
 

ABSTRACT 

 

FLOESS, EMILY MARIE. Quantifying Environmental Health Tradeoffs through Modeling and 

Measurements. (Under the direction of co-chairs Dr. Andrew Grieshop and Dr. Angela Harris). 

 

 Billions of the world’s poorest households are faced with the lack of access to safe 

drinking water and clean cooking, and experience moderate to severe food insecurity.  Due to the 

lack of clean cooking, nearly three billion people in low- and middle-income countries (LMICs) 

rely on polluting fuels, resulting in millions of avoidable deaths annually. Polluting fuels also 

emit short-lived climate forcers (SLCFs) and greenhouse gases (GHGs).  Energy poverty has 

been identified as playing a key role in household decision-making and is closely linked with 

other environmental health risks. For example, one solution to microbiologically contaminated 

water is boiling, often promoted without acknowledging the additional risks incurred from 

indoor air degradation from using solid fuels or financial constraints. Another example is that 

properly heating and storing food can reduce contamination but requires energy. Liquefied 

petroleum gas (LPG) and grid-based electricity are scalable alternatives to polluting fuels for 

cooking, water heating, and heating food, but have raised climate and health concerns. 

 Few studies have looked at the trade-offs and co-benefits of different household energy 

interventions, and how they impact climate, health, and contamination. The goal of this research 

is to understand the connection between energy poverty and household health impacts, with a 

focus on microbiological contamination, health tradeoffs, and household energy interventions. 

The first objective is to investigate whether the health benefits of boiling drinking water with 

solid fuels outweigh the increased exposure to indoor air pollution. The second objective is to 

understand the impact of a household’s food, water, and energy insecurity on food and water 

contamination. The third objective is to understand if there are net health and climate benefits to 

increased use of fossil fuels like LPG for cooking.   

 For the first objective, we calculated the total change in disability-adjusted life years 

(DALYs) from household air pollution (HAP) and diarrhea from fecal contamination of drinking 

water for scenarios of different source water quality, boiling effectiveness, and stove type. We 

found that for households with high baseline HAP from existing solid fuel use, adding water 

boiling to cooking on a given stove was associated with a limited increase in HAP DALYs due 

to the log-linear exposure–response curves.    



 For the second objective, we sampled 237 households in a peri-urban area outside 

Blantyre, Malawi. We collected survey data on WaSH, cooking, health, food, and energy, as well 

as drinking water and stored food samples. Food and energy insecurity were associated with 

increased contamination of drinking water and with behaviors such as heating water, using more 

than one stove, burning trash as fuel, having electricity, having a fridge, and having piped water 

in the yard or home.  

 For the third objective, we accounted for upstream and end-use emissions from gas and 

electric cooking and input the emissions into a reduced-complexity climate model to estimate 

radiative forcing and temperature changes. We found that full transitions to LPG and/or 

electricity decrease emissions from both well-mixed GHG and SLCFs, resulting in a roughly 5 

millikelvin global temperature reduction by 2040. Transitions to LPG and/or electricity also 

reduce annual emissions of the health-relevant fine particulate matter (PM2.5) by over 6 Mt 

(99%) by 2040.  

 This work explores the interlaced impacts of household energy on health, food, water, 

and climate. Therefore, it is important to evaluate the trade-offs and co-benefits of interventions. 

Our findings show that boiling water with solid fuels, despite increasing indoor air pollution, can 

provide net health gains.  In our small sample in peri-urban Malawi, energy and food insecurity 

are related and impact drinking water contamination. LPG and cooking electricity interventions 

can decrease SLCFs, GHG emissions, and health-relevant pollutants. These solutions emphasize 

that multiple dimensions must be considered when exploring household energy interventions.  
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Chapter 1: Introduction 

1.1 Background & Motivation 

 One of the many definitions (Faiella & Lavecchia, 2021) of energy poverty is “an 

inability to realize essential capabilities as a direct or indirect result of insufficient access to 

affordable, reliable, and safe energy services, and taking into account available reasonable 

alternative means of realizing these capabilities”(Day et al., 2016). There are multiple 

dimensions to energy poverty, including energy availability, energy affordability, and clean 

energy (Che et al., 2021). In evaluating energy poverty, there is both an engineering approach, 

which estimates the “minimum energy requirements for basic energy services demanded by the 

household” (Sy & Mokaddem, 2022), and an economic approach focusing on “the identification 

of the energy poverty line based on household income and expenditure” (Sy & Mokaddem, 

2022).  

 One impact of energy poverty is the continued use of solid fuels, with 2.6 billion people 

estimated to be cooking with solid fuels (Stoner et al., 2021).  In urban areas, gaseous fuels 

dominate, and in rural areas, high levels of biomass are still used (Stoner et al., 2021). In 2030, it 

is estimated that 31% globally will still use polluting fuels (Stoner et al., 2021). In China, solid 

fuel use is connected with income (Tang & Liao, 2014). In Sub-Saharan Africa, approximately 

84% of the population uses solid fuels (Azanaw & Endalew, 2025; Stoner et al., 2021). 

Replacing these solid fuels, and clean cooking is necessary to achieve several of the Sustainable 

Development Goals (Rosenthal et al., 2018). Reliable and affordable energy is necessary for 

development (Kaygusuz, 2012; Sy & Mokaddem, 2022). 

 The use of solid fuels results in high exposures to fine particulate matter (PM2.5) (Desai et 

al., 2004). Indoor air pollution (IAP) causes stroke, ischemic heart disease, chronic obstructive 

pulmonary disease, lung cancer (Dherani et al., 2008), and acute lower respiratory infections 

(Sonego et al., 2015). IAP was associated with 6.7 million premature deaths annually in 2019 

(IHME, 2022a).  

