were sparse since 

many respondents did not have access to credit markets/banks. Instead, it is proxied by the 

ability to secure a Rs 5,000 loan from formal sources, who typically provide lower interest rates 

than informal moneylenders.  

 The marginal utility of leisure (
L
00 TU ∂∂ ) can be interpreted as the product of wage and 

marginal utility from market goods ( 00 XUw ∂∂ , See Eq.A3). They are proxied by occupation 

(farmer vs. housework vs. others), location (tahsil), total household expenditure and expenditure 

on staple foods, and household size. Literacy, gender and caste are important determinants of 
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wages; to avoid overlap, they will be included in the behavioral model if they were not 

significantly correlated with discount rates.  

I estimated the probability that the respondent’s household adopts the following behaviors: (i) 

Water treatment; (ii) Hand washing after defecation and before eating; (iii) Vaccinating all 

children in the household at least once; and (iv) Consuming tobacco/alcohol in the past week. 

The list of explanatory variables for each model is listed in Table 4.3. The conceptual model did 

not differentiate across types of disease prevention behaviors. In the empirical model, each 

behavior is analyzed separately, acknowledging that different levels of understanding of the 

disease and prevention behavior, and the cost of prevention    

Discount rates estimated from the above model become an explanatory variable in the 

behavioral model (second step). To take into account the extra noise from the discount rate 

estimation process, the health behavior model was bootstrapped. Each behavior was cast as the 

probability that the respondent adopted the behavior. The models were estimated using a binary 

logistic regression model (the LOGISTIC procedure in SAS).  

4.4.  Data Description 

4.4.1. Respondent Characteristics 

The survey was part of a study lead by RTI International to evaluate the effects of Jalswarajya, a 

water supply and sanitation project financed by the World Bank. A complete description of the 

sampling frame, respondent selection and description of the study areas can be found in 

Pattanayak et al. (2007). The survey targeted women of child-bearing age; a total of 10,206 

respondents were surveyed from four districts and 242 villages in the State of Maharashtra, from 

May to June 2005. Half of respondents could read the newspaper; nearly 70% could do their 

own household account easily, which indicated basic mathematical skills. Respondents were 

predominantly housewives or farmers. A very small proportion of respondents held non-farm 

jobs (6%).  
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Table 4.3: Explanatory variables for behavioral model 

Explanatory Variables  
Model: Probability of Engaging in Health Behaviors Descriptive Statistics

Treat 
Water 

Hand Wash at 
2 occasions 

Vaccinate 
all children

Tobacco/Alcohol 
in past week 

Yes No 
Missing 

a 
Estimated discount rate X X X X (See 

Figure 4.3) 
Health perceptions & water source 
Improved water source b X X 1%
Quality of water source c X X Mean:3.4/Med: 3.4 6%
General knowledge of diarrhea d X X Mean: 5.7/Med: 6 0%
Believes diarrhea is preventable X X 26% 68% 6%
Believes diarrhea is caused by dirty water X X 77% 18% 5%
Concerned for any disease X X X X 71% 24% 5%
Household Characteristics 
Main occupation: housework X X X X 45% 11% 1% Main occupation: farmer X X X X 42%
Can read newspaper (All respondents) 
Female 
Male 

X
X 

X
X 

X
X 

X
X 

53%
52% 
55% 

37%
38% 
36% 

10%
10% 
9% 

Household size X X X X Mean: 6.4/Med: 6 0%
Principal Components: Productive wealth e X X X X . . .
Tahasil (sub-districts) X X X X . . .
Distance from health facility (minutes walk) X X X X Mean: 33/Med: 15 0.7%
Distance from village center (minutes walk) X X X X Mean: 12/Med:5 0.3%
X  This variable was used in model 
a Improved water source includes private water connection, public tap, and improved private and public wells. 
b Missing observations were replaced with No or zero in estimation 
c Likert scale of  1 (Bad) to 4 (Excellent) 
d Number of correct answers out of 12 diarrhea-related questions 
e Home wealth was excluded because it was strongly correlated with the estimated discount rate, and Productive Wealth 
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Respondents were from a wide range of castes, and the distribution patterns were relatively even 

across the four districts. However, more than 80% of the missing caste data came from 

respondents in Nashik district. Only one in four said that they could easily borrow Rs. 5,000 

(USD 117.2641) from formal lending institutions. Those who had credit access paid a median 

interest rate of 5% per month. Approximately 27% of households with credit access made loan 

repayments in the past month, compared to 18% who were not confident about their credit 

access. This result supported the use of access to credit as proxy for lower loan interest rate 

because the lack of access to formal credit sources reduces, but does not eliminate, the demand 

for loans. The relationship was also true for savings and credit access: respondents with credit 

access were more likely to save (39%) and had a higher median amount of savings (Rs. 100 = 

USD 2.34 in the past month) than those with poor credit access (24%, Rs 50 = USD 1.17). Most 

respondents had water access from free sources (i.e. without fees); only 15% of respondents paid 

for water or sewerage services. Most households (74%) were located within 30 minutes walking 

distance from a health facility, and live within a 10 minute walk from the village center (77%).  A 

large proportion of respondents were very concerned about cough, colds and pneumonia (29%), 

and diarrhea (17%). Many did not think that there was any major health problem in the 

community (24%). 

4.4.2. Time Preference Elicitation 

Respondents were asked to choose between a Smaller Sooner (SS) or Larger Later (LL) payment, 

with an additional opt-out option. The enumerator introduced the elicitation questions to the 

respondent, followed by the elicitation questions: 

Introduction: 

In daily life you make many decisions about how to spend and earn money. Some decisions concern the future. The 

future is uncertain, although sometimes we know if something is more or less uncertain and if something will 

happen in the near or distant future. We are trying to understand how people in this village make decisions when 

                                                 
41 Reserve Bank of India (2008), as of 17 May 2008 (1 USD = Rs. 42.64)  
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faced with a choice between an outcome in the near future compared to an outcome in the distant future. Suppose 

that someone offers you a gift of some money. 

Example of an elicitation question: 

If you select option A, you will receive a payment of Rs. 1,000 now. If you select Option B, then you will receive 

Rs. 2,000 after 12 months. Which option would you choose? 

[ 1 ] Option A 

[ 2 ] Option B 

[ 3 ] Uncertain 

Option A is the SS option, and Option B is the LL option. The values used in the questions 

were in the order of magnitude of a month’s wages42. There was a follow-up question that asked 

the maximum period the respondent is willing to wait to receive the higher payoff, referring to 

the LL payment in the last (fifth) elicitation question.  

What is the maximum period you would be willing to wait to receive the higher payoff in the future? 

[ 1 ] 3 months   [ 5 ] 24 months 

[ 2 ] 6 months   [ 6 ] 36 months 

[ 3 ] 12 months   [ 95 ] Other (specify _______________) 

[ 4 ] 15 months   [ 99 ] Don’t know / not sure 

There were four versions of the questionnaire, each with five questions with differing levels of 

implied discount rates and payment schedules (See Table 4.4). The implied discount rates used in 

the entire survey ranges from 0.8% to 10.0%. Implied discount rates were highest in Version A, 

and Lowest in version D. These versions were administered randomly across respondents. 
                                                 
42 Based on the 1999 Maharashtra agricultural wage rates (Himanshu, 2005) and the Consumer Price Index for 
agricultural laborers in India (Labour Bureau - Government of India, 2008): Rs. 38.85/day, 1999 prices ≈ Rs 
44,56/day, 2006 prices. 
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Table 4.4: Parameters in the time preference elicitation questions 

Version q 
Option SS Option LL 

Implied R (ρq) % Choose SS a 
PSS tSS PLL tLL 

A 1 1000 0 2600 15 6.4% 65% 
A 2 1000 0 2600 12 8.0% 64% 
A 3 1000 0 1350 3 10.0% 61% 
A 4 1000 3 1500 12 4.5% 64% 
A 5 1000 3 2200 15 6.6% 61% 
B 1 1000 0 2000 15 4.6% 67% 
B 2 1000 0 2000 12 5.8% 65% 
B 3 1000 0 1250 3 7.4% 63% 
B 4 1000 3 1500 12 4.5% 65% 
B 5 1000 3 1400 15 2.8% 65% 
C 1 1000 0 1600 15 3.1% 68% 
C 2 1000 0 1600 12 3.9% 67% 
C 3 1000 0 1175 3 5.4% 64% 
C 4 1000 3 1220 12 2.2% 68% 
C 5 1000 3 1500 15 3.4% 66% 
D 1 1000 0 1250 15 1.5% 70% 
D 2 1000 0 1250 12 1.9% 69% 
D 3 1000 0 1150 3 4.7% 66% 
D 4 1000 3 1200 12 2.0% 69% 
D 5 1000 3 1100 15 0.8% 70% 

a  The remaining percentage includes those who chose LL and Uncertain 
PSS = immediate payment amount (Rupees); PLL = future payment amount (Rupees); tSS = months before immediate payment; tLL = months 
before immediate payment 
 

If a respondent chose SS, her discount rate was higher than the implied discount rate for that 

question (ρq). Conversely, a respondent who chose LL had a lower discount rate than ρq. Hence, 

ρHigh and ρLow could be deduced from the choice sequence. This method needed a minimum of 

two tradeoff questions. Redundancies increased the accuracy of the survey and could be used in 

other estimation methods43.  

Some studies used the mid-point between ρLow and ρHigh as an estimate of the respondent’s 

discount rate (e.g. Anderson et al., 2004). Unfortunately, this method was not reliable when 

applied to the current dataset because most respondents always chose SS (54.4%) or LL (21.4%) 

throughout the sequence, resulting in single-bounded discount rate ranges (i.e. lacking an upper 

                                                 
43 Methods that are based on binary choice (e.g. Turnbull or Binary MLE method) can take advantage of the 
information from each tradeoff question, effectively increasing the number of observations five folds 
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or lower bound). The Maximum Likelihood method was used because it could be applied to 

single-bounded ranges. 

4.4.3. Disease Prevention Behaviors 

Respondents generally washed their hands in at least one of the two important hand-washing 

occasions; 31% did neither, 44% do both, 19% washed after defecation but not before eating, 

and 6% washed before eating but not after defecation. Water treatment was fairly common, 

although most (88%) of those who treated their water solely used rudimentary filtering methods. 

Tobacco/alcohol consumption was wide spread. A very high percentage of households (88%) 

immunized all their children. 

4.4.3.1. Water Treatment  

Due to the poor quality of water sources, households were recommended to treat their water 

prior to drinking. Several types of water treatment methods were commonly used in rural India: 

Boiling, Straining, using coagulants (e.g. alum or potash) or disinfectants (bleach/chlorine), or a 

combination of these methods. Each treatment imposed a cost: Straining is the cheapest 

method, but does not protect from most water-borne bacteria. Alum tablets are commonly used 

to coagulate solid particles to decrease turbidity. It provides better health benefits, but costs 

around Rs 73 per person per year. Boiling is the most expensive treatment method, costing 

around Rs 1,635 per person per year (Jalan et al., 2003)44. In the dataset, 36.5% of the 

households did not treat their drinking water. For those that did (62.1%), 88% only strained it. 

Only 270 (4%) of these households chose to boil their water (See Figure 4.2). This was much 

lower than the Indian average of 33% (Institute of Mass Communication, 1998). 

                                                 
44 These cost estimates were made for urban households, using gas stoves. Prices may be different in rural settings, 
due to different fuel types, prices and practices. If firewood is used, it significantly increases the time cost of boiling, 
since firewood needs to be collected/purchased in the market. 



 

145 

 

Figure 4.2: Water treatment among respondents 

 

4.4.3.2. Hand Washing 

Almost all respondents (99%) washed their hands within the past 24 hours. Most respondents 

usually washed their hands before feeding their children, or after returning from the field (See 

Table 4.5).  

Table 4.5: Handwashing behavior among adults and children 

 Occasions % who normally hand wash  
1 Before feeding children 68.0%
2 After returning from the field/outside 63.1%
3 After eating 58.7%
4 After attending to children defecating 51.4%
5 After serving a meal 49.9%
6 After defecating 41.1%
7 After cleaning the house/cattle shed 38.2%
8 Before eating 38.1%
9 Before preparing a meal 30.5%
10 After preparing a meal 29.8%
11 After changing the baby 26.3%
12 Before serving a meal 21.3%
13 Other occasions 13.6%

 

Boil Only                     0.8% 

Chemical Only             2.0% 

Filter Only                 53.1% 

Combination                4.5% 

No              37.7%

Missing         0.2%

Yes             62.1%

Treat Water? Other                          1.4% 

Missing                       0.3% 
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4.4.3.3. Tobacco and Alcohol Consumption 

Tobacco products are widely used in India in many different forms. Tobacco is rolled into 

cigarettes and cigars, used in pipes, applied to teeth and gums, or chewed with other ingredients 

(e.g. betel leaves and areca nut). In Maharashtra, 61% of men and 49% of women consumed 

tobacco, mostly by chewing (Bhonsle et al., 1992). Heavy media advertising, peer-pressure, and 

remedying tooth ailments were the major reasons for tobacco consumption in India (Bhonsle et 

al., 1992).  Better-educated individuals in India were less likely to consume tobacco products and 

alcohol, and there were clear gender differences in alcohol consumption (See Table 4.6).  

Table 4.6:  Literature review: % respondent consumed tobacco or alcohol, by 

education/literacy 

Education/Literacy Level 
Tobacco/

Alcohol Tobacco1 Alcohol2

Men Women
Can Read Newspaper 38%

 Cannot Read Newspaper 47%
Up to Secondary School  64% 22% 3%

High School 26% 10% 1%
College 5% 9% 0.5%

Postgraduate no data 9% 0.5%
1 Bhonsle et al., 1992 (Ernakulam district, Kerala, India, N=521) 
2 Subramanian et al., 2005 (India, N=301,984) 
 

In the Maharashtra dataset, there were differences across literacy levels: 38% of those who could 

read the news paper consumed tobacco/alcohol, compared to 47% of those who could not read 

the newspaper. Differences across castes did not vary as sharply, ranging from 37% among 

Open (high) caste to 50% among Scheduled Tribes (one of the lower caste groups). Among the 

surveyed households, 42% consumed tobacco or alcohol in the past week. Most (95%) spent up 

to Rs 250 (USD 5.86), while the median amount spent was Rs 10 (USD 0.23). Since 

measurement errors in the amount spent is unavoidable, analysis of alcohol/tobacco 

consumption will be based on the dummy variable of whether any amount was spent on 

tobacco/alcohol consumption in the past week. 
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4.4.3.4. Children’s Vaccination 

The government of India implements a Universal Immunization Program (UIP) that provides 

free vaccines to private practitioners for their patients, in return for providing data on the doses 

administered (WHO/India). Hence, the majority of vaccination costs for households involve 

travel cost to the nearest immunization provider. Main reasons for not immunizing included 

obstacles in reaching a provider, and misconceptions/beliefs about the benefits of immunization 

(Manjunath and Pareek, 2003; Patra), which were compounded by poor immunization 

knowledge among providers (Dabas et al., 2005, Rajesh et al., 2005). 

The government-prescribed immunization schedule for children up to 5 years old includes 

vaccinations for polio, DPT (diphtheria, pertussis, tetanus), tubercolosis, and measles. Most 

(90%) households in the survey have vaccinated all children under five years old. No data was 

collected about whether they have obtained all required vaccinations for each child. Given the 

lack of data, this study models the probability that all children under 5 years old in a household 

have been vaccinated at least once.  

4.5. Results 

4.5.1. Discount Rates 

Results from the discount rate estimation are displayed in Table 4.7. It presents the 

parsimonious discount rate model where the Female*Age interaction term was used to proxy for 

fertility, missing ρMin was replaced by zero, and a Normal distribution was assumed45. The overall 

predictive power of the model was measured by: (i) the Pseudo R-squared; (ii) the proportion of 

correctly predicted discount rates among all respondents (i.e. r̂  between ρLow and ρHigh); and (iii) 

whether there were correct predictions for all types of responses (SS, LL and mixed). The model 

specification in Table 4.7 struck the right balance across the three measures. The resulting 

predicted (monthly) discount rate will be used as a Left Hand Side (LHS) variable to explain 

                                                 
45 Other specifications and distributional assumptions are displayed in Appendix 4.3 
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variations in disease prevention behavior. The mean discount rate is 9.6% per month, or 316% 

per year (See Histogran in  Figure 4.3). 

Table 4.7: Monthly discount rate estimation (N=8239) 

Parametera Estimate P-Value
Intercept 0.1137 *** <.0001
Female -0.0297 *** 0.0013
Age -0.0005 ** 0.0183
Female*age 0.0006 ** 0.0135
Caste: No Info -0.0083 *** 0.0022
Experience household crisis -0.0065 *** 0.0095
Home wealth -0.0023 *** 0.0069
Interview day 0.0023 † 0.1189
(Interview day)2 -0.0002 * 0.0739
(Interview day)3 0 ** 0.0339
  
Observations 8240
Pseudo R-Squaredb 0.00792
Correctly 
predicted 

All respondents 53.52
Did not always choose  SS 0.91

Discount rate Mean 9.58%
 Range 7.14%-12.71%

Significance level: ***=1%; **=5%; *=10%; † =15% 
a Insignificant variables removed from the parsimonious model: household size, monthly total expenses, monthly expenses for staples foods, 
access to credit, and productive wealth. 
 

Interestingly, the number of interview days that have elapsed is an important variable. 

Respondents who did not provide caste information had lower discount rates than those who 

stated their castes. Most (80%) of these respondents were from Nashik district. The meaning of 

this variable could not be interpreted without understanding the circumstances that resulted in 

this non-response. 

4.5.2. Relationship between Discount Rate and Disease Prevention Behaviors 

Discount rates proved to be an important factor in determining disease prevention behaviors, 

although there were some unexpected outcomes. Literacy, distance to health clinics and 

occupation consistently affected behaviors (Table 4.8, grey highlights).  
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b Pseudo R-squared = {LogLikelihood (Intercept Only) – LogLikelihood (Intercept and Covariates)}/ LogLikelihood (Intercept 
Only) 
 

Figure 4.3: Histogram of Estimated Discount Rates 

4.5.2.1. Water Treatment 

The estimated discount rate was significant at the 1% level and showed the expected negative 

sign: People with higher discount rates were less likely to treat their water (Table 4.8). 

Households were less likely to treat their water if they believed the water is safe (e.g. accessed 

water from an improved source, or perceived that the water quality is high), possibly because the 

marginal benefit of treating clean water was low. Those who knew diarrhea was preventable and 

caused by dirty water were more likely to treat, which showed that water treatment was 

perceived as a health-related activity. 
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Table 4.8: Disease prevention behavior and the discount ratea 

Parametersb 
Treat water Handwashing Tobacco/Alcohol Vaccination

Estimate P-value Estimate P-value Estimate P-value Estimate P-value
Intercept 4.241 *** 0.00 -2.498 0.20 -1.245 *** 0.000 3.109 *** 0.00
Estimated discount rate -24.120 *** 0.00 12.100 *** 0.00 1.498 0.72 12.770 ** 0.04
Knows dirty water causes diarrhea 0.220 *** 0.00 0.131 *** 0.00
Knows diarrhea is preventable 0.196 *** 0.00 -0.102 0.19
Gets water from improved sources -0.271 *** 0.00 0.338 *** 0.00
Water quality -0.325 *** 0.00 -0.125 0.20
Concerned about a disease 0.136 *** 0.00 0.046 * 0.06 -0.022 0.62 0.130 † 0.14
Thinks vaccines cause diarrhea  0.046 0.70
Can access credit 0.196 *** 0.00 0.126 *** 0.00 0.098 ** 0.04 0.072 0.48
Distance to clinic (mins.  walk) -0.003 *** 0.00 0.000 * 0.09 0.001 * 0.06 -0.003 *** 0.00
Distance to village ctr (mins. walk) -0.002 0.16 0.001 ** 0.05 0.004 *** 0.00 0.001 0.60
Can read newspaper, Female -0.036 0.82 0.047 * 0.06 -0.264 ** 0.04 -0.037 0.82
Car read newspaper, All 0.537 *** 0.00 0.023 * 0.08 -0.054 0.56 0.293 ** 0.02
Main occupation: Farmer -0.341 *** 0.00 0.095 *** 0.01 0.451 *** 0.00 0.006 0.96
Main occupation: Housework -0.020 * 0.08 -0.006 † 0.13 0.070 *** 0.00 -0.259 *** 0.00
Household size -0.235 ** 0.02 -0.020 † 0.12 0.345 *** 0.00 0.050 0.68
Monthly expense on staple food 0.414 * 0.06 -0.449 0.20 0.166 0.38 -0.573 0.18
Total monthly expenses 0.341 0.20 0.001 * 0.10 0.330 0.16 -0.153 0.58
Productive wealth 0.055 ** 0.02 0.036 ** 0.02 0.031 * 0.08 0.023 0.58

Median Pseudo R-Squaredc 0.12378 0.17336 0.04634 0.07609
Significance level: ***=1%; **=5%; *=10%; †=15% 
a From bootstrap sampling 100 times. Displayed estimates were the median value; P-value was derived non-parametrically. 
b Parameter estimates for the dummy variables of the 36 tahsils were not displayed 
c Median Pseudo R-squared = Median of {LogLikelihood (Intercept Only) – LogLikelihood (Intercept and Covariates)}/ LogLikelihood (Intercept Only) 
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Perception of water quality, concerns for diseases in the community, and knowledge of the 

specific causes of diarrhea were significant determinants of water treatment behavior. The role 

of information was further supported by the significant coefficients of the ability to read 

newspaper and distance to health facility, which were potential sources of public health 

information. Literacy improved the likelihood of treating water, regardless of gender. 

Those who had more disposable income (proxied by food expenses) and productive assets, and 

smaller households were also more likely to treat their water. These indicated that even when 

water treatment seems to be cheap, financial considerations still mattered. Households further 

from the village center were less likely to treat their waters. It is possible that it proxies for 

distance to sources to public water sources, or a proxy for social or economic status. 

Households where the respondent was not a farmer or housewife were more likely to treat their 

water. Since most respondents were female, these households may be better off, or have access 

to different sources of information compared to farming households. Access to credit increased 

the likelihood of water treatment.  

4.5.2.2. Handwashing 

The model estimates the probability that a respondent washes her hands at two critical points: 

after defecation and before eating. Like water treatment, handwashing is a way to prevent water-

born diseases. The great mystery is the strongly positive influence of the discount rate, which is 

the opposite of the predictions of the conceptual model. Handwashing may not viewed as a 

preventive measure unless a person understands that diarrhea is preventable and caused by dirty 

water. Once interaction terms between discount rate and understanding diarrhea were added to 

the model, the discount rate had a strong negative effect, as expected (See Table 4.9, green 

highlights).  

The signs of other coefficients also changed, to resemble the water treatment model46. The sign 

of the coefficient on distance to clinics also changed after the introduction of the interaction 

                                                 
46 Appendix 4.4 also contrasts the water treatment models with and without interaction terms. Direction of effects 
across parameters remains the same.  
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term: households who lived further from clinics were now less likely to hand wash (See Table 4.9, 

blue highlights) 

Table 4.9: Modified handwashing model, with interaction termsa 

 
Parametersb 

No Interaction Terms
(Initial Model) 

With Interaction Terms

 Estimate P-Value Estimate P-Value
Intercept -2.498 0.20 1.688 ** 0.02
Estimated discount rate 12.100 *** 0.00 3.156641  0.68
Knows dirty water causes diarrhea* Discount rate -26.7178 ** 0.02
Knows diarrhea is preventable* Discount rate -26.7091 *** 0
Knows dirty water causes diarrhea 0.131 *** 0.00 2.803 *** 0
Knows diarrhea is preventable -0.102 0.19 2.598 *** 0
Gets water from improved sources 0.338 *** 0.00 -0.27207 *** 0
Water quality -0.125 0.20 -0.318 *** 0
Concerned about a disease 0.046 * 0.06 0.134 *** 0
Can access credit 0.126 *** 0.00 0.201 *** 0
Distance to clinic (mins.  walk) 0.000 * 0.09 -0.003 *** 0
Distance to village ctr (mins. walk) 0.001 ** 0.05 -0.002  0.28
Can read newspaper, Female 0.047 * 0.06 -0.04888  0.7
Car read newspaper, All 0.023 * 0.08 0.546878 *** 0
Main occupation: Farmer 0.095 *** 0.01 -0.355 *** 0
Main occupation: Housework -0.006 † 0.13 -0.27307 ** 0.02
Household size -0.020 † 0.12 -0.01969 ** 0.02
Monthly expense on staple food -0.449 0.20 0.240774  0.16
Total monthly expenses 0.001 * 0.10 0.405476 * 0.08
Productive wealth 0.036 ** 0.02 0.057948 ** 0.02

Median Pseudo R-squaredc 0.17336 0.1142359 
Significance level: ***=1%; **=5%; *=10%; †=15% 
a From bootstrap sampling 100 times. Displayed estimates were the median value; P-value was derived non-
parametrically. 
b Parameter estimates for the dummy variables of the 36 tahsils were not displayed 
c Median Pseudo R-squared = Median of {LogLikelihood (Intercept Only) – LogLikelihood (Intercept and 
Covariates)}/ LogLikelihood (Intercept Only) 
 

Knowledge became very important: those who knew dirty water caused diarrhea, and were 

concerned of diseases in the community were more likely to hand wash. Literacy had positive 

effects regardless of gender. Those who had more wealth, higher levels of consumption, and 

lived closer to the clinic or village center were more likely to wash their hands. Curiously, they 

were less likely to hand wash if they had access to good water sources, which is similar to results 

from the water treatment model. It is possible that people are more reluctant to use good-quality 

water for hand-washing, or perceive that hand-washing is less necessary because they were more 

protected from diarrhea.  Occupation (reflecting wage) also influenced this behavior: farmers 
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and housewives were less likely to wash their hands compared to those employed in the non-

farm sectors.  Those who could access credit were more likely to hand wash. 

4.5.2.3. Tobacco-Alcohol Consumption 

Tobacco/alcohol consumption differed from handwashing and water treatment because of 

strong social pressure and addictive component.  These factors could explain why the discount 

rate was not related with tobacco/alcohol consumption. It is not clear how social standing and 

income affects tobacco/alcohol consumption. On the one hand, more isolated, larger and 

farming households, were more likely to consume tobacco/alcohol. On the other hand, 

productive wealth and monthly expenses (proxying for household consumption level) were 

positive significant variables. Expenditures in tobacco/alcohol was unaffected by changes in 

household food expenditures. Unlike water treatment and hand washing, data on repondent’s 

perception of the health hazards of tobacco/alcohol were not collected. There were signs that 

access to information reduced the likelihood of consumption: households where women could 

read were less likely to consume tobacco/alcohol, while men’s literacy had no effect. Access to 

credit increased the likelihood of tobacco/alcohol consumption; given that tobacco/alcohol 

consumption is a disease causing behavior, this is the opposite of what was predicted by the 

conceptual model. 

4.5.2.4. Children's Vaccination 

The discount rate’s sign was unexpectedly positive, i.e. being more forward-looking reduced the 

likelihood of vaccinating all children in the household. Interacting discount rates with knowledge 

on the role of vaccination in increasing immunity may be necessary, but no data was available in 

the survey. Respondents were asked if some types of vaccines caused diarrhea, which could be 

used to gauge their understanding on vaccines. Upon interacting with the discount rate, it did 

not change the relationship between vaccination behavior and discount rates. There are two 

possible explanations: (i) thinking that some vaccines caused diarrhea does not mean a person 

does not understand the benefits of vaccination, and provides little insight into their 

understanding of immunity. In contrast, the interaction terms used in handwashing specifically 
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showed how respondents linked behavior with disease prevention, which changed the 

relationship between discount rates and behavior; (ii) it captured the effect of discount rate 

factors that were also positively correlated with vaccination. The next section may give us a 

better understanding of this point, by contrasting this model (which imposed a structure 

between discount rates and behavior) and a reduced form model that includes discount rate 

factors directly in the behavioral model.  

Wealth and consumption levels were not correlated with vaccination, but distance to clinic and 

number of children (which meant more trips to the clinic) reduced the probability of 

vaccination. This shows vaccination service may be affordable, but it involved significant time 

investment. Consumptive wealth (i.e. home wealth) was positively correlated with vaccination, 

which supports the idea that indirect costs from transportation affected behavior even though 

the service itself was free. Literacy and a general concern for a disease in the community 

increased the chances of vaccination, affirming the role of health education and information in 

promoting health behavior. The positive role of literacy was confirmed elsewhere in the 

literature (e.g. De and Bhattacharya, 2002). Housewives were less likely to vaccinate compared to 

those who farmed or were employed in other sectors. This was consistent with results from 

handwashing and water treatment, and may reflect differences in access to information. 

4.5.3. Comparison between Structural and Reduced Form Models 

The reduced form model does not take into account the structural relationship between discount 

rates and health behavior. Differences in the significance and sign of common parameter 

estimates across the two models were observed across all behaviors. Table 4.10a-b shows that 

changes in statistical significance were common. More importantly, sign reversals were observed 

in the Handwashing and Vaccination Models. Recall that these models initially displayed positive 

discount rate coefficients; it  was corrected in the Handwashing model by interacting discount 

rates with knowledge of diarrhea prevention, but not in the Vaccination model for lack of a 

suitable interaction variable.  
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In Handwashing, the Reduced Form model (Table 4.10a) showed that knowing diarrhea was 

preventable reduced the probability of hand washing. Since handwashing is a disease prevention 

measure, this outcome made little sense. Other sign reversals point to a different way of 

interpreting the data. In the Reduced Form model, households who could access improved 

water sources were more likely to handwash, but perception of good water quality reduced this 

likelihood. It suggests that people did not want to use good-quality water for hand washing, 

unless it was conveniently available. In the Structural model, both factors reduced handwashing, 

which may suggest that people who had access to better, more convenient water felt that hand 

washing was less necessary.  In the Reduced Form model, monthly food expenses negatively 

affected handwashing, which was reversed in the Structural model. Given the same wealth level, 

tahsil (location) and household size, there are two reasons why households spend more on staple 

foods: (i) they buy instead of produce food, and (ii) have more disposable income. It implies 

non-farming and/or higher income households were more likely to hand wash.  

