
ABSTRACT 

SETZER, TREVOR TERRELL. Applications of Spatial Price Transmission Analysis in the U.S. 

Forest Products Industry: Eastern U.S. Softwood and Hardwood Log Exports. (Under the 

direction of Dr. Jeffrey Prestemon and Dr. Kathryn Boys). 

 

As international trade of forest products becomes increasingly important, forest product 

producers and consumers need to better understand global markets. Their decisions are primarily 

driven by prices, which motivates stakeholders to understand price relationships. Prices are 

affected by factors such as tariffs or exchange rates. Factors affecting two important United 

States forest product exports, southern yellow pine logs and red oak logs, have faced significant 

impacts from tariffs and exchange rates. The purpose of this study is to investigate price 

transmission of southern yellow pine and red oak log exports from the United States. We 

compare various autoregressive and error correction models for price relationships and estimate 

impulse response functions and forecast error variance decompositions to quantify and compare 

the magnitude and duration of response to shocks for each log export species. This study will be 

useful to stakeholders in operational decision making, as well as providing an analytical 

framework to examine future changes. 
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1. Introduction 

1.1. Background 

Roundwood is a significant commodity export from the United States, representing an 

average $2.0 billion of total annual export value from 2016 to 2020 (Figure 1.1). Roundwood 

exports have grown over the last decade, with developments in roundwood export infrastructure 

and new demand from rapidly expanding economies, such as that of China. 

 

Figure 1.1. Total export value of roundwood (HS Code: 4403) from the United States to the world (United States Census Bureau 

2021). 

China’s economy has experienced high growth in the past few decades, now accounting 

for 18.72% of the global economy, second only to the United States (International Monetary 

Fund 2021). With an expanding service sector, established manufacturing sector, and dominant 

export base, China has grown its economy an average of 10% per year since it initiated market 

reforms in 1978 to shift from a centrally planned economy to a more market-based economy. 

This is the fastest sustained expansion by a major economy to date (World Bank 2019). While it 

may seem that China’s pace in economic development may be fueled by an abundance of 

resources, China lacks an abundance of natural resources. China’s forests covered 16.7% of their 
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total land base in 1990 (World Bank 2020). With a low forest endowment and climate change 

becoming an increasingly important issue, China implemented the Conversion of Cropland to 

Forest Program (CCFP) in 1999, which pays farmers to plant trees on their land in efforts of 

mitigating climate change and soil erosion on steep slopes. China’s efforts to improve forest 

endowment spilled over to policy, affecting the forest product sector of their economy. In 

response to deforestation-induced flooding, the Chinese government implemented the National 

Forest Protection Program (NFPP) in 2000. This program aimed to reduce commercial logging 

of natural forests by implementing a logging ban in Yangtze and the middle- and upper portions 

of the Yellow River, reduce harvest levels in state forests of Mongolia, enhance afforestation, 

and protect ecologically sensitive areas (Yang 2020). By the end of 2016, all commercial timber 

harvests in China’s national forests were prohibited. While these programs have improved 

China’s forested area to 22.4% as of 2016, still short of the world average by 8.3% (World Bank 

2020), the logging bans and harvest restrictions have constrained forest resource availability for 

forest product manufacturers across China. 

Forest products play a critical role in China’s economy, serving as inputs to paper and 

sanitary products, furniture manufacturing, moldings for concrete in construction, and many 

other valuable goods. In 2018, China led global production share in sawn wood (18%), wood-

based panels (50%), and paper and paperboard (25%) (FAO 2019). With such prominence in the 

global market for wood-based products, the constraint on China’s domestic forest resources has 

vaulted demand for log imports. Importing over $11 billion of industrial roundwood in 2018, 

China has been the world’s largest consumer of industrial roundwood imports since 2001 (FAO 

2019). As of 2019, approximately 59% of China’s industrial roundwood imports are coniferous, 

the rest being non-coniferous. Coniferous wood is used for a variety of applications in China’s 
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forest product manufacturing sector. Coniferous logs are often imported into China and 

processed into dimensional lumber to be used for concrete moldings. China’s consumption of 

coniferous log imports quadrupled between 2005 and 2019, rising from $1.4 billion to $5.7 

billion; their consumption of non-coniferous logs increased from $2.1 billion to $3.9 billion. 

Annual accumulation of floor space for buildings under construction, a measure of infrastructure 

development, grew from 3.4 billion to over 10.9 billion square meters from 2004 to 2017 (Figure 

1.2). In this, China’s infrastructure development, among other factors, has likely been fueling 

demand for log imports. 

 

Figure 1.2. Annual accumulated floor space of buildings under construction in China (National Bureau of Statistics of China 

2019). 

 

With a growing demand for forest products and lack of domestic timber supply, China’s 

consumption of United States roundwood exports increased from approximately $0.2 billion in 

2008 to $1.3 billion in 2018 of total export value (Figure 1.3). 
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Figure 1.3. Total export value of roundwood (HS Code: 4403) from the United States to China (United States Census Bureau 

2021). 

While China has traditionally consumed many roundwood species and varieties from the 

United States (e.g., Douglas-fir logs from the Pacific Northwest), their consumption of oak 

(Quercus spp.) and pine (e.g., southern yellow pine) roundwood has increased significantly over 

the last decade. From 2008 to 2018, total red oak (various species of the Erythrobalanus 

subgenus) roundwood exports (HS Code: 4403910020) from the United States to China 

increased from approximately $30 million to $119 million, representing a 297% increase (Figure 

1.4). Over the same time period, southern yellow pine (especially, Pinus taeda, Pinus palustris, 

Pinus elliotii, and Pinus echinata) roundwood (HS Codes: 4403200020, 4403210020, 

4403220020)1 increased from $1.5 million to $171 million, representing a multiple of over 111. 

 

 

 

 

 
1 Due to a structural change in reporting, southern yellow pine is reported under multiple HS codes throughout the 

time series available through the U.S. Census Bureau. Untreated southern yellow pine logs of all sizes were reported 

as HS code 4403200020 through September 2018. After this period, southern yellow pine was stratified into two 

categories: logs being 15 centimeters or greater in cross-sectional diameter (HS code 4403210020) and logs being 
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Though experiencing significant growth from the turn of the century to 2017, China’s import of 

U.S. roundwood faced declines in 2018 and 2019, primarily driven by the China-United States 

trade war. 

 

Figure 1.4. Total export value of southern yellow pine (HS Codes: 4403200020, 4403210020, 4403220020) and red oak (HS 

Code: 4403910020) from the United States to China (United States Census Bureau 2021). 

In 2018, the U.S. implemented a series of tariffs against China. Many conjectures have 

been made regarding the motivation of the tariffs such as: the increasing trade deficit with China, 

the administration’s goal to generate more jobs in the U.S., and alleged theft of intellectual 

property (Sanger and Benner 2018). In 2018, China implemented more rigorous phytosanitary 

restrictions and documentation requirements. China introduced phytosanitary regulation 

requiring either de-barking or fumigation of logs, as well as logs being free of insects, fungi, 

pathogenic micro-organisms, seeds, cultures of bacteria, viruses, and soil. Meeting these 

 

 

 

 

 
less than 15 centimeters in cross-sectional diameter (HS code 4403220020). The three H.S. codes are summed to 

represent total southern yellow pine logs. 

$0

$50

$100

$150

$200

$250
2

0
0

2

2
0

0
3

2
0

0
4

2
0

0
5

2
0

0
6

2
0

0
7

2
0

0
8

2
0

0
9

2
0

1
0

2
0

1
1

2
0

1
2

2
0

1
3

2
0

1
4

2
0

1
5

2
0

1
6

2
0

1
7

2
0

1
8

2
0

1
9

2
0

2
0

Ex
p

o
rt

 V
al

u
e 

($
U

SD
 m

ill
io

n
s)

Southern Yellow Pine Red Oak



    

6 

 

standards in a pre-shipment inspection earns a phytosanitary certificate, permitting the log to 

enter China. In addition to the costs imposed by phytosanitary precautions and documentation 

requirements, China also implemented a series of tariffs on logs, including: a 10% tariff on 

southern yellow pine logs, oak logs, ash (Fraxinus spp.) logs, and cherry (Prunus spp.) logs, as 

well as 5% tariffs on maple (Acer spp.), walnut (Juglans spp.), red alder (Alnus rubra), yellow-

poplar (Liriodendron tulipifera), and other hardwood species (Pryor 2019). In January 2019, the 

tariffs on southern yellow pine and red oak logs (among others) increased from 10% to 25% 

(Office of the U.S. Trade Representative 2018). In February of 2020, China announced two tariff 

exclusion lists for certain U.S. products that would exclude certain products from tariff collection 

from February 28, 2020, to February 27, 2021. Oak (HS Code: 44039100) and Other North 

American hardwood (HS Code: 44039960) were included on list one, qualifying for both tariff 

exemption during the stated exemption period and refunds on tariffs already collected (USDA 

2020). 

Southern yellow pine (SYP) and red oak roundwood (hereafter termed as “logs”) have 

served as integral commodities in domestic markets of the United States for centuries; however, 

their growing importance in global markets is a recent phenomenon. The importance of SYP and 

red oak logs in the international log market could be explained by many factors such as: fiber 

type and quality, relative availability, freer trade, policy effects, and other economic factors. 