 The incomplete combustion of solid fuels (Oluwoye et al., 2020), such as from burning 

wood for cooking, also impacts the climate through long-lived and short-lived climate forcers, 

including methane (CH4), nitrous oxide (N2O), black carbon (BC), carbon monoxide (CO) and 

non-methane volatile organic contaminants (NMVOCs) (Forster et al., 2007; Goldemberg et al., 
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2018).  It is estimated that approximately 3800 Gg of BC is emitted per year from residential 

combustion (Klimont et al., 2017), and biomass combustion is responsible for approximately 0.4 

degrees kelvin warming over 20 years (Jacobson, 2014).  BC emissions from cooking are a 

significant source of pollution in developing countries (Y. Wang et al., 2022) and is a contributor 

to climate change and has health impacts (Anenberg et al., 2012; Bond & Sun, 2005; Janssen et 

al., 2011). In addition to warming pollutants, other emitted pollutants such as organic carbon 

(OC) and sulfur oxides (SOx) are climate cooling (Forster et al., 2007).   

 Biomass combustion also emits CO2 (Johnson et al., 2009). In 2020, the total emissions 

from the cooking sector were estimated at 1.69 gigatons of carbon dioxide equivalent (United 

Nations & UN Energy, 2023). Some of this biomass is renewable (can be regrown), but the use 

of it exceeds regrowth (Ghilardi et al., 2016). Though CO2 from cooking is a small faction of the 

total 34.9 GtCO2 emitted annually (Liu et al., 2022), it contributes to ambient air pollution and 

health impacts (Chafe, Brauer, Klimont, Dingenen, et al., 2014). Additionally, climate impacts 

disproportionately impact people in Low and Middle-Income Countries (LMICs) (Atwoli et al., 

2022; Bianco et al., 2024).   Both the climate and health impacts of solid fuels make it important 

to find cleaner, healthier alternatives for household tasks, including boiling water, cooking, and 

reheating food.   

 Another major challenge impacting people in LMICs is the lack of clean drinking water 

(Bain et al., 2021, pp. 2014–2020).  Two billion people lacked safely managed drinking water in 

2020 (WHO/UNICEF, 2020). In 2019, 1.53 million deaths were attributed to diarrheal diseases 

(IHME, 2022b). Diarrhea is the leading cause of death and illness globally among children under 

5 years (Troeger et al., 2018).  For households facing unsafe drinking water, one solution to 

contaminated water is boiling. Boiling is one of the more common household water treatment 

methods, with an estimated 10.81% boiling (Geremew & Damtew, 2020).  However, boiling is 

often done with solid fuels, which contributes to the same health and climate challenges 

discussed above .  The overlap and similar interventions make combined solutions for water 

treatment and indoor air pollution important (T. Clasen & Smith, 2019a).  

 In addition, energy and water treatment are connected beyond boiling.  It has been shown 

that access to electricity is positively associated with the percentage of people using safely 

managed clean water and sanitation services, and that these services increase as electricity 

increases (Mbiankeu Nguea, 2024). 



 

3 

 

 Energy is also very important for cooking (Hager & Morawicki, 2013). An additional 

cause of diarrhea among children under 5 is not practicing exclusive breastfeeding and providing 

leftover food to the child (Delelegn et al., 2020)  Food weaning safety and hygiene programs 

have been shown to reduce diarrhea (Siu et al., 2021). Education about food safety can include 

handwashing, washing of pots and utensils, reheating of pre-made food after storage before 

feeding, and boiling and cooling of water for drinking for children (Manaseki-Holland et al., 

2021).  However, the reheating of premade food and boiling of water as suggested require access 

to cooking fuels, which households facing energy poverty may not have (Gautam & Curtis, 

2021), and could potentially increase indoor air pollution, especially when they cannot afford 

cleaner fuels (Mguni et al., 2020).  

 Another important Sustainable Goal is Zero Hunger (Sporchia et al., 2024, p. 2). Food 

insecurity affects around 691-783 million people globally in 2024 and disproportionately impacts 

Africa and Asia (Iannotti et al., 2024) and LMICs (Popkin et al., 2020). In East Africa, urban 

food insecurity is estimated to be around 60%(Gebremichael et al., 2022). Food insecurity is a 

difficult challenge to address in that there is little correlation between national food availability 

and food insecurity (L. C. Smith et al., 2000; Webb et al., 2006), and there is the double burden 

of food insecure people facing undernutrition and overweight and obesity(Popkin et al., 2020). 

This also makes food insecurity difficult to measure (Webb et al., 2006). For example, even 

when food is readily available, a household might not have the means to purchase the food, or 

the food might not be their preference (Ma et al., 2016). 

 One challenge is comparing different diseases and health impacts due to different 

measurements, risk factors, and data quality. The Global Burden of Disease Study (GBD) is a 

way to quantify different diseases and health impacts (Lopez, 2005). According to (Vos et al., 

2015), the GBD “is a systematic, scientific effort to quantify the magnitude of all major diseases, 

risk factors, and intermediate clinical outcomes in a highly standardized way, to allow for 

comparisons over time, across populations and between health problems” (Vos et al., 2015). The 

Global Burden of Disease Study (GBD) uses Disability Adjusted Life Years (DALYs). DALYs 

are used for comparative risk assessment, including environmental risks such as IAP and water 

contamination. DALYs allow for comparison across different risk categories, and are the 

common metric used in the global burden of disease estimates (C. J. L. Murray et al., 2012).  

However, assumptions and simplifications are required to calculate them, and the value choices 
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in the model can influence which of the risks are the greatest (Arnesen & Kapiriri, 2004; T. 

Clasen et al., 2014).  For example, in a study where DALYs from malnutrition and major 

depression were compared, they found that alternative age weights, disability weights, and 

discounts (due to different value choices in the models) led to an inversion of the ranking of 

these two burdens (Arnesen & Kapiriri, 2004).   