Table 4.10a: Signs and significance of common parameters in Structural vs. Reduced 

Form models, at the 15% level : Water Treatment and Handwashing 

 Treat water Handwashing 
Parameter Reduced 

Form 
Structural 

Model 
Reduced 

Form 
Structural 

Model 
Intercept (+) (+) (0) (+) 
Knows dirty water causes diarrhea (+) (+) (+) (+) 
Knows diarrhea is preventable (+) (+) (-) (+) 
Gets water from improved sources (-) (-) (+) (-) 
Water quality (-) (-) (-) (-) 
Concerned about a disease (+) (+) (0) (+) 
Can access credit (+) (+) (+) (+) 
Distance to clinic (mins.  walk) (-) (-) (0) (-) 
Distance to village ctr (mins. walk) (0) (0) (0) (0) 
Can read newspaper, Female (+) (0) (0) (0) 
Car read newspaper, All (0) (+) (0) (+) 
Main occupation: Farmer (-) (-) (0) (-) 
Main occupation: Housework (-) (-) (0) (-) 
Household size (-) (-) (0) (-) 
Monthly expense on staple food (+) (+) (-) (+) 
Total monthly expenses (0) (+) (0) (0) 
Productive wealth (0) (+) (0) (+) 

  Sign reversal 
  Change in statistical significance 
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Table 4.10b: Signs and significance of common parameters in Structural vs. Reduced 

Form models, at the 15% level : Tobacco/Alcohol and Vaccination 

 Tobacco/Alcohol Vaccination 
Parameter Reduced 

Form 
Structural 

Model 
Reduced 

Form 
Structural 

Model 
Intercept (-) (-) (-) (+) 
Concerned about a disease (0) (0) (0) (+) 
Can access credit (+) (+) (+) (0) 
Distance to clinic (mins.  walk) (+) (+) (+) (-) 
Distance to village ctr (mins. walk) (+) (+) (+) (0) 
Can read newspaper, Female (0) (-) (0) (0) 
Car read newspaper, All (0) (0) (0) (+) 
Main occupation: Farmer (+) (+) (+) (0) 
Main occupation: Housework (+) (+) (+) (0) 
Household size (+) (+) (+) (-) 
Monthly expense on staple food (0) (0) (0) (0) 
Total monthly expenses (+) (0) (+) (0) 
Productive wealth (+) (+) (+) (0) 

  Sign reversal 
  Change in statistical significance 
 

Sign reversals in the Reduced Form model for vaccination behavior (Table 4.10b) leads to 

unrealistic conclusions: Larger households, and households that lived farther from clinics were 

more likely to vaccinate, even if both factors increase the cost of vaccination. 

4.5.4. Robustness Check 

The discount rate estimation was problematic due to its poor predictive power: Almost none of 

the respondents who were observed to have discount rates less than 7% per month were 

predicted correctly by the model. This is cause for concern because the magnitude of the 

estimated rates affected the results on the second stage of estimation. Other methods have been 

tested, but they were less satisfactory. This outcome was also observed by Pender (1996), who 

also studied time preferences among rural households in India. An alternative method was to 

limit the discount rate estimation to respondents who had upper and lower discount rate 

bounds, to ensure that the respondents were following the survey seriously. When the estimates 

were applied to the entire dataset, the results were too low (0-8% per month) that it did not 

correctly predict the large majority of respondents that had high discount rates.  
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The robustness of the discount rate model was examined by comparing it with estimates from 

three parametric and non-parametric estimation methods. The dependent variable in the original 

discount rate model used the upper and lower discount rate bound using all five elicitation 

questions. Other methods used the following dependent variables: (i) The upper and lower 

discount rate bound using only the first and second elicitation question (Q1Q2), (ii) Median of 

the upper and lower discount rate, assuming the maximum discount rate is 25% (R-Est25), and 

(iii) Discount rate implied by followup question that asked the maximum length of time the 

respondent is willing to wait for a payment amount (R-Followup). The sign of the discount rates 

factors were consistent throughout all methods tested (See Appendix 4.5, which suggested that 

the correlation between discount rates and their determinants was robust.  

A similar exercise was done for each behavioral model; I compared between using the estimates 

from the original discount rate model with estimates from the Q1Q2 model (See Appendix 4.6). 

Changes in statistical significance of parameters and magnitude of the coefficients were rare, and 

sign reversals were not observed.  

4.6. Discussion 

The discount rate was affected by age, gender, recent hardships and consumptive wealth. 

Women, older men, and those who faced recent household crises and were less wealthy had 

lower discount rates. The initial expectation is that this subpopulation would not invest in 

lowering their discount rates because they had lower wages and/or less expectation of future 

utilities. An alternative explanation is that the discount rate is dominated by the opportunity cost 

of time, as reflected by investment and income opportunities. However, their opportunity costs 

of time of women, older men, and the poor are different. Additionally, women’s the cost of time 

may be underestimated by rural wage rates because of other production activities that are not 

being captured by the labor market (e.g. cooking, house maintenance, child care). In the absence 

of perfect labor and credit markets, the discount rates are affected by the ability to learn from 

experiences and reflect on our future, and use patience to endure hardships in life. 
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The average estimated discount rate in the survey population was 9.6% per month This rate is 

extremely high compared rates used to conduct financial analyses in developing countries: the 

Asian Development Bank (ADB) uses 10% to 12% annual discount rates when conducting 

economic analyses of their development projects (ADB - Economic and Development Resource 

Center, 1997). However, this study estimates personal discount rate, which is typically higher 

than societal discount rates used for such types of cost-benefit analyses (See Jha, 1998, Section 

19.3). This rate is not high considering that the median interest rate for loans among 

respondents who could access them was 5% percent per month (Figure 4.4).  

 

Figure 4.4: Monthly loan interest rate 

Interest rates for households who had credit access 

The study used hypothetical monetary discount rates to explain observed health behaviors. This 

kind of cross-domain use of the discount rate has not been fully understood. I find that 

monetary discount rates effects on behavior were consistent with predictions from a conceptual 

model that did not discriminate between discount rate domains: it reduced the likelihood of 

water treatment and hand washing (conditional on health knowledge), and had a weak effect on 

the consumption of addictive substances (tobacco/alcohol). This may be a relief to many 

N=3796 
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practitioners who want to work in developing countries, where conducting field experiments 

using real payoffs is difficult.  

A caveat: The discount rate was elicited from respondent as a personal (not household) discount 

rate. Handwashing and water treatment referred to the respondent’s own behavior, but 

tobacco/alcohol behavior referred to the household’s consumption. Although vaccination also 

referred to a household’s decision, given that the sampling strategy was to target women of 

child-bearing age, it could be assumed that this was also personal behavior. In the case of 

tobacco/alcohol, which is primarily consumed by men, the weak link between discount rate and 

behavior may be due to using personal preference to predict the behavior of other members of 

the household.   

The discount rate was positively related to whether all children were vaccinated in the household 

This outcome should be treated with much caution. The discount rate was also positively related 

with handwashing, but this effect was reversed after the discount rate was interacted with the 

respondent’s knowledge about disease prevention: the discount rate did not affect behavior for 

those who did not know that diarrhea is preventable and caused by dirty water. For those who 

knew, they were more likely to handwash at lower discount rates. Unfortunately, there was no 

data about their knowledge of the benefits of vaccination, or their understanding of why 

vaccination helps reduce disease incidences, so the same statistical approach could not be 

exercised in the vaccination model. Discount rates were negatively related with water treatment 

in the initial model (without interaction terms), which suggests that the link between water 

treatment and disease prevention was more widely understood by the sample population.  

Reducing the cost of disease prevention, and improving the dissemination of information about 

the benefits of hand washing, vaccination and avoiding tobacco/alcohol has been consistently 

shown to promote these behaviors. Literacy was always promoted good health behavior, but 

female literacy in the household was especially important in reducing the consumption of 

tobacco/alcohol.  Proximity to health clinics consistently promoted good health behavior. 

Occupation of respondents was also important: housewives were the least likely to adopt these 

behaviors, compared to those who were farmers or worked off-farm.  
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Chapman (2005) suggested that time preference measures reflected an ability to forgo immediate 

gratification for hot behaviors such as smoking, but not to cold behaviors, such as vaccinations. 

This study shows the opposite, that similar measures also reflect time preferences for cold 

behaviors (e.g. water treatment and hand washing) if respondent’s awareness of benefits and 

costs are also taken into account. In this case study, the discount rate estimate was not a factor in 

determining cold and hot behavior (e.g. vaccination and alcohol/tobacco consumption). The lack 

of relationship was mainly due missing variables (knowledge of cost and benefits) and 

measurement error (no distinction between alcohol and tobacco use).  

4.7. Conclusion 

The average discount rate in the sample population was 9.6% per month, which is realistic 

considering that the median interest rates is 5% per month for those who have access to formal 

credit sources, and higher for those without access. This study supports the prevailing belief that 

the wealthy are more patient. It also found that socially disadvantaged status (women), older 

men and prior negative experience (household crisis) reduce the discount rate, which shows that 

low discount rates is also product of learning from hardships.  

The strength the discount rate’s influence on future-oriented behavior depends on how 

individuals perceive future benefits. If individuals have more information about the future 

consequences or benefits of a particular activity, they will base their decisions on their personal 

discount rates. This is evident water treatment and hand-washing behavior, where individuals 

who have better understanding of the way these behaviors directly affect health outcomes they 

care about were more likely to adopt them if their discount rates were low. Literacy levels, 

occupation (farmer, housewife, or other occupations) and the distance to nearest relevant 

facilities (e.g. clinics or water) were also important factors that influenced the household’s 

decisions to adopt basic health practices. These factors determine the perceived benefits and 

shadow price of the activity. 
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4.9.1. Appendix 4.1: Conceptual Model: Derivation of the First Order Conditions 

Utility function: 
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Incorporating the above constraints into the utility function, we derive the following Lagrangean 

function: 
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Simplifying notations, ( ) [ ]H
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H
0 TTET ∂∂=η . Assuming that wages are exogenous and constant 

across periods, Eq.A5 can be re-written as: 
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Looking at the Kuhn-Tucker condition in Eq.A1 and Eq.A2, since C0 and C1 are essential for 

survival, so that C0 >0 and C1>0, hence: 
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Substituting Eq.A7 into Eq.A6 and rearranging terms, we get 
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Substituting Eq.A8 into the second term in the bracket: 
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Substituting Eq.A3 and separating bracketed terms on the left hand side, and dividing by η(T0
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And group the ∂U0/∂X0 terms to the right hand side: 
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Rearranging terms and carrying over the Kuhn-Tucker condition in Eq.A5,we arrive at a first 

order condition where the marginal benefit of time in disease prevention behavior (left hand 

side) is set less than or equal to the marginal cost of disease prevention (right hand side). 
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Substitute simplifying notations back into their original form: 
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4.9.2. Appendix 4.2: Discount Rate Estimates across Sub-Populations 

Discount rates for the following subpopulations were estimated using three datasets and four 

estimation methods (used in the previous chapter), to determine how discount rates differ across 

traits. Discount rates from different methods and datasets (Consistent – All and Consistent – 

Q1Q2) will be contrasted, illustrated in Figures 7a, b, c and d. These methods and datasets were 

described in detail in the previous chapter. 

 Gender: Men have higher discount rates compared to women, across all methods and datasets. 

For both genders, the results from Turnbull, BE and Grouped MLE methods differ across 

datasets, but are similar when using Binary MLE. 
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Figure 4.5a: Discount rate estimates by Gender 
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Caste: Lower caste respondents have lower discount rates than other castes across all methods 

except Bounded Estimates. Middle and High caste respondents have very similar estimates 

across all methods. This result is rather surprising, since the lower caste are generally poorer, and 

wealth has been shown to reduce discount rates in empirical studies.  
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Figure 3.9b: Discount rate estimates by Caste 

Credit Access: Credit access has been theorized to reduce discount rates, but empirical evidence 

has been scarce due to lack of data. This study shows that people with credit access tend to have 

lower discount rates, although the differences are prominent only in a few methods: Binary MLE 

Q3 (Now vs. 3 mths), and Turnbull.  

Fertility: Fertility is a combination of gender and age. Women and Men achieve stages of fertility 

at different ages. The threshold ages for Increasing, Peak and Decreasing fertilities for Women 

are  less than 20 years old, 20 -34, and above 34, respectively. For men, these ages are less than 

24, 25-39 and above 39 years old.  Results lend support to the Natural Selection theory of time 

preference posed by Rogers (Rogers, 1994): people with Increasing fertility have the lowest 

discount rates, while those with Decreasing fertility have the highest discount rates. Theories on 

the relationship between age and time preference are abundant, yet empirical evidence that 

support it is lacking. These results suggest that age effects on time preference are gender-

dependent.  
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Figure 3.9c: Discount rate estimates by Credit Access 

Fertility
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Figure 3.9d: Discount rate estimates by Fertility Level 



 

173 

4.9.3. Appendix 4.3: Discount rate models 

4.9.3.1. Assume Normal Distribution 

 Model 1: Fertility Categories Model 2: Gender*Age
Parameters Complete Parsimonious Complete Parsimonious

 Estimate P-value Estimate P-value Estimate P-value Estimate P-value
Intercept 0.096 *** <.0001 0.096 *** <.0001 0.117 *** <.0001 0.114 *** <.0001
Female -0.009 *** 0.009 -0.009 *** 0.009 -0.030 *** 0.002 -0.030 *** 0.001
Age   -0.001 ** 0.016 -0.001 ** 0.018
Female*age  0.001 ** 0.016 0.001 ** 0.014
Fertility level  Increasing 0.002 0.652    
 Peak 0.000 0.962    
 Decreasing 0.000 .    
Can read newspaper -0.004 † 0.125 -0.003 0.157  
Can do household accounts 0.002 0.307 0.002 0.305   
Caste No info -0.010 *** 0.002 -0.008 *** 0.003 -0.010 *** 0.001 -0.008 *** 0.002
 Low -0.002 0.476 -0.002 0.494   
 Middle -0.003 0.279 -0.003 0.292   
 High 0.000 . 0.000 .   
Can access credit -0.002 0.259 -0.002 0.271   
Experience household crisis -0.006 ** 0.013 -0.007 *** 0.010 -0.006 ** 0.013 -0.007 *** 0.010
Household size 0.000 0.556 0.000 0.545   
Total household expenditure -0.006 0.407 -0.007 0.388   
Expenditure on staple foods -0.001 0.936 -0.001 0.904   
Productive wealth 0.000 0.748 0.000 0.778   
Home wealth -0.002 ** 0.043 -0.002 *** 0.006 -0.002 ** 0.045 -0.002 *** 0.007
Days in survey period 0.002 † 0.107 0.002 † 0.111 0.002 † 0.108 0.002 † 0.119
(Days in survey period)2 0.000 * 0.064 0.000 * 0.069 0.000 * 0.065 0.000 * 0.074
(Days in survey period)3 0.000 ** 0.029 0.000 ** 0.032 0.000 ** 0.030 0.000 ** 0.034

Observations 8239 8240 8239 8240
Psedo R-Squared 0.00877 0.00844 0.00905 0.00792
% Correctly 
predicted 

All 55.19 54.41 55.13 53.52
Not all SS 0.78 0.85 0.83 0.91

Discount Rate Mean 9.71% 9.71% 9.71% 9.58%
 Range 6.52%-12.67% 7.35%-12.59% 6.50%-13.10% 7.14%-12.71%

Significance level: ***=1%; **=5%; *=10%; † =15% 
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4.9.3.2. Assume Log Normal and Weibull Distributions (Fit Statistics and Discount Rate 

Estimates Only) 

 Model 1: Fertility Categories
Statistics Complete Parsimonious

 Weibull Lognormal Weibull Lognormal 
Pseudo R-squared 0.0097 0.0096 0.0092 0.0091
Observation: 8239 8239 8240 8240
% Correctly 
predicted 

All 7.65 3.03 6.67 2.86
Not always SS 0 0 0

Discount rate Mean 0.6925 0.9470 0.6802 0.9292
Median 0.5403 0.7361 0.5421 0.7358
Min 0.0383 0.0569 0.0624 0.0805
Max 7.1961 11.1340 7.2936 11.2358

 

 Model 2: Gender*Age
Statistics Complete Parsimonious

 Weibull Lognormal Weibull Lognormal 
Pseudo R-squared 0.0101 0.0100 0.0097 0.0095
Observation: 8239 8239 8240 8240
% Correctly 
predicted 

All 8.1 3.69 7.17 3.11
Not always SS 0.01 0 0 0

Discount rate Mean 0.7157 0.9745 0.7050 0.9578
Median 0.5335 0.7222 0.5341 0.7264
Min 0.0390 0.0551 0.0527 0.0765
Max 12.1825 17.3592 10.3372 15.4643
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4.9.4. Appendix 4.4: Behavioral Model, Reduced Form and Structural Models 

4.9.4.1. No Interaction Terms 
 Treat water Handwashing

Parameters Reduced Form Structural Reduced Form Structural
 Estimate P value Median P-value Estimate P-value Median P-value

Intercept 2.446 *** <.0001 4.241 *** 0.000 -3.271 0.844 -2.498 0.200
Estimated discount rate -24.120 *** 0.000  12.100 *** 0.002
Age -0.003 0.643 0.000 0.947
Caste: No info -0.082 0.369 -0.071 0.402
Experienced household crisis 0.086 0.218 0.163 ** 0.021
Female -0.511 * 0.100 0.124 0.661
Female*age 0.004 0.630 -0.004 0.552
Home wealth 0.300 *** <.0001 -0.029 0.308
Days in survey period -0.051 0.293 0.519 *** <.0001
(Days in survey period)2 0.007 ** 0.036 -0.037 *** <.0001
(Days in survey period)3 0.000 *** 0.005 0.001 *** <.0001
Knows dirty water causes diarrhea 0.209 *** 0.000 0.220 *** 0.000 0.135 ** 0.023 0.131 *** 0.002
Knows diarrhea is preventable 0.184 *** 0.001 0.196 *** 0.000 -0.103 * 0.065 -0.102 0.194
Gets water from improved sources -0.276 *** <.0001 -0.271 *** 0.000 0.341 *** <.0001 0.338 *** 0.000
Water quality -0.337 *** <.0001 -0.325 *** 0.000 -0.108 * 0.066 -0.125 0.198
Concerned about a disease 0.118 ** 0.025 0.136 *** 0.000 0.050 0.356 0.046 * 0.058
Can access credit 0.150 *** 0.009 0.196 *** 0.000 0.112 * 0.054 0.126 *** 0.002
Distance to clinic (mins.  walk) -0.002 *** 0.000 -0.003 *** 0.000 0.000 0.998 0.000 * 0.094
Distance to village ctr (mins. walk) -0.002 0.250 -0.002 0.160 0.001 0.430 0.001 ** 0.046
Can read newspaper, Female 0.574 *** 0.002 -0.036 0.820 -0.082 0.626 0.047 * 0.060
Car read newspaper, All -0.136 0.434 0.537 *** 0.000 0.118 0.461 0.023 * 0.084
Main occupation: Farmer -0.285 *** 0.001 -0.341 *** 0.000 0.111 0.155 0.095 *** 0.010
Man occupation: Housework -0.224 *** 0.007 -0.235 ** 0.020 0.010 0.898 -0.020 † 0.120
Household size -0.032 *** 0.003 -0.020 * 0.080 -0.002 0.821 -0.006 † 0.134
Monthly expense on staple food 0.354 † 0.105 0.414 * 0.060 -0.463 ** 0.035 -0.449 0.200
Productive wealth 0.024 0.379 0.055 ** 0.020 0.032 0.282 0.036 ** 0.016
Total monthly expenses 0.154 0.482 0.341 0.200 -0.002 0.993 0.001 * 0.100

Observation 9392
Pseudo R-squared 0.1289 0.1238 0.1854 0.1733

Significance level: ***=1%; **=5%; *=10%; † =15% 
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 Pan Vaccination

Parameters Reduced Form Structural Reduced Form Structural
 Estimate P-value Median P-value Estimate P-value Median P-value

Intercept -1.951 *** <.0001 -1.245 *** 0.000 -1.920 *** <.0001 3.109 *** 0.000
Estimated discount rate 1.498 0.720  12.770 ** 0.040
Age 0.010 * 0.095 0.010 * 0.094
Caste: No info -0.205 *** 0.009 -0.204 *** 0.009
Experienced household crisis 0.193 *** 0.002 0.188 *** 0.003
Female 0.404 † 0.118 0.408 † 0.115
Female*age -0.015 ** 0.019 -0.015 ** 0.018
Home wealth -0.151 *** <.0001 -0.151 *** <.0001
Days in survey period 0.135 *** 0.003 0.134 *** 0.004
(Days in survey period)2 -0.008 ** 0.013 -0.008 ** 0.013
(Days in survey period)3 0.000 * 0.059 0.000 * 0.058
Concerned about a disease -0.015 0.758 -0.022 0.620 -0.015 0.754 0.130 † 0.140
Thinks vaccine causes diarrhea  -0.084 * 0.076 0.046 0.700
Can access credit 0.116 ** 0.027 0.098 ** 0.040 0.117 ** 0.026 0.072 0.480
Distance to clinic (mins.  walk) 0.001 † 0.111 0.001 * 0.060 0.001 † 0.116 -0.003 *** 0.000
Distance to village ctr (mins. walk) 0.003 ** 0.017 0.004 *** 0.000 0.003 ** 0.016 0.001 0.600
Can read newspaper, Female -0.215 0.161 -0.264 ** 0.040 -0.213 0.166 -0.037 0.820
Car read newspaper, All -0.059 0.685 -0.054 0.560 -0.062 0.672 0.293 ** 0.020
Main occupation: Farmer 0.431 *** <.0001 0.451 *** 0.000 0.432 *** <.0001 0.006 0.960
Man occupation: Housework 0.080 *** <.0001 0.070 *** 0.000 0.080 *** <.0001 -0.259 *** 0.000
Household size 0.351 *** <.0001 0.345 *** 0.000 0.350 *** <.0001 0.050 0.680
Monthly expense on staple food 0.172 0.369 0.166 0.380 0.176 0.356 -0.573 0.180
Productive wealth 0.036 '+ 0.147 0.031 * 0.080 0.036 † 0.149 0.023 0.580
Total monthly expenses 0.429 ** 0.045 0.330 0.160 0.433 ** 0.043 -0.153 0.580

Observation 9764 9764
Pseudo R-squared 0.05603 0.04634 0.05627 0.07609

Significance level: ***=1%; **=5%; *=10%; †=15% 
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4.9.4.2. With Interaction Terms  

 Water treatment Handwashing
Parameters No Interaction Terms

(Initial Model) 
With Interaction 

Terms 
No Interaction Terms

(Initial Model) 
With Interaction 

Terms 
 Estimate P-value Estimate P-value Estimate P-value Estimate P-value

Intercept 4.241 *** 0 1.5054 ** 0.06 -2.498 0.20 1.688 ** 0.02
Estimated discount rate -24.12 *** 0 4.9067 0.58 12.100 *** 0.00 3.156641 0.68
Knows dirty water causes diarrhea*discount rate -29.2465 *** 0 -26.7178 ** 0.02
Knows diarrhea is preventable*discount rate -26.1092 *** 0 -26.7091 *** 0
Knows dirty water causes diarrhea 0.22 *** 0 3.0876 *** 0 0.131 *** 0.00 2.803 *** 0
Knows diarrhea is preventable 0.196 *** 0 2.6779 *** 0 -0.102 0.19 2.598 *** 0
Gets water from improved sources -0.271 *** 0 -0.2564 *** 0 0.338 *** 0.00 -0.27207 *** 0
Water quality -0.325 *** 0 -0.3188 *** 0 -0.125 0.20 -0.318 *** 0
Concerned about a disease 0.136 *** 0 0.1370 ** 0.02 0.046 * 0.06 0.134 *** 0
Can access credit 0.196 *** 0 0.2106 *** 0 0.126 *** 0.00 0.201 *** 0
Distance to clinic (mins.  walk) -0.003 *** 0 -0.0026 *** 0 0.000 * 0.09 -0.003 *** 0
Distance to village ctr (mins. walk) -0.002 0.16 -0.0018 0.28 0.001 ** 0.05 -0.002 0.28
Can read newspaper, Female -0.036 0.82 -0.0516 0.7 0.047 * 0.06 -0.04888 0.7
Car read newspaper, All 0.537 *** 0 0.54804 *** 0 0.023 * 0.08 0.546878 *** 0
Main occupation: Farmer -0.341 *** 0 -0.3397 *** 0 0.095 *** 0.01 -0.355 *** 0
Main occupation: Housework -0.02 * 0.08 -0.2384 *** 0 -0.006 † 0.13 -0.27307 ** 0.02
Household size -0.235 ** 0.02 -0.0194 * 0.06 -0.020 † 0.12 -0.01969 ** 0.02
Monthly expense on staple food 0.414 * 0.06 0.32706 † 0.14 -0.449 0.20 0.240774 0.16
Total monthly expenses 0.341 0.2 0.3782 * 0.06 0.001 * 0.10 0.405476 * 0.08
Productive wealth 0.055 ** 0.02 0.0611 ** 0.04 0.036 ** 0.02 0.057948 ** 0.02

Pseudo R-squared 0.1289 0.1149 0.17336 0.1142359
Significance level: ***=1%; **=5%; *=10%; †=15% 
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4.9.5. Appendix 4.5: Various Discount Rate Models 

The dependent variable of this model  are specified in four ways (i): The upper and lower discount rate bound using all five elicitation 

questions (Q-All), (ii) The upper and lower discount rate bound using only the first and second elicitation question (Q1Q2), (iii) Median 

of the upper and lower discount rate, assuming the maximum discount rate is 25% (R-Est25), and (iv) Discount rate implied by 

followup question that asked the maximum length of time the respondent is willing to wait for a payment amount (R-Followup).  

Parameters 
Original Model Q1Q2 R-Est25 R-followup

Estimate P-Value Estimate P-Value Estimate P-Value Estimate P-Value
Intercept 0.1155 *** <.0001 0.0881 *** <.0001 0.1433 *** <.0001 0.3308 *** <.0001
Female -0.0307 *** 0.0013 -0.0163 *** 0.0048 -0.0288 *** 0.0015 -0.0081 0.7563
Age -0.0006 ** 0.0177 -0.0003 ** 0.0338 -0.0005 ** 0.0179 -0.0010 † 0.1461
Female*Age 0.0006 ** 0.0130 0.0004 ** 0.0178 0.0006 ** 0.0135 0.0005 0.4998
Caste: no info -0.0085 *** 0.0023 -0.0089 *** <.0001 -0.0077 *** 0.0054 -0.0140 * 0.0933
Household experienced crisis -0.0066 *** 0.0098 -0.0051 *** 0.0013 -0.0063 ** 0.0130 -0.0283 *** <.0001
Homewealth -0.0024 *** 0.0067 -0.0007 0.1851 -0.0025 *** 0.0041 -0.0060 ** 0.0170
Interview day 0.0024 † 0.1131 0.0002 0.8201 0.0028 * 0.0582 0.0030 0.4648
(Interview day)2 -0.0002 * 0.0708 0.0000 0.5258 -0.0002 * 0.0508 -0.0002 0.4275
(Interview day)3 0.0000 ** 0.0325 0.0000 0.2778 0.0000 ** 0.0279 0.0000 0.3340

   
Observations  8240 8524 8239 6747
Adj/Pseudo R-sq  0.0087 0.01142 0.0063 0.0044
Discount rate Mean 9.71% 7.29% 13.01% 32.03%
 Min/max 7.19%-12.95% 5.61%-8.93% 10.47%-16.06% 23.57%-36.22%
Significance level: ***=1%; **=5%; *=10%; †=15% 
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4.9.6. Appendix 4.6: Regression Results of the Probability of Treating Household Water 

4.9.6.1. Water treatment and Handwashing 

 Water Treatment Hand Washing
Parameters Q-All Q1Q2 Q-All Q1Q2

 Estimate P-Value Estimate P-Value Estimate P-Value Estimate P-Value
Intercept 1.5958 * 0.0456 1.3105 0.1646 -4.2464 0.7988 -3.7575 0.8217
Estimated discount rate 2.7218 0.7238 7.2768 0.5558 29.5563 *** 0.0002 32.9027 *** 0.0081
Knows diarrhea is preventable 2.6336 *** 0.0009 2.2736 ** 0.021 -1.3676 * 0.0791 -1.1475 0.2076
Knows diarrhea is 
preventable*Discount rate 

-24.9974 *** 0.002 -28.2595 ** 0.0351 13.0559 † 0.1034 14.3304 0.2506

Knows dirty water causes diarrhea 2.849 *** 0.0003 2.4758 *** 0.0098 2.7658 *** 0.0007 3.0491 *** 0.0013
Knows dirty water causes 
diarrhea*Discount rate 

-26.6426 *** 0.001 -30.4449 ** 0.0192 -26.9016 *** 0.0011 -39.8645 *** 0.002

Main Occupation: Housework -0.2535 *** 0.002 -0.2437 *** 0.003 -0.00613 0.9387 -0.0107 0.8934
Main Occupation: Farmer -0.3459 *** <.0001 -0.3563 *** <.0001 0.0997 0.1932 0.111 † 0.1472
Household Size -0.0197 * 0.0688 -0.0175 † 0.1048 -0.00443 0.6822 -0.00561 0.6031
Can read newspaper 0.5509 *** <.0001 0.4304 *** 0.0004 0.0115 0.9209 0.0903 0.4232
Female*Can read newspaper -0.0627 0.6269 0.0822 0.5086 0.0596 0.6217 -0.0368 0.7516
Can access credit 0.1996 *** 0.0005 0.2114 *** 0.0002 0.1234 ** 0.0314 0.1157 ** 0.0432
Productive Wealth 0.0589 * 0.0602 0.0669 ** 0.035 0.034 0.2369 0.0302 0.2874
Total monthly expenses 0.2756 0.2287 0.3187 0.1703 0.0327 0.8847 0.0111 0.9603
Household expense on staples 0.3548 † 0.1054 0.3624 * 0.0951 -0.4444 ** 0.0381 -0.4423 ** 0.0387
Concerned with a disease 0.1355 *** 0.0097 0.1387 *** 0.008 0.0492 0.3631 0.0469 0.3858
Water quality -0.3154 *** <.0001 -0.3178 *** <.0001 -0.1197 ** 0.0405 -0.1163 ** 0.0467
Improved water source -0.2591 *** <.0001 -0.2488 *** <.0001 0.3403 *** <.0001 0.3299 *** <.0001
Distance to clinic (mins. walk) -0.00255 *** <.0001 -0.00263 *** <.0001 0.000019 0.9746 0.000069 0.9072
Distance to village ctr. (mins walk) -0.00179 0.2574 -0.00185 0.2405 0.00103 0.5039 0.00105 0.4982

  
Observations 9392 9392 9392 9392

Log Likelihood 0.12051 0.11828 0.17825 0.177512
Significance level: ***=1%; **=5%; *=10%; †=15% 
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4.9.6.2. Tobacco/Alcohol consumption and Vaccination 

 Tobacco/Alcohol Vaccination
Parameter Q-All Q1Q2 Q-All Q1Q2

 Estimate P-Value Estimate P-Value Estimate P-Value Estimate P-Value
Intercept -1.2558 *** 0.0015 -0.8718 ** 0.0455 3.0555 0.5145 3.194 0.4964
Estimated discount rate 1.2379 0.7496 -3.5763 0.5362 10.9745 * 0.0904 12.8659 0.1737
Main Occupation: Housework 0.3482 *** <.0001 0.3471 *** <.0001 0.0875 0.4678 0.084 0.4857
Main Occupation: Farmer 0.4522 *** <.0001 0.455 *** <.0001 0.031 0.7859 0.0342 0.7644
Household Size 0.071 *** <.0001 0.0706 *** <.0001 -0.2507 *** <.0001 -0.2516 *** <.0001
Can read newspaper -0.0474 0.6563 -0.0242 0.8159 0.2699 † 0.1497 0.3104 * 0.0908
Female*Can read newspaper -0.2636 ** 0.0176 -0.2924 *** 0.0064 -0.0325 0.8687 -0.0831 0.663
Can access credit 0.0937 * 0.0693 0.0916 * 0.0752 0.0808 0.3509 0.0764 0.3772
Productive Wealth 0.026 0.2465 0.0254 0.2567 0.0217 0.6286 0.0184 0.6762
Total monthly expenses 0.3454 * 0.0996 0.3383 † 0.1058 -0.1059 0.7141 -0.1133 0.6935
Household expense on staples 0.1955 0.3026 0.1954 0.3029 -0.6612 ** 0.0135 -0.6632 ** 0.0132
Concerned with a disease -0.021 0.6635 -0.022 0.6483 0.1045 0.1977 0.1033 0.2029
Thinks vaccines cause diarrhea 0.0333 0.6736 0.0333 0.6738
Distance to clinic (mins. walk) 0.000965 * 0.0694 0.000996 * 0.061 -0.0022 *** 0.0036 0.00219 *** 0.0038
Distance to village ctr. (mins walk) 0.0038 *** 0.0074 0.00379 *** 0.0074 0.000598 0.7683 0.000626 0.7579

  
Observations 9764 9764 9773 9773

Pseudo R-Squared 0.05007 0.050093 0.082772 0.082606
Significance level: ***=1%; **=5%; *=10%; †=15% 
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Chapter 5 : Discount Rates of  Limited Resource 

Woodland Owners in North Carolina and Virginia 
 

5.1. Introduction 

In this chapter, I estimated the discount rate of Limited Resource Woodland Owners (LRWOs) 

in eastern North Carolina and Virginia. LRWOs are family owners of woodland who operate 

under significant financial, social, natural and human capital constraints, and those who are 

traditionally underserved by public agencies. Some of these constraints are a result of historical 

discrimination and thus are correlated with race.  Others are a result of poverty or low 

educational attainment, or woodland characteristics such as size, tenureship, and location.  