Southern yellow pine and red oak log exports have significantly grown in share of total U.S. log 

export value over the last decade (Figure 1.5). 
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Figure 1.5. Percent share of southern yellow pine log export value (HS Codes: 4403200020, 4403210020, 4403220020) and red 

oak log export value (HS Code: 4403910020) relative to total log export value (HS Code: 4403) from the United States (United 

States Census Bureau 2021). 

China is the primary destination country for U.S. southern yellow pine and red oak log exports, 

representing 82% and 61% of total export value in 2020, respectively (Figure 1.6 and Figure 

1.7). China’s share of total U.S. southern yellow pine and red oak log export value exceeded 

50% in 2011 and 2010, respectively. Other major consumers of southern yellow pine logs 

include Vietnam, Pakistan, and India, and other major consumers of red oak logs include 

Vietnam, Canada, Taiwan, Egypt, and Thailand. 
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Figure 1.6. Total export value of southern yellow pine logs (HS Codes: 4403200020, 4403210020, 4403220020) from the United 

States to China and the rest of world (United States Census Bureau 2021). 

 

Figure 1.7. Total export value of red oak logs (HS Code:4403910020) from the United States to China and the rest of world 

(United States Census Bureau 2021). 

While log exports in the United States have traditionally been transported on break bulk 

carriers (e.g., Douglas-fir [Pseudotsuga menziesii] exports from the Pacific Northwest of the 

United States to Asia), southern yellow pine and red oak logs are, uniquely, transported on 

container vessels. To understand the paradigm of loading containers with logs, one must consider 
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the trade relationship between the United States and China. The United States goods trade deficit 

with China was $378.6 billion in 2018 and $345.2 billion in 2019 (Office of the U.S. Trade 

Representative 2021). Many of the goods that China currently exports to the United States are 

manufactured items, shipped in container vessels. When container vessels are unloaded in United 

States ports, many are often shipped back to China empty. Log producers in the eastern U.S. 

have turned to export markets as an alternative outlet, filling empty containers with logs that 

make their way back to China and other markets in the eastern hemisphere. 

Log export markets have become an important driver of domestic log markets, especially 

for mills near export facilities (i.e., ports). As logs can be hauled via truck from the forest to local 

forest product manufacturing customers (e.g., lumber mills, pulp mills, biomass facilities, etc.), 

they can also be hauled to export facilities to be sold to overseas customers. If a log consumer in 

China can purchase logs from a seller in Mobile, AL, or a seller in Savannah, GA, there is strong 

motivation for arbitrage in prices. Price changes in one export location will be matched in the 

other to maintain sales. 

Spatial price transmission is a measure of the extent to which geographically removed 

markets share common long-run price trends for a homogenous good. Should there be co-

movement of prices of related goods across place, this suggests there exists some degree of 

market integration. Such relationships are often analyzed through the use of autoregressive 

models (e.g., smooth-transition autoregressive, threshold autoregressive, vector autoregressive) 

and error correction (e.g., vector error correction) models. A primary concern of spatial price 

transmission between commodity markets is the extent to which commodity prices react to 

shocks. Under the assumption of efficient arbitrage, price shocks should trigger equilibrating 

price adjustments to maintain zero profit conditions among markets. One goal of this analysis is 
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to estimate the speed and level of adjustment that an exogenous price shock induces on a price-

ratio for southern yellow pine logs and red oak logs in different locations. Southern yellow pine 

logs will be analyzed at the sub-regional level, comparing prices in the Gulf export area to prices 

in the Atlantic export area. Red oak logs will be analyzed at the regional level, comparing U.S. 

North red oak log export prices to prices in the U.S. South. Analyzing red oak logs on a broader 

spatial scale might reveal disparities in quality induced by more-ideal growing conditions in the 

U.S. North, which has significant implications in hardwood log markets in general. 

This analysis will explore various model specifications by making information criterion 

(e.g., Akaike Information Criterion) based comparisons of autoregressive (AR), self-exciting 

threshold autoregressive (SETAR), and smooth-transition autoregressive (STAR) models, 

following the framework of Guney (2015). Vector autoregressive (VAR) and vector error 

correction (VEC) models will also be explored. Vector autoregressive models have become 

increasingly popular in price transmission literature due to their usefulness in describing the 

dynamic structure of variables. Vector error correction models, a modified version of VAR 

models, are often employed to handle cointegration of variables (Hamilton 1994). Following Sun 

et al. (2020), price pairs will be tested for cointegration through cointegration tests (Engle and 

Granger 1987) in order to determine the necessity of vector error correction models. To make the 

output of these models relevant, generalized impulse response functions (GIRFs) and forecast 

error variance decompositions (FEVDs) will be estimated and evaluated. 

Estimates of spatial price relationships for southern yellow pine and red oak log exports 

could help economic agents and policymakers make more-informed and more-timely decisions, 

particularly concerning matters such as responding to price shocks or developing policy that 

promotes export infrastructure development or freer trade. While other species (e.g., Douglas-fir, 
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radiata pine [Pinus radiata]), forms (e.g., lumber and panels), and locations (e.g., U.S. Pacific 

Northwest) have been extensively covered throughout the literature, the relatively recent 

emergence of southern yellow pine and red oak log exports in the eastern U.S. calls for 

prioritizing these species and locations in the realm of forest product market integration and price 

transmission analysis. Additionally, estimating impulse response functions will be important in 

this space, as recent literature has used a variety of methods and specifications that mostly focus 

on simply testing for existence of market integration. In this, the following section will highlight 

the need for analyzing price transmission for these focal species, forms, and locations, as well as 

explore various econometric approaches that will be evaluated and translated to the methods 

utilized in this analysis. 

 

1.2. An Introduction to U.S. Log Exports 

Among coniferous log exports from the United States to the world, Douglas-fir, spruce, 

western hemlock, and southern yellow pine lead the coniferous log export market in total export 

value. From 2002 to 2017, Douglas-fir, spruce (Picea spp.), and western hemlock (Tsuga spp.) 

species, primarily exported from the Pacific Northwest, led coniferous log exports. Exports of all 

three species have been on decline since 2011 (43% nominal decrease in value from 2011-2020), 

with spruce and western hemlock being surpassed by southern yellow pine in 2017. While 

southern yellow pine is not yet contending with Douglas-fir in total export value, its growth 

during a period of overall declining coniferous log export value merits further investigation of 

what is driving this phenomenon. Douglas-fir, the top coniferous log export from the United 

States, is prominent in academic literature regarding trade; however, there is a lack of trade-

focused literature exploring southern yellow pine. This could be due to a myriad of factors, 
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including data issues and the lack of observations, or simply the that the emergence of a robust 

export market for southern yellow pine logs is comparatively recent. With southern yellow pine 

log exports expanding as well as a well-established library of log export analyses in the academic 

literature to refer to, we are interested in exploring the drivers of southern yellow pine log export 

demand in the U.S. South through primary research and analysis. 

A preliminary look at destination countries for southern yellow pine log exports shows 

China to be the primary consumer of southern yellow pine logs. From January 2016 to June 2021 

(the last available month in the data), approximately 77% of all southern yellow pine log export 

value was delivered to China. In this study, China will be the focal southern yellow pine log 

export destination country of this analyses. While China is the focal destination country, it must 

be noted that multiple ports exist in China that offtake southern yellow pine, red oak, and other 

species of logs. Major log export destinations include: Lanshan, Lanqiao, Changshu, Shanghai, 

and Zhangzhou (Manley and Evison 2016). This study does not focus on specific log export 

destinations (i.e., ports) within China, as the data provided by the U.S. Census Bureau is only 

reported by destination country. This nuance could affect the results of this analysis, as it does 

not account for differing transaction costs between origin and destination pairs. 

 To focus on price transmission, the data will be segmented into two origins: the Atlantic 

Coast origin and the Gulf Coast origin. The Atlantic origin is the sum of all export districts on 

the Atlantic coast including Charleston, Miami, Norfolk, Savannah, and Wilmington. The Gulf 

origin is the sum of all export districts on the Gulf coast including Dallas-Fort Worth, El Paso, 

Houston-Galveston, Laredo, Mobile, New Orleans, Port Arthur, and Tampa. 

Southern yellow pine logs have been exported since at least January 2002 (the beginning 

of the data). While exports from the Atlantic region are relatively consistent month-over-month 
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through the data series, the Gulf series constrains the usable data set to a start date of February 

2016. The most-recent observation in the data is June 2021; however, considerations must be 

taken with regard to estimation. Since 2018, there have been abnormal moments in the data 

induced by tariff and non-tariff barriers to trade. Tariff exemptions were made available by 

China in March 2020, which explains the apparent spike in exports in the data. These events are 

important moments in the data with regard to price transmission estimations; however, the 

coronavirus (COVID-19) outbreak in March 2020 could have potentially diluted the effects of 

the tariff exemptions due to constraints imposed by safety protocols and other factors. As the 

post-March 2020 data is necessary in capturing the effects of the tariff exemptions, the data will 

be utilized through the most-recent observation of June 2021. Consideration of virus-related 

constraints will be used to qualify the results and conclusions. 