 One major challenge is that many households experience multiple health risks. For 

example, globally, many households face the challenge of both poor drinking water quality and 

the lack of access to clean cooking fuels, as well as food insecurity. Challenges with accessing 

energy impact the storage and reheating of food (Gautam & Curtis, 2021).  

 There are some studies which looked at the combined risks of unsafe drinking water, 

unsafe food, and household air pollution, including an intervention package of improved solid 

fuel-stoves, kitchen sinks, solar disinfection of drinking water, and hygiene promotion  

(Hartinger Pena, 2014; Hartinger et al., 2016).  A randomized controlled trial in Rwanda 

combining a cookstove and water filter intervention found that the intervention reduced the 

prevalence of reported child diarrhea by 29% and that the benefits of the program outweighed 

the financial costs (Barstow et al., 2019; Kirby et al., 2019).   A study in China measured the 

reduction in thermotolerant coliforms from boiling using different methods and modeled air 

pollution from boiling water (Cohen et al., 2020).  However, the health benefits from boiling 

drinking water and the corresponding adverse health effects from HAP have not been previously 

modeled. 

 Another way to address the overlapping risks is using the Food, Energy, Water (FEW) 

nexus framework. FEW nexus thinking “is based on the idea that food, energy, and water form a 

hub of connections that provides useful insight” (Albrecht et al., 2018; Huntington et al., 2021). 

A review of existing Food, Energy, and Water (FEW) nexus research (Itayi et al., 2021) found 

that only three articles referred to household food, energy and water issues, one of which was for 

a developed country, and two for developing countries (Itayi et al., 2021).  In one study, a model 

was developed to evaluate the water-energy-food nexus at a household scale(Hussien et al., 

2017).  A component of this study was calculating the required energy for food preparation 

(Hussien et al., 2017). An additional paper looked at the seasonal variability of the household-

level water, energy, and food nexus (Hussien et al., 2018).  
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 Many of the proposed solutions involving food contamination and insecurity and unsafe 

drinking water involves household energy use (Duret et al., 2021; Grzegorzek et al., 2023). 

Households account for more than 30% of the total global energy consumption (T. Wang et al., 

2024), making finding cleaner alternatives important. While the percentage of the population 

using polluting fuels is decreasing (from 53% in 1990 to 36% in 2020), the overall number of 

people using polluting fuels has remained uncharged (Stoner et al., 2021).  

 One alternative to traditional wood stoves is liquefied petroleum gas (LPG). A major 

reason for the  progress towards cleaner fuels is the increasing access to liquefied petroleum gas 

(LPG) (Stoner et al., 2021). LPG is well-suited to near-term scale-up (Global LPG Partnership, 

2018), cleaner than alternative fuels at the point of use, is relatively simple to use, and requires 

relatively minimal investment in infrastructure (Puzzolo et al., 2019).  Use of gaseous fuels like 

LPG has risen from 5% in 1990 to 44% in 2020 (Stoner et al., 2021). Electricity accounts for 

most of the remaining increase in primary access to clean cooking between 2010 and 2020. 

Though access to electricity is increasing rapidly throughout the global south, cooking with 

electricity is not as common in many countries and regions (Stoner et al., 2021). However, fossil-

derived LPG and electric stoves powered by electricity from fossil fuels also have upstream 

emissions and end-use emissions.  (Islam et al., 2021; Weyant, Thompson, et al., 2019) of 

concern, which may have major climate impacts as well (Afrane & Ntiamoah, 2011). 

There are many studies recently about the adoption and health impacts of LPG (T. Clasen 

et al., 2020).  Analysis has looked at the climate implications of adopting cleaner stoves for 

individual countries (Kypridemos, 2020).  However, a global study of the health and climate 

implications of widespread LPG and electricity adoption has not been conducted.  

1.2 Knowledge Gaps 

Based on my literature search, I identified three major knowledge gaps:  

1. Water, sanitation, and hygiene (WASH) and household air pollution (HAP) interventions 

are widely promoted, but no study has modeled the connected health impacts of these 

interventions. 

2. Despite the interconnectedness, no study has looked at the impact of food, water, and 

energy insecurity and their impact on stored food and drinking water microbial contamination, 

and their connection to behaviors and household access across domains.  
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3. Liquefied Petroleum Gas (LPG) is widely promoted as an alternative to biomass stoves; 

however, the emissions and climate impacts of a large-scale transition to LPG for cooking have 

not been quantified. 

1.3 Research Objectives 

 Some of the major challenges faced by people in LMICs include drinking water quality, 

air pollution, food insecurity, and energy poverty. Fourteen of the seventeen UN sustainability 

goals can somehow be connected to these four challenges (United Nations Department of 

Economic and Social Affairs, 2025). Despite this, policymakers, nonprofits, and researchers 

often deal with these challenges one at a time. The overarching goal of my thesis is to understand 

the different tradeoffs and co-benefits of environmental risks and coping strategies/ interventions 

that people in LMICs face using modeling and measurements. While interventions for these 

environmental risks have been researched individually, the potential tradeoffs and co-benefits of 

the different tradeoffs often have not been considered together. The following tradeoffs and 

research objectives are explored in my thesis: 

1) Tradeoff: Boiling drinking water with solid fuels to reduce the pathogens in drinking water, 

but also increases indoor air pollution and exposure to PM2.5. 

Research Question: Do the benefits of boiling the water outweigh the risks of increased indoor 

air pollution exposure from boiling water? 

2) Tradeoff: Reheating food, proper food storage, and boiling and heating water require 

increased energy, a challenge in households that are energy insecure. 

Research Question:  What are the impacts of energy, food, and water insecurity on stored food 

and drinking water handling practices and microbiological contamination in a household? 

3) Tradeoff: Promoting LPG and electricity as a cleaner and easier-to-use cooking fuels, and the 

increased reliance on fuels with high upstream emissions for cooking.  

Research Question: What are the health and climate implications of a transition from solid fuels 

to LPG and electricity? 