This work was motivated by the very thin literature and general lack of understanding of this 

segment of woodland owners and of discount rates among woodland owners in general. One of 

the main barriers to quantitative research on LRWOs has been the lack of a sampling frame (See 

Crim et al.,  2003). Researchers commonly used referrals from public agencies, environmental 

organizations, or fellow landowners (e.g. Gan et al.,  2005; Crim et al.,  2003).  The resulting 

sampling frame was ideal for targeting minority, women, and other social groups, but was bias 

towards better-served landowners who were more likely to be identified by the referring 

institutions. Other studies have carefully selected their respondents based on woodland size but 

not the demographic characteristics of the landowner (e.g. Kendra,  2003).   

We address the challenge of sampling a population that has traditionally neither attracted nor 

sought attention from public agencies by narrowing our study area to counties with high percent 

minority owned and operated farms, census blocks in those counties with high poverty and low 

income and education, and individuals who own at least 5 acres of woodland and no more than 

100 acres total in the county. The resulting survey yielded a significantly higher proportion of 

minority and small woodland owners compared to past woodland owner surveys.  
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Our objective is to estimate the discount rate of LRWOs using data from a survey of 299 

woodland owners from six counties in eastern North Carolina (NC) and one county in eastern 

Virginia (VA). Our focus on small woodlands is also timely from a policy perspective, as there is 

growing concern about the generational turn-over of forest land and parcelization of forest (De 

Coster,  1998; Riitters et al.,  2002). In 2006, 95% of North Carolina’s family forest owners own 

less than 100 acres of woodland (Butler,  Forthcoming). This is the fastest growing land size 

class, and this trend will persist (Birch,  1996; Mehmood and Zhang,  2001; Yi et al.,  2007).  

Time preference is an essential component in decision-making about forest management 

because the costs and benefits are spread across different time periods. The discount rate, which 

is a measure of time preference, is a ubiquitous parameter in forestry economics, yet its 

magnitude is not well understood. While most professional foresters acknowledge that discount 

rates vary across individuals, in fact, management plans are usually designed, presented, and 

compared with some typical discount rate in mind.  Thus, it would be useful to have better 

estimates of the average discount rate and a better understanding of how it varies across 

landowners.  This chapter explores the methodological aspects of estimating the population 

discount rate, while the next chapter analyzes the determinants of the discount rate and, in turn, 

how the discount rate affects future-oriented behavior. 

There are only a handful of studies that estimated the discount rates of woodland owners in 

general, and none apply specifically to LRWOs. Discount rates of LRWOs may be significantly 

different from the general NIPF population because characteristics that define LRWOs, such as 

race, age, education and income, have been repeatedly shown to affect time preference 

(Lawrance,  1991; Coller and Williams,  1999; Poulos and Whittington,  2000; Harrison et al.,  

2002). Differences in forest management behavior between LRWOs and the general NIPF 

population have been attributed to economies of scale, access to information and preference for 

environmental amenities (Cubbage and Harris,  1986; Lidestav, 2000 #144; Wicker, 2002 #205; 

Gan, 2005 #100}). Time preference could be the missing variable that completes the picture.  

In much of the literature on forest management, the discount rate was set at the market rate of 

interest, which is assumed to capture the opportunity cost of capital. This is a good 
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approximation for industrial woodland owners, whose valuation of timberlands is determined by 

the opportunity cost of capital (Binkley et al.,  1996). Non-industrial private forest (NIPF) 

owners, on the other hand, value other goods that have thin or missing markets, such as non-

timber forest products, environmental amenities and bequest values. As a result, they make 

decisions based on their personal discount rates, which incorporates their time preferences and 

the opportunity cost of capital. Hence, time preference is one of the ways to explain the 

differences in behavior between NIPF and Industrial landowners.  

The personal discount rate is elicited using binary choice questions that involve different timber 

harvesting scenarios that trade off rotation length with timber payments. Each respondent 

answers two such questions, with a possibility of opting out. Four discount rate estimation 

methods were used, as outlined in the Introduction chapter: (i) Parametric: Binary MLE, 

Grouped MLE; (ii) Non-Parametric: Bounded Estimates (BE), Turnbull method. The effect of 

an ‘opt out’ option in the discount rate elicitation instrument is carefully considered, including 

evaluating whether it is equivalent to a non-response, and whether its exclusion in a standard 

multinomial logit model would violate the assumption of Independence of Irrelevant 

Alternatives (IIA). 

The structure of this chapter is as follows: Section 2 is a literature review on forest management 

and time preference among small NIPF owners; Section 3 describes the sampling and survey 

processes, and provides a summary of respondent characteristics; Section 4 outlines the discount 

rate estimation methods, given the characteristics of the dataset and the elicitation questions; 

Section 5 reviews the results, followed by discussion of results in Section 6; Section 7 concludes.  

5.2. Time Preference of Woodland Owners 

Traditional cash-flow analysis, as taught in forestry programs and practiced by forestry 

consultants, generally employs a measure of the discount rate that captures the opportunity cost 

of monetary investments. The rate is typically pegged the market rate of interest, and has little 

relationship with the investor’s innate time preferences . The approach is sufficient when timber 

is produced commercially, which has been the case in the US South (e.g. Porterfield and Moak,  
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1977). Due to economies of scale and the high upfront costs in timber production, commercial 

timber production is less suitable for small NIPF owners, especially those with limited  resources 

(Cubbage,  1982; Binkley et al.,  1996). These landowners put high value in non-marketable 

goods from their forests, which suggest that the discount rates used by NIPF landowners are not 

equal to the market rate of interest (Putz,  2000).  

There are three studies that measured the rate of time preference among woodland owners. Two 

studies (Kronrad and De Steiguer,  1983 and Bullard et al.,  2002) used hurdle rates, which is the 

rate of return desired for a particular investment scenario. A study by Prestemon and Wear 

(2000) deduced the discount rate by observing landowners’ decision to harvest timber within a 

6-year time interval (i.e. between two FIA47 surveys). 

Kronrad and de Steiguer (1983) surveyed 123 NIPF landowners in North Carolina about their 

present rate of return and the rate of return they desired from a 5 and 25-year investment. The 

average nominal hurdle rates were 13.2% and 15.1%, for a 5 and 25 year investment, 

respectively, indicating that landowners required higher hurdle rates for longer investment 

periods. They found that landowners with higher incomes demanded higher hurdle rates. A 

more recent study by Bullard et al.(2002) in Mississippi echoed these findings. They used a larger 

dataset of NIPF landowners (N=829), and also found that landowners command a higher 

hurdle rate of longer investment periods (8% and 13.1% nominal hurdle rate for a 5 and 25-year 

investment, respectively), and that income is positively correlated with hurdle rates.  

In contrast, empirical evidence in the time preference literature repeatedly found that the rate of 

time preference decreases with delay (Benzion et al.,  1989; Chapman and Elstein,  1995; Bickel et 

al.,  1999).  This difference can be attributed to the difference between rate of time preference 

and the hurdle rate: The rate of time preference excludes risk, uncertainty, whereas the hurdle 

rate is a measure of opportunity cost, which must include the costs of risk and uncertainty. 

Bullard et al. (2002) found that most respondents perceive forestry investments to be a relatively 

low-risk investment. However, the illiquidity of forest-based assets made them more vulnerable 

to the uncertainty of future timber markets as the length of investment increases, increasing the 

                                                 
47 FIA = Forest Inventory and Analysis; Data was collected in summer of 1983 and 1989 
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hurdle rates. In both hurdle rate studies, the income effect was attributed to better information. 

Higher income respondents were more likely to participate in a investment activities and more 

aware of the rates of return from other types of investment vehicles (e.g. stocks and bonds).  

Prestemon and Wear (2000) assumed that landowners only harvest when their expected returns 

from harvesting immediately were greater than the Net Present Value (NPV) of harvesting 

during the next period. The probability of harvesting between survey period 1 and 2 was a 

function of the value of pulp and saw timber at survey period t (VPulpt and VSawt), distance 

from the test plot to the road (Distance), and the stand volume at period 1 (Volume).  

Pr[Harvest]  = α0 + β1*VPulp1  + β 2*VSaw1+ β 3*VPulp2+ β 4*VSaw2 

                   + β 5*Distance + β 6*Distance2 + β 7*Volume1+ β 8*Volume1
2+ εt 

The following restrictions were applied, to conform to economic theory: β 1 = β 2 and β 3 = β 4 

(i.e. the marginal utility of money on harvesting decisions was the same regardless of whether it 

was derived from pulp or sawtimber sales). The estimated discount rate was equal to: r̂  =(- β 3/ 

β 1)1/t-1=(- β 4/ β 2)1/t-1; where t was the number of years that elapsed between surveys (t=6). 

Solving for the implied discount rates that best fitted the observed harvest behavior, they found 

that the average NIPF and Industrial discount rates were 18% and 2% respectively48. Note that 

the long-term hurdle rates found in previous studies were similar in scale to the NIPF discount 

rate in the Prestemon and Wear study. This ‘revealed preference’ approach has been used in the 

time preference literature to estimate the discount rate (Hausman,  1979; Agee and Crocker,  

1996). 

This result implies that industrial landowners have lower opportunity cost of capital (e.g. keeping 

the land in standing timber) than NIPF landowners. Timber is a long-term crop that will attract 

investors only if the returns justify the risks associated with long-term investments. The 

difference in discount rates may reflect – to some extent – the difference in aversion against risk 

and uncertainty, which was included in their estimates. Industrial landowners may have more 

                                                 
48 They analyzed three groups of woodland owners: NIPF, Industrial and Publicly-owned land. The analysis on 
publicly-owned lands did not reveal a statistically significant result. 
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means of spreading these factors compared to NIPF landowners. Alternatively, the discount 

rates of NIPF landowners would be lower than estimated if they foresaw future timber incomes 

increasing at a lower rate compared to industrial landowners (e.g. differences in production 

technology or access to markets). 

The three studies focused on larger, relatively well-informed landowners. Respondents in the 

Kronrad and de Steiguer study were attendees of a series of information meetings for NIPF 

landowners; 96% planned to practice forest management in the future and 42% owned more 

than 100 acres of land (up to a maximum of 1,100 acres)49. Bullard et al. only included 

landowners with at least 20 acres of uncultivated land who harvested timber in the last 5 years.  

In the Prestemon and Wear study, the minimum NIPF acreage is 842 acres50. These results may 

not be valid for small woodland owners who are not in this network of informed forest 

landowners.  

The National Woodland Owner Survey (NWOS), administered by the Forest Inventory and 

Analysis (FIA) in USDA Forest Service provides a useful benchmark for the ‘true’ population-

level statistics for LRWOs. Systematic sampling points were established throughout the U.S., 

and identified as forested/non-forested using remote sensing. Owners of forested points were 

contacted using public records. The survey cycle is every 5-10 years; each year, 10-20% of the 

full sample of woodland owners are contacted (Butler and Leatherberry,  2004). The survey 

collects demographic data from family-owned NIPF (Family Forests) that are relevant for this 

study, such as type of ownership (family forest vs. others), age, race, education, income, absentee 

status, harvesting experience, and experience in seeking technical assistance. The most recent 

publication for NC was derived from the 2006 results (Butler,  Forthcoming). Although the 

results do not identify LRWOs in the survey, the NWOS is useful because there is a large 

amount of overlap between Family Forest owners and LRWOs.   

                                                 
49 Based on Fig.2, p. 9, Kronrad and De Steiguer,  1983. 
50 Termed “Area expansion factor” by the authors. 
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5.3. Survey and Sampling Methods 

5.3.1. Sustainable Woodlands Project (SWP) 

This study was a research component of a larger education and outreach project known as the 

Sustainable Woodlands Project (SWP). The project’s goals were (i)  “to strengthen the capacities 

of limited-resource, traditionally under-served farm, and forest landholders to sustainably and 

profitably manage their forest resources”; and (ii) “to identify opportunities for and constraints 

on participation by these landholders in timber and alternative forest-products sectors” 

(Sustainable Woodlands Project,  ). The project was funded by the USDA Sustainable 

Agriculture Research and Education (SARE) program from 2003 to 200551. There were six study 

counties in North Carolina (Duplin, Halifax, Northampton, Robeson, Sampson and Warren) 

and one in Virginia (Brunswick) (See Figure 5.1).   

 

Figure 5.1: Study Counties 

These counties had high proportions of minority-owned or operated farms and woodland on 

farms (USDA-NASS,  2002). County-level data on woodland-owner characteristics for entire 

states were not available at the time of the survey. Data on farmlands, however, were more 

                                                 
51 SARE Grant number LS01-126 

North Carolina 

Virginia 
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widely available, and our intuition suggested that a large proportion of minority woodland 

owners were farmers. Clusters of counties with high proportions of African/Native-American 

operated farms and high percentage of land in farm were selected using the 2002 Agricultural 

Survey52. These resulting clusters were: (i) North: Northampton, Warren, Halifax (NC) and 

Brunswick (VA53), and (ii) South: Sampson, Robeson, and Duplin (NC). 

These counties were underdeveloped relative to state and national averages, as shown in 

Appendix 5.1 (US Census Bureau,  2004). They had a much higher percentage of adults without 

high school degrees (>30% compared to ~20% state and national averages). Household median 

incomes ranged from $26,500 to $32,000, much less than the NC/VA average 

($40,000/$47,000). Per capita income in study counties were $5,000-$8,000 less than state 

averages. About 16-24% of the population lived under the poverty line, compared to 12% in the 

US.  

These counties were also among the most diverse counties in their states. More than half of 

people who live in Brunswick, Halifax, Northampton, Robeson and Warren counties were 

African American or Native American, compared to only 20% of state (NC/VA) and 12% of 

national average. Sampson and Duplin counties had a lower percentage of African 

American/Native American populations (around 30%), but also the largest numbers of black-

operated farms among the study counties (USDA-NASS,  2002).  

5.3.2. Sampling Frame 

In the past, mailing lists and referrals from forestry professionals or community organizations 

were the only way to pre-screen minority/underserved woodland owner respondent (e.g. Gan et 

al.,  2003). Access to these sources is more restricted, and the resulting surveys tend to be biased 

towards larger, prominent landowners who are more likely to be served by public institutions.  

Our project aimed to sample the opposite characteristics: small, traditionally underserved 

landowners.  Two publicly-available datasets were used to identify and contact potential 

                                                 
52 USDA National Agriculture Statistics Services, 2002 
53 To be distinguished from Brunswick, NC 
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respondents: county tax rolls and US Decennial Census (2000).  We started with the list of all 

woodland owners (and not just those already in contact with public agencies) from the tax rolls, 

which generally report name and contact information for landowners, and at least the presence 

of woodland on the parcel.  To narrow down these lists, we identified parcels in areas of the 

county with limited resource characteristics.  In five of our study counties, we took advantage of 

newly digitized census and land parcel maps in five of our study counties and used GIS 

(Geographical Information System) to select census blocks within the counties.   

The sampling frame was constructed using the following steps: 

1. Choose census block groups that have high minority populations, low education attainment, 

and low median household income (or high percentage of households under the poverty 

line) relative to the county median. These areas are called Limited Resource blocks (LR 

blocks)54.  

2. Overlay parcel maps from the tax assessor’s office of each study county to identify 

individuals who own land in the census areas.  

3. Select individuals who own woodland parcels that are at least 5 acres and aggregate their 

woodland and landholdings in the county (i.e. if they have more than one land parcel). 

Landowners who own less than 100 acres of total land in the county and at least 5 acres of 

woodland were included in the sampling frame. 

Respondents were selected by the characteristics of the neighborhood where they own land.  We 

also considered sampling based on the characteristics of the landowner’s residence, but 

encountered the following challenges: (a) logistical problems (PO boxes), (b) more heterogeneity 

in urban blocks, (c) for absentee and especially heir property owners, the location of their farm is 

more likely to identify the target population.   

In two of the counties (Robeson and Sampson), we took advantage of the fact that parcel 

locations were coded by townships, and limited resource townships can be identified based on 
                                                 
54 See Appendix 5.9 for description of the algorithm used 
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overlapping census blocks. During the data collection phase, Sampson and Robeson counties 

did not have digitized parcel maps. Parcel location in these counties was coded by township. 

Township boundary maps were available from the USGS and were overlaid on the map of LR 

areas. Townships with more than 50% LR blocks became designated as LR townships. Thus, 

individuals who owned parcels in these LR townships could be identified from the parcel record. 

We could continue to step 3 to derive the sampling frame. 

Criteria for Limited Resource (LR) census block groups 

1. Were NOT in the top 20% of percentage of high school graduates in the county 

2. Had more people under the poverty line than the county median OR Median household 

incomes are lower than the county median OR Were in the lowest 20% of percentage of 

high school graduates in the county 

3. Had a higher proportion of non-white population than the county mean 

Note that the mean was used as a cutoff for the racial criteria (third criteria) because the median 

% minority population in Brunswick, Duplin, Northampton, and Warren census blocks was 

zero. Table 5.1 shows the cutoff points used in the above criteria.  

Table 5.1: Cutoff points used to select LRWO areas 

 Across Census Block Group Across Census 
Blocks 

Counties Median 
People under 

the poverty line 

Median
Annual Household 

Income 

% High school 
Graduate (Top - 

Bottom 20%) 

Mean % Non-
White Population

Brunswick (VA) 157 $31,250 51% - 25% 25% 
Duplin (NC) 222 $30,789 25% - 16% 27% 
Halifax (NC) 234 $27,161 24% - 15% 37% 
Northampton (NC) 178 $25,000 25% - 17% 32% 
Robeson (NC) 331 $28,561 22% - 12% 41% 
Sampson (NC) 228.5 $32,561 26% - 18% 28% 
Warren (NC) 230 $26,711 26% - 18% 29% 
 

A woodland owner was defined as the owner or co-owner of at least one land parcel with at least 

5 acres of woodland. A small woodland owner owns at most 100 acres of land, which includes 
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wooded and non-wooded land. The basis of these cutoffs is the economies of scale in timber 

production. In tracts larger than 100 acres, landowners can take advantage of the economies of 

scale in most timber production activities (Cubbage and Harris,  1986), making commercial 

timber production more viable. The probability of engaging in some types of forest management 

activities decrease dramatically among owners with less than 100 acres of forestland (Butler and 

Leatherberry,  2004). Costs of forest management (e.g. prescribed burning, hardwood planting, 

and mechanical site preparation) are higher in smaller tracts (Londo and Grebner,  2004). 

Harvesting costs increase rapidly in tracts that are 50 acres or smaller, and become prohibitive in 

10-20 acre parcels (Cubbage,  1982). To take these economies of scale into account, woodland 

acreage among respondents was stratified into two classes: 5-30acres (prohibitively high timber 

production costs), and above 30 acres. 

5.3.3. Survey Implementation 

Data were collected using mail surveys conducted in July-August 2004, following the standard 

Dilman (2000) procedure. The survey instrument was pretested by woodland owners, forestry 

faculty at NCSU, and forestry extension agents to ensure that forestry concepts are accurate, the 

questions are sensible, and the resulting data was reliable. During pretesting, low response rates 

were a concern because our sampling frame was based on individuals who rarely reply to 

surveys. To improve response rates, we included a $1 bill in the survey package as a token of 

commitment and trust to the landowners that receive the package, and to pique their interest. 

The dollar bill had a visible impact on landowners, because a few landowners who did not fill 

the survey returned the dollar bill, while others who filled the survey thanked us for it.  

Information about the survey was provided in local newsletters a month before the survey took 

place. Landowners who were selected for the survey were sent postcards to inform them they 

are requested to participate. A survey packet was sent which included a cover letter, survey 

booklet, request for survey results, pre-addressed postage paid envelope, and little gifts (e.g. a 

refrigerator magnet, $1 bill, mini CD-ROM). A month afterwards, landowners who have not 

replied were sent follow-up postcard reminders.  
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The survey consisted of 55 questions about forestland size and attributes, tenureship 

arrangement, forest management activities and objectives, heirs’ participation in forest 

management, preference for information sources, future land use plans, socioeconomic 

characteristics, and time preference. The first question in the survey determines if the 

respondent was eligible to participate, i.e. they owned woodland in any of the study counties. 

The survey used at least 14-sized fonts, wide spacing, simple question formats and landowner-

friendly language to accommodate landowners with limited formal education and forestry 

knowledge. Respondents were instructed to return the survey booklets in a self-addressed, 

stamped envelope that was included in the survey package.  

175 survey packets were mailed to each study county, with the exception of Halifax, which 

received 129 packets because no more suitable respondents could be identified. A total of 1179 

survey packets were mailed in July 2004, of which 84 were rejected due to address mistakes; four 

of the 303 respondents no longer owned woodlands and were excluded. The resulting response 

rate was 27%, which varied by county (See Appendix 5.2). Sampson had the highest response 

rate (33%), while Halifax had the lowest (19%).  

5.4. Discount Rate Estimation 

There were two approaches used in the time preference literature to estimate the discount rates 

(i) Stated Preference methods, where surveys asked respondents to state their preferences (e.g. 

Kronrad and De Steiguer,  1983; Bullard et al.,  2002); and (ii) Revealed Preference methods, 

where preferences are deduced from the choices made in the market place. Observed behavior 

lends greater credibility to estimates since it is based on choices made in real life. However, 

choices made in real life are limited by what the person can possibly encounter in the market 

(Swait et al.,  1986). There is a high degree of collinearity between the decisionmaker’s 

characteristics and the menu of choices that are available to them. For example, low-income 

woodland owners would not be choosing from the same menu of woodland management 

options that are available to high-income woodland owners. Since income also affects time 

preference, observed behaviors masks the true extent of the effect of income or time preference 

on decisions. Because of this specific problem, this study used the Stated Preference method to 
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draw out/elicit individual discount rates, by presenting all respondents with the same  

hypothetical choice scenario. The questions were pretested to ensure that it was not burdensome 

given the advanced age and low literacy of many respondents. 

5.4.1. Discount rate elicitation 

Respondents were asked to choose between two timber harvest income scenarios, which had 

different rotation lengths and payoff (net returns) amounts. Time preference was elicited 

through two intertemporal trade-off questions involving streams of payments with different 

frequency and amount, resulting from either clear-cut or partial-cut timber harvests (See 

Appendix 5.3 for the questions used in the mail survey). 

The most common approach discount rate elicitation method in Stated Preference studies is to 

ask respondents to choose between a Smaller Sooner (SS) versus Larger Later (LL) payments, 

where choosing SS implies higher discount rates:  

1. Large (upfront) and Seldom (LS) payment: Clear cut with large payments received now and 

every 32 years 

2. Small (upfront) and Frequent (SF) payment: Partial cut with small payments received now 

and every 8 years.   

The survey provided price certainty, although there were no explicit guarantees against natural 

disasters, death, and other risks that may reduce the value of timber in the future. Hence, 

landowners may not exclude risk from their decision. To reduce the effect of risk aversion, both 

options offered a certain upfront payment, so that both options could be considered regardless 

of risks associated with death or disasters. The LS option, for example, could be attractive for 

older landowners since it always gives them a larger upfront payment than the SF option. If the 

upfront payment was not offered, elderly landowners will have little incentive to choose the LS 

option. 

The dollar values of payments were selected such that the present value of the LS option was 

lower than the present value of SF at low discount rates, but higher at high discount rates. These 
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payments were denoted as PLS and PSF respectively. Respondents could choose to opt out by 

choosing ‘Neither’. There is an implied discount rate (ρ) that sets the net present value (NPV) of 

both choices equal to each other. Respondents who chose LS imply that their discount rate (r) is 

higher than the implied discount rate (r>ρ). Alternatively, they chose SF when their discount rate 

is lower than the implied rate (r<ρ). The probability of being exactly equal to the implied rate is 

negligible. The amounts of payments and implied discount rate values are presented in Appendix 

5.4. 

In general, the implied rate in the first question (ρ 1) was less than or equal to the rate in the 

second questions (ρ 2). Consistent with notations from previous chapters, note that ρ 1 = ρ Low -

and ρ 2 = ρHigh. The implicit discount rate was determined by solving for ρ in the following 

equation: 
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Eq. 5.1 

Where tLS and tSF corresponds to rotation length of option LS (32 years) and SF (8 years), ρ q is 

the implicit discount rate for question q =1,2. The range of implied discount rates in the first 

and second question were from -3.1% to 20.0%, and 7.6% to 22.3% per year respectively. 

Across the two questions, there were 51 different combinations of implied discount rates found 

in the dataset.  

Respondents could (i) Switch between options LS and SF; (ii) Choose one option (LS or SF) 

throughout the sequence, or (iii) Choose opt out in one or both questions. Those who switched 

from choosing LS in the first question (r>ρLow) to SF in the second question (r ≤ ρHigh) provided 

an upper and lower bound for their discount rate, which is ideal for some estimation methods, 

but not necessary for others. The opposite choice behavior is inconsistent because the discount 

rate has no defined range. There were only seven inconsistent responses in the dataset, which 

were excluded from further analyses. Respondents who always chose one option, or chose to 

opt out in one question provide only an upper or lower bound. These choice behaviors are 

summarized in Figure 5.2.  



 

195 

 

 

 

 

 

 

 

 

Figure 5.2: Choice behavior for time preference elicitation questions 

Most respondents chose the same option (LS or SF) in both questions, resulting in single-

bounded estimates (r>ρHigh or r ≤ ρLow). 11.7% of respondents chose LS or SF in one question 

and either opt-out or no answer in the other question, which also results in a single-bounded 

estimate. The opt out choice is used in stated preference methods to enhance task realism by 

making the set of alternatives more akin to the typical marketplace decision problem, where 

people regularly do not choose any options that are presented to them (Carson et al.,  1994). It 

also avoids noise from people that would resort to simple heuristics (e.g. always choose A) if the 

opt-out option was not available.  

There were two interpretations of the opt-out response: (i) Non-response: “Neither” substituted 

for ‘I don’t know’. This implies that the respondent could not decide due to insufficient 

information (Dhar,  1996). In this case, it was sufficient to use a simple conditional logit model 

and remove respondents who opted out, because the IIA assumption is still valid. In other 

words, if the opt-out option was not available, these respondents would randomly choose 

between LS or SF, or left the answer blank; (ii) Inadequate prices: the hypothetical prices used in 

the questions in both options were less than the respondents’ reservation prices for harvesting 

Unbounded 
responses 

No response  

Bounded response

Always chose 
one option 

Mixed: LS, SF, 
or Opt-
out/Blank 

LS              45 (15.1%)

SF              133(44.5%)

LS-SF                30 (10.0%)

SF-LS                  7 (2.3%)

Choice 
Behavior 

Inconsistent 

Opt-out      35 (11.7%) 

LS/SF, Opt out 22 (7.4%) Unbounded responses 

Blank          10 (3.3%) 

LS/SF, Blank    13 (4.3%)

Optout, Blank     4 (1.3%)

Unbounded responses 

No response 
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(Vokoun et al.,  2006). Both options were inferior to some other option that the respondent 

believed would be available (such as not harvesting timber and deriving utility solely from non-

timber goods and services), and hence respondents preferred neither of them. A nested logit 

model must be used to allow for the fact that the Independence of Irrelevant Alternatives (IIA) 

assumption is violated, i.e. the odds of someone choosing LS over SF is influenced by whether 

the opt-out option exists.  

If opt out was equal to non-response, respondents would opt-out because they did not have 

enough information to make a decision.  This could be proxied by the frequency that 

respondents received offers from timber buyers, and education level. If opt out was due to low 

prices, people who highly valued their standing timber for its non-timber products would be 

more likely to opt out. This could be proxied by whether the respondent felt that protection of 

nature was a very important reason for woodland ownership. Alternatively, respondents with 

past experience in timber sales/harvesting have revealed that their reservation price was within 

the range offered in the market, is expected to be less likely to opt out. Note that importance of 

nature protection was uncorrelated with past timber harvest or frequency of offers from timber 

buyers.  

Let us focus on the opt-out decision in the first question because about 85% of people who 

opted out in the second question also opted out in the first question. Using a logistic regression 

model, the probability of opting out was lower among respondents who were better-educated 

and received frequent offers from timber buyers, supporting the notion that well-informed 

respondents were less likely to opt out (See Appendix 5.5). However, those who viewed timber 

income as a very important reason for woodland ownership were less likely to opt out, and those 

who felt that protecting nature was a very important reason for owning woodlands were more 

likely to opt out. Both interpretations of opt out were supported, leading to an ambiguous 

conclusion. Some of the variables used to signal the different interpretations of opt out were 

potentially correlated. 