Among non-coniferous (hardwood) log exports from the United States to the world, red 

oak and white oak make up for the vast majority of total export value. Historically the total 

export value of red oak and white oak has been comparable; however, red oak has generally 

surpassed white oak in total export quantity. Total export value of red oak logs from 2002 to 

2020 was 9.4% higher than that of white oak, while total quantity of red oak logs over the same 

period was 65.4% higher. 

Destination countries for red oak log exports from the U.S. primarily include China, 

Canada, and Vietnam. China consumes the vast majority of red oak log exports from the U.S., 

representing 66% of all U.S. red oak log export value from January 2010 to June 2021 (the most-

recent observation in the data). Due to the majority of red oak log exports going to China, as well 

as China-U.S. trade war implications, China is the focus of this analyses. To test for price 

transmission, we segmented the data into two origins consistent with the SYP analysis. Red oak 
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is commonly found species throughout the eastern United States. The data will be spatially 

segregated into the U.S. North and U.S. South. The U.S. North spatial designation includes 

export districts in the northeastern U.S. including Baltimore, Boston, Buffalo, New York City, 

Philadelphia, Portland, and Ogdensburg. The U.S. South spatial designation includes export 

districts in the southeastern U.S. including Charleston, Miami, Norfolk, Savannah, Wilmington, 

Dallas-Fort Worth, El Paso, Houston-Galveston, Laredo, Mobile, New Orleans, Port Arthur, and 

Tampa.  

Red oak logs from the eastern U.S. have been consistently exported to China since at 

least January 2002 (the beginning of the data). The data will be analyzed through the most-recent 

observation in the data, which is June 2021. 

  



    

15 

 

2. Review of the Literature 

Spatial price transmission is important in trade analysis and has been extensively 

investigated in economic literature. The central concept of spatial price transmission is that 

prices for homogenous goods in spatially removed markets should not differ more than the value 

of transaction costs (e.g., transportation, insurance, contract fees). In other words, there should 

exist some long-run equilibrium relationship among prices for a homogenous good being bought 

and sold in geographically distinct markets. 

A variety of modeling techniques and datasets have been employed to examine such 

relationships. Engle and Granger (1987) and Johansen (1988) built upon cointegration testing, 

which has become a staple in estimating market integration. Over time, the intricacy of 

estimation methods grew to form state-dependent models, including bilinear, exponential 

autoregressive (EAR), threshold autoregressive (TAR), and smooth transition autoregressive 

(STAR) models. These models have been employed in the works of Tsay (1986), Teräsvirta and 

Anderson (1992), Chan and Tong (1986), Goodwin et al. (2001), Goodwin et al. (2011), and 

numerous others. Additionally, vector autoregressive (VAR) and vector error correction (VEC) 

models, of numerous varieties, have been employed in the analysis of exchange rate passthrough, 

a specific case of price transmission (see, e.g., Niquidet and Manley 2008, Morales and Siry 

2018, Goodwin and Piggott 2001, Goodwin et al. 2012, Zhou and Buongiorno 2005). 

Market integration has been studied across timber and wood product markets. Both 

softwood and hardwood species in the form of both lumber and logs have been analyzed at many 

different spatial and temporal scales for an array of reasons. In earlier work, much of the 

literature utilized cointegration tests or other methods to test for and measure market integration 

and price transmission. Gallagher (1983) estimated price spread models to analyze the effects of 
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nontariff trade barriers and international transportation services in price transmission of U.S.-

Japan softwood log and lumber trade. This study was unique in estimating transportation 

components, which since has been relatively unexplored in modern forest product export price 

transmission literature. Wisdom and Granskog (2003) developed a simple export market model 

to estimate responses of southern pine exports to exchange rate movements. While this was one 

of the first steps in the literature toward estimating relationships of southern yellow pine exports, 

southern yellow pine log export markets and analysis has evolved rapidly. Moving toward a 

more popular approach pioneered by Engle and Granger (1987) as well as Johansen (1988), 

many early market integration studies utilized more formal cointegration tests. Hänninen (1996) 

focused on United Kingdom coniferous sawnwood imports from various countries, utilizing 

Johansen’s multivariate cointegration approach to test the law of one price. Not long after, the 

cointegration tests pioneered by Engle and Granger, as well as Johansen, were common practice 

in market integration analyses. Nanang (2000) applied the Johansen multivariate cointegration 

procedure to test price transmission for five Canadian softwood lumber markets. Prestemon and 

Holmes (2000) estimated short- and long-run effects of Hurricane Hugo on pine sawtimber and 

pulpwood stumpage prices, utilizing multiple Johansen as well as Engle and Grange method for 

testing cointegration. Similar to the methods carried out by Prestemon and Holmes (2000), many 

others began utilizing cointegration tests to cover vast spatial scales. Yin et al. (2002) conduct 

co-integration tests for 13 pine sawtimber and 11 pine pulpwood stumpage markets across the 

U.S. South. Bingham et al. (2003) focused on delivered pine roundwood price transmission in 

the U.S. South, testing for cointegration among 21 price regions. In a more ownership-specific 

approach, Daniels (2011) tested for stumpage market integration in western national forests, 

leveraging correlation matrices and stationarity tests to analyze integration across 62 national 
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forests. While there is a significant amount of focus on coniferous species in early literature, 

studies regarding hardwood species are sparse. Luppold et al. (1998) examined the relationship 

between hardwood lumber and stumpage prices in Ohio, utilizing a multi-period market margin 

model. Not long after, Luppold et al. (2001) utilized cointegration analysis to estimate 

cointegration across eight hardwood lumber species in the U.S. Appalachian region. These 

studies represent much of the U.S. hardwood price transmission literature, revealing an obvious 

gap that needs to be filled in the realm of forest product price transmission. 

The aforementioned studies covered a diverse set of spatial scales and foci; however, 

their simplicity was inadequate for comprehensively characterizing price temporal dynamics and 

spatial market relationships. As an update to the work done in Hänninen (1996), Hanninen et al. 

(2006) utilized seemingly unrelated regression (SUR) to analyze passthrough of coniferous 

sawnwood price to supplier countries' coniferous roundwood prices. Though one of the first to 

improve estimation methods in forest product spatial price transmission, the methods of 

Hänninen et al. (2006) were used by others due to the advantages of SUR methods when dealing 

with a set of equations having error terms correlated contemporaneously (Zellner 1962). 

Realizing the advantages of such methods, Parajuli et al. (2016) employed seemingly unrelated 

regression to estimate the linkage of softwood pulpwood and chip-and-saw (CNS) prices with 

softwood sawtimber markets. Over time, much of the forest products price transmission literature 

adapted to autoregressive techniques. Among the first to utilize such improved techniques, 

Goodwin et al. (2008) focused on North American OSB markets, utilizing smooth-transition 

autoregressive (STAR) models to estimate nonlinearities induced by unobservable transaction 

costs, as well as generalized impulse response functions (GIRFs) to test the efficiency of spatial 

market linkages. Following similar suite, Guney (2015) estimated autoregressive (AR), self-
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exciting threshold autoregressive (SETAR), and logistic smooth transition autoregressive 

(LSTAR) models to analyze price transmission for tropical forest product markets in several 

countries. More recently, Kanieski da Silva et al. (2019) utilized smooth-transition 

autoregressive (STAR) models to analyze how wood pellet production in the U.S. South has 

affected spatial softwood pulpwood price transmission. Kanieski da Silva et al. (2020) also 

utilized smooth-transition autoregressive (STAR) models with a different motivation and spatial 

focus, examining linkages across pine stumpage markets in southern Brazil for five different 

products. As with earlier, more simplistic techniques for analyzing forest products price 

transmission, such as utilizing cointegration tests, the emergence of growing export demand for 

logs by China merits sophisticated analysis of temporal dynamics, including evaluation of 

questions of market relationships and market efficiency. 

Among some the first to pioneer more sophisticated methods for analyzing forest 

products price transmission, Sun and Zhang (2003) utilized multivariate cointegration analysis 

and vector error correction models to estimate the effects of exchange rate volatility on four 

forest product exports: wood chips and particles, softwood and veneer logs, dissolving wood 

pulp, and bleached sulphate wood pulp. They also examined the advantages and appropriateness 

of utilizing vector error correction models, discussing vector autoregression models and the 

process of determining whether vector error correction modeling approaches are necessary for 

understanding price relationships. Luppold and Prestemon (2003) utilized vector error correction 

(VEC) models to estimate long-run hardwood lumber price relationships for six major hardwood 

species in the Appalachia region of the U.S., all representing different appearance characteristics. 

From there on, VAR and VEC models were utilized to answer a wide array of research 

questions. Focusing on a more classic price transmission topic, Bolkesjø and Buongiorno (2005) 
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utilized vector autoregressive (VAR) models to estimate exchange rate passthrough of various 

U.S. forest product exports, including coniferous and non-coniferous products. Zhou and 

Buongiorno (2005) utilized vector autoregressive (VAR) models to investigate U.S. South 

softwood price transmission at different stages of manufacturing (i.e., roundwood versus 

intermediate and finished products). Niquidet and Manley (2008) utilized vector autoregressive 

(VAR) models to test price integration for radiata pine log prices in multiple regions of New 

Zealand. Explicitly focusing on finished forest products, Shahi and Kant (2009) analyzed the 

integration of North American softwood lumber markets, leveraging vector error correction 

(VEC) models and generalized impulse response functions (GIRFs) to estimate the degree of 

market integration, and duration of regional price responses to shocks in prices of other regions. 