 

To address these gaps, my dissertation will focus on the following three tasks: 

1) Model the health tradeoffs of boiling drinking water with solid fuels.  

2) Analyze the overlap of water, food, and energy poverty, and its impact on food storage and 

reheating practices.  
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3) Calculate the climate and health-relevant emissions and corresponding global temperature 

increase from transitioning to modern cooking fuels, including LPG and electricity.  

Figure 1.1 shows a schematic of the connections between food, water, and energy, and how they 

relate to my different chapters. 

 

Figure 1.1 Schematic of food, water, energy, health, and climate, and how they relate to my 

different chapters. Chapter 1 focuses on energy, water, and health. Chapter 2 focuses on food, 

water, energy, and health. Chapter 3 focuses on energy, health, and climate. 

1.4 Chapter Summaries 

1.4.1 Chapter 2: Health Trade-Offs of Boiling Drinking Water with Solid Fuels: A Modeling 

Study 

 This chapter explores the trade-off of increased air pollution from boiling drinking water 

under multiple contamination and fuel use scenarios typical of low-income settings. We 

calculated the total change in disability-adjusted life years (DALYs) from household air 

pollution (HAP) and diarrhea from fecal contamination of drinking water for scenarios of 
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different source water quality, boiling effectiveness, and stove type for Uganda and Vietnam. 

Boiling drinking water reduced the diarrhea disease burden by a mean of 1,100 DALYs and 367 

DALYs per 10,000 people for those under and over 5 years of age in Uganda, respectively, for 

high-risk water quality and the most efficient (lab-level) boiling scenario, with smaller 

reductions for less-contaminated water and ineffective boiling. In both countries, for households 

with high baseline HAP from existing solid fuel use, adding water boiling to cooking on a given 

stove was associated with a limited increase in HAP DALYs due to the log-linear exposure–

response curves. Boiling, even at low effectiveness, was associated with net DALY reductions 

for medium- and high-risk water, even with unclean stoves/fuels. Use of clean stoves coupled 

with effective boiling significantly reduced total DALYs. Boiling water generally resulted in net 

decreases in DALYs. Future efforts should empirically measure health outcomes from HAP vs. 

diarrhea associated with boiling drinking water using field studies with different boiling methods 

and stove types. 

1.4.2 Authors and Contributions: 

 Authors: Emily Floess (EF), Ayse Ercumen (AE), Angela Rose Harris (ARH), and 

Andrew Grieshop (AG) 

 All authors contributed to the research, concept design, and writing. EF conducted the 

literature review, wrote the code, and developed the model scenarios.  

1.4.3 Chapter 3:  Household Food, water, and energy insecurities and links to behaviors and 

environmental contamination in Peri-urban Malawi 

 In this chapter, we analyze the overlap of water, food, and energy insecurity and their 

interactions with water, food, and energy health-related behaviors and indicators. We sampled 

237 households with a range of socioeconomic statuses in a peri-urban area outside Blantyre, 

Malawi. We collected survey data on household demographics and socioeconomics, water, 

sanitation, cooking, health, food, and energy. We collected drinking water and stored food 

samples. The survey included questions on household water, food, and energy insecurity. We 

examined relationships between the different insecurities, food and water contamination, and 

corresponding storage and heating practices. The majority of homes used charcoal and an 

improved, yet contaminated, drinking water source, but did not treat their water; of those who 

did, only one reported boiling. 52% of households responded that they experienced at least one 

experience of both food and energy insecurity, but no experiences of water insecurity. We found 
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an association between energy and food insecurities. Households which were food and energy 

insecure were associated with increased contamination of drinking water and with behaviors 

such as heating water, using more than one stove, burning trash as fuel, having electricity, having 

a fridge, and having piped water in the yard or home. However, water contamination was not 

associated with water insecurity, and food contamination was not associated with any of the 

three insecurities. The results from this study will help policymakers incorporate food, water, and 

energy insecurities holistically when considering household interventions to address microbial 

contamination. 

1.4.4 Authors and Contributions 

 Authors: Emily Floess (EF), Ben Clark (BC), Cailtin G. Niven (CGN),  Blessings Chirwa 

(BC), Monica Matekenya (MM), Emma Budden (EB),  Stella Cadono (SC), John Chavula (JC), 

Victor Chisamanga (VC), Aubrey Dzinkambani (AD), Chisomo Kaponda (CK), Neema Ngondo 

(NN), Norah Patterson (NP), Sheena Symon (SS), Brighton Austin Chunga (BAC), Rochelle H 

Holm (RHH), Petros Chigwechokha (PC), Francis de Los Reyes (FR), Ayse Ercumen (AE),  

Cassandra L Workman (CLW), Andrew Grieshop (AG), Angela Rose Harris (ARH) 

 ARH and CLW developed the concept, designed the research, and secured the funding 

with the help of AG and AE. EF, BC, CGN, EB, and NP developed the survey instrument with 

the help of ARH, CLW, AG, and AE. BC and MM translated the survey instrument. BC, SC, JC, 

VC, AD, CK, NN, and SS collected the samples and survey data and helped with lab processing, 

with the help of EF, BC, CGN, EB, and SC. EF, CGN, and EB cleaned the data. EF wrote the 

code and conducted the analysis for this paper. EF wrote the paper with the help of AE, CLW, 

AG, ARH. BAC, RHH, PC, and FR advised on the research.  

1.4.5 Chapter 4: Scaling up gas and electric cooking in low-and middle-income countries: 

climate threat or mitigation strategy with co-benefits? 