Only 37% of respondents had not harvested timber in the last 10 years nor received many offers 

from timber buyers. Yet, they comprised 60% of those who opted out at least once and 90% of 
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those who opted out on both questions. Harvest and timber offers increased the landowner’s 

awareness of timber value per acre, and were uncorrelated in the sample. Landowners who were 

solicited by timber buyers, or have harvested timber would be better able to make a decision 

given the timber prices suggested in the elicitation questions. Thus, the decision to opt-out may 

be related with access to market information, because those who were less likely to opt out were 

also better informed. These results suggest that the opt-out response was a substitute for ‘I don’t 

know’, rather than an indicator of dissatisfaction with the prices presented in the trade-off 

questions. In conclusion, opt-out responses can be treated as a non-response or missing data. 

It was critical that respondents understand the tradeoff task. There were several promising signs 

that this was the case: (i) relatively high education level of respondents: only 11 respondents did 

not have at least a high school education; (ii) Consistency: only 2.7% of respondents gave 

inconsistent answers to the two questions; (iii) Self-Paced: respondents were not likely to be 

fatigued because they can pace their responses, and the question was only repeated twice; (iv) 

Most respondents chose the SF (Smaller Frequent) payments. If respondents did not believe the 

intertemporal scenarios were plausible, they would have chosen the LS (Larger Seldom) option 

that offered a larger upfront payment.  

5.4.2. Estimation methods 

The four methods used to estimate the discount rate were: (i) Bounded Estimates; (ii) Turnbull 

method; (iii) Binary Maximum Likelihood Estimation (Binary MLE); and (iv) Grouped MLE. 

Bounded Estimates and Turnbull methods are non-parametric, while Binary and Grouped MLE 

are parametric.  Each method was discussed in detail in Chapter 1.  Adaptation of the methods 

to the particularities of this dataset is elaborated in this section. Respondents who did not 

choose LS or SF at least once (49 or 16% of respondents) were excluded from all estimation 

methods, resulting in 250 valid responses. Additionally, those who answered inconsistently (7 or 

2% or respondents) were excluded from the Bounded Estimates and the Grouped MLE 

methods. Note that all methods assumed constant exponential discounting. The advantage of 

the parametric methods is that they can use single-bounded discount rate ranges to estimate the 

population discount rate, which comprise nearly 60% of the responses.  
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Distributional assumptions, methods of treating missing variables, and methods of setting upper 

and lower discount rate limits are examples of parameters that can influence estimates, yet there 

is very little guidance in the literature about choosing among these options. In this study, a range 

of parameters were considered to understand their impact on the population discount rate 

estimate. To determine the method and distributional assumption that are better in 

characterizing the dataset, the estimated rates were cross-referenced with the observed discount 

rate ranges that respondents revealed in the survey. The ‘superior’ method was the method that 

produced a mean estimate that was within the largest proportion of observed discount rate 

ranges in the survey55.   

5.4.2.1. Bounded Estimates56  

Respondents revealed an upper or lower bound on their discount rate by choosing LS or SF in 

at least one of the two elicitation questions. Only a small proportion of respondents revealed 

both bounds (i.e. those that chose LS in question 1 and SF in question 2). The majority (89.4%) 

only revealed the upper OR lower bound (single-bounded), because respondents chose the same 

option in both questions, opted out once, or did not respond once. In this method, the discount 

rate estimate was the middle point between the upper and lower bounds. The following methods 

were used to set the missing bound for the majority of respondents who only revealed a lower 

(ρMin) or upper (ρMax) bound: 

1. Survey-based: if bounded from above, set ρMax = ρLow; if bounded from below, set ρMin = 

ρHigh, where ρMax and ρMin are the ceiling and floor rates, and ρLow and ρHigh are the lowest and 

highest implied rates in the question sequence. Since the implied rate in the first question is 

always less than or equal to the rate in the second question, it is equal to setting ρMin = ρ1 and 

ρMax= ρ2. 

2. Literature review: set ρMax = 50.4%/year, based on the upper bound of the 95% confidence 

interval for discount rate estimates from the Coastal Plains of North Carolina (Prestemon 

                                                 
55 SAS code in Appendix 5.11. 
56 SAS codes for these procedures are in Appendix 5.11. 
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and Wear 2000)57 . This study was the only available discount rate estimate for NIPFs in 

North Carolina, based on observed landowners’ choice to harvest between two survey 

periods. The assumption that discount rates are non-negative is widely accepted by 

economists (e.g.  Fischer 2001) allowing us to set ρMin = 0.  

The marginal effect of ρMax was used to measure the sensitivity of the average discount rate ( r̂ ) 

to ρMax. It was calculated by incrementally increasing ρMax for responses that do not have an 

upper bound, while setting ρMin=0 for those without a lower bound.  

5.4.2.2. Turnbull58 

In this method, the proportion of respondents that chose the LS option (γ) was mapped against 

the corresponding implied discount rate (ρ) (See  

Appendix 5.6). The area under this response curve is the average discount rate r̂ , which is the 

estimate from this method. Since each respondent was asked two questions and each response is 

treated as a separate observation, there were 449 observations after excluding non-response. It is 

assumed that γ =100% when ρ0=0% (γ0=100%) i.e. everyone will choose the option that had the 

larger upfront payment when the alternative (Smaller Frequent) option provides no 

compensation for waiting. If ρ1 to ρP were the smallest to largest implied discount rates, ideally γP 

= 0% and γ1 to γP follows a smooth, monotonically decreasing trend. The observed curve was 

generally downward-sloping but very spiky, and resulted in higher variance in the estimated 

discount rate. Sixteen implied discount rates were paired differently across the two questions, 

which may have caused spikiness of the γ (ρ) curve because responses may be monotonically 

decreasing within a respondent, but not across respondents.  
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 Eq. 5.2 

                                                 
57 Implied rates used in the survey were not based on the Prestemon and Wear study. 
58 SAS codes for these procedures are in Appendix 5.11. 
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The γ ranged from 100% at ρ1 (the lowest implied rate in the survey = -0.3%) and 19% at ρK 

(the highest implied rate in the survey = 22%). This observed γ range (i.e. from 100% to 19%) 

was relatively large59, which is advantageous in producing accurate results.  

ρMax is an unobserved discount rate where no one will choose LS (γ =0%), and was determined 

using the following methods. 

1. Fitting a trend line to the γ (ρ) curve. Linear, quadratic and cubic forms were tested. The 

form that provides the best fit (measured by their R2) is used. 

2. Linearly extrapolating the ρMax based on the last two points in the γ(ρ) curve. This method 

was used in Kriström (1990). 

3. Setting ρMax equal to the Prestemon & Wear (2000) upper bound estimate (50.4%). This is set 

equal to the upper bound of the 95% confidence interval for NIPF discount rate estimates60.  

Sensitivity to ρMax was measured by the marginal effect of ρMax on r̂ , which is simply γK/2. 

Hence, a 1 percentage point increased in ρMax would increase r̂  by 0.085 percentage points.  

5.4.2.3. Binary MLE61 

In choosing the option that provided the greatest utility (SF vs. LS), respondents must take into 

account two parameters: amount of payment and rotation length. We can derive the discount 

rate by assuming that individuals maximize utility by setting equal the marginal utility of the two 

options, as illustrated in Eq. 5.3.   

                                                 
59 Compared to e.g. Kriström,  1990: 85%-11% and Boman and Bostedt,  1999 (cited in Boman et al.,  1999): 72% - 
6% 
60 I thank Jeff Prestemon for providing the 95% confidence interval from the original dataset.  
61 SAS codes for these procedures are in Appendix 5.11. 
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Eq. 5.3 

 

Since the present value was assessed using the personal discount rate, it could be deduced from 

solving for the marginal utility of money, which are βLS and βSF in the following equation that 

describes the utility difference between the LS and SF options. 

q,j,SFq,j,LSq,j,SFSFq,j,LSLSq,j,SFq,j,LSq,j PPUΔ εεββαα −+⋅−⋅+−=  Eq. 5.4

Subscripts j indexes respondents, while subscript q indexes question number (1, 2). Each 

respondent could provide at most two observations. The Binary MLE refers to the fact that Eq. 

5.4 involves a Binary choice, and is solved using Maximum Likelihood Estimation. Eq. 5.4 is 

approximated using the following equation:  

jq,j,SFSFq,j,LSLSq,j PP εββαη +⋅−⋅+=  Eq. 5.5 

Where ηi  = 1 if respondent j chose LS, and 0 if she chose SF. The intercept α can be interpreted 

as the difference in utility derived from LS and SF (αLS-αSF) holding all else equal. A positive α 

indicates that respondents in general favor LS, regardless of prices. ‘Uncertain’ or missing 

responses are discarded from the analysis. If respondents made thoughtful decisions and 

behaved rationally the probability of choosing LS increases with PLS and decreases with PSF, i.e. 

βLS > 0 and βSF < 0. In Eq. 5.5, each person generates two datapoints. The resulting number of 

observations is the same as the Turnbull method (N=449).  

Following Eq. 5.3, the discount rate was estimated by solving for r  
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Eq. 5.6 

Where βLS and βSF uses estimates from Eq. 5.5. 

The probit and logit link functions are widely used to connect the linearly estimated η with µ 

(the probability of choosing LS). In the probit function, η is the inverse of the cumulative 

normal distribution function: ( ) ημ =Φ−1
. The logit function uses ( )( ) ημμ =−1ln . In general, 

the ratio of βLS and βSF used to estimate the discount rate will be similar, regardless of the choice 

of link functions (See Greene,  2002, p. 817). This study will estimate the discount rate using 

both functions. 

One implication of Eq. 5.6 is that the ratio of PLS and PSF determines the discount rates. If the 

ratio was constant, the levels of PLS and PSF should not affect the respondent’s choice, i.e. there is 

no magnitude effect. A few questionnaire versions had different price levels with the same price 

ratio (and therefore the same implied discount rate).  This provides a test of whether 

respondents are affected by the price level in addition to the implied discount rate.  Ten out of 

thirteen responses always chose the same option (SF), indicating that most were not affected by 

price level, as suggested by theory62. 

5.4.2.4. Grouped MLE63 

The main disadvantage of non-parametric methods is their sensitivity to the lower and upper 

threshold levels (ρMin and ρMax). These thresholds were constructed based on data trends, rules, or 

results of past studies. In the Grouped MLE methods, the dependent variable is the range of 

discount rates observed through the survey. If the respondent does not reveal her upper/lower 

                                                 
62 Two respondents switched from ‘Neither’ to LS or FS, while one switched from LS to SF. If respondents used a 
reservation price, they would have chosen LS or FS then chose neither, because the price levels of their second 
question are lower than the first. The respondent who switched from LS to SF had higher prices in the second 
question. It suggests that a reservation price was used in the decision-making and the IIA assumption may be 
invalidated, but due to the small sample size, this possibility could not be further investigated. Appendix 5.10 
explores methods to test IIA validity and correct the Binary MLE method if IIA is not valid. 
63 SAS codes for this method is in Appendix 5.11. 
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bound, it is treated as censored data; the assumed distribution of the discount rate in the 

population determines the thresholds (Cameron and Huppert, 1989).  

The following function will produce the mean discount rate of the population: 

[ ] jHighLow r,rPr εα ++=  

Where α is the intercept. The estimate of α is the mean discount rate which will be uniform 

across all respondents, and εj is the error term for individual j. We run the above model, 

assuming a Normal and LogNormal distribution for ε. The dataset is bootstrapped 1,000 times 

to estimate the mean and confidence interval of the intercept. The estimated mean was the 

median of the 1,000 bootstrapped results, while the 95% confidence interval was estimated by 

the lowest and highest 2.5% of the bootstrapped results.  

Each respondent provides only one datapoint, bringing the total number of observations 

analyzed in this method to 279. The sample size may be large enough to warrant the assumption 

of a normal distribution. However, the log-normal distribution was also employed because it 

better suits the assumption that discount rates are non-negative. Respondents who had missing 

upper bounds (e.g. always chose LS) would have a missing rHigh, and would be left blank. While 

there is little guidance about the possible values of rHigh, it is commonly assumed in the literature 

that discount rates are positive, implying that ρMin =0. In this chapter, two methods were used to 

handle missing lower bounds: (i) leave rLow blank; (ii) replace rLow with zero. 

5.5. Results 

5.5.1. Landownership and Respondent Characteristics 

5.5.1.1. Landownership characteristics 

Our sampling frame targeted landowners with at least 5 acres of woodland and no more than 

100 acres of total land. The percentage of woodland owners with 100 acres of woodland or less 

in this survey (85%) was lower than the figure for North Carolina in the 2006 National 
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Woodland Owner Survey (95%) (Butler,  Forthcoming), but higher than other NIPF studies in 

US South (e.g. Virginia: 55% (Hodge and Southard,  1992), Alabama: 78% (Bliss et al.,  199764). 

Efforts to over-sample small landowners were reasonably successful because more than half of 

our respondents owned 30 acres or less of woodland. Despite the 100-acre maximum acreage 

limit in our sampling frame, 43 respondents (14%) owned more than 100 acres of woodland, 

and 29% owned more than 100 acres of total land (See Figure 5.3).  

Figure 5.3:  Woodland ownership distribution among respondents 

Top: Woodland acreage distribution; Bottom: Parcel ownership distribution. 

Seventeen (6%) respondents owned woodlands that were registered in the tax rolls as heir 

property. The real figures may be higher; according to our survey results, a larger proportion of 

respondents (17%) owned woodlands they inherited and jointly own with family members, 

which were indications of heir property. Eleven respondents (4%) established living 

trusts/estates, which minimizes the problems related to intergenerational land transfers. The 

2006 NWOS found that joint ownership, especially with a spouse, was the most common form 

of family forest ownership in the US South (Butler,  Forthcoming). The majority of respondents 

(60%) received woodlands through inheritance. Among those who inherited woodlands, 42% 

were absentee landowners. This was higher than the proportion of absentee owners among 

those who acquired their woodlands through other means (23%).  

                                                 
64 Imputed from Table 1, Bliss et al.,  1997. 
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After cross-referencing survey response with tax records, there was evidence that respondents’ 

perceived tenureship differed from registered tenureship. Respondents were more likely to 

regard woodlands as jointly-owned, regardless of the actual tenureship status. According to tax 

records, 45% of woodlands owned by landowners with only one parcel of land65 were 

individually owned, and 51% were jointly owned66. However, 38% of respondents who have 

individually-owned parcels claim they jointly own it, compared to only 10% of jointly-owned 

parcels who claim individual ownership (Shaded in Table 5.2).  

Table 5.2:  Comparison between woodland tenureship in tax records and survey 

response among respondents who own one parcel of woodland. 

Tax Records 

Survey Response 

Total Own Joint 
Own 39    (62%) 24      (38%) 63 
Joint 7      (10%) 65      (90%) 72 
Total 46 89 135 

Note: Shaded areas highlight the discrepancies between woodland tenureship in tax record versus survey response 
 

The cross-referencing process may be flawed, which may lead to measurement errors (i.e. 

landowners were referring to a different parcel of woodland than the one I referenced). 

However, this error was presumably random, and does not explain why more individually-

owned woodlands were claimed as jointly owned compared to the opposite. In terms of forest 

management, perception of tenureship was more important than actual tenureship. However, it 

pointed to a disturbing possibility that owners of land that was registered as individually-owned 

will assume their spouse/family will automatically own the land upon the respondent’s death. 

Without a written will, such assumption will lead to heir property that will impede future 

generations’ ability to manage the forest. 

                                                 
65 More than half (52%) of respondents stated that they own only one parcel of woodland in the study counties (See 
Figure 5.3 for distribution of parcel ownership). I analyzed land tenure among these landowners to ensure that they 
are referring to the same parcel of land found in the tax rolls. These figures excluded non-response. 
66 Jointly-owned parcels are parcels that were registered under more than one name, or heir property. The remaining 
4% were estates and trusts, which can be either jointly or individually owned.  These figures exclude non-response.  
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5.5.1.2. Respondent Characteristics 

Table 5.3 summarizes the characteristics of respondents of this survey. Descriptive statistics by 

county can be found in Appendix 5.7. Weighted results were based on the NWOS woodland 

acreage67. Respondents in our survey were more diverse in terms of race and gender, had lower 

education attainment, and had lower income levels (after weighting) compared with the NWOS 

survey respondents. The most significant difference was the racial composition of the dataset: 

Almost 36% of respondents were not white, compared to almost none in the NWOS survey. 

These results confirm that the strategies used to target limited resource and traditionally 

underserved respondents were successful at gaining more female, minority and small woodland 

owner respondents.  

Table 5.3: Descriptive Statistics 

 
Characteristics 

Sustainable Woodlands Survey
(N=299) 

NWOS 2006, NC 
(N=321) 

 Unweighted Weighted Weighted
Woodland Acreage*  
≤30 acres 51.2% 88.4% 88.4% 30.1 – 50 acres 16.3%
50.1-100 acres 16.1% 6.4% 6.4% 
>100 14.3% 5.2% 5.2% 
Race  
Non-White** 28.8% 34.81% 0.94% 
White 65.2% 65.19% 99.06% 
Gender  
Female 35.8% 39.39% 26.53% 
Male 64.2% 60.61% 73.47% 
Annual pre-tax HH Income (2004 dollars)  
≤$45,000 29.8% 39.63% 33.92%† 
>$45,000 69.5% 60.37% 66.08%† 
Education Attainment  
Up to High school degree  27.8% 29.59% 46.33% 
More than high school  66.6% 70.41% 53.67% 
Median/Ave. Age (yrs) *** 64/63.13 (13.04) 63/62.47 (13.40) 55-64††  
Ave. Woodland Holdings (ac)*** 30/74.7 (167.5) 22/34.50 (48.90) 1-9 ac †† 
Median/Ave. Total Land Holdings (ac)*** 48/160.9 (478.9)c 40/85.24 (184.96) n/a 
* Total woodland acreage owned in the seven study counties 
** Non white = African American, Hispanic, Native American, Other 
*** Standard deviation in brackets 
† 2006 NWOS survey used $50,000 benchmark, equivalent to $45669 in 2004 dollars 
†† Range that includes the median value 
 

                                                 
67 SAS codes for calculating missing woodland acres and weights are documented in Appendix 5.11. 
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At the time of the survey (2004), respondents ranged from 23 to 90 years old. 60% of 

respondents were at least 60 years old. The average age of 63 was greater than found in previous 

NIPF surveys in the region68, which is an indication of an aging NIPF population. Elderly 

landowners had the greatest variation of woodland acreage. Since most (72%) of these 

landowners were retired, they also had a more varied income profile than younger landowners 

still in the work force. Half of the respondents who lived in households that earned more than 

$60,000 per year were more than 60 years old. However, 84% respondents who only earned less 

than $15,000 were also above 60. Older landowners lived in smaller households; the median age 

of those who lived alone or in two-person households were 70 and 67 years, respectively. In 

general, respondents lived in small households; More than half (54%) lived in two-person 

households, and 17% lived alone.  

30% of respondents had gross (pre-tax) household incomes higher than $45,000 (2004 dollars), 

compared to 34% in the NWOS for NC69; slightly less than 7% earn $15,000 or less. There was 

no correlation between household size and household income.The poorest group was also the 

oldest: their median age was 71, compared to 61 years in the highest income group. One out of 

five respondents refused to answer or skipped the income question, which was the highest non-

response rate among any other demographic questions. The majority of these non-responders 

(56%) were retirees, who may not have wage income or were drawing upon their life savings 

instead.  

Educational attainment of respondents could be divided into three groups: high school degree or 

less (29.4%), some post high school education (31.2%), and bachelor’s degree or more (39.4%). 

Respondents were better-educated than the average adult population in North Carolina, despite 

targeting for areas with relatively low educational attainment. Only 4% did not have a high 

school degree, compared to 17% of NC. The proportion of respondents with bachelor’s degree 

                                                 
68Hodge and Southard, 1992: 50% of NIPF respondents in Virginia were at least 61 years old; Gan et al., 2003:  
36% of African American NIPF respondents in Alabama were at least 65 years old; NWOS 2006 (Butler,  
Forthcoming): 65% of landowners in NC were at least 55 years old. 
69 Taken from the figures for the >$50,000 income bracket in NWOS 2006, which is equal to $44,800 in 2004 
dollars 
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was much higher than the state levels (25%). This is consistent with findings from past studies of 

NIPF (Hickman,  1984). 

Approximately 31% of respondents lived in urban areas most of their life, which was higher than 

results from a previous NIPF study (14% in Henry and Bliss,  1994). 38% of all respondents 

lived more than 10 miles away from their woodlands, and 14% spent most of their lives outside 

NC or VA.  

Most landowners (60%) in the survey inherited some/all of their woodlands. There was no 

statistically significant difference in age, woodland acreage, education level and income 

compared to landowners who acquired all of their land through other means. However, a 

significantly higher proportion of women inherited their land (72%) compared to men (51%). 

Landowners who inherited land were also more likely to write wills; more than 2/3 of those who 

inherited already have a written will, compared to only 1/2 of those without inherited land. 

Considering that there is no difference in age, the propensity to write wills is likely to be caused 

by receiving inherited land.   

Approximately 30% of respondents were non-white landowners, divided into African American 

(22%) and Native American (7%). This is a relatively large proportion compared to previous 

NIPF surveys in the US South (e.g. 17% in Measells et al.,  2005). Although 33-60% of the entire 

population of the study counties were non-white, the average percentage of farms operated by 

non-white operators was only 15% (USDA-NASS,  2002). About half of the respondents were 

white men above 65 years old (52%), the demographic group that has been consistently found to 

dominate NIPF ownership (citations). However, we captured a more diverse group of owners 

than many previous studies.  Unlike gender and age, respondents’ race was not uniformly 

distributed across counties. Almost all (90%) of Native American respondents were from 

Robeson County. More than 35% of respondents in Brunswick and Northampton County were 

African American, compared to only 8% in Warren and Sampson County. In Halifax and 

Sampson counties as well, a large majority (>80%) of respondents were white.  
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5.5.2. Discount Rate Estimates 

Of the 299 respondents, only 243 provided valid responses for the methods that rely on 

bounded ranges (i.e. Bounded Estimates and Grouped MLE). These methods excluded 

respondents who chose inconsistently by choosing SF in the first question (which has low 

implied rate) and LS in the second question (which has high implied rate), and respondents who 

switched choices when given the same implied rates across the two questions70. There were only 

30 respondents that had clearly defined upper and lower bounds (LS in the first question, and SF 

in the second question, See Table 5.4).  For most respondents, we could only identify an upper 

or a lower bound. This included respondents who (i) chose the same option for both questions 

(178 people) or (ii) chose ‘Neither’ or did not answer one of the questions (35 people).  

Table 5.4 Summary of responses 

 Question 2 (ρHigh)
Question 1 (ρLow) LS (32 years) SF (8 years) Neither/ 

No Answer 
LS (32 years) 45 

r>ρHigh 

30
ρLow<r<ρHigh

7
r>ρLow 

SF (8 years) 7 
r<ρLow; r>ρHigh

133
r<ρLow 

6
r<ρLow 

Neither/ No Answer 5 
r>ρHigh 

17
r<ρHigh 

49 
No data 

Legend: 

 Double-bounded discount rate 

 Single-bounded 

 Not used (No Data/Inconsistent) 

 

5.5.2.1. Bounded Estimates 

The average estimated discount rates varied by the method used to calculate the missing upper 

and lower bounds. However, they were not statistically different at the 95% level (See 

confidence intervals in Table 5.5). The marginal effect of ρMax was 0.115, i.e. a 1 unit increase in 

ρmax will increase the discount rate estimate by 0.115 units.  

                                                 
70 I assumed that zero probability that a person’s discount rate is exactly the same as the implied rate. 
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Table 5.5: Annual discount rate estimates, Bounded Estimates method (N=237) 

Method of setting upper/lower bounds r̂  
95% Confidence 

Interval % Correct 

Survey-based: ρMin=ρHigh; ρMax=ρLow 9.17% 8.51% - 9.84% 26%
Literature review: ρMin=0, ρMax=50.4% 8.70% 7.71% - 9.70% 26%

 

5.5.2.2. Turnbull 

The proportion of respondents choosing the LS option declined as the implied discount rate 

increased (Figure 5.4), which meant that respondents were reacting to prices according to 

theoretical predictions. Many points in the curve had to be smoothed away using the smoothing 

function in order to be downward sloping71. This was evident when we compare the adjusted 

and unadjusted curves in Figure 5.4.  

Figure 5.4 Response curve for Turnbull method 

Discount rate estimate is the area underneath the black solid line and the dotted lines. Estimates differ by the 
method used to determine ρMax (dotted lines). 

                                                 
71 Using the smoothing technique used by Kriström, 1990. 

ρK 

Observed Extrapolated
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The ρMax from literature review (50.4%) was 1.5 to 2 times larger than the ρMax from other 

methods. The last observed point on the γ(ρ) curve was relatively small (19%), which limited the 

effect of ρMax on the final estimates. The average discount rate estimates ranged from 8% to 10% 

per year (Table 5.6), which was consistent with the Bounded Estimates results. 

Table 5.6: Annual discount rate estimates, Turnbull method (N=449) 

 ρMax 
Average Discount 

Rate ( r̂ ) 
Stdev1 Pr( r̂ =0)

% Correct 

Trendline 25.7% 8.02% 0.004245 <.0001 26% 

Last Segment 36.8% 9.08% 0.002966 <.0001 26% 

LitReview 50.4% 10.38% 0.003062 <.0001 25.6% 
1 Calculated using Eq. 5.2 
 

5.5.2.3. Binary MLE 

Discount rate estimates from Probit and Logit link functions were very similar (See Table 5.7). 

All price coefficients were ‘well-behaved’ in both models, i.e. PLS was positive significant, and PSF 

was negative significant. Intercepts were negative significant, which shows an underlying 

preference for SF payments.  

Table 5.7: Annual discount rate estimate, Binary MLE method 

Dependent variable: Probability of choosing LS 

 Probit Logit 

Parameter Estimate Std.Error Pr > ChiSq Estimate Std.Error Pr > ChiSq 

Intercept -0.5113 0.1567 0.0011 -0.818 0.2571 0.0015 
PLS 0.2833 0.1221 0.0203 0.4804 0.2017 0.0173 
PSF -0.5214 0.1657 0.0016 -0.8941 0.2826 0.0016 

Psuedo R-square 0.019836 0.020344 
Obsa 447 447 

Discount rate estimate 8.99% 8.79% 
% Correct 26% 26% 

95% confidence intervalb (-1.67%, 18.37%) (-0.11%, 18.56%) 
a Excludes missing values 
b Estimated by bootstrapping 1,000x. There were 987 observations because some bootstrapped results were excluded due to one of the following 
reasons: (i) β32<0; (ii) β8>0; (iii)β32/-β8≤0, or (iv)β32/-β8≥1 
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Respondents who were excluded from the analysis (because they did not provide information) 

may have different time preferences. As a result, estimates from these binary choice models may 

be biased. To check for potential self-selection bias (Heckman, 1979), a bivariate probit model 

was estimated for the probability of opting out at least once in the two questions (Appendix 5.8). 

Respondents were less likely to opt out if they had more experience with timber buyers, 

harvested timber, higher education attainment and smaller woodland ownership. However, there 

was no evidence that the estimates suffer from self-selection bias; these personal characteristics 

did not affect the discount rate, as shown by the insignificant correlation estimate.  

5.5.2.4. Grouped MLE 

Distributional assumptions and methods in treating missing data had a significant effect on 

discount rate estimates. Assuming a normal distribution, the average discount rate was negative 

but not significantly different from zero, while the log normal distribution yielded significantly 

positive discount rate estimates. 

Table 5.8: Annual discount rate estates, Grouped MLE method 

Assumed Discount Rate 
Distribution 

Replacement for 
missing lower 

bound 
Mediana 

95% Intervala 
% Correct 

Lower Upper 

Normal Blank -1.15% -7.37% 2.57% 64.5% 
 Zero 8.20% 7.05% 9.48% 26% 

LogNormal Blank 2.17% 1.02% 3.56% 76.9% 
 Zero 18.92% 15.34% 25.32% 22.3% 

a) Results from bootstrapping 1,000x 
 

The treatment of missing lower bounds had an enormous impact on the mean discount rate 

estimate. The normal distribution was more likely to assign a negative mean discount rate if 

missing lower bounds were left blank, resulting in a wider 95% confidence interval. The opposite 

result was true when discount rates were assumed to have a log normal distribution; the mean 

discount rate and 95% confidence interval range were smaller when missing lower bounds were 

left blank. The last column in Table 5.8 shows that the highest values were obtained when 

assuming a log normal distribution and leaving the missing lower bounds blank.   
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5.5.2.5. Summary of Discount Rate Estimates 

The discount rate estimates from Bounded Estimates, Turnbull and Binary MLE ranged from 

8.8% to 1.4% per year (See Table 5.9). 

Table 5.9: Summary of Annual Discount Rate Estimates 

Method Methodological Choices Estimate % Correct
Bounded Estimates Bounds: Survey-based 9.17% 26% 
 Bounds: Literature review 8.70% 26% 
Turnbull ρMax: Trendline 8.02% 26% 
 ρMax: Last Segment 9.08% 26% 
 ρMax: Literature Review 10.38% 25.6% 
Binary MLE Link function: Probit 8.99% 26% 
 Link function: Logit 8.79% 26% 
Grouped MLE Normal Distribution, missing ρLow = . -1.15% 64.5% 
 Normal Distribution, missing ρLow =0 8.20% 26% 
 LogNormal Distribution, missing ρLow = . 2.17% 76.9% 
 LogNormal Distribution, missing ρLow = 0 18.92% 22.3% 
 

5.6. Discussion 

5.6.1. Replicability of Sampling Method 

The method used to construct the sampling frame and choose respondents was possible due to 

the widespread availability of digitized parcel maps across the US, which  contains woodland 

ownership data and contact information. More studies can use this approach to collect data 

about LRWOs to amend the lack of knowledge that was caused by the difficulty in engaging 

them in surveys. The data sources were publicly available, and could be easily applied to conduct 

county-level studies. However, the land parcel data sources in North Carolina and Virginia were 

highly varied in terms of quality and format. Substantial effort was exerted in making the 

separate datasets uniform enough to be comparable. Each county office must be contacted 

separately, making state-wide analysis cumbersome.     
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5.6.2. Design of Elicitation Question 

The discount rate was assumed to be constant across time, i.e. it is not affected by the length of 

delay between payments. Studies show that delay between payments can influence discount rates 

(Bullard et al.,  2002; Kronrad and De Steiguer,  1983). If respondents had different discount 

rates for each option (e.g. 10% for the 8-year interval, and 5% for the 32-year interval), their 

observed choices would not reflect their true discount rates. For a more flexible form of 

discounting that allows the discount rate to be a function of delay length, the survey instrument 

could ask respondents to choose between an option where the earliest payment was received 

now and another option where they must wait a few years for the first payment (with the same 

rotation length).  