They focused on three lumber products, including spruce-pine-fir (SPF), Douglas-fir (DF), and 

hemlock-fir (HF). Continuing the research of North American OSB markets conducted by 

Goodwin et al. (2008), Goodwin et al. (2011) utilized time-varying smooth transition 

autoregressive (TV-STAR) models to test spatial market integration in North American oriented 

strand board (OSB) markets, and estimated generalized impulse response functions (GIRFs) for 

six regional OSB price relationships. Furthermore, Goodwin et al. (2012) estimated a smooth 

transition vector error correction (STVEC) model to analyze price passthrough of oriented strand 

board (OSB) in Canada and the United States, leveraging generalized impulse response functions 

(GIRFs) to analyze the effects of exchange rate and unemployment shocks. An apparent 

succession occurred in Goodwin’s work, increasing in model sophistication with each iteration 

of analysis. With regime-switching models (e.g., STVEC) made popular by the work of 

Goodwin et al. (2011) and others, Sun and Ning (2014) assessed spatial softwood lumber price 

linkages in North America through threshold vector error correction (TVEC) models. Also 
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utilizing regime-switching specifications, Hood and Dorfman (2015) estimated time-varying 

smooth transition autoregressive (TV-STAR) models to analyze timber market linkages across 

the U.S. South. 

In more recent literature, VAR and VEC models have been employed to analyze price 

transmission for many spatial scales. Morales and Siry (2018) analyzed the law of one price on a 

global scale among twelve sawlog markets, utilizing pairwise cointegration tests and vector error 

correction models. Sun at al. (2020) focus on softwood log exports from the U.S. Pacific 

Northwest, utilizing vector autoregressive (VAR) models to analyze integration among various 

Pacific Rim destinations. Yang et al. (2020) analyzed a policy impact, focusing on identifying 

the effects that the ban on logging of natural forests in China had on hardwood lumber import 

price transmission. They utilized threshold co-integration and threshold error correction models. 

It is apparent in the literature that model specification is evolving and adapting to 

newfound econometric concerns (e.g., regime-switching and cointegration), and that emerging 

markets and economic phenomena are driving new research questions (e.g., dynamic price 

relationships). The law of one price suggests that domestic prices are bound by import and export 

prices, net of transfer costs, which implies that log export prices help determine domestic 

standing timber prices. This assumption is critical to domestic timberland owners, as changes in 

timber value can directly affect land valuation and land use decisions, which sequentially affect 

the forest resource. This growing importance and the lack of modern forest product price 

transmission literature creates an apparent necessity for eastern U.S. log export markets to be 

revisited in the literature. 

We aim to contribute to the forest product price transmission literature by employing 

established as well as newer econometric methods to estimate price relationships for coniferous 
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and non-coniferous log exports, specifically southern yellow pine and red oak species. In this, 

two methods will be utilized, outlined in the next section. For the first method, we will follow 

suite of Guney (2015) in estimating and comparing autoregressive (AR), self-exciting threshold 

autoregressive (SETAR), and logistic smooth transition autoregressive (LSTAR) models. For the 

second method, we will follow suit of many modern forest product price transmission studies by 

exploring cointegration among variables, and choosing between vector autoregressive (VAR) 

and vector error correction (VEC) models accordingly (see e.g., Sun et al. 2020). In addition, the 

econometric specification for the VAR or VEC model will include an analysis of General 

Impulse Response Functions (GIRFs) and forecast variance error decompositions (FEVDs) to 

analyze the dynamic relationships among price pairs. 
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3. Methods 

Given that southern yellow pine logs are relatively uniform in quality and similarly 

priced across the U.S. South, the difference in delivered log prices exported to a given 

destination in China should be similar among export districts. Similarly, it might be expected that 

red oak logs are relatively uniform and similarly priced across the eastern U.S. (tested in the 

latter part of this study). Assuming homogenous products traded in two districts, denoted by i 

and j, the law of one price suggests that prices pi and pj should be the same. As commodities can 

be transported between districts with relative ease, arbitrage conditions could be possible by 

purchasing in district i and selling in district j, yielding a per unit revenue from exercising 

arbitrage denoted by (1–k)pj, where k represents transaction costs, 0 < k < 1. Arbitrage from 

district i to district j is not profitable if (1–k)pj – pi ≤ 0, or (1–k) ≤ pi/pj. Furthermore, no 

arbitrage from district j to district i exists if pi/pj ≤ 1/(1–k); therefore, the no arbitrage condition 

from district i to district j, or vice versa, is (1–k) ≤ pi/pj ≤ 1/(1–k). Converted to natural 

logarithms, the no arbitrage condition is represented by 

 −𝑙𝑛(1– 𝑘) ≥ 𝑦 ≥  𝑙𝑛(1– 𝑘) (1) 

where y represents the price ratio ln(pi/pj), which if outside of the discrete transaction cost band -

ln(1–k) and ln(1–k) reflects profitable arbitrage. In the event of profitable arbitrage, relative 

prices are expected to be mean reverting, reflecting that profits of arbitrage are diminished over 

time and the logarithm of the relative price reverts to be within the transaction cost band. This 

type of assumption is consistent with a threshold autoregressive model. 

Under a linear framework, a pth-order autoregressive model for a price pair is one such 

that 

 ∆𝑦𝑡 =  𝜙0 + 𝜙′𝑥𝑡 +  𝜃𝑦𝑡−1 + ɛ𝑡 (2) 
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where ∆𝑦𝑡 represents the first-differenced logarithmic price relationship, 𝜙 = (𝜙1, . . . , 𝜙𝑝−1), 

𝑥𝑡 = (∆𝑦𝑡−1, . . . , ∆𝑦𝑡−𝑝+1), and  ɛ𝑡 is a mean-zero independent and identically distributed error 

term (i.e., white noise). Lag length p may be chosen by using a model selection criterion, such as 

the Akaike Information Criterion (AIC) or the Schwarz Bayesian Criterion (SBC). 

Under the assumption that some threshold exists for a no-arbitrage condition, this model 

can be extended to a threshold autoregressive (TAR) model, which estimates two or more 

equations, typically one above and one below some weakly exogenous threshold 𝑠𝑡 ≤ c and 𝑠𝑡 > 

c, where c represents the location parameter (i.e., the value at which some threshold is met). If 

the threshold variable is assumed to be past values of the dependent variable, such as 𝑦𝑡−𝑑, 

where 𝑑 represents the temporal delay, the dynamics of the dependent variable depend on itself; 

in that case, the time series process is “self-exciting.” Self-exciting threshold autoregression 

(SETAR) models have been employed to account for nonlinearities introduced by transaction 

costs (see, e.g., Guney 2015). This type of specification would hold if the two regions were 

homogenous and geographically concentrated. In the context of this analysis, the products, end-

uses, and destinations should be similar between the two export regions. Given the relative 

distance from either source to a given destination in China, transaction costs are expected to be 

similar; however, it might exist that agents are not geographically concentrated and transaction 

costs are different. Modeling structural breaks and regime-switching is useful in evaluating 

market linkages that possess gradual mean reversion characteristics. In this, it might be more 

reasonable to consider a continuum of transaction cost bands, as in a smooth transition model, as 

opposed to the discrete transaction cost band assumed in a threshold autoregressive model. In the 

spirit of incorporating non-linearities, this framework can be extended to a smooth transition 

autoregressive (STAR) model. STAR models are a general class of state-dependent nonlinear 
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time series models where the transition between states is generated endogenously. The basic 

STAR model used to analyze price transmission is as follows: 

 ∆𝑦𝑡 = 𝜓1
′ �̃�𝑡(1 − 𝐺(𝑠𝑡; 𝛾, 𝑐)) + 𝜓2

′ �̃�𝑡𝐺(𝑠𝑡; 𝛾, 𝑐) + ɛ𝑡 (3) 

where �̃�𝑡 = (1, 𝑥𝑡 , 𝑦𝑡−1), 𝜓1
′ = (0, 𝜙1, 0)′, 𝜓2

′ = (𝜙2,0, 𝜙1, 𝜃2)′, and 𝜃2 < 0 is required. Two 

states are represented by the coefficients 𝜓1
′  and 𝜓2

′ . When in an unlinked state, these 

coefficients should follow a random walk, implying the two zeros shown in 𝜓1
′ . The smooth-

transition property of the model lies in the transition function, 𝐺(𝑠𝑡; 𝛾, 𝑐), which moves, 

potentially, smoothly on the interval of 0 and 1 according to the transition variable 𝑠𝑡 that 

depends on the speed-of-adjustment parameter 𝛾 > 0 and the location parameter 𝑐. Many 

specifications for the transition variable exist. Hood and Dorfman (2015) define 𝑠𝑡 as single-

family housing starts, an economic variable that is strongly connected to demand and prices of 

finished solid wood products (e.g., lumber and panels). We define the transition variable to be 

the lagged dependent variable, 𝑦𝑡−1, which provides a natural interpretation such that as the 

absolute value of 𝑠𝑡 increases, the departure of the price relationship from parity increases and, 

therefore, the potential for profit from arbitrage. This model specification implies that market 

shocks that disrupt price parity at time t-1 should result in adjustments such that the price 

relationship reverts to its mean, starting in the next time period, t. Following the notion of 

Goodwin et al. (2011), we anticipate a positive relationship between the size of the deviation 

from price parity and the size of the adjustment. 