In this chapter, we compare emissions and climate impacts of a business-as-usual (BAU) 

household cooking fuel trajectory to four large-scale transitions to gas and/or grid electricity in 

77 LMICs. We account for upstream and end-use emissions from gas and electric cooking. We 

input the emissions into a reduced-complexity climate model to estimate radiative forcing and 

temperature changes associated with each scenario. We find full transitions to LPG and/or 

electricity decrease emissions from both well-mixed GHG and SLCFs, resulting in a roughly 5 

millikelvin global temperature reduction by 2040 relative to BAU. Transitions to LPG and/or 
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electricity also reduce annual emissions of PM2.5 by over 6 Mt (99%) by 2040, which would 

substantially lower health risks from household air pollution. Full transitions to LPG or grid 

electricity in LMICs improve climate impacts over BAU trajectories.  

1.4.6 Authors and Contributions: 

 Authors: Emily Floess (EF), Andrew Grieshop (AG), Elisa Puzzolo (EP), Dan Pope (DP), 

Nicholas Leach (NL), Chris J. Smith (CJS), Annelise Gill-Wiehl (AGW), Katherine Landesman, 

(KL), & Rob Bailis (RB). 

AG and RB developed the concept, designed the research, and secured funding. EP and 

DP advised on research design. NL and CJS developed the FaIR model and heavily supported its 

use in this application. EF, AG, and RB developed BAU and alternate scenarios with input from 

EP, DP. EF and KL developed tools to manage and analyze scenario data. RB, EF, and AG 

compiled life-cycle emissions data for each cooking option. EF developed code to integrate 

emission factors and transition scenarios into FaIR with support from KL. EF, AG, EP, DP, RB, 

AGW and KL coauthored an internal report that forms the basis for this manuscript. EF, AG, 

RB, EP, DP, and AGW wrote the manuscript. NL and CJS provided additional text about FaIR 

output and related discussions.  

1.4.7 Chapter 5: Conclusions 

 This chapter includes conclusions, implications, and recommendations from each chapter 

in the context of the overarching research themes of this dissertation. Future areas of research 

and remaining questions are also explored. 
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Chapter 2: Health Trade-offs of Boiling Drinking Water with Solid Fuels: A Modeling 

Study 

This chapter has been published as: Floess, E., Ercumen, A., Harris, A. R., & Grieshop, A. P. 

(2025). Health Trade-Offs of Boiling Drinking Water with Solid Fuels: A Modeling 

Study. Environmental Health Perspectives, 133(6), 067021. https://doi.org/10.1289/EHP15059 

 Abstract 

Background Billions of the world’s poorest households are faced with the lack of access to both 

safe drinking water and clean cooking. One solution to microbiologically contaminated water is 

boiling, often promoted without acknowledging the additional risks incurred from indoor air 

degradation from using solid fuels. 

Objectives This modeling study explores the tradeoff of increased air pollution from boiling 

drinking water under multiple contamination and fuel use scenarios typical of low-income 

settings. 

Methods We calculated the total change in disability-adjusted life years (DALYs) from 

household air pollution (HAP) and diarrhea from fecal contamination of drinking water for 

scenarios of different source water quality, boiling effectiveness, and stove type. We used 

Uganda and Vietnam, two countries with a high prevalence of water boiling and solid fuel use, as 

case studies.   

Results Boiling drinking water reduced the diarrhea disease burden by a mean of 1100 DALYs 

and 367 DALYs per 10,000 people for those under and over 5 years of age in Uganda, 

respectively, for high-risk water quality and the most efficient (lab-level) boiling scenario, with 

smaller reductions for less contaminated water and ineffective boiling. Similar results were 

found in Vietnam, though with fewer avoided DALYs in children under 5 due to different 

demographics. In both countries, for households with high baseline HAP from existing solid fuel 

use, adding water boiling to cooking on a given stove was associated with a limited increase in 

HAP DALYs due to the log-linear exposure-response curves. Boiling, even at low effectiveness, 

was associated with net DALY reductions for medium- and high-risk water, even with unclean 

stoves/fuels. Use of clean stoves coupled with effective boiling significantly reduced total 

DALYs.   
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Discussion Boiling water generally resulted in net decreases in DALYs. Future efforts should 

empirically measure health outcomes from HAP vs. diarrhea associated with boiling drinking 

water using field studies with different boiling methods and stove types. 

2.1 Introduction 

 Globally, many households face the challenges of both poor drinking water quality and 

unclean cooking fuels. Two billion people lack safely managed drinking water (WHO/UNICEF, 

2020). In 2019, 1.53 million deaths were attributed to diarrheal diseases,(IHME, 2022b) and in 

2016, 60% of all diarrheal deaths in low-and middle-income countries (LMICs) were attributed 

to improper water, sanitation, and hygiene (WASH) (Prüss-Ustün et al., 2019). Meanwhile, in 

2020, 2.8 billion people cooked using polluting fuels (solid fuels and kerosene)(Stoner et al., 

2021) resulting in high exposures to fine particulate matter (PM2.5) (Desai et al., 2004). 

Household air pollution (HAP) is associated with various negative health outcomes including 

stroke (Lu et al., 2021), ischemic heart disease (IHD) (Fan, 2023), chronic obstructive pulmonary 

disease (COPD) (Siddharthan et al., 2018), lung cancer (LC) (Raspanti et al., 2016), and acute 

lower respiratory infections (ALRI) (Sonego et al., 2015), among others (Josyula et al., 2015). 

Air pollution was associated with 6.7 million premature deaths annually in 2019 (IHME, 2022a), 

with 2.3 million deaths attributed to HAP exposures (C. J. L. Murray et al., 2020; Roser, 2021). 

Both diarrheal diseases and lower respiratory infections are leading causes of death for children 

under 5 (Perin et al., 2022). Technologies providing safe water and clean household energy that 

are considered “low-cost” are often unaffordable to many households (Ray & Smith, 2021), 

making solutions out of reach. 