More combinations of rotation lengths for SF and LS should be considered, to separate the 

effect of harvest method and rotation lengths. Although the prices (PSF and PLS) varied across 

respondents and questions, LS and SF were always 32 years and 8 years respectively. As a result, 

we could not determine whether rotation length or harvesting method had a more dominant 

effect in determining the final choice.  In the future, this design could be improved by 

maintaining the same rotation length combination for the same respondent, but varying them 

across respondents. For example, respondent A receives a scenario where tLS =32 years and 

tSF=8, while respondent B receives tLS = 36 years and tSF= 10 years. This way, the effect of 

rotation length and harvest method can be separated.  

Questions used to collect time preference data in the SWP survey was designed to portray a 

situation with no risk and uncertainty. Yet, we were not sure how respondents interpret the lack 

of information regarding common sources of uncertainty, such as price trends, inflation and 

other personal uncertainties (e.g. health, intergenerational transfer). It is possible to add explicit 

information about some market-derived uncertainties (e.g. inflation, timber prices), but this needs 

to be considered carefully to avoid overloading respondents with too much information. 

Personal uncertainties would be much more difficult to control, and remains random noise that 

can only be partially controlled using respondent characteristics.  
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5.6.3. Effect of Payment Vehicle (Harvest Type) 

There is a concern that the type of harvest added an additional value to the offers, which would 

affect the discount rate estimation. If there was no additional value in the type of harvest, a 

person would choose according to the payment schedule and prices without making and 

distinction about the payment vehicle (i.e. the harvest type. For example, Mary, who had a 5% 

discount rate, would choose B for following choices where the implied rate is 2.6%: (A) $250 

payment now and every 8 years through partial cuts, and (B) $750 payment now and every 32 

years. However, if she preferred partial cuts, she could choose A even if her discount rate was 

less than 2.6%, because the additional value of partial cuts compensated for the loss due to her 

discount rate.  

This outcome would have changed the estimates of some methods. The upper and lower 

bounds used to estimate the Bounded Estimates and Grouped MLE methods would be affected; 

The proportions who chose LS across different implied rates would change, altering the results 

from the Turnbull method. The only method that could separate the effect of harvest type and 

prices is the Binary MLE method. In this method, the choice between LS and SF is divided into 

two components: prices of LS and SF, and an underlying bias towards LS (clear cut) that could 

not be explained by the prices.  

Discount rate estimation in Binary MLE hinges on the relative marginal utilities of LS (Clear cut) 

and SF (partial cut). If preferences on harvest types did not alter the marginal utility of money 

received from each harvest type (e.g. 1 extra dollar from partial cuts is the same as 1 extra dollar 

from clear cutting), the Binary MLE would produce unbiased estimates of the discount rate. 

However, if LRWOs generally had a preference for partial cuts that altered the marginal utility of 

money, the estimates would be biased. If a respondent’s willingness to pay to choose SF 

increased with the amount she could receive from SF, the marginal utility of SF prices would be 

over-estimated. This would produce discount rate estimates that were lower than the ‘true’ 

discount rate (that did not include the value of timber harvest types).  
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Given that clear cutting is the most common harvesting method in the US South, and 1/3 of 

respondents have harvested in the past 10 years, landowners in the survey were less likely to 

derive different marginal utility from clear-cutting vs. partial-cut income. In other words, there 

may be preferences for one harvest type over another, but the marginal utility from money is the 

same regardless of harvest type. This would mean that the Binary MLE method could effectively 

separate the effects of harvest type from price. 

5.7. Conclusion 

The intent of this study is to show the importance of using a variety of methods to find robust 

results, the range of estimates that can result from different methods, and present a way to 

choose the estimate that best represents the preferences of most respondents. However, we 

recognize that the literature is rich with evidence that discount rates are influenced by personal 

characteristics, which will be taken into account in future work. 

The discount rates estimated through the various methods range from -1.15% to 18.9% per year. 

Mean population estimates from most methods (Bounded Estimates, Turnbull, and Binary 

MLE) ranged from 8% to 10% per year, but less than 30% of respondents revealed discount rate 

ranges that could include these estimates. One of the variants of the Grouped MLE method 

produced an estimate of 2.17%, which is considered superior because it is a feasible rate for the 

highest proportion (77%) of the respondents compared to other estimates.   

Hence, a reasonable estimate of the discount rate of LRWOs is between 2-10% per year. This 

indicates that LRWOs have discount rates that are similar, or even lower, than the 4% discount 

rates used by the Forest Service. The belief that low levels of forest management among 

LRWOs were due to their impatience is not supported by this study.  
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5.9.1. Appendix 5.1: Study Counties Relative to State and US Characteristics 

Characteristics Brunswick VA Duplin Halifax Northampton Robeson Sampson Warren NC US
Total population 18,419 49,063 57,370 22,086 123,339 60,161 19,972 8,049,313
65 years and over  14.5% 11.2% 12.9% 14.9% 17.4% 10.0% 12.8% 17.4% 12.0% 12.4%
Race   
   White 42.0% 72.3% 58.7% 42.6% 39.1% 32.8% 59.8% 38.9% 72.1% 75.1%
   Black or African American 56.9% 19.6% 28.9% 52.6% 59.4% 25.1% 29.9% 54.5% 21.6% 12.3%
   American Indian and Alaska Native 0.1% 0.3% 0.2% 3.1% 0.3% 38.0% 1.8% 4.8% 1.2% 0.9%
Education attainment (>=25 yrs)  
   Less than High School  36.8% 18.5% 34.2% 34.6% 37.5% 35.1% 30.9% 32.5% 21.9% 19.6%
Economic Characteristics  
   Median household income in 1999 ($) 31,288 46,677 29,890 26,459 26,652 28,202 31,793 28,351 39,184 41,994
   Per capita income in 1999 ($) 14,890 23,975 14,499 13,810 15,413 13,224 14,976 14,716 20,307 21,587
   Individuals below poverty level 16.5% 9.6% 19.4% 23.9% 21.3% 22.8% 17.6% 19.4% 12.3% 12.4%
Source: US Decenial Census, 2000. U.S. Census Bureau, Summary File 1 (SF 1) and Summary File 3 (SF 3) 
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5.9.2. Appendix 5.2: Dataset Composition by County 

County Enriched Sample: 
Absentee/>30 

Acres 

Survey 
Sent (a) 

Undelivere
d (b) 

Eligible Response (c) 

(Enriched: 
Absentee/>30 Acres) 

Response 
Rate (c/(a-

b)) 

Brunswick 6 /12* 175 26 29   (0/6) 19.5%
Duplin 12 / 6 175 1 48   (2/0) 27.6%
Halifax n/a 129 6 23   (n/a) 18.7%
Northampton 12 / 6* 175 8 50   (0/0) 29.9%
Robeson 12 / 6* 175 11 49   (5/1) 29.9%
Sampson 12 / 6† 175 9 55   (1/3) 33.1%
Warren 12 / 6* 175 14 45   (3/1) 27.9%
Total  1179 75 299   (11/11) 27.1%

* Total land acreage † Woodland acreage only  
 

5.9.3. Appendix 5.3: Time Preference Elicitation Question 

“Suppose that you are given 50 acres of woodland about a mile away from your house.  This 

woodland has a mixture of pines and hardwoods and a mixture of different size trees.   

A forester takes a look at this woodland and gives you two choices: Choice A or Choice B.   

1) Choice A 

You cut and sell all of the trees now and 

replant with pine seedlings. You earn 

$(P32
1) per acre. Every 32 years, you cut 

and replant all of your trees and earn 

$(P32
1) per acre. Your earnings already 

include all costs. 

 This choice gives you more money each 

time you sell, but you wait longer 

between harvests. 

Choice B 

You cut and sell some of the trees now 

and let them grow back on their own. 

You earn $(P8
1) per acre. Every 8 years 

you cut some more trees and earn $(P8
1) 

per acre. Your earnings already include 

all costs.  

This choice gives you less money each 

time you sell, but you don’t wait as long 

between harvests. 
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Which would you pick?   

�    1 Choice A 

�    2 Choice SF       

�    3 Neither 

Now suppose that you end up with a different piece of woodland and the forester gives you the 

following two new choices: Choice A or Choice B.  

 2) Choice A 

You cut and sell all of the trees now and 

replant with pine seedlings. You earn 

$(P32
2) per acre. Every 32 years, you cut 

and replant all of your trees and earn 

$(P32
2) per acre. Your earnings already 

include all costs. 

 This choice gives you more money each 

time you sell, but you wait longer 

between harvests. 

Choice B 

You cut and sell some of the trees now 

and let them grow back on their own. 

You earn $(P8
2) per acre. Every 8 years 

you cut some more trees and earn $(P8
2) 

per acre. Your earnings already include 

all costs.  

This choice gives you less money each 

time you sell, but you don’t wait as long 

between harvests. 

 

Which would you pick?   

�    1 Choice A 

�    2 Choice SF       

�    3 Neither



 

225 

5.9.4. Appendix 5.4: Payment Amounts and Implied Interest Rates Used in Survey 

Payments ($) Number of Questionnaires Implied Discount 
Rate/year SF 

(8-years) 
LS 

(32 years) 
250 500 34 7.6%
250 750 34 2.6%
250 1500 1 -3.1%
500 750 22 13.4%
500 1000 24 7.6%
500 1500 24 2.6%
750 1000 21 17.2%
750 1500 28 7.6%
750 2000 23 3.9%
1000 1500 27 13.4%
1000 2000 25 7.6%
1000 2500 20 4.6%
1000 3000 26 2.6%
1500 2000 18 17.2%
1500 2500 16 10.9%
1500 3000 21 7.6%
1500 3250 21 6.4%
1500 3500 21 5.5%
2000 2500 22 20.0%
2000 3000 17 13.4%
2000 3250 28 11.4%
2000 3500 25 9.9%
2500 3000 28 22.3%
2500 3250 35 18.2%
2500 3500 37 15.4%

 

5.9.5. Appendix 5.5: Logistic Regressions of Opt-Out Responses on Respondent 

Characteristics 

Dependent Variable: Probability of opting out in question 1 (N=279) 

Parameter Estimate P-value 
Intercept -0.5342 0.4956 
Received timber offers at least a few times a year -0.8598** 0.0228 
Has sold timber in the last 10 years -1.2458*** 0.0031 
Selling timber is a very important reason to own woodland -1.0643*** 0.0093 
Protecting nature is a very important reason to own woodland  1.0421*** 0.0031 
Woodland acreage in all study counties  0.00235*** 0.0085 
Has post-high school education  -1.1596*** 0.0014 
Price ratios: PLS/PSF in question 1 -0.0365 0.9061 

Pseudo R-sq 0.145 
a Significant at 11% ; * Significant at 10%; ** Significant at 5%; *** Significant at 1% 
Note that gender, age and race were not significant variables are were excluded from the analysis 



 

226 

 

5.9.6. Appendix 5.6: Turnbull Method: Table of implied discount rate (ρ) and the 

proportion of respondents who chose Option A (γ) 

Implied 
Discount Rate 

(ρ)1 

Proportion who chose Large & 
Seldom (LS) payments 

Original Data 
Smoothed 

Data 
0.0% 1 1
2.6% 0.592 0.469
3.9% 0.592 0.714
4.6% 0.462 0.462
5.5% 0.353 0.353
6.4% 0.294 0.200
7.6% 0.294 0.240
9.9% 0.294 0.190
10.9% 0.294 0.545
11.4% 0.221 0.167
13.4% 0.221 0.217
15.4% 0.221 0.129
17.2% 0.221 0.148
18.2% 0.221 0.370
20.0% 0.221 0.294
22.3% 0.190 0.190

1 Calculated using Eq. 5.1 



 

227 

5.9.7. Appendix 5.7: Respondent Characteristics by County 

  Brunswick (VA) Duplin Halifax Northampton Robeson Sampson Warren Total 
Number of respondents 29 48 24 50 49 54 45 299 
Woodland acres* <=30 acres 55% 66% 57% 57% 49% 44% 40% 51% 
 > 100 acres 3% 2% 22% 11% 21% 26% 16% 14% 
Tenure** Heir property 0% 6% 4% 16% 2% 4% 4% 6% 
 Trust/estate 14% 6% 8% 0% 4% 0% 0% 4% 
Inherited woodland  52% 66% 46% 67% 62% 55% 62% 58% 
Age ≥ 60yo  76% 90% 83% 85% 88% 81% 79% 78% 
Race White 55% 73% 78% 65% 49% 90% 67% 65% 
 Black 38% 21% 17% 35% 8% 8% 31% 21% 
 Native American 7% 6% 4% 0% 39% 0% 3% 9% 
Female  39% 35% 29% 38% 35% 35% 44% 35% 
Education Completed high school 96% 96% 91% 100% 96% 94% 95% 91% 
 Bachelor degree or higher 52% 33% 35% 54% 49% 33% 21% 37% 
Note: Percentage levels were calculated after excluding non-response 
*   Total woodland acres owned in 7 study counties 
** Based on cross-reference with county tax records 
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5.9.8. Appendix 5.8: Heckman Self-Selection Test, by Question Number  

Parameter 
QUESTION 1 QUESTION 2 

Estimate Pr > |t| Estimate Pr > |t|

Optout     
Intercept -0.97092 <.0001 -0.81582 <.0001 
Receives offers from timber buyers -0.43204 0.0261 -0.42443 0.0309 
Harvested timber in the last 10 years -0.01581 0.8419 0.062422 . 
Total woodland ownership 0.000423 0.4001 0.000368 . 
Education: up to highschool 0.699556 0.0019 0.374318 0.0765 
Education: some college, no 4-year degree 0.366088 0.1061 -0.33982 0.1523 
Time preference     
Intercept 0.30721 0.3 0.892455 0.0014 
Price: 32 year 0.833691 0.0399 0.198949 0.4358 
Price: 8 year -0.36898 0.0682 -0.29498 0.3792 

Correlation Estimate -0.12314 0.8472 0.985973 0.999 
 

5.9.9. Appendix 5.9: Algorithm to Select Limited Resource (LR) Blocks 

Purpose Algorithm

Eliminate better-
educated areas 

Percent People with High school degree is LESS THAN top 80% of county 
levels 
AND 

Include high poverty or 
low income areas, or 
areas with very low 

education levels 

[Percent People under the poverty line is MORE THAN county median OR
Median Household Income is LESS THAN county median income OR 

Percent People with High school degree is LESS THAN bottom 20% of county 
levels] 
AND 

Include areas with high 
minority population Percent Minority is MORE THAN county mean 
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5.9.10. Appendix 5.10: Investigating the Validity of Independence of Irrelevant 

Alternatives Assumption  

If respondents were influenced by the magnitude of prices, rather than just their ratio, it may 

indicate an alternative decision-making heuristic that involved setting a reservation price. One 

implication is that “Neither” responses implied that reservation prices for both options were 

higher than the payment offered in the hypothetical scenario, so that neither options were 

satisfactory. In this case, respondents followed a two-step process: (i) Choose between Neither 

and LS/SF: Are the prices above/below their reservation prices?; and (ii) Choose between LS 

and SF: after passing the reservation price threshold, which option maximizes their utilty? 

If respondents followed this process, the assumption of Independence from Irrelevant 

Alternatives (IIA) may be violated, leading to biased results. IIA posits that including/excluding 

the “Neither” option should not change the relative odds between SF and LS. For example, if 

the odds of choosing SF over LS is 2 to 1 without the “Neither” option, including it should not 

change these odds. For respondents who chose using reservation prices, the odds between SF 

and LS may be different if they were not allowed to choose “Neither”.  

The Hausman-McFadden test (Hausman and McFadden,  1984) was used to test if the IIA is 

violated, following guidelines presented in Hensher et al.,  2005(pp.519-529). This test was 

conducted in two steps. 

1. Estimating an unrestricted discrete choice multinomial logit model, consisting of three 

choices: LS, SF, and Neither.  

Pr(LS)=αLS + βLS*PLS+βSF*PSF 

Pr(SF)= βLS*PLS+βSF*PSF 

Pr(Neither) = αN + βAge*Age + βWland*TotalWoodland + βSell*dSoldTimber 

       + βCol* dCollegeEdu + βFem*dFemale + βOffers*dBuyerOffers +ε 
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Explanatory variables for LS and SF was their respective payment amounts (PLS and PSF). 

Explanatory variables for the “Neither” option were age, total woodland size, and dummy 

variables for selling timber was past 10 years (dSoldTimber), have college education 

(dCollegeEdu), female (dFemale), and received offers from timber offers more than once a year 

(dBuyerOffers). 

2. Estimating the restricted discrete choice multinomial logit model, consisting of three 

choices: LS and SF (i.e. Running step 1, but excluding the “Neither” model) 

Parameter estimates were the variance-covariance matrices resulting from these steps were used 

to calculate the test-statistic that determines whether the IIA assumption was violated: 

[ ] [ ] [ ]RU
1

URRU bbVVbbq −−′−= −
 

Where bU and bR are column vector of parameter estimates for the common variables in the 

unrestricted and restricted models, and VU and VR are variance-covariance matrix for common 

variables in the unrestricted and restricted models. Eq. 5.7 shows the p-value of this test statistic: 

[ ] ( )Rn,q1*qqPr χ−=>  Eq. 5.7

Where nr is the number of coefficients in the restricted model (excluding constants). In our case, 

nr = 2 (PSF, PLS).  If the above p-value iss less than 0.05 (i.e. the significance threshold value) then 

the IIA assumption iss violated.  There were instances where the p-value cannot be calculated 

because the test statistics (q) was negative, which also suggests that the IIA assumption holds72. 

The IIA test suggests that the IIA assumption is invalid when the null hypothesis that the IIA 

assumption holds was rejected at the 5% level, using the p-value calculated in Eq. 5.7. In this 

                                                 
72  "We have occasionally found the test statistic...to be negative due to lack of positive semidefiniteness in finite 
sample applications. Replacement by the alternative covariance matrix always leads to a small positive number. 
However, in no case have we found this alternative statistic to be so large as to come close to any reasonable critical 
value for a chi-square test." (footnote 4, p. 1226, Hausman and McFadden, 1984) 
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case, the Binary MLE approach must employ a nested logit model, which follows the scheme 

below:  

      32-year rotation 

    yes  8-year rotation 

Choose an option?   no (neither) 

     

5.9.11. Appendix 5.11: SAS Codes  

5.9.11.1. Dataset Weights and Replacing Mssing Woodland Acreage 

/*model for weighting the NC dataset, based on the NWOS woodland ownership 
data*/ 
/*respondents were weighted based on their woodland acres 
(tot_wland_all)*/ 
 
data a; set swp.swp_flip; 
log_acre=log(tot_acre); 
log_wland=log(tot_wland_all); 
run; 
/* use log-log form to reduce the effect of outliers*/ 
proc genmod data=a;  
class county ; 
model log_wland=log_acre county; 
output out=b pred=tot_wland_pred; 
run; 
/* set if woodland acreage is missing, the total acreage will be used. If 
this is missing,  
then use the predicted acreage. If missing, set equal to median values for 
each county*/ 
 
data c;set b;  
if tot_wland_all>0 then tot_wland_all=tot_wland_all;  
if tot_wland_all=. then do;  
 if tot_acre>0 then tot_wland_all=tot_acre; 
 if tot_acre=. then do;  
  if tot_wland_pred>0 then tot_wland_all=exp(tot_wland_pred); 
  if tot_wland_pred=. then do; 
   if county=1 then tot_wland_all=29; 
   if county=2 then tot_wland_all=25; 
   if county=3 then tot_wland_all=27; 
   if county=4 then tot_wland_all=25; 
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   if county=5 then tot_wland_all=32; 
   if county=6 then tot_wland_all=45; 
   if county=7 then tot_wland_all=40;end;end;end; 
/*the following ratios were taken from the cross tabs below (proc freq) 
and the NWOS dataset 
Denominatoor is the SWP values, numerator is the NWOS values*/ 
if tot_wland_all le 50 then weight=88.4/70.99; 
if tot_wland_all gt 50 and tot_wland_all le 100 then weight = 6.4/16.28 ; 
if tot_wland_all gt 100 then weight= 5.2/12.63; 
run; 
proc freq data=c; table tot_wland_all;run;  

5.9.11.2. Proportion of Estimates That Matches Observed Choices 

/*determine which method matches the observed choices*/ 
/*bounded estimates, turbull and binary mle values taken from dissertation 
chapter*/ 
%macro test(n); 
data swp_check;set swp; 
if rlo=. and rhi=. then ok=.; 
if rlo>0 or rhi>0 then do; 
if rlo1=0 then do; if &n le rhi then ok=1;else ok=0;end; 
if rlo1>0 and rhi>0 then do; if &n le rhi and &n ge 0 then ok=1;else 
ok=0;end; 
if rlo1>0 and rhi=. then do; if &n ge rlo1 then OK=1; else ok=0;end;end; 
run; 
proc freq data=swp_check; table ok;run; 
%mend test; 
/*bounded estimates*/%test(0.0917); %test (0.087); 
/*turnbull*/%test (0.0802); %test (0.0908); %test (0.1038); 
/*binary MLE*/ %test (0.0899);%test (0.0879); 
/*grouped MLE*/%test (-0.015);%test (0.082);%test (0.0217);%test (0.1892); 
data nc_binmle_check;set bootsamp; 
r_probit=0.022;r_logit=-0.017; 
if r_low1=0 then do; 
 if r_probit le r_high then okprobit=1;else okprobit=0; 
 if r_logit le r_high then oklogit=1;else oklogit=0;end; 
if r_low1>0 then do; 
 if r_probit le r_high and r_probit ge 0 then okprobit=1;else 
okprobit=0; 
 if r_logit le r_high and r_logit ge 0 then oklogit=1;else 
oklogit=0;end; 
run; 
proc freq data=nc_binmle_check;table okprobit oklogit;run; 
/*grouped MLE*/ 
data nc_grmle_means;merge bootsamp parestblanknorm parestblanklog 
parestzeronorm parestzerolog;by sampnum; 
lblanklog=exp(blanklog); 
lzerolog=exp(zerolog); 
if r_low1=0 then do; 
 if blanknorm le r_high then okblanknorm=1;else okblanknorm=0; 
 if lblanklog le r_high then okblanklog=1;else okblanklog=0; 
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 if zeronorm le r_high then okzeronorm=1;else okzeronorm=0; 
 if zeronorm le r_high then okzerolog=1;else okzerolog=0;end; 
if r_low1>0 then do; 
 if blanknorm le r_high and blanknorm ge 0 then okblanknorm=1;else 
okblanknorm=0; 
 if lblanklog le r_high and lblanklog ge 0 then okblanklog=1;else 
okblanklog=0; 
 if zeronorm le r_high and zeronorm ge 0 then okzeronorm=1;else 
okzeronorm=0; 
 if zeronorm le r_high and lzerolog ge 0 then okzerolog=1;else 
okzerolog=0;end; 
run; 
proc freq data=nc_grmle_means;table okblanknorm okblanklog okzeronorm 

okzerolog;run; 

5.9.11.3. Bounded Estimates Method 

data swp;set india.swp_flip; 
if timepref1 in (3,.) and timepref2 in (3,.) then do;rlo1=.;rhi1=.;end; 
else do; 
 if timepref1=1 and timepref2 in (1,3,.) then do; 
rlo1=impexp_r2;rhi1=.;end; 
 if timepref1=1 and timepref2=2 then do; 
rlo1=impexp_r1;rhi1=impexp_r2;end; 
 if timepref1=1 and timepref2 in (3,.) then do; 
rlo1=impexp_r1;rhi1=.;end; 
 if timepref1=2 and timepref2=1 then do; rlo1=.;rhi1=.;end; 
 if timepref1=2 and timepref2 in (2,3,.) then do; 
rlo1=.;rhi1=impexp_r1;end; 
 if timepref1 in (3,.) and timepref2=2 then do; 
rlo1=.;rhi1=impexp_r2;end; 
 if timepref1 in (3,.) and timepref2=1 then do; 
rlo1=impexp_r2;rhi1=.;end;end; 
if rlo1 lt 0 and rlo1 gt-0.05 then rlo1=0; 
if rlo1 ge 0 or rhi1 ge 0 then do; 
if rlo1=. then do;rlonc=0;rlokirb=rhi1;rloturn=0;end; 
if rlo1 ge 0 then do;rlonc=rlo1;rlokirb=rlo1;rloturn=rlo1;end; 
if rhi1=. then do;rhinc=0.504;rhikirb=rlo1;rhiturn=0.30;end; 
if rhi1 ge 0 then do; rhinc=rhi1;rhikirb=rhi1;rhiturn=rhi1;end;end; 
if rlonc le rhinc then rnc=(rhinc+rlonc)/2; 
if rlokirb le rhikirb then rkirb=(rhikirb+rlokirb)/2; 
if rloturn le rhiturn then rturn=(rhiturn+rloturn)/2; 
run; 
 
proc means data=swp n mean std min max lclm uclm probt;  
var rnc rkirb rturn;run; 
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5.9.11.4. Turnbull Method 

data stack; set india.swp_flip_stack; 
if impexp<0 and impexp>-0.05 then impexp=0; 
run; 
proc freq data=stack; tables question*impexp*timepref/out=freq1 outpct;  
where timepref in (1,2) and consistent=1; 
run; 
data turn;set freq;perc=pct_row/100;keep impexp perc count;where 
timepref=1;run; 
proc iml; 
use work.turn; 
read all var{perc} into f; 
read all var{impexp} into r; 
read all var{count} into n; 
resp=sum(n/f); 
nobs=16; 
p=j(nobs,1,0);p=f; 
ok=j(nobs,1,1);ok[nobs,]=0; 
pd=j(nobs,1,99); 
do until (sum=0); 
do i=1 to (nobs-1); 
 if p[i,]-p[i+1,]>=-0.00001 then do; 
pd[i,]=p[i,];pd[i+1,]=p[i+1,];ok[i,]=0;end; 
 if p[i,]-p[i+1,]<-0.00001 then do; 
pd[i,]=(p[i,]+p[i+1,])/2;pd[i+1,]=pd[i,];   
  p[i,]=pd[i,];p[i+1,]=pd[i+1,];ok[i,]=1;end; 
 end; 
sum=sum(ok); 
end; 
print r pd f sum; 
quit; 

5.9.11.5. Binary MLE Method 

 data stack; set swp.swp_flip_stack; 
price32=_2yrs/1000; 
price8=_yrs/1000;run; 
proc sort data=stack; by question;run; 
proc logistic data=stack; 
class timepref; 
model timepref=price32 price8; 
where timepref in (1,2); 
run; 
proc probit data=stack; 
class timepref; 
model timepref=price32 price8; 
where timepref in (1,2); run; 
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5.9.11.6. Grouped MLE Method 

data a; set swp.swp_flip;run; 
data swp; set a;  
if timepref1=1 then do;  
 if timepref2=1 then do; rlo=impexp_r2; rhi=.;end; 
 if timepref2=2 then do; rlo=impexp_r1;rhi=impexp_r2;end; 
 if timepref2 in (.,3) then do; rlo=impexp_r1;rhi=.;end;end; 
if timepref1=2 then do; 
 if timepref2=1 then do;rlo=.;rhi=.;end; 
 if timepref2=2 then do;rlo=.;rhi=impexp_r1;end; 
 if timepref2 in (.,3) then do; rlo=.;rhi=impexp_r1;end;end; 
if timepref1 in (.,3) then do; 
 if timepref2=1 then do; rlo=impexp_r2;rhi=.;end; 
 if timepref2=2 then do; rlo=.;rhi=impexp_r2;end; 
 if timepref2 in (.,3) then do; rlo=.;rhi=.;end;end; 
if rlo=. and rhi>0 then rlo1=0; if rlo=. and rhi=. then rlo1=.;if rlo>0 
then rlo1=rlo; 
keep surnum r_low r_high rlo rhi rlo1;  run; 
data bootsamp;/* this is the name of your large data set*/ 
do sampnum = 1 to 1000; /* To create 1000 replications */ 
do i = 1 to nobs; /* n=number of observations in the original dataset*/ 
x = round(ranuni(0) * nobs); /*pick random numbers from 1 to nobs, called 
x*/ 
set swp nobs = nobs point = x; /* randomly select the x-th row from the 
original dataset*/ 
output;/*stack the output into one dataset (bootsamp)*/ 
end;/* do this n times*/ 
end;/* do this 1000 times*/ 
stop;/*stop the do loop*/ 
run; 
/* missing lower bound left blank, normal distribution*/ 
proc lifereg data=bootsamp; 
options nonotes; 
model (rlo,rhi)=/d=normal; 
by sampnum; 
ods output parameterestimates=parestblanknorm ( keep=sampnum estimate 
parameter where=(parameter="Intercept")  
rename=(estimate=blanknorm));run; 
proc capability data=parestblanknorm noprint; var blanknorm;where 
parameter="Intercept";  
 output out=pctbn PCTLPTS=2.5 50 97.5 pctlpre=perc;run; 
/* missing lower bound left blank, lognormal distribution*/ 
proc lifereg data=bootsamp; 
options nonotes; 
model (rlo,rhi)=/d=lognormal; 
by sampnum; 
ods output parameterestimates=parestblanklog (keep=sampnum estimate 
parameter where=(parameter="Intercept")  
 rename=(estimate=blanklog));run; 
proc capability data=parestblanklog noprint; var blanklog;where 
parameter="Intercept";  
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 output out=pctbl PCTLPTS=2.5 50 97.5 pctlpre=perc;run; 
 
/* missing lower bound equals zero, normal distribution*/ 
proc lifereg data=bootsamp; 
options nonotes; 
model (rlo1,r_high)=/d=normal; 
by sampnum; 
ods output parameterestimates=parestzeronorm ( keep=sampnum estimate 
parameter where=(parameter="Intercept")  
 rename=(estimate=zeronorm));run; 
proc capability data=parestzeronorm noprint; var zeronorm;where 
parameter="Intercept";  
 output out=pctzn PCTLPTS=2.5 50 97.5 pctlpre=perc;run; 
/* missing lower bound equals zero, lognormal distribution*/ 
proc lifereg data=bootsamp; 
options nonotes; 
model (rlo1,r_high)=/d=lognormal; 
by sampnum; 
ods output parameterestimates=parestzerolog (keep=sampnum estimate 
parameter where=(parameter="Intercept")  
rename=(estimate=zerolog));run; 
proc capability data=parestzerolog noprint; var zerolog;where 
parameter="Intercept";  
 output out=pctzl PCTLPTS=2.5 50 97.5 pctlpre=perc;run; 
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Chapter 6 : Forest Management Decisions and 

Landowners’ Discount Rates in North Carolina and 

Virginia 
 

6.1. Introduction 

Nearly 25% of private forestland in the US South is owned by families (including individuals) 

who own less than 100 acres each; this group represents more than 90% of private forestland 

owners in the region (Butler and Leatherberry, 2004). In North Carolina, the woodland owner 

composition is similar: 34% of private forestlands were owned by families with less than 100 

acres, representing 85% of private forestland ownership (Butler, Forthcoming). A long line of 

research on family and other non-industrial private forest (NIPF) landowners has repeatedly 

shown that they are a heterogeneous group and that their forest management decisions are 

driven by a more complex set of factors than simple profit-maximization from timber (e.g. 