Given a variety of alternatives for specifying the transition function 𝐺(. ), logistic STAR 

(LSTAR) and exponential STAR (ESTAR) models have been employed in numerous price 

transmission works (see, e.g., Teräsvirta 1994). In the former case, the transition function is 

logistic, such that: 
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 𝐺(𝑠𝑡; 𝛾, 𝑐) = [1 + 𝑒𝑥𝑝(−𝛾(𝑠𝑡  −  𝑐))]−1 (4) 

In the latter case, the transition function is exponential such that: 

 𝐺(𝑠𝑡; 𝛾, 𝑐) = 1 −  𝑒𝑥𝑝(−𝛾(𝑠𝑡  −  𝑐)2) (5) 

In both cases, 𝑐 is the location parameter, 𝑠𝑡 is the threshold parameter, and 𝛾 is the speed-of-

adjustment parameter, where 𝛾 > 0 is required. It can be observed in both logistic and 

exponential transition functions that if 𝛾 is large, both transition functions switch between 0 and 

1 more quickly than the case where 𝛾 is small. Both logistic and exponential functions become 

dual as 𝛾 → ∞; however, in general, logistic functions have one single inflection point while 

exponential functions have two inflection points. 

As noted by Guney (2015), LSTAR and ESTAR models switch between two regimes 

depending on the spread between the transition variable 𝑠𝑡 and the threshold 𝑐; however, the sign 

of the spread is important for the LSTAR model, as it is monotonic. In this, LSTAR models are 

commonly related to expansive or recessive regimes such as an asymmetric business cycle. 

First, we specify three models for the price relationship ln(pA/pG) of southern yellow pine 

log export prices for Atlantic and Gulf export sub-regions in the U.S. South, denoted by 

subscripts A and G, respectively. Additionally, we specify three models for the price relationship 

ln(pN/pS) of red oak log export prices for the northern and southern regions of the eastern U.S., 

denoted by subscripts N and S, respectively. To compare nonlinear models with a linear model, a 

linear autoregressive model of order AR(p) will be estimated as follows: 

 ∆𝑦𝑡 =  𝜙0 + 𝜙′𝑥𝑡 +  𝜃𝑦𝑡−1 + ɛ𝑡 (6) 

where ∆𝑦𝑡 represents the first differenced logarithmic price relationship, 𝜙 = (𝜙1, . . . , 𝜙𝑝−1), 

𝑥𝑡 = (∆𝑦𝑡−1, . . . , ∆𝑦𝑡−𝑝+1), and ɛ𝑡 is a mean-zero independent and identically distributed error 
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term (i.e., white noise). A self-exciting threshold autoregressive (SETAR) model will be 

estimated as an extension of the AR(p) model, with the threshold parameter 𝑠𝑡 being the lagged 

dependent variable 𝑦𝑡−1. In addition, a smooth-transition autoregressive (STAR) model will be 

estimated as follows: 

 ∆𝑦𝑡 = 𝜓1
′ �̃�𝑡(1 − 𝐺(𝑠𝑡; 𝛾, 𝑐)) + 𝜓2

′ �̃�𝑡𝐺(𝑠𝑡; 𝛾, 𝑐) + ɛ𝑡 (7) 

∆𝑦𝑡 represents the first differenced logarithmic price relationship, the transition variable 𝑠𝑡 is 

represented by the lag of the dependent variable 𝑦𝑡−1, the speed-of-adjustment parameter is 

represented by 𝛾, and the threshold value is represented by 𝑐. The choice of model specification 

will be determined by the Akaike Information Criterion (AIC). 

Vector autoregressive (VAR) models are an extension of univariate autoregressive 

models, and are useful in predicting multiple time series variables using a single model. They 

extend univariate time series regressions to multiple time series regressions, with lagged values 

of all time series functioning as regressors. Given an (nx1) vector of time series variables such 

that 𝑌𝑡 =  (𝑦1𝑡, 𝑦2𝑡, . . . , 𝑦𝑛𝑡)′, the basic p-lag vector autoregressive, VAR(p), model takes the 

form 

 𝑌𝑡 =  𝒸 + Π1𝑌𝑡−1 + Π2𝑌𝑡−2+. . . +Π𝑝𝑌𝑡−𝑝 + 휀𝑡, 𝑡 = 1, . . . , 𝑇 (8) 

where Π𝑖 are (nxn) coefficient matrices and 𝜐𝑡 is an (nx1) unobservable zero mean white noise 

vector process (serially uncorrelated or independent) with time invariant covariance matrix Σ. In 

this, a bivariate VAR(2) model takes the form of 

 (
𝑦1𝑡

𝑦2𝑡
)  =  (

𝒸1

𝒸2
) + (

𝜋11
1 𝜋12

1

𝜋21
1 𝜋22

1 ) (
𝑦1𝑡−1

𝑦2𝑡−1
) + (

𝜋11
2 𝜋12

2

𝜋21
2 𝜋22

2 ) (
𝑦1𝑡−2

𝑦2𝑡−2
) + (

𝜐1𝑡

𝜐2𝑡
) (9) 

or 
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𝑦1𝑡  =  𝒸1 + 𝜋11
1 𝑦1𝑡−1 + 𝜋12

1 𝑦2𝑡−1 + 𝜋11
2 𝑦1𝑡−2 + 𝜋12

2 𝑦2𝑡−2 + 𝜐1𝑡 

𝑦2𝑡  =  𝒸1 + 𝜋21
1 𝑦1𝑡−1 + 𝜋22

1 𝑦2𝑡−1 + 𝜋21
2 𝑦1𝑡−2 + 𝜋22

2 𝑦2𝑡−2 + 𝜐2𝑡 

(10) 

 

where cov(𝜐1𝑡, 𝜐2𝑠)=σ12 for t=s and 0 for t≠s. Given each equation has the same regressors and 

lagged values of 𝑦1𝑡 and 𝑦2𝑡, the VAR(p) model is essentially a seemingly unrelated regression 

(SUR) model with lagged variables and deterministic terms as common regressors (Hamilton 

1994). Vector autoregressive models consider multi-directional relationships, as all variables are 

treated symmetrically (displayed in (9)). 

While VAR models are useful in estimating mutual interactions among variables, they 

fail to take long-run relationships among variables (i.e., cointegration) into account. 

Cointegration is when two or more non-stationary time series are integrated such that they do not 

deviate from equilibrium in the long run (Granger 1968). In other words, a cointegrating 

relationship exists when nonstationary variables have a stationary linear combination. If a given 

price pair proves to be cointegrated, the VEC specification will be necessary; otherwise, a VAR 

specification will be assumed. 

In the event that the variables of concern are cointegrated, a modified VAR specification 

must be considered. Considering the cointegrating relationship 

 𝑦1𝑡  =  𝛽0 + 𝛽1𝑦2𝑡 + 휀𝑡 (11) 

where the error term has been proven to be stationary (Engle and Granger 1987), a two-step 

procedure can be utilized to modify the VAR model in equation (9) to form a vector error 

correction (VEC) model. Firstly, the cointegrating relationship given by equation (11) can be 

utilized to create a lagged residual series such that 

 휀�̂�−1 = 𝑦1𝑡−1  − �̂�0  −  �̂�1𝑦2𝑡−1 (12) 
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Second, the estimate of 휀�̂�−1 can be utilized as an error correction term in the new specification, 

as follows in equation (13). 

 

∆𝑦1𝑡  =  𝛼10 + 𝛼11 + 휀�̂�−1 + 𝜐1𝑡 

∆𝑦2𝑡  =  𝛼20 + 𝛼21 + 휀�̂�−1 + 𝜐2𝑡 

(13) 

VAR and VEC models are useful in forecasting multiple related variables when no 

explicit interpretation is necessary. Additionally, they can be utilized to test the ability of using 

one variable to forecast another, or vice versa, through utilizing Granger causality tests (Granger 

1968, Hyndman and Athanasopoulos 2018). The downfall of VAR and VEC models is that 

interpretation of the estimated coefficients is difficult. In this, further analyses (e.g., impulse 

response functions) are necessary to interpret relationships between variables. 

Impulse responses are considered the response of a given variable to a contemporaneous 

change (otherwise known as a “shock”) in another related variable. Impulse response functions 

(IRFs) are utilized to estimate such relationships. Impulse response functions estimate the speed 

and level of adjustment of the price ratio, given a shock induced by the exogenous variable. We 

will utilize General Impulse Response Functions (GIRFs), as suggested by Koop et al. (1996). 