A third of households in a study of 67 LMICs reported treating their drinking water at 

home (T. Clasen & Rosa, 2017). Boiling water is the most common household water treatment 

(Rosa & Clasen, 2010), with an estimated 1.2 billion users (70% of all household water treatment 

users) (Cohen & Colford, 2017).  Based on household surveys, boiling for water treatment is 

most common in the Western Pacific region and least common in the Eastern Mediterranean and 

African regions. It is widespread in many Asian nations, including Indonesia (90.6% of 

households practicing water treatment reported boiling), Mongolia (95.2%), Uzbekistan (98.5%), 

and Vietnam (91.0%) (Rosa & Clasen, 2010).  Though boiling on the African continent is 

comparatively less common, many countries in Africa have high rates of boiling (Geremew & 

Damtew, 2020; Rosa & Clasen, 2010), including Lesotho, Rwanda, Uganda (more than 80% of 
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households reported boiling), Burundi and Namibia (over 60% reported boiling) (Geremew & 

Damtew, 2020). Boiling for water treatment has been widely promoted for decades for low-

income countries and emergency situations (CDC & USAID, 2009). A key limitation of boiling 

is the potential recontamination of stored boiled water by contact with hands and utensils 

because boiling does not provide residual protection. Improper boiling methods can also result in 

poor water quality (T. Clasen, Thao, et al., 2008; Psutka et al., 2011a; Rosa, Huaylinos, et al., 

2014) and families often mix boiled and non-boiled water (Prihartono et al., 1994). 

Other concerns raised by boiling water are the potential for increased air pollution 

exposures from fuel combustion (Cohen et al., 2020) and high fuel costs (World Health 

Organization, 2015). Solid fuel use is prevalent in low-income settings for both cooking and 

boiling water. Reducing the use of solid fuels reduces PM2.5 concentrations (Zhao et al., 2018), 

yet transitions to clean fuels. such as liquified petroleum gas (LPG), have proven challenging 

(Mensah & Adu, 2015). Despite the perception that clean fuels are better and more convenient 

(Gould & Urpelainen, 2018), the associated financial burden (e.g., the cost relative to wood, 

which is often cheap or free) and other barriers often prevent their widespread adoption 

(Banerjee et al., 2016). One proposed solution is “improved cooking solutions” (ICS), or 

“Cooking solutions that improve, however minimally, the adverse health, environmental, or 

economic outcomes from traditional solid fuel technologies” (Global Alliance for Clean 

Cookstoves, 2015). ICS includes natural- or forced-draft biomass cookstoves with improved 

combustion efficiency. For example, pellet-fed gasifier stoves emit >90% less (PM2.5) than 

conventional stoves (Champion & Grieshop, 2019a; Njenga et al., 2016; Pope et al., 2017a). 

However, despite their potential to provide health and other benefits relative to traditional stoves, 

behavioral, technical, and economic challenges have limited their adoption (Bailis et al., 2009; T. 

Clasen & Smith, 2019b). Electric stoves are an additional clean option but are not common in 

low-income countries due to their cost and the poor availability and reliability of electrical grid 

connections. In Uganda, for example, less than 1% of the population cooks with electricity 

(World Bank, 2022) due to the expense of electricity and lack of availability and/or subsidies 

(Price, 2017). 

Those working to mitigate risks from HAP and unsafe drinking water face similar 

challenges in designing, implementing, and securing the sustained use of interventions such as 

clean fuel and household water treatment (T. Clasen & Smith, 2019b). However, few studies 
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have examined these linked risks together. A randomized controlled trial in Rwanda combining a 

“rocket-style” biomass burning natural draft cookstove and water filter found the intervention 

reduced the prevalence of reported child diarrhea by 29% and that the benefits of the program 

outweighed the financial costs (Barstow et al., 2019; Kirby et al., 2019). In a related cost-benefit 

analysis, the averted Disability-Adjusted Life Years (DALYs) from using the water filter and 

improved cookstove were found to be 239 and 556 per 10,000 people per year, respectively 

(Barstow et al., 2019). However, the study observed no significant reduction in 48-hour personal 

exposure to PM2.5 (Kirby et al., 2019), consistent with challenges faced by stove replacement 

programs observed elsewhere (Pope et al., 2021a). A study in China measured the reduction in 

thermotolerant coliforms in water from boiling using different methods and modeled air 

pollution from boiling water. The modeled mean 24-hour PM2.5 kitchen concentration from 

boiling water with biomass combustion was 79 µg m-3 (Cohen et al., 2020), substantially above 

the World Health Organization (WHO) interm-1 target of 35 µg m-3 (WHO, 2021). Boiling with 

electric kettles was associated with the largest reduction in thermotolerant coliforms. However, 

the study did not measure health outcomes. To date, no study has specifically investigated the 

tradeoffs associated with drinking water treatment by boiling using solid fuels and compared the 

health risks. The overarching goal of this study is to develop a modeling framework to quantify 

the net health impacts from boiling drinking water with solid fuels, accounting for a range of 

HAP-associated health outcomes and for diarrhea associated with water contaminated with fecal 

matter. We then apply this using available literature value for inputs for two countries, Uganda 

and Vietnam, selected as case studies.  

2.2 Methods 

2.2.1 Framework Definition and Test Population 

 DALYs are commonly used to quantify health burdens because they account for 

morbidity with differential disease severity (Gibney et al., 2013) and mortality. In our study, we 

used DALYs as the primary metric to compare multiple risks (Devleesschauwer et al., 2014). 

Quantitative Microbial Risk Assessment (QMRA) models are commonly used to determine the 

diarrhea risk associated with consuming water from a particular water source (J. Brown & 

Clasen, 2012; Havelaar & Melse, 2003). For HAP, the population attributable fractions based on 

exposure-response curves for individual diseases are used to calculate the burden of disease 
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(Asikainen et al., 2016; Pillarisetti et al., 2016b). We used the QMRA and exposure-response 

curves as opposed to direct epidemiological evidence in order to calculate the DALYs for a 

range of conditions, including different levels of water boiling effectiveness, source water 

qualities, and HAP levels. While epidemiological estimates exist for associations between 

boiling drinking water and child diarrheal outcomes, these provide an average over a range of 

conditions in the study population and do not allow estimating effects under specific scenarios 

and boiling efficiencies. Though the DALY calculation methods for these two risk factors are 

very different, they represent the best available, established methods to calculate the risks. 