Newman and Wear, 1993;Kline et al., 2000;Conway et al., 2003; Vokoun et al., 2006).  

This study aims to understand forest management decisions that affect the long-term health and 

productivity of forestlands: (i) Making stand improvements, (ii) Contacting a forester, (iii) 

Making a written will, and (iv) Timber harvesting. There are two significant contributions of this 

study. First, it focuses on landowners who are traditionally underserved by public institutions 

(i.e., minorities and women) and face financial, social and natural resource constraints that limit 

their forest management options. These Limited Resource Woodland Owners (LRWOs) may 

have systematically different time preferences and behavioral outcomes than the broader 

population of NIPF owners.  LRWOs have been overlooked by most previous research, partly 

because of the difficulty of identifying and contacting them. This study uses a novel sampling 

approach that employs digitized land parcel and census maps to overcome this obstacle.  
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Second, studies of woodland owner behavior have not explicitly included landowner’s time 

preference as an explanatory variable, even though forest management is an inherently long-term 

investment activity that requires landowners to make intertemporal choices. Past studies have 

shown that discount rates are often higher among poor, less educated, or minority individuals 

(Lawrance, 1991). These characteristics also can be constraints on forest management. The same 

observed outcome, such as lack of investment in forest management, may be caused by high 

discount rates or limited finances, which are correlated with each other. The challenge is to 

separate the direct effect of landowner characteristics on management decisions, and its indirect 

effect through time preferences.  

This study addresses the problem by employing a two-step procedure: (i) determine the 

landowner characteristics that correlate with discount rates and use them to estimate the 

discount rate; and (ii) use the estimated discount rates to explain differences in behavior across 

landowners, taking into account landowner constraints that may influence behavior. Results 

from this Structural model is compared with a Reduced Form model, that excludes the discount 

rate estimation process but includes of the determinants of the discount rate in the behavioral 

model. 

If these constraints are limiting, a person’s time preference may not influence behavior. This 

finding will be important for designing programs that can better serve these landowners. For 

example, if poor landowners have low discount rates, they are patient enough to wait for the 

long-term benefits of forestry investments, but do not have the capital to undertake the 

investment. In this case, policies such as cost-share programs are desirable. Alternatively, if they 

have high discount rates, they would be unwilling to wait for the long-term benefits. In this case, 

cost-share programs will miss the point: these landowners need viable short-term revenue 

streams from their woodlands. Without carefully separating the effects of time preference from 

other landowner characteristics, the factors that affect forest management behavior will be 

misrepresented.  

The following section reviews the literature on time preferences among woodland owners in the 

US, forest management behaviors of interest, and some of the constraints facing landowners. 
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Section 3 describes methods related to data collection and discount rate elicitation, and provides 

some descriptive statistics. Section 4 is a description of a utility-maximizing model that links time 

preference and resource constraints with forest management effort and will-making decisions. 

Section 5 highlights the estimation and hypothesis-testing methods that are unique to the NC 

dataset, and section 6 presents the results. The last section synthesizes results and concludes the 

chapter.  

6.2. Literature Review 

6.2.1. Time preference among NIPF landowners 

NIPF lands contain 70% of hardwood and 30% of softwood inventory in the US (Alig et al., 

1990). The harvesting behavior of NIPF landowners has been an active area of research, with at 

least two dozen empirical studies on this topic since 1980 (See Vokoun et al., 2006). In the realm 

of time preference studies, research on NIPF owners have also been motivated by interest in 

timber harvesting and forestry investment behavior. The classic Faustmann (1849) and Hartman 

(1976) rules of optimal rotation age show that discount rates reduce rotation length. There have 

been empirical evidence that interest rates affect harvesting and timber supply behavior: 

Bolkesjø and Solberg (2003) and Kuuluvainen and Tahvonen (1999 found that bank loan 

interest rates increased short term roundwood supply. However, I know of no studies that 

analyzes forest management behavior using the landowner’s personal discount rates. 

In the US South, there have been studies that estimate the discount rates of NIPF owners, as 

summarized in Table 6.1. Two studies were based on stated preference methods, where 

landowners were directly asked the value of their discount rates, and one study was based on 

observed behavior. The stated preference studies cast the discount rate in terms of the hurdle 

rate, which is the minimum rate of return that an individual would find acceptable for a 

particular investment scenario. The average (nominal) hurdle rates from studies in Mississippi 

(Bullard et al., 2002) and North Carolina (Kronrad and De Steiguer, 1983) are 15% and 13% 

respectively. Both of these studies found that landowners with higher incomes have higher 

hurdle rates. They attribute this to the higher opportunity cost of capital among high-income 
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landowners. No significant effect was found for any other landowner attributes tested, such as 

age and acres owned.  

Table 6.1: Summary of Discount Rate Estimates for US NIPF owners 

Study Method Acreage State Discount Rate

Kronrad & De Steiguer, 1983 Stated Preference, open ended Ave 183ac NC 15.1% (Nominal, 25yr)
Bullard et al., 2002 Stated Preference, open ended Min 20ac MS 13.1% (Nominal, 25yr)

Prestemon & Wear, 2000 Observed Behavior, harvest Ave 1247ac NC 18% (Real)
 

In these studies, landowners were asked to state their hurdle rates in open-ended questions. 

Bullard et al. study asked respondents:  

What is the lowest interest rate you consider acceptable for each of the following … 

A timberland investment lasting 5 yr? 

A timberland investment lasting 15 yr?  

A timberland investment lasting 25 yr? 

What is the lowest interest rate you consider acceptable for each of the following … 

A bank savings account? 

A certificate of deposit (CD)? 

Money invested in stocks, bonds, and mutual funds? 

This is a difficult task for those who have limited knowledge of investing, which is why  binary 

choice questions are most often used in other fields of economics to elicit respondents’ discount 

rates (e.g. Kirby and Petry, 2004, Harrison et al., 2002) . Income is often found to be negatively 

related to discount rates, i.e. richer individuals have lower discount rates (Lawrance, 1991;Agee 

and Crocker, 1996; Poulos and Whittington, 2000). These differing results may be due to the 

context in which time preference was measured. Hurdle rates are evaluated in the context of 
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opportunity cost of investment, which is higher among richer individuals who have more 

investment options. 

Prestemon and Wear (2000) adopted an alternative approach based on observed harvesting 

behavior. Using the Forest Inventory Analysis (FIA) dataset from two periods, they deduced the 

discount rate by observing landowners who harvested their timber between the two surveys. The 

discount rate was estimated by assuming that landowners harvest if the expected value of their 

future income grows at a slower pace compared to their discount rate.  The resulting (real) 

discount rate for NIPF landowners was 18% per year, which is much higher than non-NIPF 

landowners in their study (2% per year) and clearly significantly higher than the two studies that 

elicited nominal hurdle rates.  

6.2.2. Landowner Constraints And Behavior 

Age, education, income, distance to woodland, and tenureship can shape preferences and 

constraints that influence a landowner’s management decisions. These characteristics interact 

with woodland characteristics such as land size to further determine the breadth of options 

available to woodland owners. Forest management outcomes are influenced by constraints that 

fall into three categories: (i) small woodland acreage; (ii) the traditionally underserved; and (iii) 

other constraints such as tenureship and distance to woodlands. 

6.2.2.1. Woodland Acreage 

Economies of scale in forestry limit the commercial viability of small woodlands. Lands less than 

100 acres generally face higher per acre land preparation and planting costs (Londo and 

Grebner, 2004), putting small woodland owners at a disadvantage. Studies consistently found 

that landowner behavior is influenced by land ownership size, as summarized in Table 6.2 (See 

also Alig et al., 1990; Vokoun et al., 2006). In general, owners of small woodland properties are 

less likely to undertake any activities with upfront costs, and are less active in seeking forestry 

assistance.  
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6.2.2.2. The Traditionally Underserved 

The definition of “traditionally underserved” woodland owners follows the definition of 

underserved customers, populations or communities of the USDA Forest Service, which 

includes minority and low income landowners (USDA Forest Service, 2000, pp.33-34). This 

study also adopts the definition used by the Agricultural Credit Improvement Act of 1992 

(H.R.4906), which also includes women.  

Table 6.2: Correlation between woodland acreage and forest management 

 Behavior/Preference Correlation Reference & Notes 

M
an

ag
em

en
t A

ct
iv

iti
es

 Management Intensity  (+) Webster and Stoltenberg, 1959; Straka et al., 1984 
Harvest Probability  (+) Straka et al., 1984; Bliss and Grassl, 1987; Alig et al., 

1990; Cleaves and Bennett, 1995; Gan and Kebede, 
Probability of timber sales (+) Hickman, 1984
Government program 
participation 

(+) Thompson and Jones, 1981; Ernst and Marsinko, 
1983; Nagubadi et al., 1996; Gan and Kebede, 2005 

Seeking Forestry 
Assistance 

See notes Zhang and Mehmood, 2001: Small landowners more 
likely to seek assistance for tree planting; Gan and 
Kebede, 2005: No correlation; Melfi et al., 1997: Small 
landowners more likely to be served by public foresters

Co
st

s 

Timber bid price per acre (-)
See Notes 

Hensyl, 2005: harvested acreage negatively affect per-
acre bid price up to 50 acres.  

Cost of production /ac (-) Cubbage, 1982; Cubbage and Harris, 1986 
Access to credit (+) Binswanger and Sillers, 1983

Environmental preferences 0 Brunson et al., 1996
 

The traditionally underserved (female, low income, minority landowners) have been found less 

likely to seek government assistance (Zhang and Mehmood, 2001; Gan and Kebede, 2005), and 

were often hindered by low literacy (Mance et al., 2004). They may not have access to same 

social/ professional network. There may are also economies of scale in forestry assistance (and 

in general, in learning about forestry) that discourage owners of small properties from investing 

in seeking assistance. Small, lower income woodland owners are mostly served by public 

foresters, who work for the county or state and provide limited free service to landowners 

(Zhang, 1996). Higher income and larger landowners are more likely to hire consulting foresters 

and or work with industrial foresters (Zhang, 1996). Even for county foresters, whose services 
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are free, small landowners have to invest significant time and effort to initiate the contact 

because foresters are spread thinly across the county. 

The ability of landowners to assess their options and make decisions is determined by the 

information they can access. Our survey found that 27% of LRWOs feel that the most 

challenging aspect of woodland management is that they do not know what to do with their 

woodlands. Better forestry knowledge may lead to higher investment in forestry  (Bullard et al. 

2002), and higher forest income: forestry technical assistance can increase forestry revenues for 

landowners, especially during timber sales (e.g.Alig et al., 1990; Munn and Rucker, 1994; 

Hubbard and Abt, 1989). 

6.2.2.3. Tenureship and Other Constraints 

With a graying woodland-owner population, secure land bequests are also becoming more 

important. Inheritance issues are one of the most important concerns among retired woodland 

owners (Bliss et al., 1998). In the US South, family legacy is ranked as a more important reason 

to own woodlands compared to any other region in the US (Butler and Leatherberry, 2004). 

Wills are a necessary condition for transferring land rights to the next generation. However, 

many woodland owners pass away before writing wills. The complexity and cost of making wills 

that are legally effective may hinder many LRWOs from writing wills (See Davis and Johnston, 

1994). Eventhough there have been many studies on the intergenerational forest asset transfers, 

(e.g. Heer, 2001; Amacher et al., 2002a; Amacher et al., 2002b; Bernheim et al., 2004; Joulfaian, 

2005), they have focused more on the effects of bequest values and tax regimes, and assumed 

clear land entitlements. 

Without a will, each of the landowner’s court-appointed heir owns a share of the property (e.g. 

25% ownership) rather than a geographically defined part of the property. The lack of a clearly 

defined property boundaries leads to market imperfections that would not have existed if a will 

was made, due to free riding and high transactions costs (Mitchell, 2001). The outcomes may 

lead to neglect and land loss (Battiste et al., 2005). Heirs may find it difficult agree on the 

management objectives and activities conducted on the property, and assign rights and 
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responsibilities, such as paying property taxes, and arranging and dividing proceeds of timber 

harvests. There are two land loss scenarios concerning heir properties: (i) Foreclosure sales due 

to back taxes or long term neglect of land; and (ii) Forced partition sales brought about by a 

share owner, no matter if they only own a very small share, never pay taxes or do not live on the 

land (Land Loss Prevention Project, 2008). Heir property owner can sell their share outside the 

family, which may result in forced partition sales brought about by non-heirs. Heir property is 

particularly problematic for the poor, who are deterred the costs of making written wills (Land 

Loss Prevention Project, 2008) or minority landowners, who have faced a history of legal 

discrimination (Thomas et al., 2004, Mitchell, 2001).  

6.3. Conceptual Framework 

I draw on previous economic analysis of NIPF to frame the analysis of landowner’s forest 

management behavior using a typical non-separable household production model of commercial 

forest products and forest amenities that directly contribute to the utility of the woodland 

owner. The owner also has altruistic interests, which motivates land bequests. This nonseparable, 

altruistic framework has been used extensively to study the forest management behavior of 

NIPFs (e.g. Conway et al., 2003, Amacher et al., 2002b). The non-separability of consumption 

and production decisions among NIPF landowners in the US South has been supported by 

empirical evidence. NIPF owners manage their woodlands for reasons other than timber profit 

(Alig et al., 1990).  Forest/landowner characteristics and management objectives unrelated to 

forestry profits play a significant role in determining harvesting and forest management behavior 

(e.g. Bliss and Martin, 1988; Conway et al., 2003).  

6.3.1. Description 

The decision to invest in forest management is determined by the (current) cost and perceived 

(future) benefits of a healthier, more productive forest. This decision is affected by the 

landowner’s personal and household characteristics (e.g. age, gender, race, education, income, 

distance to woodland, level of forestry knowledge), and woodland characteristics (woodland size, 

tenureship arrangement). It is an interplay between the landowner’s preferences (e.g. 
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management objectives, discount rate), and constraints that limit the ability of landowners to 

undertake a particular management activity. Forest management is a long-term process, and is 

consequently influenced by landowners’ time preferences. These decisions involve long time 

horizons and have inter-generational implications, especially because the average woodland 

owner in the US South is 60 years old (Butler and Leatherberry, 2004), and thus is quite likely to 

pass on the land before the next timber harvest.  

The landowner maximizes utility (U) from two periods within her lifetime.  Utility is a function 

of consumption of market goods (C) and environmental amenities (N), and is influenced by 

landowner characteristics (Z). Utility in period 2 is discounted to period 1 by the discount rate 

(r), and affected by a bequest factor (α).  

[ ] [ ]Z;N,CU
r1

1Z;N,CUU 222111 ⋅⎟
⎠
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⎜
⎝
⎛

+
+= α

 
 

The bequest factor captures the strength of property rights that protects the landowner and her 

heir’s benefits from forest land left at the end of period 2 (Q2), where 0<α≤ 1. If the landowner 

wrote a will in either period, α =1; if not, α <1. α >0 because the landowner is assumed to have 

secure property rights and can benefit from timber income and amenities, but worries about the 

property rights of her heirs. It is assumed that the bequest factor is influenced by r and Z: α=α(r, 

Z). Because r and Z are not directly modeled in this framework, for simplicity, the model uses α 

to symbolize the function α(r;Z). The discount rate r is a function of a person’s personal 

characteristics (Zr). 

( )rZrr =  Eq. 6.1 

The landowner determines the amount of timber harvest and forest management effort in both 

periods. Any unharvested woodlands in period 2 will be bequeathed to the landowner’s 

descendents. Standing timber provides environmental amenities, and bequest value (in the 

second period), while harvested timber provides income. Hence, the deciding on the amount of 

unharvested woodlands in period 2 satisfies the decision for bequests, non-timber amenities, and 

timber income (Conway et al., 2003). This two-period model modifies the altruistic model of 
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Conway et al. (2003) by explicitly taking into account forest management effort. The utility is 

maximized with respect to the following constraints: 

( ) ( ) 111111 MSZ;EOZ;E,XHPC +−−⋅=  Eq. 6.2a 

( ) ( ) 2221112 MS)R1(Z;EOZ;E,QXKHPC +++−−−⋅=  Eq. 6.2b 

( )Z;E,XKNN 1111 −=  Eq. 6.2c 

( )Z;E,QNN 2222 =  Eq. 6.2d

Where P = timber price, H = volume of timber harvested, X = woodland acres harvested, E = 

effort (e.g. other inputs, searching for information), O=cost/outlay per acre from various 

forestry investments, S = savings, M = exogenous income, Q=standing timberland, R = market 

rate of interest that applies to savings, and K = initial woodland endowment.  The landowner’s 

bequests consist of woodlands (K-X1) and savings (S). The real (undiscounted) value of savings 

grows at a market rate of interest R. Note that acreage harvested in the first and second time 

periods are X1= K- Q1 and X2=Q1-X2, where K is the initial woodland endowment. In this 

study, I am particularly interested in the term E1, Q2, r and α.  

Interest and discount rates are assumed to be non-negative: 0r;0R f≥ . The labor market is 

assumed to be perfect (i.e. time and money are perfectly tradeable), which collapses the time 

constraint into the budget constraint (Eq. 6.2a-b). 

Substituting constraints into the utility function we derive the following Lagrangean function: 
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 Eq. 6.3 
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The landowner maximizes their utility with respect to C1, C2, X1, E1, S, Q2 and E2. The following 

assumptions on marginal values apply:  
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6.3.2. First Order Conditions 

Taking first order conditions73, the following equation was derived for setting the optimal level 

of forest management effort in period 1: 
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 Eq. 6.4 

Eq. 6.4 consists of four parts, A, B, C and D. A is the marginal utility from management effort, 

via increases in forest amenities; B is the marginal utility from timber income, due forest 

management effort; C is the marginal rate of substitution between the utility from forest 

amenities from more forest being left in period 2 (Q2), and the marginal timber income lost from 

foregoing the harvest of Q2; and D discounts B and C into period 1. Hence, Eq. 6.4 captures the 

balance between forest management effort, harvesting, utility from timber income and utility 
                                                 
73 The complete first order conditions are displayed in Appendix 6.1.. 
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from forest amenities. Since A>0, C<0 and D>0, then it follows that B<0. This implies that the 

level of effort is set such that the marginal cost of E1 is lower than its marginal revenue, which 

means that the optimum level of E1 is set lower than the profit-maximizing level. Figure 6.1 

illustrates this point. The profit-maximizing level is reached when A=0, i.e. when forest 

management effort does not affect amenity values, or when the marginal rate of substitution 

between timber income and amenities is zero (i.e. they are separate goods). 

 

Figure 6.1: Relationship between forest management effort (E1) and forest revenues and 
costs (P·H and O) 

 

6.3.3. Comparative Statics 

Eq. 6.4 is re-arranged to aid interpretation of the comparative statics of this model: 
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The left hand side (A and B) is the marginal rate of substitution between the marginal utility 

from forest amenities and the marginal utility from timber income. This is the shadow price of 

forest management effort.  The right hand side (C and D) is the shadow price of consumption 

from period 1 (See Eq.A1. 6 and Eq.A1. 7), which is value of foregone timber income from 

period, saved into period 1. If the landowner decides to set aside Q1, given the same amount of 

land being harvested in period 2 (X2), the landowner would have more land to bequeath and 

enjoy in the second period (Q2). Since B depicts the shadow price of Q2 (the marginal 

substitution between higher utility from timber amenities and foregone timber income from 

setting aside forest land) and Q2 depicts the foregone income/consumption from period 1 (X1), 

B is then the shadow price of income/consumption. Since consumption is cast as foregone 

savings, term C takes the market rate of interest and discount rates into account.  

Setting the optimal level of management effort depends on the landowner’s understanding of 

the effect of effort on outcomes they care about, such as forest amenities and timber production 

costs and revenues. All else constant, landowners who have a high marginal utility of forest 

amenities (↑∂U1/∂N1) are more likely to invest more on behavior that would increase the level 

of forest amenities (↓ ∂N1/∂E1). Those who have high marginal utility from forest income 

(↑∂U1/∂C1) such as poorer households are more likely to invest in activities that increase 

revenues (↓ P·∂H/∂E1). If the same activity increases amenities but decreases timber income, 

landowners base their decision on the relative values of forest amenities and timber income (i.e. 

the ratio of A and B). If A/|B|>1, they are more willing to tradeoff income for amenities.  

If the same type of activity can achieve all goals (e.g. contacting foresters), landowners need to 

consider the cost of the effort itself (O(E1)), which reduces utility by taking away from money 

otherwise spent on consumption goods. The right hand side represents the shadow price of 

consumption from period 1, in terms of savings foregone. If more effort made in period 1 

results in more income in period 1, this money can be saved into period 2 and earn the market 

rate of interest, adjusted by the discount rate ((1+R)/(1+r)). Hence, higher R and lower r will 

increase effort.  
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The shadow price of money saved (or income earned in period 1) depends also on the amount 

of land that was harvested in period 1 to earn that money. More harvests in period 1 (X1) leads 

to less land to set aside in period 2 (Q2). If a person puts high value in forest amenities (↑ 

∂U2/∂N2), they are more likely to set aside forests in period 2 (↓ ∂N2/∂Q2). However, since 

more set-aside mean less harvests, this would reduce the amount of timber revenue. If the land 

is high-value (↑∂H/∂Q2), it would be more costly to set aside timber lands. If α <1 (e.g. a will has 

not been written) there is less overall utility derived from future set-asides, and landowners 

would be more likely to harvest more in period 1. This is exacerbated when α is negatively 

related with r.  

The conceptual framework paves the way for further empirical work by guiding the choice of 

variables to use as explanatory variables for forest management behavior, as summarized in 

Table 6.3.  

Table 6.3: Empirical measures/proxy for forest management behavior factors identified 

in conceptual model 

Factor in Conceptual Model Empirical measure/proxy 
Discount Rates Estimated using landowner characteristic and survey 

questions 
Bequest factor Inheritance status, sole vs. shared ownership, distance from 

woodland 
Market rate of interest Assumed uniform in study areas
Marginal utility of timber income Income, Education, Occupation
Marginal utility of forest amenity Distance to woodlands, frequency of visits to woodland 
Marginal utility from forest amenities Opinion of importance of protecting nature 
(Perceived) Marginal effect of forest 
management on amenities and timber 
income 

Access to information (traditionally underserved status), 
woodland acreage 

 

6.4. Study Description 

6.4.1. Data Collection 

Data were collected in 2003 via a mail survey of family forest landowners in seven counties in 

North Carolina (Duplin, Halifax, Northampton, Robeson, Sampson, Warren) and Virginia 
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(Brunswick), as highlighted in Figure 6.2. These counties were chosen because they had high 

proportions of minority-owned and operated farmlands and of woodlands on farmlands 

(USDA-NASS, 2002), and considerable amounts of NIPF land (Sills and Warren, 2002). 

 

 

Figure 6.2: Map of study counties 

 

The sampling frame was comprised of individuals who met the following criteria: (i) 

Landownership: own more than 5 acres of woodland in at least one parcel in at least one study 

county, but less than 100 acres of total land (including non-woodland) across the seven study 

counties; (ii) Demographic: at least one of their parcels with woodlands is located in census 

tracts with high percentage minority population, low median income, and low education 

attainment, relative to the county median values . Using this sampling frame for LRWOs, we 

drew a random sample, stratified by county.  To identify these individuals, we combined geo-

referenced data on real estate from each county’s tax assessor office with census tract data from 

the US Census Bureau.  Absentee and small woodland owners were over-sampled due to 
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concerns of low response rates among these landowners. This was done by ensuring that in each 

county surveys were sent to at least 12 absentee landowners, and 12 landowners owned less than 

30 acres of woodland or total land74. The rest of the surveys were sent to landowners who were 

randomly selected from the list of LRWOs, which may also include absentee and small 

woodland owners.  

1,179 survey packets were mailed on July 2004, 75; 175 surveys were sent to each study county, 

with the exception of Halifax, which received 129 packets because no more suitable respondents 

could be identified. Of these, 84 questionnaires were discarded due to inaccurate address 

information, and four of the 303 respondents no longer owned woodlands and were also 

excluded from the sample.  Thus, there were 299 valid observations, for a 27% response rate. 

The questionnaire consisted of 55 questions on land ownership, woodland characteristics, forest 

management experience and opinions, time preference, and sociodemographic characteristics. 

The text was designed to accommodate people with limited literacy skills and forestry 

knowledge.  

6.4.2. Descriptive Statistics 

Table 6.4 displays the descriptive statistics of respondents from the Sustainable Woodlands 

Survey. I used the National Woodland Owner’s Survey /NWOS (Butler, Forthcoming) for 

family forest owners in NC as a standard comparison. This survey sampled landowners from 

across the state, by picking sampling points in a grid, and contacting the landowner if that point 

is forested. Aside from providing a description of NC forest owners, it is also the most recent 

landowner survey in NC. However, there are several differences between the NWOS and the 

survey used in this study: (i) NWOS included owners with 1-5 acres of woodland, which we 

excluded from the sample; and (2) NWOS surveyed 321 landowners statewide, which could not 

                                                 
74 Based on data availability across study counties. 
75 The survey instrument was pretested by woodland owners, forestry faculty at NCSU, and forestry extension 
agents to ensure that forestry concepts are accurate, the questions are sensible, and the resulting data is reliable. 
Information about the survey was provided in local newsletters a month before the survey took place. Landowners 
who were selected for the survey were sent postcards to inform them they are requested to participate. A survey 
packet was sent which included a cover letter, survey booklet, request for survey results, pre-addressed postage paid 
envelope, and little gifts (e.g. a refrigerator magnet, $1 bill, mini cd-rom). A month afterwards, landowners who 
have not replied were sent follow-up postcard reminders. 
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provide an accurate standard of comparison in the study counties. I have also included figures 

from the 2000 US Census data for NC, for comparison with the general population. Statistics for 

Virginia, and figures by county are in Appendix 6.2. 

Table 6.4: Respondent characteristics 

Characteristics Percentage/Levels

This Study 2006 NWOS 
Survey a 

2000 US Census
(NC)b 

Woodland Acreage  

Total acres owned (Ave/Median) 161ac/ 50ac  
Total woodland acres (Ave/Median) 74ac/ 30ac Median: <9ac  
#  woodland parcels(Ave/Median) 2.3/ 2 Median: 2  
Characteristics of Traditionally Underserved Landowners  

Income  >$45,000  62% 66% (>$45,669 c) Median: $44,371c 

Education Up to High school 30% 46% 25% d 
 Up to Bachelors Degree 39% 30% 21% d 
Race             Af.American   22% 1% 21.6% 
 White 69% 96% 72.1% 
 Native American 7% 1% 1.2% 
Gender: Female  37% 51% 
Employment: Retired                      48% 57%  
Full-time 31% 41% 79% 
Age (years) Ave. 63/Median 64 Median 55-64 >65 yo: 12.0%
Tenureship  

Inherited some woodland 58% 31%  
Live within 5 miles from woodland  50%  
Tenureship  Co-Own with spouse  47% 83% (Sole & Co-  
   Sole owner 32% own with spouse)  
Forest Management Behaviors  

Made written will 56%  
Contacted forester e 26%  
Sold timber in the last 10 years 33%  
Made stand improvements  41%  
a Butler, Forthcoming 
b US Decenial Census, 2000. U.S. Census Bureau, Summary File 1 (SF 1) and Summary File 3 (SF 3) unless otherwise stated (Bureau, 2001a; 
Bureau, 2001b) 
c Equivalents in 2004 prices. 
d US Census Bureau, 2004 
e Includes public and consulting foresters 
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6.4.2.1. Woodland Acreage 

The sampling frame was designed to target owners of less than 100 acres of woodland, since 

they represent more than 90% of woodland owners in the South but are often underrepresented 

in studies of NIPF.  In the final sample, most respondents (85%) did own 100 acres or less of 

woodland. These are mostly held in one to three parcels of land (87%) (See Figure 6.3).  

 

 

Figure 6.3:  Woodland ownership distribution among respondents 

 

6.4.2.2. The Traditionally Underserved 

By targeting areas with high minority populations, the racial composition in the sample is more 

varied compared to previous NIPF surveys. There is good representation of African American 

and Native American woodland owners, which composes 29% of respondents. In comparison, 

15.1% farm operators in the study counties were African American or Native American (USDA-

NASS, 2002). Almost half of respondents were retired, consistent with the observed median age 

of 64years. Respondents were better educated than the average population, and there is evidence 

that this educational profile is indicative of family forest owners in general, due to its similarity 
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with results from the NWOS. The high education level may be a result of self-selection due to 

the survey mode: better-educated individuals may feel more comfortable answering mail surveys.  

6.4.2.3. Tenureship and Other Constraints 

A high proportion of woodland owners inherited some parts of their woodland. Many live 

within 5 miles from their nearest woodland, and 40% visit their woodlands at least once a 

month. Proximity to woodland is positively associated with the frequency of visits: half of those 

who live more than 10 miles away visit their woodlands less than once a year. However, living 

on the woodland property is no guarantee for frequent visits, since nearly 25% of these 

landowners visit their land only a few times a year at most. 79% were co-owners of woodland 

with their spouse or were sole owners, and many co-own with other family members (23%). 

Approximately 40% have received offers from timber buyers at least a few times a year, which is 

an indication of the commercial potential of woodlands.  

6.4.2.4. Forest Management Behavior 

In general, respondents were engaged in managing their forests. One in three respondents sold 

timber in the past 10 years. 41% made some stand improvements in the last 5 yeears, which 

includes site preparation, tree planting, prescribed burning, chemical applications, road/trail 

maintenance or construction, creating wildlife habitat/preserve, tree thinning, and hiring laborer. 

The most popular activity is road maintenance/construction and tree planting, which were done 

in the past 5 years by 19% and 15% of all respondents respectively.  

Only a quarter of respondents have contacted a forester in the past 5 years. Other studies (e.g. 

Measells et al., 2005) have also confirmed the low rate of contact between woodland owners and 

professional foresters. The high proportion of respondents (56%) who have written wills is also 

comparable with NIPF survey results in Arkansas, Mississippi, Louisiana and Tennessee (e.g. 

Measells et al., 2005). The majority of respondents inherited some part of their woodland.  
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6.5. Methods 

6.5.1. Forest Management Behavior 

The empirical model uses a simplified binary variable denoting whether the respondent has done 

a particular forest management activity. There are four activities of interest: (i) Making stand 

improvements, (ii) Contacting a forester, (iii) Making a written will, and (iv) Timber harvesting. 