As opposed to orthogonal and structural impulse responses, constrained by finding the right 

order of variables or the identification of the estimated structural parameters, generalized 

impulse response functions are independent of the variable order, as they integrate effects of 

other shocks out of the response (see Koop et al. 1996 for more details). The generalized impulse 

response function can be represented by the following: 

 𝐺𝐼𝑅𝐹(ℎ, 𝛿, Ω𝑡−1)∆𝑦  =  𝐸[∆𝑦𝑡+ℎ|(𝑒𝑡 = 𝛿, Ω𝑡−1)]  −  𝐸[∆𝑦𝑡+ℎ|(𝑒𝑡 = 0, Ω𝑡−1)] (14) 

where 𝛿 is the external shock at period t+1, h is the forecast time horizon, and Ω𝑡−1 is the 

historical variable (∆𝑦𝑡+1,…, ∆𝑦𝑡+ℎ) responding to the shock. 
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4. Data 

The data for this analysis was obtained from the United States Census Bureau. 

Harmonized system district-level data for southern yellow pine log exports (HS Codes: 

4403200020, 4403210020, 4403220020) and red oak log exports (HS Code: 4403910020) was 

utilized. District-level data was utilized in order to derive southern yellow pine and red oak 

species, as only total coniferous and total oak (Quercus spp.) export data is available at the port-

level. 

Due to a structural change in reporting, southern yellow pine is reported under multiple 

HS codes throughout the time series available through the U.S. Census Bureau. Untreated 

southern yellow pine logs of all sizes were reported as HS code 4403200020 through September 

2018. After this period, southern yellow pine was stratified into two categories: logs being 15 

centimeters or greater in cross-sectional diameter (HS code 4403210020) and logs being less 

than 15 centimeters in cross-sectional diameter (HS code 4403220020). In this, the southern 

yellow pine export data was reconciled by merging the former southern yellow pine HS code 

(4403200020) with the sum of the new HS codes (4403210020 and 4403220020). This extended 

the temporal scale of this study through the most recently reported month, which is currently 

June 2021. 

Table 4.1. HS Codes utilized to derive species export data (U.S. Census Bureau). 

Species HS Code(s) 

Southern Yellow Pine 

4403200020 (prior to October 2018) 

4403220020, 4403200020 (October 2018 or later) 

Red Oak 4403910020 
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The focal origins for southern yellow pine log exports are the U.S. South Atlantic and 

Gulf subregions2 and the focal origins for red oak log exports are the U.S. South and the U.S. 

North regions3, represented by Figure 4.1 and Figure 4.2.  

 

Figure 4.1. Southern yellow pine log export districts by region. 

 

 

 

 

 
2 The US South Atlantic subregion includes U.S. Census Bureau Export Districts: Charleston, Miami, Norfolk, 

Savannah, Wilmington. The US South Gulf subregion includes U.S. Census Bureau Export Districts: Houston-

Galveston, Mobile, New Orleans, Port Arthur, Tampa. 
3 The US North region includes U.S. Census Bureau Export Districts: Baltimore, Boston, Buffalo, New York City, 

Ogdensburg, Philadelphia, Portland. The US South region includes U.S. Census Bureau Export Districts: 

Charleston, Houston-Galveston, Miami, Mobile, New Orleans, Norfolk, Port Arthur, Savannah, Tampa, 

Wilmington. 
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Figure 4.2. Red oak log export districts by region. 

 

The frequency of the southern yellow pine data is monthly, and the temporal scale of the data is 

March 2016 to June 2021 for the two subregions (Figure 4.3). This time period was chosen based 

on inadequate data frequency and low levels of log exports from the Gulf prior to March 2016. 

The frequency of the red oak data is also monthly; however, the temporal scale of the data is 

January 2002 to June 2021 for the two regions (Figure 4.4). As two different species were 

evaluated independently, the differing temporal scales is negligible. The red oak data provides a 

robust time period to analyze, potentially capturing many phenomena that might theoretically 

induce shocks to the price relationship 
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Figure 4.3. Monthly unit export price ($USD/m3) for southern yellow pine log exports (HS Codes: 4403200020, 4403210020, 

4403220020) from the U.S. South Atlantic and Gulf sub-regions (United States Census Bureau 2021). 

 
Figure 4.4. Monthly unit export price ($USD/m3) for red oak log exports (HS Codes: 4403910020) from the U.S. South Atlantic 

and Gulf sub-regions (United States Census Bureau 2021) 
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5. Results 

Prior to employing the models, the price relationships were tested for the null hypothesis 

of a unit root using augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) tests (Dickey and 

Fuller 1979, 1981; Phillips and Perron 1988). If time series have a unit root (i.e., integration), 

standard statistical methods may suggest relationships between variables that are actually 

independent (Granger and Newbold 1974). Each price relationship was also tested for structural 

breaks utilizing methods set forth by Zeileis et al. (2003). The southern yellow pine price 

relationship had a structural break in the middle of 2018, which is approximately when China 

announced 25% tariffs on southern yellow pine logs (Figure 5.1). The red oak price relationship 

had a structural break in 2005 (Figure 5.2). These structural breaks suggest that regime-switching 

models, such as threshold autoregressive models, might perform better than standard 

autoregressive models. 

 

Figure 5.1. Structural break plot for Atlantic and Gulf southern yellow pine log export price relationship, 
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Figure 5.2. Structural break plot for North and South red oak log export price relationship, 

Lag selection for the price relationship 𝑦𝑡 was conducted using the Akaike Information 

Criterion (Akaike 1998), which suggested a lag of five months for southern yellow pine and four 

months for red oak. The lags applied in the ADF test were carried over from the AIC tests, while 

that for the PP test was determined to be three months for southern yellow pine and four months 

for red oak, based on the rule of int(4(T/100)0.25. The results of the ADF tests indicate that the 

price relationship for southern yellow pine has a unit root and is, therefore, non-stationary, while 

the price relationship for red oak has no unit root. The Phillips-Perron tests indicated that both 

the southern yellow pine price relationship and red oak price relationship had no unit root; 

however, following the notion of Davidson and MacKinnon (2004) that ADF tests perform better 

than PP tests in finite samples, we continue the analysis with respect to the ADF test that 

indicated nonlinearity in the southern yellow pine relationship. In this, the unit root test provides 

strong evidence in favor of utilizing nonlinear estimation methods, such as the SETAR and 

LSTAR models, for the southern yellow pine price relationship. 
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The first model proposed, the AR(p) model, was estimated for the southern yellow pine 

price relationship with the three of five lags being statistically significant, the first two of which 

were statistically significant at the 1% level and the third at the 5% level (Table 5.1). The AR(p) 

model for the red oak price relationship was estimated with three of four lags being statistically 

significant, the first three of which were statistically significant at the 0.1% level (Table 5.2). 

Table 5.1. Results of AR(5) model for Atlantic and Guld southern yellow pine log export price relationship. 

Coefficients Estimate Std. Error t-value Pr(>|t|) Significance 

const 0.003 0.010 0.334 0.740 ** 

phi.1 -0.363 0.129 -2.804 0.007 ** 

phi.2 -0.382 0.131 -2.919 0.005 * 

phi.3 -0.299 0.128 -2.335 0.023 . 

phi.4 -0.239 0.129 -1.859 0.069  

phi.5 -0.191 0.119 -1.609 0.114  

Significance Codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 

Table 5.2. Results of AR(5) model for North and South red oak log export price relationship. 

Coefficients Estimate Std. Error t-value Pr(>|t|) Significance 

const 0.002 0.008 0.297 0.767  

phi.1 -0.593 0.066 -8.983 0.000 *** 

phi.2 -0.397 0.073 -5.402 0.000 *** 

phi.3 -0.298 0.071 -4.169 0.000 *** 

phi.4 -0.099 0.064 -1.538 0.126  

Significance Codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 



    

36 

 

The second model proposed, the SETAR model, was estimated for the southern yellow 

pine price relationship with no lags being statistically significant in the low regime, which held 

32.76% of data points (Table 5.3). All four lags were statistically significant in the high regime, 

which was engaged at a threshold value of -0.029. The SETAR model estimated for the red oak 

price relationship had three of four lags that held statistical significance in the low regime, which 

held 20.52% of data points (Table 5.4). All four lags were statistically significant in the high 

regime, which was engaged at a threshold value of -0.049. 

Table 5.3. Results of SETAR model for Atlantic and Gulf southern yellow pine log export price relationship. 

Coefficients Estimate Std. Error t-value Pr(>|t|) Significance 

const.L 0.015 0.027 0.558 0.579  

phiL.1 -0.392 0.350 -1.120 0.268  

phiL.2 -0.124 0.232 -0.533 0.596  

phiL.3 -0.197 0.198 -0.992 0.326  

phiL.4 -0.442 0.255 -1.733 0.089 . 

phiL.5 0.184 0.259 0.711 0.480  

const.H -0.015 0.012 -1.291 0.203  

phiH.1 -0.466 0.137 -3.409 0.001 ** 

phiH.2 -0.626 0.158 -3.961 0.000 *** 

phiH.3 -0.659 0.187 -3.524 0.001 *** 

phiH.4 -0.420 0.179 -2.343 0.023 * 

phiH.5 -0.503 0.158 -3.174 0.003 ** 

Significance Codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 
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Table 5.3. (continued). 

Threshold Value (𝑠𝑡):   -0.029 

Proportion of points in low regime:   32.76% 

Proportion of points in high regime:   67.24% 

 

Table 5.4. Results of SETAR model for North and South red oak log export price relationship. 