We adopted these two methods (Figure 2.1), creating two modules, and used literature-

derived distributions of the relevant HAP, QMRA, and demographic parameters as inputs (Table 

A1 and Table 2.1 Household Demographics for Vietnam and Uganda). The water risk module 

uses a QMRA model to calculate the DALYs from drinking water contaminated by fecal matter 

before and after treatment by boiling. The air risk module uses an indoor box model to quantify 

the PM2.5 concentrations for different stoves and a modified form of the Household Air Pollution 

Intervention Tool (HAPIT, Version 3.1.1) (Pillarisetti et al., 2015, 2016b) to quantify the 

DALYs associated with HAP under various scenarios. Both modules employ Monte Carlo 

simulations to capture the influence of variability and uncertainty in input parameters on model 

outputs.  
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Figure 2.1 Overview of methods to calculate and compare drinking water DALYs (Disability 

Adjusted Life Years) and Household Air Pollution (HAP) DALYs. PM2.5 is fine particulate 

matter. Air health risks are for Chronic Obstructive Pulmonary disease (COPD), Ischemic Heart 

Disease (IHD), Lung Cancer (LC), Acute Lower Respiratory Infection (ALRI), and Stroke. 

 

 

Table 2.1 Household Demographics for Vietnam and Uganda 

 Vietnam Uganda 

Average Household 

Size 

5a 5a 

Life Expectancy 

Women 

79.2b 69.2b 

Life Expectancy Men 70b 62.3b 

Adults Per Household 4.6c 4c 

Children Under 5 Per 

household 

0.4c 1c 

Total Country 

Population 

96362928b 41117856b 

Cooks per household 1c 1c 
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Table 2.1 (continued) 

 Adults and children 5 

and over 5 years of 

age (5-and-overs) 

(not including cooks) 

3.6c 3c 

 Children under 5 

years of age (Under-

5s) 

0.4c 1c 

Percent Solid Fuel 

Use 

49%c 95%c 

 

Table Notes: 

a United Nations. Household Size and Composition Around the World 2017 – Data Booklet. 

United Nations, Department of Economic and Social Affairs, Population Division; 2017. 

https://www.un.org/en/development/desa/population/publications/pdf/ageing/household_size_an

d_composition_around_the_world_2017_data_booklet.pdf(United Nations, 2017) 

b Institute for Health Metrics and Evaluation. Global Burden of Disease Study 2019 (GBD 2019) 

Population Estimates 1950-2019. Institute for Health Metrics and Evaluation. January 28, 2021. 

http://ghdx.healthdata.org/sites/default/files/record-attached-

files/IHME_GBD_2019_POP_1950_2019_INFO_SHEET_Y2021M01D28.PDF(Institute for 

Health Metrics and Evaluation, 2021) 

c Pillarisetti A, Mehta S, Smith KR. Household Air Pollution Intervention Tool (HAPIT III). 

Clean Cooking Alliance. Published online 2015. 

https://www.cleancookingalliance.org/resources/450.html(Pillarisetti et al., 2015) 

 

Globally, more than half of all deaths from HAP from solid fuel are from acute lower 

respiratory infection (ALRI) in children under 5 years of age (Bruce et al., 2006) and most 

diarrheal DALYs occur in children under 5 years of age (Karambizi et al., 2021). Therefore, we 

conducted analyses for two age groups: those under 5 years of age (“under-5s”), and all other age 

groups combined (“5-and-overs”).  
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We designed the model to be used for any setting. However, we selected Uganda and 

Vietnam as case study countries as they are in distinct regions, have different population 

demographics, and high prevalences of boiling among household water treatment users (82% in 

Uganda (Geremew & Damtew, 2020), 91% in Vietnam(Rosa & Clasen, 2010)) and solid fuel use 

(96% in Uganda, 35% in Vietnam) (Stoner et al., 2021). To simplify the model for both 

countries, we assumed one cook for each household and a household size of 5 people per 

household, based on average household size and composition for LMICs (Pillarisetti et al., 

2016b; United Nations, Department of Economic and Social Affairs, Population Division, 2019) 

and default values used in the HAPIT model (Pillarisetti et al., 2015). The number of adults and 

children under 5 varied by country, with 4.6 people over 5 and 0.4 children under 5 per 

household for Vietnam, and 4 people over 5 and 1 child under 5 for Uganda (Pillarisetti et al., 

2015). In addition to the household demographics, we also varied the life expectancy, 

background disease data, deaths and DALYs for each country, while keeping the rest of the 

model inputs the same. The models were run for a sample population of 10,000 people.  

2.2.2 Health Benefits from Boiling Drinking Water 

 The risk of illness from contaminated drinking water was characterized using a QMRA, 

focusing on selected reference pathogens (World Health Organization, 2016). Pathogens used in 

QMRAs are typically selected based on global public health relevance; because they are 

transmitted via environmental, waterborne, and foodborne routes (Kundu et al., 2018), the 

dominant pathogens may also depend on geographic region (Tian et al., 2017). Additionally, 

reference pathogens were selected to span different waterborne pathogen classes (viruses, 

bacteria, protozoa) (Bivins et al., 2017; World Health Organization, 2017). For this study, we 

selected pathogens identified as leading causes of diarrhea in multisite studies of diarrhea 

etiology in low-income countries (Kotloff et al., 2012; Lanata et al., 2013; Platts-Mills et al., 

2015). Based on these studies, the locations selected for our modeling exercise, and previous 

QMRA studies (Bivins et al., 2017; Machdar et al., 2013; Uprety et al., 2020a), we selected a 

virus (rotavirus), a protozoan (Cryptosporidium), and a bacterium (Campylobacter) to quantify 

the risk from exposure to fecally contaminated water. 