In order to determine whether they have made stand improvement or contacted a forester, the 

following questions was asked: 

In the past 5 years, have you: 

 Activity Yes No 
Don’t
Know 

a. Been visited by a county forester (from the State Division or 
Department of Forestry)? 1 0   8 

b. Hired a consulting forester to manage a timber sale or other activities?  1 0   8 
c. Prepared land for planting new trees (site preparation)? 1 0   8 
d. Planted trees (seeds or seedlings)? 1 0   8 
e. Burned lightly on purpose (prescribed burning)? 1 0   8 
f. Applied fertilizers, herbicides or pesticides?  1 0   8 
g. Constructed or maintained roads, trails, fire lines? 1 0   8 
h. Created wildlife habitat or a wildlife preserve? 1 0   8 
i. Thinned or released trees?  1 0   8 
j. Hired laborers to work on your woodland? 1 0   8 
 

A respondent is considered to be engaged in timber stand improvement if she answered Yes at 

least once for questions c-j, and have been in contact with a forester if she answered Yes in 

questions a or b. Those who answered “Don’t Know” or did not provide any answers were 

combined with those who answered “No”.  

Will-making and timber harvest activity was determined using the following questions:  

Do you have a written will that says who will get your woodlands after you pass away? 

 1  Yes  0       No   
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Have you sold timber from your woods in the past 10 years?  

 0 No  1  Yes   8 I don’t know   

Consistent with conceptual framework, previous literature, and focus on LRWO, each behavior 

was analyzed as binary choice using logistic regression, as function of variables listed in Table 

6.5. The discount rate is expected to have a negative relationship with the probability of writing 

wills, contacting foresters, and invest on the forest. The probability of harvesting is expected to 

be positively affected, because high discount rates may cause land owners to harvest sooner (and 

therefore more frequently). When writing wills, landowners must bear legal costs and endure the 

pain of considering their own (future) mortality. In return, they have some control over future 

transfer of their woodland property and can avoid the ensuing legal burdens that can otherwise 

be imposed on their heirs. Similarly, contacting foresters present a current time/monetary cost 

for the future benefit of making better-informed forestry decisions, and undertaking forest 

investments also incur present costs for a variety of future benefits. Hence, it is expected that 

landowners with lower discount rates who put higher value on future benefits compared to 

others, will be more likely to carry out these activities.  

6.5.2. Discount Rate Estimation 

Some of these factors may influence behavior through the time preference pathway.  To test 

this, I estimate discount rates using landowner characteristics and their observed choice behavior 

when answering an inter-temporal tradeoff question in the survey. Respondents revealed their 

time preferences by answering two questions; each required them to choose between two timber 

harvesting options that occur at different interval lengths and provide different levels of income. 

Respondents were given the following scenario “Suppose that you are given 50 acres of woodland about 

a mile away from your house.  This woodland has a mixture of pines and hardwoods and a mixture of different 

size trees. A forester takes a look at this woodland and gives you two choices”. They must choose between: 

(a) Larger and Seldom (LS) payment, where large timber income is received now and in every 32 

years; or (b) Smaller Frequent (SF) payment, where a smaller timber income is received now and 

in every 8 years.  The income received (PLS and PSF) varies across questions and respondents.  
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Table 6.5: Hypothesized determinants of forest management behavior 

Factorsa  Parameter Description 
Expected signs

Invest in 
Forest 

Contact 
Forester 

Write 
Wills 

Timber 
Harvest

a Est. Discount rate Estimated using landowner characteristic and survey questions (-) (-) (-) (+)
b Children Number of children ? ? (+) ?
b Age Age ? ? (+) ?

b Inheritance Dummy variable for respondent who inherited at least some of their 
woodlands ? ? ? (+) 

b Tenure: Sole owner Dummy variable for respondent are sole owners of at least some of 
their woodlands ? ? ? ? 

b Tenure: With spouse Dummy variable for respondent who co-own at least some of their 
woodlands with their spouses ? ? ? ? 

c Income Dummy variable: Income >$45,000 (+) (?) (+) (?)
c Education Dummy variable for respondents with ≥ a 4-year Bachelor’s degree (+) (+) (+) (+)
c Occupational Status: Retired Dummy variable for respondents who are retired (-) ? (+) ?

d Distance to woodland Dummy variable for respondents who live within 5 miles from nearest 
woodland (+) (+) ? ? 

d Woodland visits Dummy variable: visits woodlands at least once a month (+) (+) (+) (+)

e Importance of forest 
amenities 

Dummy variable: thinks that protecting nature is a very important 
reason to own woodlands (-) (+) (+) (-) 

e Gender: Female Dummy variable for female respondents (-) (-) ? (-)
e Race: African American Dummy variable for African American respondents (-) (-) ?
e Woodland acreage Total woodland owned in the 7 study counties (+) (+) (+) (+)

  a Refer to Table 6.6 for the factors in conceptual model 
 
Table 6.6: Factors in conceptual model (taken from Table 6.3) 

Factors Conceptual Model Component
a Discount Rates 
b Bequest factor 
c Marginal utility of timber income
d Marginal utility of forest amenity
e (Perceived) Marginal effect of forest management on amenities and timber income 
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There is also an opt-out option, where respondents can choose ‘Neither’.  This question was 

designed to elicit preferences regarding timber management (even vs. uneven age) and timber 

preferences specific to decisions about woodlands. 

The discount rate was estimated using (i) Binary Maximum Likelihood Estimation (MLE) or (ii) 

Grouped MLE. The Binary MLE method76 is based on the Random Utility Model, which 

assumes that each choice outcome is composed of deterministic and stochastic components. 

The researcher can only observe the deterministic component, such as the choice parameters in 

the questionnaire and a limited set of landowner characteristics.  The respondent also uses other 

random parameters that are unobservable to the researcher in order to make her decision.  The 

Grouped MLE method assumes that respondents choose between options in two questions by 

comparing their discount rate (known to themselves but not the analyst) to the implicit discount 

rates that set two options equal.  We model this as a function of characteristics and stochastic 

term. Table 6.7 compares the two methods. 

Table 6.7: Comparison between Binary and Grouped MLE 

Parameters 
Discount rate estimation methods 

Binary MLE Grouped MLE 
Dependent variable (LHS) Probability of choosing LS Upper and lower bounds of the 

discount rate, based on implied rates 
from each question 

Independent variables 
(RHS) 

PLS, PSF, intercept term, and 
respondent and woodland 

characteristics 

Respondent and woodland 
characteristics 

Number of observations Max. 2 per respondent Max 1 per respondent 
Estimation method Logit with clustered errors Lifereg 
 

6.5.2.1. Binary MLE 

In the case of binary choices, the difference between utility from both choices is the net utility 

that respondents try to maximize. Hence, the random utility model with binary choice can be 

formulated as a utility difference function. For example, The LS option is chosen if the utility 

from it outweighs the utility loss from foregoing SF, i.e. ULS > USF. A simple linear equation was 

                                                 
76 A step-by-step description of this method is found in Appendix 6.3. 



 

260 

used to model the relationship between choice parameters and landowner characteristics, and 

the observed choice outcome (Eq. 6.5). 

i,LLq,SSi UUU −=  

( ) ( )i,q,LLi,q,SS

K

1k
i,kki,q,LLLLi,q,SSSSi,LLi,SS ZPP εεβββαα −++⋅−⋅+−= ∑

=  

 

Eq. 6.5 

Where α = intercept , β = parameter coefficients for P (payoff amount for choice SS and LL) 

and Z (landowner characteristics), ε=error term, q=index for question number, and i= index for 

respondent. εSS and εLL are assumed to follow an extreme value distribution; since the difference 

follows a logistic distribution, it allows us to estimate the probability of choosing SS using a 

logistic function: 

( )[ ]{ } 1
,,,,, exp1)Pr( −+⋅−⋅+−+= jjqSFSFjqLSLSjq PPLS εββα  

 

Since each respondent can contribute up to two observations, the error term (ε) is clustered by 

respondent to take into account the panel nature of the data. Because there is public aversion to 

clear-cutting but strong support for this management approach in the forestry profession, 

landowners may have preferences for one versus the other, independent of the prices offered.  

The intercept term represents the preference for LS, holding constant the prices (income).  The 

estimated price coefficients (βLS and βSF) are used to solve for the discount rate, assuming 

constant exponential rate discounting: 
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Eq. 6.6

The discount rate does not have an obsvious closed form, and was therefore solved numerically. 

The resulting discount rate is the average discount rate of the sample population. This approach 

can be used to estimate discount rates for sub-groups (e.g. by gender, race) by including 

interaction terms between group characteristics of interest and the price terms (PLS and PSF).  
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In order to present realistic choice scenarios, even-age management (clear cut harvesting) was 

always connected with longer 32-year rotations, and uneven-age management (partial harvests) 

with the shorter 8-year rotations.  In addition to different timber harvesting method and timing, 

the options differed in terms of the timber income offered. The 8-year and 32-year rotation 

offered timber incomes ranging from $250 to $2,500/acre and $500 to $3,500/acre respectively, 

resulting in implied discount rates ranging from -3.1% to 20% per year.  

Because the discount rate is derived from the ratio of the PLS and PSF coefficients, the confidence 

interval is estimated by applying the Krinsky-Robb sampling method (Krinsky and Robb, 1991). 

I sampled the distribution of βSS and βLL, resulting in 1,000 samples of each coefficient. The 

discount rate solved from each pair of sampled βSS and βLL provided an estimate of the 

distribution of r.  The 95% confidence limits are the smallest and largest 2.5% of these ‘sampled’ 

discount rates.  

6.5.2.2. Grouped MLE 

In this method, respondents are assumed to compare their discount rates to implicit discount 

rates that would make the present value of the two options equal, and then if their discount rate 

is higher, choose LS, and if lower, choose SF.  Discount rate is a function of personal 

characteristics, which are only partially observable by analyst, so again there is some stochastic 

component.  

The amount of payments for LS and SF (PLS and PFS) varies across the two questions and across 

respondents. There is an implied discount rate (ρ) that makes the present value of both options 

equal, which is obtained by solving for Eq. 5.1. 
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−

−
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=
 Eq. 6.7 

There were 22 combinations of PLS and PSF used in the survey that result in implied rates ranging 

from -0.3% to 25.1% per year. If a respondent chooses LS (SF), her personal discount rate is 

higher (lower) than ρ. Because there are two such questions, it is possible to construct an upper 
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and lower bound for each landowner’s discount rate. The implied rate of the first question is 

lower than the second question.  

Following the time preference literature, the discount rate is modeled as a function of personal 

characteristics, specifically age, gender, race, number of children , and income. Based on 

previous studies, women are expected to have lower discount rates, but the effect of income, 

age, number of children, education and race are uncertain. The relationship is modeled as: 

jj,rj Zr εβ +⋅=  Eq. 6.8 

Where β is a vector of k coefficients for a vector of landowner characteristics that affect the 

discount rate (Z); ε is the error terms, which is assumed to be log normal77. Using the survey, 

only the upper (ρHigh) and/or lower (ρLow) bounds of the discount rate are observed. Hence, the 

dependent variable is left and/or right-censored. The following equation is estimated using the 

LIFEREG procedure in SAS, which was designed to work with censored data models: 

( ) j

K

1k
j,k,rkj,Highj,Low Z, εβρρ +⋅= ∑

=  
Eq. 6.9 

The predicted discount rates from the Grouped MLE method are unique for each combination 

of age, gender, race, number of children, and income, and used as an explanatory variable for 

modeling forest management behavior as described in the next section. 

6.6. Results 

6.6.1. Discount Rate Estimation 

6.6.1.1. Binary MLE 

Three logistic models were estimated to explain decision to choose LS: (i) a basic model, which 

only includes the prices of the two options; (ii) and intermediate model that includes dummy 

                                                 
77 The log normal distribution produced the highest percentage of estimated discount rates that fall correctly within 
observed discount rate bounds, compared to the normal and Weibull distributions. 
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variables of respondent characteristics, and (iii) a complete model that also uses interaction 

terms between respondent characteristics and prices from the two options (Table 6.8). 

Table 6.8: Discount rate estimation, Binary MLE method  

Dependent variable: Pr(Choose LS). N=465 

Parameter 

Basic:
No respondent 
characteristics 

Intermediate: 
Dummies variables 

Complete:
Dummy variables & 

Interaction terms 
Estimate P-Value Estimate P-Value Estimate P-Value

Intercept -0.7419*** 0.0028 -3.1321*** 0.0014 -4.5143* 0.0655
Age  0.0255* 0.0556 0.0426 0.2183
Age*Income>$45,000  -0.0388** 0.0291 -0.0782* 0.0916
Children  0.4515** 0.0313 0.3021 0.5793
Children^2   -0.0864** 0.0345 -0.00227 0.9804
Income$45,000  2.806** 0.0157 5.3004* 0.0824
PLS 0.3607* 0.0663 0.4213** 0.0363 0.8806 0.6163
PLS*Age  -0.0158 0.5329
PLS*Age*Income>$45,000  0.0156 0.6336
PLS*Children  0.4254 0.3267
PLS*Children^2  -0.0933 0.2805
PLS Income>$45,000  -0.4609 0.8284
PSF -0.7113*** 0.0092 -0.7438* 0.0077 -0.5383 0.8178
PSF*Age  0.0146 0.6675
PSF*Age*Income>$45,000  0.00244 0.9571
PSF*Children  -0.5819 0.3263
PSF*Children^2  0.0853 0.5092
PSF*Income>$45,000  -1.0688 0.7155
Significance level: ***(1%), **(5%), *(10%). † (15%)  
Note: Grey highlights indicate coefficients used in the discount rate estimation for this level.  
 
 
Across all models, the intercept term is negative and significant, which suggests that landowners 

prefer smaller but more frequent (SF) income, instead of larger but more seldom income (LS). 

The signs of coefficients for prices are well-behaved: Respondents were more likely to choose 

the LS option if PLS is higher (i.e. positive PLS coefficient), and were less likely to choose LS if PSF 

is higher (i.e. negative PSF coefficient).   

In the intermediate model, all dummy variables are highly significant, suggesting that the 

underlying preferences for each option is influenced by respondent characteristics such as 

number of children, age and income. However, they do not affect the way people make tradeoffs 

between the prices, since none of the interaction terms are significant in the Complete model. 

Intermediate and Complete models suggest that lower income landowners were especially likely 
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to choose the SF option. With age, this preference slowly shifts to LS. In light of these results, 

the estimated discount rates were based on the ratio of the coefficients of PLS and PSF found in 

the intermediate model. The estimated discount rate is 9.7% per year, which was derived by 

solving for r in Eq. 6.6.The 95% confidence interval is  -1.3% to 21.33%, which is equal to the 

smallest 2.5% and largest 97.5% estimates derived from bootstrapping the dataset 1,000 times. 

The estimated intercept for all respondents are negative, ranging from -3.312 to -0.227. 

6.6.1.2. Grouped MLE 

The Grouped MLE method results in unique discount rate estimates for all combinations of the 

explanatory variables/population subgroups. Since the number of observation is small, the 

combination of age, children, and income dummy results in unique discount rate estimates for 

nearly every respondent. Based on the model in Table 6.9, the average discount rate for all 

respondents is 2.63%; Estimated discount rates among respondents ranged  from 0.01% to 7.2% 

per year.  

Table 6.9: Discount rate estimation, Grouped MLE method 

Dependent variable: Upper and lower bounds of discount rate. N=242 

Parameter Estimate Pr>ChiSq
Intercept -8.3105*** <.0001
Age 0.0535** 0.0456
Age*Income>$45,000 -0.0797** 0.0263
Children 0.7021* 0.0795
Children2 -0.1271* 0.0891
Income>$45,000 5.6587 0.0169
Significance level: ***(1%), **(5%), *(10%) 
 

The discount rate is assumed to follow a log-normal distribution, for two reasons: (i) Estimates 

from this distribution were within observed discount rate ranges for 70% of the respondents, 

which is a higher proportion compared to those that assumed normal or Weibull (extreme value) 

distributions; and (ii) The log-normal distribution limits the estimates to be non-negative, which 

is supported in time preference literature (e.g.Olson and Bailey, 1981). 
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Respondents with more children have higher discount rates, yet the rate decreases with each 

additional children. The marginal effect of children on discount rates is positive for respondents 

with less than three children, zero for those with three children, and negative of those with more 

than three children. Since 87% of respondents have three children or less, the effect of the 

number of children on discount rates is generally positive. Discount rates increases with age, but 

is tempered by income. The discount rates of respondents with higher income increase at a 

slower rate as they age, compared to those with lower income.  Separately, age and income were 

not significant determinants of the discount rate. Other variables of interest to this study, such 

as race and education, were not significant.  To avoid multicollinearity problems, race and 

education were not included in the discount rate estimates. These estimates will be used as an 

explanatory variable for behavioral models in later sections, which will also include race and 

education as explanatory variables.  

Note that coefficients – including turning point for quadratic, and relationship between age and 

income – are very consistent with Binary MLE.  This suggests that this model confounds 

determinants of time preferences and determinants of harvesting preferences.  Given that 

harvesting method is inextricably related to harvest timing, this may be logical conclusion.   

6.6.2. Model of Forest Management Behavior 

The reduced form model uses all the explanatory variables that have been identified in the 

conceptual model as potential determinants of forest management behavior, without imposing 

any particular structure on how these variables are related with each other. The structural model 

replaced variables in the reduced form model that explained the discount rate with the estimated 

discount rate term. Estimates of variable coefficients and model fit were similar across the two 

models (See Table 6.10), although there were some differences in the statistical significance of 

some variables such as education and retirement status in writing wills. Model specification did 

not alter the determinants of contacting foresters, investing in timber stand improvement, and 

harvesting timber.  
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Table 6.10: Determinants of Forest Management Behaviora 

 Making Written Wills Contacting a Forester
Parameters Reduced Structured Reduced Structured

 Estimate P-Value Estimate P-Value Estimate P-Value Estimate P-Value
Intercept -2.2058 † 0.106 -0.7809 † 0.148 0.4943 . 0.742 -1.5061 ** 0.014
Estimated discount rate . . 0 15.2252 † 0.128 . . 0 0.3592 . 0.978
Inherit woodland 0.3923 . 0.246 0.3980 . 0.214 0.4852 . 0.258 0.2786 . 0.468
Tenure: Sole owner 0.5612 . 0.208 0.5737 . 0.164 -0.0851 . 0.832 -0.0973 . 0.838
Tenure: Own w/ spouse 0.5197 . 0.216 0.4940 . 0.226 -0.7788 * 0.096 -0.6697 † 0.136
Education≥ Bachelor degree 0.5902 † 0.106 0.4180 . 0.208 0.3098 . 0.454 0.2290 . 0.504
Retiree 0.5087 . 0.164 0.6057 ** 0.034 0.2052 . 0.626 -0.0245 . 0.93
Live within 5 miles of woodland -0.7494 ** 0.02 -0.6828 ** 0.03 0.5316 . 0.204 0.5021 . 0.178
Visit at least once/month -0.2254 . 0.528 -0.2736 . 0.4 0.0258 . 0.958 0.0368 . 0.912
Protecting nature is important 
reason for owning woodland 0.2829 . 0.644 0.2349 . 0.712 0.8738 . 0.18 0.6969 . 0.242 

Female -0.0639 . 0.828 -0.0380 . 0.912 -0.7176 ** 0.044 -0.6403 * 0.074
African American -0.4043 . 0.306 -0.4206 . 0.246 -0.3625 . 0.454 -0.2493 . 0.586
Woodland Acreage 0.0017 † 0.132 0.0016 † 0.14 0.0070 *** 0 0.0066 *** 0
Age 0.0277 . 0.16 -0.0410 * 0.086
Age*Income -0.0446 *** 0 0.0323 *** 0
Income> $45,000 2.6236 † 0.108 -2.3150 . 0.222
Number of Children 0.2941 . 0.41 0.7142 ** 0.034
Number of Children2 -0.0708 . 0.25 -0.1524 ** 0.02

Median Pseudo R-sq 0.0597 0.0587 0.0854 0.0699
Significance level: ***(1%), **(5%), *(10%). † (15%) 
a This model was bootstrapped 1,000 times. 
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Table 6.10: Determinants of Forest Management Behaviora (Continued) 

 Timber stand improvement Timber Harvest

Parameters Reduced Structural Reduced Structured 

 Estimate P-Value Estimate P-Value Estimate P-Value Estimate P-Value

Intercept -1.8287 . 0.186 -1.6570 *** 0.002 -2.7705 * 0.064 -2.6426 *** 0 
Estimated discount rate . . 0 10.0194 . 0.344 . . 0 19.5339 * 0.094 
Inherit woodland -0.2451 . 0.448 -0.3108 . 0.336 1.1557 *** 0.002 1.0293 *** 0.004 
Tenure: Sole owner 0.9327 ** 0.044 0.9318 ** 0.036 -0.2103 . 0.614 -0.1945 . 0.614 
Tenure: Own w/ spouse 0.7570 † 0.122 0.7680 † 0.102 0.5388 . 0.238 0.5893 . 0.16 
Education≥ Bachelor degree 0.1517 . 0.73 0.1307 . 0.724 0.2729 . 0.5 0.2515 . 0.492 
Retiree -0.6021 † 0.144 -0.6199 * 0.068 0.0205 . 0.962 -0.3145 . 0.358 
Live within 5 miles of woodland 0.0387 . 0.9 0.0559 . 0.88 0.5298 . 0.156 0.4822 . 0.176 
Visit at least once/month 0.9891 *** 0.008 0.9743 *** 0.004 -0.5379 † 0.15 -0.4598 . 0.232 
Protecting nature is important 
reason for owning woodland -0.4455 . 0.448 0.0737 . 0.436 -0.4296 . 0.5 -0.4754 . 0.454 

Female -0.1784 . 0.632 -0.1525 . 0.656 0.1537 . 0.694 0.1829 . 0.6 
African American -0.3306 . 0.426 -0.2975 . 0.47 0.4140 . 0.344 0.4396 . 0.298 
Woodland Acreage 0.0062 *** 0 0.0062 *** 0 0.0099 *** 0 0.0095 *** 0 
Age -0.0005 . 0.974    -0.0011 . 0.958    
Age*Income -0.0089 *** 0    -0.0421 *** 0    
Income> $45,000 0.6286 . 0.692    2.8411 † 0.104    
Number of Children 0.3023 . 0.294    0.4512 . 0.164    

Number of Children2 -0.0408 . 0.418    -0.0999 * 0.068    

Median Pseudo R-sq 0.109399 0.116899 0.10593 0.104025 
Significance level: ***(1%), **(5%), *(10%). † (15%) 
a This model was bootstrapped 1,000 times 
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6.6.2.1. Writing Wills 

The discount rate had an unexpected positive effect on written wills. Retirees were more likely to 

write wills; they may be more likely to have the time and frame of mind to reflect on their 

legacies. This result may have reflected the impact of age, which was used in estimating the 

discount rate and highly correlated with retirement. When age replaced the retiree dummy 

variable in the written will model, it had a positive significant coefficient.  

Older respondents were more likely to write wills because the issue of mortality becomes more 

relevant. Woodland owners who live on or near their woodlands were less likely to write wills. 

This result is troubling because it suggests woodland owners assumed their woods will be 

properly transferred upon their death because they were physically close to their woods, the 

woodland was their home instead of just a capital asset, or their tenure was common knowledge 

to local residents or officials.  

6.6.2.2. Contacting Foresters 

Female respondents were less likely to contact professional foresters, which is supported by 

anecdotal evidence from attendance profiles during woodland owner meetings that were held by 

the research team. Landowners who live on or near their woodlands, or have larger acreages are 

more likely to contact professional foresters.  

Respondents who co-owned with their spouses, or lived on or near their woodlands were less 

likely to contact foresters compared to sole-owners and landowners who co-own with other 

family members. These findings may be correlated because there was disproportionately large 

number of spousal landowners who lived on or near their woodlands (See Table 6.11).   

Table 6.11: Tenureship type and living location relative to nearest woodland 

Tenureship 
Main living location

On 
Woodland

Off 
Woodland

Sole Owner 20.00% 80.00%
Co-Own with Family members 17.39% 82.61%
Co-Own with Spouse 42.45% 57.55%
All respondents 29.35% 70.65%
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6.6.2.3. Timber Stand Improvement 

Forestry investments were lower among respondents who co-own with family members, and 

those who inherited their woodland. These results show that tenureship plays a large role in 

providing incentives to invest in woodlands. Unlike co-ownership with a spouse, co-ownership 

with family members comes at a higher transactions cost; family members often live far away 

from each other and do not always act as a single decision-making unit. Owners of inherited 

woodlands may be less motivated to improve their woodlands compared to those who bought 

woodlands, since buyers need to ensure the growth of their investment. Retirees are also less 

likely to invest; there are a few possible reasons: (i) they are generally elderly, and do not have 

the physical ability to undertake forestry activities; and (ii) they have fixed incomes that do not 

allow for large financial investments.  

The positive and significant coefficient of woodland acreage shows that larger woodland owners 

more actively invest in their woodlands compared to smaller woodland owners. They may have 

more at stake, for example in preventing fires or the spread of diseases, are in a better position 

to take advantage of the economies of scale in forestry, or have a more varied land resource that 

gives them more management options.  

The discount rate was not a significant determinant in contacting foresters or making timber 

stand improvements. Part of the reason may be that these were aggregated across different types 

of forest activities (e.g. site preparation, creating wildlife habitat) and foresters (public, private), 

which had different relationships with the discount rate. 

6.6.2.4. Timber Harvests 

Higher discount rates led to a higher probability that a respondent harvested her timber in the 

past 10-years. This was as expected, since discount rates increase the opportunity cost of 

growing (as opposed to harvested) timber and thus decreasing the rotation age. Those who 

owned more woodland acreage and inherited at least part of their woodlands were more likely to 

have harvested timber. Aside from acreage, other characteristics associated with limited resource 

ownership, such as gender, race and education, and a preference for protecting nature, were not 
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significant determinants of timber harvesting. However, given the small sample size, the lack of 

significance should not be interpreted too strongly.  

6.6.2.5. Robustness of the Relationship between the Discount Rate and Behaviors 

Table 6.12 shows the model with only the estimated discount rate as the explanatory variable, to 

understand the robustness of the relationship between discount rate estimates and the behaviors 

of interest. The sign of the estimated discount rate variable remained the same when other 

explanatory variables were included in the behavioral model, even though the significance levels 

were significantly reduced. Discount rates were significant at the 12% level determining the 

probability of writing a will, and at the 10% level in determining timber harvests. 

Table 6.12: Discount rate as sole explanatory variable of behavior  

Parameter 

Written Wills Contact Forester Timber Harvest 
Timber stand 
improvements 

Estimate P-value Estimate P-value Estimate P-value Estimate P-value
Intercept -0.317 0.226 -1.212*** 0.000 -1.1571 0.000 -0.571*** 0.008
Est. Discount Rate 22.232*** 0.006 5.349 0.514 23.692*** 0.006 8.365 0.324

Significance level: ***(1%), **(5%), *(10%), †(15%)  
a Median estimate from bootstrapping 1,000 times; P-value was derived non-parametrically. 
 

6.7. Discussion  

This study shows that discount rates of LRWOS were affected by factors such as age, household 

income, and number of children. These indicate the underlying differences in the way small 

woodland owners make their intertemporal decisions. The effect of age and income on discount 

rates is usually seen separately in the time preference literature, and the direction of their effects 

is still debated78. This study found that landowners with higher incomes have higher discount 

rates which decrease as they age. Some theoretical models of time preference hypothesized the 

opposite: as we grow older, we become more impatient, as expected utility from consumption 

eventually falls, and physical abilities decline with age (e.g. Trostel and Taylor, 2001). However, 

                                                 
78 See Summary of empirical time preference studies in Introduction Chapter, which shows studies that found age 
or income have positive, negative and no effect on discount rates. 
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when we consider the effect of experiences (e.g. Becker and Mulligan, 1997) and utility of from 

bequest and altruism (e.g.Rogers, 1994), declining discount rates is a theoretically valid outcome.  

As expected, size of property has a significant impact on all forest management decisions except 

whether to write wills.  However, other factors that are less commonly considered also turn out 

to be important: whether inherited land and whether live close to land.  For the most part, 

indicators of LRWO status are not significant, although tenure and retiree status do have 

statistically significant effect in 2 out of 4 models.  

Environmental preferences are potentially correlated with time preferences and a determinant of 

forest management behavior, and therefore a potential confounder in models to estimate impact 

of time preferences on forest management. There was a highly positive (0.025) correlation 

between the estimated discount rate and respondent who put high importance in protecting 

nature, which supports this argument.  

Sole and spousal woodland owners were more likely to invest in their woods compared to 

owners with other tenureship arrangements. However, these types of ownership cannot be 

maintained in the long run without written wills. Our study finds that landowners who live on or 

near their woodlands were less likely to write wills, indicating a general lack of understanding of 

the role of wills in maintaining tenureship. Owners of inherited land were less likely to improve 

their timber stands, which may be the result of the potential management problems that may 

come with heir property status, and lack of legal remedy to reverse this status. This is 

exacerbated by the empirical fidning that they are also less likely to make written wills. These 

results further validates the urgent need to provide more educational outreach to heir owners, so 

they can maximize the benefits from their woodlands and avoid the pitfalls that may lead to land 

loss.  

The results of this study provide some support for programs such as cost share: discount rates 

of landowners were low, and it has little impact on most forest decisions considered in this 

study. Cost shares are still important by overcoming initial economic barriers. However, cost 

shares are more efficient when it is allocated to larger landowners, since per acre costs are lower. 

Other mechanisms to reduce the barriers to forest investment should be designed specifically for 
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small woodland owners. One significant barrier may be information. In a separate question, 

respondents said that the most challenging aspect of forest management is ‘knowing what to do’. 

Forestry information has been traditionally disseminated to landowners via landowner 

organizations and public meetings, where participants are typically white male landowners. These 

mechanism need to be more inclusive, especially to women and small woodland owners, which 

was found to be less likely to receive/seek forestry assistance. From this paper, we have 

witnessed the importance of family dynamics in forest management decisions, and its long-range 

implications (e.g. through will-making). Putting more resources on outreach targeted at female 

and retired woodland owners could be a fruitful long-term public investment.   