Coefficients Estimate Std. Error t-value Pr(>|t|) Significance 

const.L 0.080 0.023 3.511 0.001 *** 

phiL.1 -0.662 0.123 -5.374 0.000 *** 

phiL.2 -0.422 0.190 -2.223 0.027 * 

phiL.3 -0.399 0.184 -2.162 0.032 * 

phiL.4 -0.279 0.148 -1.886 0.061 . 

const.H -0.016 0.008 -1.922 0.056 . 

phiH.1 -0.599 0.076 -7.850 0.000 *** 

phiH.2 -0.467 0.079 -5.919 0.000 *** 

phiH.3 -0.388 0.079 -4.888 0.000 *** 

phiH.4 -0.212 0.078 -2.729 0.007 ** 

Significance Codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 

Threshold Value (𝑠𝑡):   -0.049 

Proportion of points in low regime:   20.52% 

Proportion of points in high regime:   79.48% 

The third model proposed, the LSTAR model, was estimated for the southern yellow pine 

price relationship with three of five lags statistically significant in the low regime, with two of 
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four lags being statistically significant at the 1% level, and no statistically significant lags in the 

high regime (Table 5.5). The threshold parameter yielded a value of 0.097 and the speed of 

adjustment was approximately 64, indicating a relatively fast adjustment (see e.g., Teräsvirta 

1994, Yaya and Shittu 2016); however, both were statistically insignificant. The LSTAR model 

for the red oak price relationship held statistical significance for three of four lags in the low 

regime, with one of four lags being statistically significant at the 0.1% level, and no statistically 

significant lags in the high regime (Table 5.6). The threshold parameter yielded a value of -

0.051, statistically significant at the 0.1% level, while the speed of adjustment was 

approximately 100. 

Table 5.5. Results of LSTAR model for Atlantic and Gulf southern yellow pine log export price relationship. 

Coefficients Estimate Std. Error t-value Pr(>|z|) Significance 

const.L 0.007 0.011 0.612 0.541  

phiL.1 -0.492 0.158 -3.119 0.002 ** 

phiL.2 -0.423 0.134 -3.144 0.002 ** 

phiL.3 -0.170 0.134 -1.268 0.205  

phiL.4 -0.339 0.133 -2.553 0.011 * 

phiL.5 -0.216 0.130 -1.666 0.096 . 

const.H -0.182 0.657 -0.277 0.781  

phiH.1 1.476 5.647 0.261 0.794  

phiH.2 -1.653 4.937 -0.335 0.738  

phiH.3 -5.948 20.933 -0.284 0.776  

phiH.4 -0.160 1.732 -0.092 0.927  
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Table 5.5. (continued). 

phiH.5 -1.524 5.698 -0.267 0.789  

𝛾 64.462 83.903 0.768 0.442  

𝑠𝑡 0.097 0.096 1.015 0.310  

Significance Codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 

 

Table 5.6. Results of LSTAR model for North and South red oak log export price relationship. 

Coefficients Estimate Std. Error t-value Pr(>|z|) Significance 

const.L 0.085 0.029 2.956 0.003 ** 

phiL.1 -0.735 0.160 -4.609 0.000 *** 

phiL.2 -0.500 0.228 -2.193 0.028 * 

phiL.3 -0.424 0.204 -2.078 0.038 * 

phiL.4 -0.278 0.165 -1.689 0.091 . 

const.H -0.101 0.030 -3.365 0.001 *** 

phiH.1 0.152 0.189 0.805 0.421  

phiH.2 0.035 0.250 0.142 0.887  

phiH.3 0.041 0.231 0.179 0.858  

phiH.4 0.055 0.186 0.298 0.766  

𝛾 100.000 143.348 0.698 0.485  

𝑠𝑡 -0.051 0.014 -3.703 0.000 *** 

Significance Codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 
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Comparing the three models, AIC suggests that the SETAR model fits both the southern 

yellow pine and red oak price relationships best, as it has the lowest AIC value among the three 

models (Table 5.7 and Table 5.8). This is also apparent when simply scanning the statistical 

significance of parameters estimates for the three models. The SETAR model held the most 

statistical significance with regard to individual parameters, followed by the AR(p) model for the 

southern yellow pine price relationship and the LSTAR model for the red oak price relationship. 

Table 5.7. Southern yellow pine log export price relationship model selection criterion for the linear, SETAR, and LSTAR 

estimations. 

Model AIC 

Linear -325.3 

SETAR -325.7 

LSTAR -325.1 

 

Table 5.8. Red oak log export price relationship model selection criterion for the linear, SETAR, and LSTAR estimations. 

Model AIC 

Linear -1006.6 

SETAR -1017.1 

LSTAR -1013.6 

In addition to determining the appropriate model for each price relationship through 

information criteria, we fitted predictions for each model to the last ten and twenty observations 

of the data (Figure 5.3 through Figure 5.6). The models were calibrated on the first n-10 and n-20 

observations, and forecasted for the remaining 10 and 20 periods, respectively. The predictions 

converged to actual observations somewhat well for the non-linear models, while the linear 

models seemed to perform relatively poorly. There was not much apparent difference, with 
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regard to visual inspection of the predictions, between the SETAR and LSTAR models. This 

could be due to the speed of adjustment parameter 𝛾 holding no statistical significance. If 

significant, we might expect a prediction with smoother reversions to the mean, given the smooth 

transitional properties of LSTAR models. 

 

Figure 5.3. Predictions for the three time series models against the last 10 observations of the southern yellow pine data. 
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Figure 5.4. Predictions for the three time series models against the last 20 observations of the southern yellow pine data. 

 

Figure 5.5. Predictions for the three time series models against the last 10 observations of the red oak data. 
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Figure 5.6. Predictions for the three time series models against the last 20 observations of the red oak data. 

In order to carry out a vector autoregressive (VAR) or vector error correction (VEC) 

model, a cointegration test must be conducted in order to determine if a VEC model is necessary. 

Utilizing the approach set forth by Engle and Granger (1987), an Augmented Dickey Fuller 

(ADF) test was carried out on the residuals of the ordinary least squares regression for each price 

relationship. The ADF test indicated that both the southern yellow and red oak data series had 

cointegrating relationships, which necessitates the use of a vector error correction model. 

Each VEC model was specified by utilizing the Akaike Information Criterion (Akaike 

1998) to determine the appropriate number of lags to employ. The AIC indicated 2 lags for the 

southern yellow pine price relationship and three lags for the red oak price relationship. Each 

VEC model was specified accordingly. The VEC model for the southern yellow pine price 

relationship lacked statistical significance, with only the error correction term for the Gulf 
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equation being significant at the 0.1% level. The VEC model for the red oak price relationship 

held statistical significance for many of the parameter estimates 

Table 5.9. Results of VEC model for Atlantic and Gulf southern yellow pine log export price relationship. 

Coefficients 

Estimate (Std. Error) 

Atlantic Gulf 

ECT 0.018 (0.128) 0.449 (0.114)*** 

const 0.557 (0.937) -0.650 (0.830) 

PriceAtlantic,t-1 -0.226 (0.169) -0.062 (0.150) 

PriceGulf,t-1 -0.033 (0.132) 0.107 (0.117) 

PriceAtlantic,t-2 -0.129 (0.156) 0.090 (0.138) 

PriceGulf,t-2 -0.001 (0.109) 0.097 (0.096) 

Significance Codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 

 

Table 5.10. Results of VEC model for North and South red oak log export price relationship. 

Coefficients 

Estimate (Std. Error) 

North South 

ECT -0.158 (0.053)** 0.099 (0.038)** 

const 0.650 (2.818) -1.265 (2.007) 

PriceNorth,t-1 -0.376 (0.072)*** -0.021 (0.051) 

PriceSouth,t-1 0.113 (0.102) -0.291 (0.072)*** 

PriceNorth,t-2 -0.298 (0.068)*** -0.043 (0.048) 

PriceSouth,t-2 0.040 (0.104) -0.069 (0.074) 

PriceNorth,t-3 -0.271 (0.062)*** -0.018 (0.044) 
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Table 5.10. (continued). 

PriceSouth,t-3 -0.007 (0.096) 0.020 (0.068) 

Significance Codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 

The results of the impulse response functions mirror the statistical significance of the 

VEC models for southern yellow pine and red oak log export price relationships. The parameter 

estimates of the VEC model for the southern yellow pine price relationship held no statistical 

significance. As such, the lack of statistical significance indicates that shocks to the Atlantic 

pricing from the Gulf pricing are not statistically different from zero (Figure 5.7). Somewhat 

surprisingly, shocks to the Gulf pricing from the Atlantic pricing are statistically different from 

zero; however, they do not converge to long-run averages over the twelve-month horizon 

specified (Figure 5.8). The shock increases in magnitude over the first three months and 

normalizes thereafter, attempting to converge to the long-run average. 

 

Figure 5.7. Impulse response function for Atlantic southern yellow pine prices. 
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Figure 5.8. Impulse response function for Gulf southern yellow pine prices. 

Parameter estimates for the VEC model of the red oak log export price relationship were 

statistically significant, which yielded better estimations of impulse response functions relative to 

the southern yellow pine impulse responses. Shocks to South prices from North prices and vice 

versa yield a statistically significant response; however, neither case converges back to the long-

run average within the twelve-month horizon specified (Figure 5.9 and Figure 5.10). This may 

imply that the price relationship recovers from shocks over a longer period of time. 
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Figure 5.9. Impulse response function for North red oak log export prices. 

 

Figure 5.10. Impulse response function for South red oak log export prices. 

As displayed in the impulse responses of the southern yellow pine log export price 

relationship, the forecast error variance decomposition indicates that Gulf prices do not explain 

any of the variance of Atlantic prices. This could be due to the fact that the Gulf log export 
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infrastructure is still developing and only accounts for 11% of total southern yellow pine log 

export quantity (July 2020 through June 2021). As the Atlantic southern yellow pine log export 

market dominates that of the Gulf, much of the variance in the Gulf pricing is explained by the 

Atlantic pricing, as indicated by Figure 5.11; however, not vice versa. The one-sided system 

becomes stable after approximately 9 periods, with Atlantic pricing explaining approximately 

80% of the variance thereafter. These results suggest that predictions about the Gulf markets 

could be made by observing log export price dynamics in the Atlantic; however, there is no 

evidence suggesting predictions about Atlantic markets could be made by observing Atlantic log 

export price behavior. 

 

Figure 5.11. Forecast error variance decomposition for Atlantic and Gulf southern yellow pine log export price relationship. 

Though the parameter estimates of the VEC model for the red oak log export price 

relationship held statistical significance, very little of the variance in either region’s pricing can 

be explained by the alternative region’s movements (Figure 5.12). Contrary to expectations, 

shocks from the alternate region’s price contribute to the variance of a given region’s price at an 
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increasing rate over time, which mirrors the output of the impulse responses in Figure 5.9 and 

Figure 5.10. 

 

Figure 5.12. Forecast error variance decomposition for North and South red oak log export price relationship. 
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6. Conclusions 

We have estimated autoregressive (AR), self-exciting threshold autoregressive (SETAR), 

logistic smooth transition autoregressive (LSTAR), and vector error correction (VEC) models for 

the price relationship of southern yellow pine log exports in two export regions in the U.S. 

South, the Gulf and Atlantic, as well as red oak log exports in two export regions in the eastern 

U.S., the North and South. 

The AR, SETAR, and LSTAR results indicate that these price pairs exhibit nonlinearities 

in their data-generating processes. As displayed in the comparison of linear and nonlinear time 

series models, capturing effects of nonlinearity and structural change is critical in estimating 

price relationships. Deviations from price parity among southern yellow pine log export districts 

and red oak log export regions proved to be best estimated with nonlinear methods, such as 

SETAR models. Nonlinear methods support the notion that agents may not be homogenous and 

transaction costs may differ through time, which is consistent with the data utilized in this study 

as agents and costs may differ among destinations within China. In this, models that incorporate 

structural breaks and regime switching are useful in estimating market linkages for commodities 

that contain such characteristics. 

The VEC results indicate that the two price relationships are cointegrated. The red oak 

price relationship yielded a higher level of statistical significance among parameter estimates 

than that of the southern yellow pine price relationship. Though the conclusions drawn from the 

southern yellow pine estimations in this analysis should be improved by future analyses with 

larger sample sizes (further discussed below), the key takeaway of this modeling effort is that 

price behavior of Atlantic southern yellow pine log exports sets precedent for Gulf southern 

yellow pine log export price behavior. This is primarily due to the fact that the Gulf southern 
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yellow pine log export quantity is dwarfed by that of the Atlantic; however, time could alter this 

relationship as Gulf log export programs develop. As these subregional price relationships 

confirm a disparity in export program development, the results of the modeling efforts around 

red oak log export price relationships shed light on regional differences in red oak logs. The 

North and South regions shared relatively equal portions of U.S. red oak log export quantity 

from 2006 to 2018. Coupled with the outcome of the IRFs and FEVDs, it can be concluded that 

red oak log exports in the U.S. North and South are relatively disparate in that they share 

relatively equal portions of total U.S. red oak log exports, but do not materially transmit price 

shocks to one-another. This indicates that there might exist a fundamental difference in red oak 

log quality among regions or a difference in red oak log export markets within China. 

Consistent with forest product price literature, tariff and non-tariff barriers to trade are 

often utilized to explain price behavior. Exogenous factors such as tariffs, exchange rates, and 

infrastructure can be utilized to explain contemporaneous forest product export price behaviors. 

For example, the structural break in the southern yellow pine price relationship around 2018 

reflects a period in which barriers to trade (i.e., tariffs) affected southern yellow pine log export 

prices. In addition to tariffs, supply chain constraints have posed significant challenges for log 

exports markets, as well as most industries involved in international trade. As virus-related 

constraints limited shipping container offtake in the U.S. in 2020 and 2021, empty containers 

became scarce. This challenged log exports markets in the Eastern U.S. which, unlike the 

Northwest U.S., depends on containers for exporting logs and other forest products. Constraints 

on shipping container availability pose significant cost implications for the log export industry 

due to increased competition for empty containers. These recent tariff and virus-related 
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constraints present challenges in estimating spatial price transmission , as equilibration of price 

pairs might not be captured in the current data  

As price behavior continues to adjust to dynamics of international trade, nonlinear 

estimation is likely to prove superior in analyzing price transmission of southern yellow pine log 

exports with future data updates. Log export price behavior literature could also benefit from 

estimating impulse responses of tariff and non-tariff shocks to log export prices. Both southern 

yellow pine and red oak log exports have been directly affected by China’s tariffs, stricter 

phytosanitary regulations, and other phenomena such as supply chain constraints imposed by 

COVID-19; therefore, pioneering efforts in estimating these shocks to U.S. log export prices 

could prove invaluable to agents directly and indirectly involved in softwood and hardwood log 

trade. Log exporters and imports are directly affected by shocks to log prices. Material changes 

in log prices due to tariff and non-tariff shocks affect margins for log exporters and input costs 

for log importers. Barriers to trade add costs for log producers and consumers. The tariffs 

imposed on the U.S. by China increased the cost of U.S. logs for Chinese consumers, which 

reduced the competitiveness of U.S. log exporters. Higher U.S. log costs in China led to reduced 

demand for U.S. logs. Policymakers must be aware of such dynamics and engage in policy 

development that benefits not only log exporters, but U.S. exporters at large. As tariff 

exemptions have been implemented, the latest barrier to U.S. log trade is the lack of container 

availability. As eastern U.S. log export markets largely depend on containers to ship logs 

overseas, container availability constraints force log exporters to compete for containers through 

offering margin-eroding cost premiums. This dynamic is critical for policymakers to address, as 

container dependency is a major barrier to the Eastern U.S. gaining competitiveness in global log 

trade. Policy development that supports log export infrastructure expansion (e.g., breakbulk 
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capacity) could significantly improve opportunities for the Eastern U.S. to export logs 

competitively. 

Phenomena such as trade policy shocks that can potentially induce structural changes in 

markets contribute to the case for utilizing non-linear approaches in estimating price 

relationships. The findings of this analysis show that non-linear models perform better than 

linear models when structural change (i.e., regime-switching behavior) exists. Both tariff and 

non-tariff barriers to trade (e.g., tariffs, phytosanitary regulation, and supply chain dynamics) can 

cause contemporaneous or long-run structural changes. Understanding the implications of such 

changes is an important consideration for economic agents or policy makers analyzing log export 

price behavior, especially in dynamic trade relationships such as that between the U.S. and 

China. 

Longer time series will allow future research to use more advanced econometric methods. 

While the red oak log export price data is fairly robust, the southern yellow pine log export price 

data is fairly brief, and limits statistical strength. Properties of finite samples have been well 

addressed in the literature (see e.g., Ahn and Reinsel 1990, Reimers 1992, Haug 1996). Toda 

(1995) investigated finite sample properties of likelihood ratio tests for cointegrating ranks 

proposed by Johansen (1991) and produced a list of findings that support the notion that finite 

samples limit statistical strength. Perhaps the most relevant findings from Toda (1995) are that 

(1) underestimation of the rank occurs when the sample information is insufficient for detecting 

the true cointegrating rank and (2) at least 300 observations are needed to ensure good 

performance of test procedures uniformly over values of the cointegrating rank. Dimensionality 

(i.e., the number of variables in a model or system) also influences the results of this analysis. 

Gonzalo and Pitarakis (1999) showed that an increase in the dimension of a model leads to 
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distorted inferences, such as those drawn from information criterion (e.g., AIC or BIC). This 

finding has significant implications for the models estimated in this study, as the samples were 

finite, and the dimensions were large due to the number of lags and non-linear specifications. As 

such, the systems analyzed in this analysis may imply that significance tests were oversized or 

underpowered. Solutions to such issues have been proposed in the literature; in example, 

Johansen (2002) suggested a correction factor to improve small sample performance of 

cointegration tests.  

These analyses have established the basic framework to build upon in the future as 

observations increase and new phenomena influence log export price relationships and, 

consequently, the model specifications utilized to analyze those price relationships. While these 

exercises have contributed to the exploration of southern yellow pine and red oak log export 

price behavior modeling, we aim to continuously contribute to the forest product price behavior 

literature across products, species, spatial scale, and model specification. 
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