Landowners, especially those with lower incomes, showed strong preference for smaller forest 

income that accrues in intervals shorter than the typical timber rotation lengths. However, what 

forest management options do they have? In a future where forests are becoming more 

fragmented (De Coster, 1998), more effort is needed to increase the development and awareness 

of forest management alternatives that can provide these kinds of income streams, and 

technology (e.g. silvicultural techniques, production of non-timber forest product, marketing 

mechanisms) and services that are appropriate for small owners. 
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6.9.1. Appendix 6.1: First Order Conditions 

The Lagrangean function (taken from Eq. 3) 
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Maximize Eq.A1.1 with respect to C1, C2, N1, N2, X1, E1, E2, S, and Q2 
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Setting Eq.A1. 6 equal to Eq.A1. 4, we get: 
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Substitute Eq.A1. 7 into Eq.A1. 5: 
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Substitute Eq.A1. 2 and Eq.A1. 3 into  Eq.A1. 8and rearranging terms: 
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6.9.2. Appendix 6.2: Study County Characteristics Relative to the State and the US 

Characteristics Brunswick VA Duplin Halifax Northampton Robeson Sampson Warren NC US
Total population 18,419 49,063 57,370 22,086 123,339 60,161 19,972 8,049,313
65 years and over  14.5% 11.2% 12.9% 14.9% 17.4% 10.0% 12.8% 17.4% 12.0% 12.4%
Race   
   White 42.0% 72.3% 58.7% 42.6% 39.1% 32.8% 59.8% 38.9% 72.1% 75.1%
   Black or African American 56.9% 19.6% 28.9% 52.6% 59.4% 25.1% 29.9% 54.5% 21.6% 12.3%
   American Indian and Alaska Native 0.1% 0.3% 0.2% 3.1% 0.3% 38.0% 1.8% 4.8% 1.2% 0.9%
Education attainment (>=25 yrs)  
   Less than High School  36.8% 18.5% 34.2% 34.6% 37.5% 35.1% 30.9% 32.5% 21.9% 19.6%
Economic Characteristics  
   Median household income in 1999 ($) 31,288 46,677 29,890 26,459 26,652 28,202 31,793 28,351 39,184 41,994
   Per capita income in 1999 ($) 14,890 23,975 14,499 13,810 15,413 13,224 14,976 14,716 20,307 21,587
   Individuals below poverty level 16.5% 9.6% 19.4% 23.9% 21.3% 22.8% 17.6% 19.4% 12.3% 12.4%

Source: US Decenial Census, 2000. U.S. Census Bureau, Summary File 1 (SF 1) and Summary File 3 (SF 3) 
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6.9.3. Appendix 6.3: Description of the Binary MLE Method 

jqLSjqLSLSjqLSLSjqLS PHU ,,,,,,,, εβα +⋅+⋅=  and  

jqSFjqSFSFjqSFSFjqSF PHU ,,,,,,,, εβα +⋅+⋅=  

Where α and β are parameter coefficients, H and P are harvest method dummy and timber 

prices, ε is the error term; Subscripts LS and SF denotes the options; subscripts q and j are 

indices of question numbers (1 or 2) and respondents, respectively. For simplicity, the following 

description omits subscripts q and j. The utility difference of choosing LS is: 

SFLS UUU −=Δ  )()( SFSFSFSFSFLSLSLSLSLS PHPH εβαεβα +⋅+⋅−+⋅+⋅=  

Since HLS and HSF are constants (they are always clear cut vs partial cut), the above equation can 

be reduced to: 

)()( SFLSSFSFLSLS PPU εεββα −+⋅−⋅+=Δ  Eq.A3. 1

Where α = αLS – αSF. The decision to choose LS is composed of a deterministic component (α+ 

βLS· PLS – βSF· +PSF) and a stochastic component (εLS – εSF). The determistic component is 

composed of known variables, and is uniform across the population. However, observed choice 

is also affected by a stochastic component whose determinants are known to the respondent but 

unknown to the researcher. ‘The choice can be modeled as the probability that: 

]Pr[)Pr( SFLS UULS >=  
)]()}(){(Pr[ SFLSSFSFLSLSSFLS PP εεββαα −>⋅−⋅+−−=  

By assuming that each stochastic term follows an extreme value distribution, and since the 

difference of two extreme value distribution is a logistic distribution, parameters are estimated by 

using the logistic link function: 
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{ } 1)(exp1)Pr(
−+⋅−⋅+−+= εββα SFSFLSLS PPLS  

 

Where α = αLS – αSF, and ε=εLS – εSF. Note that each respondent can contribute up to two 

observations. Hence, the error terms are clustered by respondents.  

A positive α denotes an underlying preference for LS. To derive the discount rate, we evoke the 

assumption that intertemporal utility is maximized by setting the marginal utility of the net 

present value (NPV) of the LS and SF options to be equal:  
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Applying the formula for infinitely reoccurring payments, and assuming constant exponential 

discounting, the NPV of LS or SF is 
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Eq.A3. 3

Where k is the index for the two options (LS and SF), and r is the discount rate. Substituting 

Eq.A3. 3 into Eq.A3. 2: 
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Using the utility function in Eq.A3. 1, we can derive the marginal utility of prices (∂U/∂Pk) to 

further simplify Eq.A3. 4 into equation Eq.A3. 5, which will be used to estimate the discount 

rate: 
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Eq.A3. 5

Estimates of βLS and βSF were derived from equation Eq.A3. 1 . 
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Chapter 7 : Summary and Conclusions 
 

7.1. Introduction 

This chapter discusses methodological lessons gained from Chapters 3 and 5, and summarizes 

and contrasts Chapters 4 and 6 to further understand the factors affecting discount rates and 

behaviors. The two study populations, rural households in Maharashtra and North Carolina, 

lived in very different economic and social contexts. Although discount rates were elicited from 

both populations using the same general class of methods (i.e. stated preference using binary 

choice with an opt-out), the survey questions were structured and framed differently.  Questions 

in the NC survey were designed to elicit information on preferences for timber harvesting 

methods as well as time preferences over very long time periods (including inter-generational).  

In Maharashtra, the survey design assumed that respondents treat cash payments now and in the 

near future (3 to 15months) as identical commodities, except for the key factor of when these 

payments are made.  

The next two section discusses methodological lessons for the binary choice stated preference 

approach to estimating the discount rate, and lessons for policymakers and future researchers. It 

concludes with a comparison between what was theorized in the literature, and the empirical 

results obtained from this dissertation.  

7.2. Methodological Lessons 

7.2.1. Discount Rate Elicitation Questions 

In both case studies, the discount rate was elicited by asking respondents to choose between two 

payments that are awarded at different periods, with a chance to opt-out from this choice. Each 

elicitation question contains an implied discount rate that makes the Net Present Value of both 

payments to be equal. Those who chose the sooner payment imply that their discount rate is 
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higher than the implied rate. By asking respondents multiple times, using different combinations 

of payment amounts and schedules that suggest different implied rates, this approach enables us 

to construct the upper and lower bounds of an individual’s discount rate. This section discusses 

some of the challenges associated with this elicitation approach. 

7.2.1.1. Number of Elicitation Questions 

Each respondent in Maharashtra was presented with five questions that elicited her preference 

between a smaller sooner or larger later payment.  In NC, there were just two questions 

presented to each respondent, eliciting his choice between a large upfront and infrequent vs. a 

small upfront and more frequent timber income. 

The elicitation questions in the Maharashtra survey allowed us to test the validity of the constant 

exponential discount function over five time periods. Even though one payment was held 

constant at Rs. 1,000, the number of questions placed a cognitive burden on respondents, 

perhaps explaining the relatively high rate of responses that were inconsistent with constant 

exponential rate discounting. These inconsistencies can be interpreted in two ways: (i) ‘wrong’ 

answers that should be deleted, or (ii) answers that provide evidence against constant 

exponential discounting.  

With each question, the number of respondents who answered inconsistently increased 

incrementally from 331 (3.2%, q1-q2) to 1646 (16.1%, q1 to q5) respondents. The largest 

increase (488) was observed when respondents shifted from a Current vs. Future to Future vs. 

Future scenario.  The probability of an inconsistent answer after the second question was higher 

among men, those with poor math skills, or survey version A (See Appendix 3.5). In contrast, 

inconsistent responses across the first two questions were not predicted by gender, age, caste, 

math skills or survey version.   

These findings suggest that thoughtful respondents could have committed unintended mistakes 

or correctly displayed their non-constant discount rates that resulted in seemingly inconsistent 

responses. Reducing the number of survey questions to two questions could help avoid 

excluding these respondents from the analysis. The reduced variation of payment schedules 
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within respondents can be supplemented by using different schedules across respondents, so 

that the constant exponential assumption can still be analyzed.  Additionally, respondents who 

were not taking the survey seriously could choose one option throughout the survey, which 

would appear consistent even when five questions were used.  

Non-parametric methods suggested that estimates of the discount rate did not change when data 

from five rather than just the first two questions were used (See Table 7.1). Parametric methods 

led to differences in results that were statistically significant at the 95% level but still all within 

the range of estimates obtained with non-parametric methods.  These differences were about 1% 

(for binary MLE) and 6% (for grouped MLE), in both cases assuming a normal distribution.   

Table 7.1: Comparison of mean monthly discount rate estimates   

Inclusion Criteria 
Bounded 
Estimates 

Turnbull 
Binary MLE

Grouped MLE 
Q1 Q2

Consistent - All 
Questions 

5.67%-6.55% 7.34%-24.61% 13.5% 15.9% 10.91% 

Consistent - Q1-Q2 4.67%-5.99% 6.6%-24.06% 14.8% 15.1% 16.76% 
Note: Grey cells denote estimates were different at the 95% level across inclusion criteria (i.e.vertically) 
 

In contrast to the Maharastra survey, the survey of NC woodland owners included two 

elicitation questions in which both payments varied, presenting respondents with two different 

implied discount rates.  However, the payment schedule (i.e. 8yr vs. 32yr rotation) was not varied 

across the questions, meaning that constant exponential rate discounting is a maintained 

assumption of this analysis.  The percentage of inconsistent responses was low (2.3%) and 

similar to the level observed in the Maharashtra survey for the first two questions. One way to 

enhance the information derived from the NC survey is to vary the payment schedule within a 

survey and among respondents, which allows testing of the validity of constant exponential 

discounting. However, this strategy is viable given a large sample size.  

7.2.1.2. Follow-up to Test Respondents’ Interpretation of Questions 

Most respondents in the Maharashtra study always chose smaller but sooner payments (SS) and, 

hence, did not reveal an upper bound on their discount rate. This pattern of responses raises the 
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concern that many respondents followed simple heuristics (i.e. “always choose SS”), and 

therefore, their responses do not reveal their true discount rates.  A follow-up question could be 

used to test for this.  For example, the follow-up could ask “Why did you not choose LL in any 

of the questions?”.  The survey did include a follow-up question that asked about maximum 

willingness to wait, but the wording of the question was ambiguous, possibly explaining why 

72% of respondents who had chosen the larger but later payment (LL) in the previous question 

then gave an inconsistent answer to the follow-up.  The follow-up question in the survey also 

cannot identify respondents who were following the simple heuristic of always choosing SS 

because they could answer the follow-up question consistently by following the same heuristic.79  

The ideal follow-up question for testing whether respondents were understanding and answering 

previous questions based on their discount rates should present a novel pattern of questions and 

choices. For example, in the Maharastra survey, the first option in the discount rate elicitation 

questions was always SS followed by LL. The follow-up question should reverse this pattern, by 

asking respondents to consider waiting for the longest period of time, followed by progressively 

shorter periods.  

The survey of woodland owners in NC did not include a follow-up question.  While there were 

few inconsistent responses to the two discount rate elicitation questions, a follow-up could still 

have been useful to better understand opt-out, and identify underlying preferences for a 

particular harvesting regime.  

7.2.1.3. Opt-out Option 

The opt-out option, ‘Neither’, must be carefully considered in the NC study. Respondents may 

have set a reservation price based on prior knowledge or timber sales. Those who set a 

reservation price higher than any of the prices offered would have chosen to opt-out. However, 

if the opt-out option did not exist, they may have chosen the option with the price that was 

closest to his reservation price. In this case, the analysis may have violated the Independence of 

Irrelevant Alternatives (IIA) assumption, leading to biased estimates. Another interpretation is 

                                                 
79 In fact, 56% of respondents that always chose SS (option A), also chose A in the follow-up question. 
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that respondents chose ‘Neither’ when they did not have enough information to make a 

decision. For example, respondents may have chosen ‘Neither’ when they were unsure, using the 

opt-out as a placeholder for ‘Don’t Know’.  

Analysis showed those who opted out had less forestry experience, which suggests that it can be 

interpreted as ‘I don’t know’.  In this case, excluding it from the analysis would not violate IIA. 

The standard tests for IIA could not be reliably estimated with this small dataset. Future studies 

that include an opt-out option and expect a small number of observations (e.g., due to low 

response rates by limited resource woodland owners) should include a follow-up question that 

asks respondents why they chose to opt-out.  

7.2.1.4. Negative Discounting 

The discount rate was assumed to be non-negative in both case studies, as waiting was viewed as 

a cost, and current utility was always worth more than future utility. Non-Negative discount rates 

imply that a person would choose the best outcome first and postpone the worst outcome as far 

as possible in the sequence. However, Lowenstein and Prelec (1991) found that people preferred 

having the best for last. Eight other studies found a proportion of their respondents had 

negative discount rates for payment delays ranging from 1 day to 28 years80. We need to take a 

closer look at this assumption. 

In one-off payment scenarios such as the Maharashtra case study, negative discounting can be 

identified when a respondent chooses a Smaller Later option over a Larger Sooner one. In the 

fixed recurring payment scenario (North Carolina), choosing a Larger Seldom payment every 32 

years that is more than 4 times the Smaller Seldom payment every 8 years would be an indication 

of negative discounting. If non-negative discounting was assumed, such behaviors would be 

interpreted as a misunderstanding or irrationality. Hence, a separate question is needed to 

ascertain that the respondent understood the question, and indeed has negative discount rates. 

                                                 
80  Summarized by, and including, van der Pol and Cairns, 2000. 
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7.2.1.5. Summary: Lessons for Comparative Studies 

Case studies in this dissertation used tradeoffs across sequences (NC) and one-off payments 

(Maharashtra). Lowenstein and Prelec argued that discounting works differently in these two 

cases. In tradeoffs across sequences, two factors work together to reduce the discount rate - 

anticipatory savoring and dread, and loss aversion -, whereas only one of these factors 

(anticipation) affects one-off payment tradeoffs. Framing trade-offs in a sequence of three or 

more time periods forces respondents to compare the losses and gains between each period; 

Loss aversion leads to favoring improving sequences that imply negative discounting. In 

contrast, tradeoffs between one-off payments are gains from the current condition; loss aversion 

plays no role in decision-making.  

7.2.2. Estimation methods 

7.2.2.1. Non-Parametric Methods: Maximum Threshold Levels (ρMax) 

Non-parametric estimates of the discount rate were more sensitive to the maximum threshold 

levels (ρMax) assumed in Maharashtra as compared to NC. For example, the  results from 

applying the Bounded Estimates method were at least three times more sensitive to ρMax 

compared to those in NC: the marginal effect of ρMax on r̂  was 0.335 to 0.422 in Maharashtra, 

and 0.115 in NC. This illustrates the principal that sensitivity to ρMax is a function of the 

percentage of respondents who do not reveal their upper bounds, which was much higher in 

Maharashtra (53%) than in NC (17%).  

7.2.2.2. Parametric Methods: Distributional Assumption 

In Maharashtra, estimates from the Grouped MLE method assuming the normal distribution 

were most consistent with non-parametric estimates.  For example, log-normal estimates were 

much higher and as high as 143% per month. On the other hand, when the normal distribution 

was applied to the NC data, the results included negative discount rates not observed in the 

survey, and large variances compared to the log-normal distribution. These differences in the 
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impacts of distributional assumptions reflect differences in choice behavior. Most Maharashtra 

respondents did not reveal their upper bounds, and a large proportion (47%) of NC respondents 

did not reveal their lower bounds. The Log Normal distribution has a ‘thin’ tail that resulted in 

very high estimates for those without upper bounds in Maharashtra. Unlike the Log Normal, the 

Normal distribution allowed for negative estimates for those without lower bounds (NC). 

7.3. Discount Rates: Theoretical and Empirical Determinants 

7.3.1. Determinants of discount rates: Comparison across case studies 

The two case studies showed that different sets of factors affect the discount rates in different 

locations: (i) NC: age, income and number of children; (ii) Mahrashtra: age, gender, household 

crisis and wealth. What were not significant determinants are equally as interesting. Caste and 

race, which proxy for social status, did not have any statistically significant relationship with 

discount rates. African American landowners had smaller landholdings than White and Native 

Americans, which suggests that race is correlated with wealth.  

Age was a common factor across the cases, although the direction of effects varied. These 

outcomes strongly suggest that discount rates are dynamic, as it changes with age, life 

experiences, and income. In NC, age increased the discount rate among lower-income 

households, but had little effect on higher-income households. In Maharashtra, men’s discount 

rates reduced with age, although women’s rates stayed the same. Part of the explanation lies in 

the difference in elicitation questions. Payments in the NC survey recur indefinitely every 8 to 32 

years, are intergenerational, and involve assets that can be bequeathed (i.e. woodlands). Age and 

number of children determines the beneficiaries of the long-term payments, while income 

reduces the relative utility of receiving a large upfront (but seldom) payment. The elderly are less 

likely to benefit from a second payment every 8 years, and would prefer a larger seldom payment 

that imply a higher discount rate.  

In contrast, payments in Mahrashtra had short-term delays (3-15 months), and involved one-off 

cash rewards instead of durable assets. Older age, female gender and experience of a household 
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crisis embodied a person’s life experiences. They are better able to reflect on past events, 

envision future outcomes, and postponing benefits. Wealth allows households to be flexible, and 

consider payments at different time periods. Unlike in NC, older respondents in Maharashtra did 

not need to be concerned about whether they would benefit from the payments.  

Gender was a significant determinant of discount rates in Maharashtra, but was not significant in 

North Carolina. There are two potential reasons: (i) gender roles were more clearly defined in 

Maharashtra: Each gender had distinct life experiences and paths, resulting in systematically 

different time preferences. These distinctions exist in North Carolina, but are less clear; (ii) there 

was no way to confirm the respondents’ gender in North Carolina, because it was done via mail. 

This was not a problem in Maharashtra because it was conducted using in-person interviews. 

7.3.2. Comparison between Theory and Empirical Evidence 

This section compares the empirical results from the dissertation with the predictions of four 

theories of time preferences reviewed in the Chapter 2, as summarized in Table 7.2 (based on 

Table 2.1).  

Table 7.2: Hypothesized vs. Study Results of Determinants of the Discount Rate  

Discount Rate 
Factors 

 

Theory Study Results
Endogenous 

Time 
Preference 

(ETP) 

Natural 
Selection 

Primary Vs. 
Secondary Needs

(PVS) 

Marginal 
Utility 

NC Maharash
tra 

Income (?) (-) (+) (-)*age  
Wealth (-) (+)  (-)(home) 
Recent Crisis (India) (+)  (-) 

Household size   (+)  Inverse-
U  (0)  

Gender (Female)  Effect depends 
on age/fertility   0 (-)*age  

Age U-shaped Effect depends 
on gender  (+) (-) 

*income  (-)*female 

Education (-) 0 0(literacy)
 

Empirical results did not support most theoretical predictions, except for wealth (Endogenous 

Time Preference theory), gender-age interaction (Natural Selection), income, and – to some 
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extent - household size (Primary vs. Secondary Needs). Household crisis was initially thought to 

cause individuals to form a bleak future outlook. Applying the Endogenous Time Preference 

(ETP) theory, this should reduce future expectations of utility, reducing the benefits of lowering 

one’s discount rate. However, the Maharashtra results point to a different interpretation: a crisis 

is a learning experience that causes one to be more thoughtful of the future, similar to an 

educational ‘shock’, which lowers the discount rate as predicted by ETP.  

In Maharashtra, gender and age interaction fit predictions by the Natural Selection theory. 

However, there are alternative social reasons for the role of gender and age in determining the 

discount rate, which could explain why gender was not a significant factor in NC. Gender has 

been an elusive determinant of the discount rate in the literature; it was found to have no effect 

in 12 studies, and a negative effect in only 2 studies (See Table 2.2). In Maharashtra, women’s 

discount rates were generally lower than men’s, but men’s discount rate gradually decreases with 

age. In NC, gender was not a significant factor, even when considered in conjunction with age. 

This suggests that the effect of gender may be more socio-cultural than biological: women have 

a markedly lower social status in Maharashtra, which reduces expectations of future utility. 

Patience could be the only coping mechanism for enduring a marginalized social status that is 

not alleviated with age. The Marginal Utility theory correctly predicts that under such situations, 

one would be more willing to wait for smaller improvements in the future, leading to a lower 

initial discount rate.  

The Endogenous Time Preference (ETP) theory correctly predicted the way discount rates 

change with age. Women in Maharashtra had little motivation to reduce the discount rate, 

leading to the observed result of constant discount rates across the age profile. On the other 

hand, men could expect their status and wealth to improve with age, explaining their declining 

discount rates. In NC, discount rates of individuals with lower income increase with age, while 

those who had higher incomes stayed constant (slightly falling) with age. Unlike in Maharashtra, 

the elderly in NC cannot rely on their families to support them in old age. Lower income 

individuals foresee a hard life, which leads them to have higher discount rates as they age.  
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Results from Maharashtra supported the prediction of the Endogenous Time Preference 

regarding wealth. The wealthy are more likely to invest in reducing their discount rates because 

of their low marginal utility of wealth and high future utilities. Per-capita income81 can lower the 

discount rate using the same reasoning, but can also increase it by increasing the opportunity 

cost of time. Results in NC showed a negative net income effect, implying that the opportunity 

cost is less dominant. The PVS theory also predicted this: high income leads to lower discount 

rates because necessities are discounted at a higher rate but occupy a smaller portion of the 

budget.  

Education was not a significant factor in discount rates in either case study. Under the 

Endogenous Time Preference framework, Becker and Mulligan (1997) emphasized education as 

a way for individuals to affect their own time preference. Hence, endogeneity problems may 

exist in modeling discount rates as a function of education.  

7.3.3. Elements of Time Preference 

Comparing existing theoretical frameworks with the extensive empirical work in this study sheds 

light on the basic elements of time preferences: lifelong impatience, situational impatience and 

opportunity cost (Figure 2.3). Lifelong impatience is shaped by intrinsic characteristics such as 

gender and caste, which are immutable. These characteristics shape one’s future outlook, and 

continue to be an underlying factor as life changes. This was exemplified by women in 

Maharashtra, who had low discount rates that were constant with age. Their expectations of 

future improvements are likely to be lower than men’s; patience was a way to cope.  Situational 

impatience reflects age, household size, wealth, recent experiences (e.g. household crises), and 

stochastic events that are typically not observed by the researcher. Wealth can be a persistent 

trait, and contributes to lifelong impatience, especially in countries with chronic income 

inequality.  

                                                 
81 After taking into account household size. 
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Figure 2.3  Relationship between time preference and future-oriented behavior 

7.4. Links between Discount Rates and Behavior 

This dissertation furthers our understanding of the validity and predictive power of constant 

exponential discounting by testing the predictive power of single discount rates for all time 

periods in models of various future-oriented behaviors (imposing the assumption of constant 

exponential discounting). The following section summarizes some key points. 

7.4.1. Disease Prevention in Maharashtra 

Four behaviors were examined: (i) water treatment, (ii) hand washing, (iii) consumption of 

tobacco/alcohol, and (iv) children’s vaccination. The estimation results provide insights into a 

variety of issues, such as addiction and access to information, which can affect the relationship 

between discount rates and behavior. This dissertation furthers our understanding of the validity 

and predictive power of constant exponential discounting by testing for differences in discount 

rates across different delay lengths (relaxing the assumption of constant exponential discounting) 

(Chapter 3), and by testing the predictive power of single discount rates for all time periods in 

models of various future-oriented behaviors (imposing the assumption of constant exponential 

discounting).   

The Maharashtra case study highlighted the importance of information in determining the 

relationship between discount rates and behavior. The discount rates had no role in determining 

Future-oriented 
Behavior

Resource Constraints 
(e.g. financial, human and 
social capital) 

Essential Characteristics 
(E.g race, culture, gender, 
parents’ background) 

Socioeconomic 
Characteristics 

(e.g. wealth, income, family 

the Environment 
 (e.g. markets, climate) 

Time Preference 

• Lifelong Impatience 
• Situational Impatience 
• Opportunity Cost 

Other Preferences 
(e.genvironmental, altruistic)
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behavior when the respondents had insufficient/conflicting information about the future 

benefits/costs of the behavior. This aspect has not been documented in empirical literature, and 

has important policy implications. In influencing behavior, public policy has two options: reduce 

structural and practical impediments to adopting the behavior, or enhance the perception of 

future benefits/costs of inaction. This study shows that these approaches are substitutable for 

people with low discount rates, but are best used in conjunction with each other for those with 

high discount rates. For individuals without information, their behavior is entirely dependent on 

reducing barriers to adoption, which would arguably be more costly considering the vast array of 

barriers to overcome. This includes providing better accessibility and quality of health services in 

isolated communities, reducing transportation costs by improving roadways and public 

transportation systems and reducing social and commercial pressures to consume addictive 

substances.  

There is abundant empirical work (e.g. Bickel et al., 1999, Bretteville-Jensen, 1999, Petry, 2001) 

showing that people with addictions have higher discount rates.  This study looks at the reverse, 

whether discount rates affect consumption of addictive substances, and finds that the discount 

rate coefficient is positive but not a statistically significant. This may be due to the behavior 

measurement method: tobacco and alcohol were lumped together, even though they may have 

different effects on different social classes. Previous studies show that the type of addictive 

substance influences the relationship between consumption and discount rates (Kirby and Petry, 

2004, Petry and Casarella, 1999). 

7.4.2. Forest Management Behavior in NC 

The focus on small woodland owners in the NC case study was motivated by their under-

representation in the literature, and the concern that small woodland acreages constrain them 

from undertaking forest management activities. Results from this study confirm that small 

woodland owners were less active in contacting foresters, improving timber stands, harvesting 

timber, as well as less likely to write wills. Women were less likely to contact a forester; 

Tenureship factors (tenureship type, inheritance status, distance to woodlands, and frequency of 
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woodland visits) played a consistently important role in determining forest management 

behavior, especially in intensive activities such as timber stand improvement and timber harvest. 

7.4.3. Determining the Behavioral Domain 

The use of discount rates elicited from the same behavioral domain as the behavior of interest 

has been advocated by some researchers in the past, especially in health applications (e.g. 

Chapman and Elstein, 1995. This dissertation provides a chance to explore this issue, because 

the case studies used different goods to elicit the discount rate.  

In Maharashtra, the good was monetary gifts, and the resulting discount rates were used to 

explain a different behavioral domain (i.e. health tradeoffs). Monetary gifts chosen because such 

gifts are widespread and monetary tradeoffs may be the easiest to understand. Results from this 

cross-domain application were promising because the direction of the effect of discount rates on 

behavior was consistent with the conceptual model, across a wide range of behaviors. The 

elicitation question and intertemporal behavior in the NC study were in the same domain 

because both involved forest-related decisions. However, the direction of effects (namely in the 

model predicting will-making) was the opposite of what was expected.  

Intuitively, one would expect that cross-domain applications would yield poorer results. Results 

show, at least superficially, that the opposite was observed. There are a few explanations: (i) 

small number of observations in NC; (ii) respondents did not understand certain aspects of the 

timber income scenario in the NC survey. They may think the scenarios only involve future 

payments, without realizing they would also receive upfront payments. If so, those who chose 

the 32-year rotation have lower discount rates, which is the opposite of the interpretation 

adopted in this study; (iii) will-making was not perceived to be related with woodland 

management, and was therefore in a different behavioral domain.  

Based on the two case studies, the following observations were made: (i) cross-domain 

applications of discount rate estimates need not be problematic; (ii) a clear and concise discount 

rate elicitation scenario is more important than ensuring that the scenario and behaviors of 

interest belong to the same domain; and (iii) simple monetary goods (such as gifts) is a useful 
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approximation for time preference that can be applied to other domains. This outcome was also 

found in the health economics literature Chapman and Coups, 1999, Chesson et al., 2006.   

7.5. Conclusions 

7.5.1. Policy Recommendations 

High discount rates hinders the promotion of behaviors that require an upfront cost for a future 

benefits. The Maharashtra study illustrates the wide gap between discount rates used by 

policymakers to choose public projects, and those used by individuals to decide whether to 

adopt the behaviors promoted by these projects. The magnitude of the difference in discount 

rates may astound some; the mean estimated discount rate among respondents ranged between 

10% and 25% per month, whereas typical discount rate for cost-benefit analyses is 10% per year. 

However, the estimated rates are realistic given limited credit access and high prevailing market 

interest rates (median=5% per month). This leads to choosing policies with long-term outcomes 

that may not be adopted by households. The question is how can policy makers promote any 

investments in such a present-oriented world?  

This study shows that individuals have unique preferences, which are correlated with some 

observable socioeconomic characteristics. Targeting the right segments of the population may 

improve adoption rates. In Maharashtra, women, older men and wealthier individuals are more 

likely to have lower discount rates than others. Women in particular, need to be engaged in more 

long-term public policy discourses, as their time preferences are relatively unchanged throughout 

their lifetimes. Information of future benefits and current costs of foregoing adoption is a crucial 

element. It was found that discount rates did not affect water treatment and hand-washing 

behavior when households did not understand the health benefits of these activities.  

Aside from targeting, governments should realize that the cost of investing in socially beneficial 

behaviors is very high for individual households. These costs need to be reduced, either through 

direct transfers (e.g. cost shares) or providing better intertemporal market conditions (e.g. 

insurance and credit). Poverty alleviation programs and general economic development can have 
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a great impact on time preferences, as wealth and income was shown to reduce the discount rate 

across these very disparate cases. Time preferences have proven to be dynamic, shifting with life 

experiences and age. Those who are more optimistic about the future are more likely to have 

lower discount rates. This explains why the effect of age differs across culture; aging reduces the 

discount rates among men in Maharashtra, but increases discount rates among lower-income 

households in NC. Strengthening the social support system for the elderly in the US could 

reverse this outcome.  

The lack of active forest management among Limited Resource Woodland Owners in NC has 

been blamed on their short time horizon. However, they have low discount rates that are 

comparable with rates used by the Forest Service in forest management, ranging from 2-9% per 

year. The problem lies in the lack of available options: current silvicultural practices are heavily 

biased on long rotations, while LRWOs clearly prefer new forest management options that can 

generate a more even income flow even if this means lower total incomes.  

7.5.2. Future Research 

Public concern for the sustainability of our natural resources would sustain the demand for 

better cost-benefit analysis. The discount rate will continue to be a decisive parameter. This 

study suggests ways of improving discount rate elicitation techniques among disadvantaged 

populations, which should be implemented in future studies: (i) use two questions instead of 

five, but vary the payment amounts and schedules across individuals; (ii) rigorously pre-test 

implied rates so it reflects the range of discount rates in the population; (iii) use followup 

questions to test for respondent’s understanding; (iv) using current vs. future and future vs. 

future tradeoffs, and (v) use the same payment method across questions.  

Risk aversion is a critical factor in intertemporal decision-making that has not been taken into 

account in this dissertation, and should be included in future work. Information has been shown 

to greatly affect the role of discount rates in decision-making. However, there is very little work 

outside of this dissertation that has combined personal discount rates with the knowledge of 

future benefits. 
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More research in developing countries is sorely needed. Literature on time preferences are 

heavily biased towards developed countries, especially the US. This dissertation showed how 

culture is can change the way the same socioeconomic characteristics are interpreted. The bias 

on US studies have lead to a poor understanding of the role of gender, age, experiences and 

social status in time preferences. Only through comparing case studies in very different 

economic and social contexts can we understand the fundamental reasons why some individuals 

are more patient than others: better of opportunities in the future, experiences that remind us of 

our future, and feeling secure about the present. 
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