A QMRA for drinking water involves four steps (Bivins et al., 2017; J. Brown & Clasen, 

2012; Burch et al., 2021; Haas et al., 1999; Murphy et al., 2016; Uprety et al., 2020a): 1) Hazard 

identification, 2) Exposure assessment, 3) Dose-response quantification, and 4) Risk assessment. 
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For the hazard identification, we used a uniform distribution of E. coli levels for each water 

quality category, using most probable number (MPN) ranges of: 0 MPN/100 mL for ‘safe’ water, 

1-10 MPN/100 mL for ‘low-risk’ water, 11-100 MPN/100 mL for ‘medium-risk’ water, and 101-

1000 MPN/100 mL for ‘high-risk’ water (Odonkor & Mahami, 2020). These untreated drinking 

water categories define baseline water qualities for the model. We used fecal indicator bacteria to 

pathogen ratios for the three pathogens (Table 2.2) from the literature to estimate the abundance 

of the selected pathogens in untreated water. 

Table 2.2 Ratio of E. coli to individual pathogens modeled and their dose-response 

relationships, illness probabilities, and percent susceptible, based on the literature 

Pathogen 

Ratio of E. 

coli to 

Pathogen 

Dose-Response 

Parameters & Model 

Probability of 

Illness Given 

Infection, Percent 

Susceptible 

Campylobacter 

1:0.66(Kun

du et al., 

2018; 

Machdar et 

al., 2013) 

β-Poisson  

α: mean=1.51*10-1  

std. dev.: 5.9*10-2, 

N50: mean=1.69*10-3, 

std. dev.:2.78*10-3, 

PDi=0.3 (Bivins et al., 

2017; Black et al., 

2022; Haas et al., 

1999; Machdar et al., 

2013; Medema et al., 

1996; Westrell, 2004) 

30%, 

100%(Bivins et 

al., 2017; 

Machdar et al., 

2013) 

 Rotavirus 

1:5*10-6 

(Machdar 

et al., 

2013) 

β-Poisson  

α: mean=2.48*10-1, 

std. dev.: 1.46*10-1, 

N50: mean =8.16, std. 

dev.: 6.65, PDi=0.51 

(Bivins et al., 2017; 

Haas et al., 1999; 

Medema et al., 1996) 

50%,13%(Bivins 

et al., 2017; 

Machdar et al., 

2013) 
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Table 2.2 (continued) 

Cryptosporidium 

1:10-6 

(Kundu et 

al., 2018; 

Machdar et 

al., 2013) 

Exponential 

r: mean=3.44*10-1 std. 

dev.: 1.46*10-1, PDI = 

0.7 (Bivins et al., 

2017; Messner et al., 

2001; Westrell, 2004) 

70%, 

100%(Bivins et 

al., 2017; 

Machdar et al., 

2013) 

 

We then estimated boiling effectiveness for the selected pathogens. The modeled 

intervention was boiling at different levels of microbiological effectiveness to account for 

different field conditions and household practices. The boiling effectiveness was quantified using 

log-reduction values (LRV), defined as the base-10 logarithm of the ratio of influent to effluent 

pathogen concentrations. The effectiveness of boiling drinking water was compiled from a 

literature review of field and lab studies; see Table A2 for full values used in literature review, 

and Table 2.3 for values used in model. This literature review included studies of boiling from 9 

different countries from 3 continents, as well as laboratory studies. We chose a range of boiling 

effectiveness for use in the model, ranging from ineffective to laboratory level effectiveness. 

Water boiling studies reported LRVs for different fecal indicator organisms, including E. coli, 

thermotolerant coliforms (TTC), and fecal coliforms (FC). Since our modeled water quality was 

characterized using E. coli, we converted TTC and FC LRVs to E. coli LRVs (Hachich et al., 

2012) based on assumed ratios. Although E. coli to FC ratios can vary in different seasons 

(Hathaway et al., 2014), the ratios were assumed to be constant throughout the year. LRV values 

in the literature (converted to E. coli) ranged from 6 for lab-level boiling to -0.26 for ineffective 

boiling. We multiplied E. coli LRVs by a pathogen-specific factor to quantify removal of the 

respective pathogens (Cryptosporidium, Campylobacter, and rotavirus) (Table 2.4). 

For the exposure assessment, we used Equation 1 to calculate the daily exposure to pathogens 

(Ed, in MPN) (Murphy et al., 2016), 

𝐸𝑑 = 𝐶 ∗
1

𝑅
∗ 𝐼 ∗ 10−𝐿𝑅𝑉 ∗ 𝑉                                        [1] 

where C is the concentration of pathogen in the source water (MPN per liter), R is the fractional 

mean analytical recovery (to account for success in microorganism counts) of the pathogen in the 

sample, I is the fraction of pathogens that are infectious (Bivins et al., 2017; Murphy et al., 
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2016), LRV is the pathogen-specific log-reduction by boiling water, and V (liters) is the daily 

volume of water consumed per person. We assumed I and R to be 1.  

Table 2.3 Literature Sources of Log Reduction Values of E. coli and thermotolerant coliforms 

(TTC) used in our study  

Label used in 

this paper’s 

results 

Country, Water 

Source, and 

Reported 

Treatment 

E. colia TTCb 

Lab Level Australia, 

Laboratory, 

Heated for1 

minute, 75oC) 

6.00(Sanci

olo et al., 

2015) 

  

Best Field 
Cambodia, surface 

water, household 

reported boiling 

2.00(Sobse

y & 

Brown, 

2012) 

  

Average Field 
Cambodia, well, 

household 

reported boiling  

1.50(Sobse

y & 

Brown, 

2012) 

  

Low Field Peru, urban 

various sources, 

household 

reported boiling  

 Converted 

to 0.56  

0.44(Rosa, 

Huaylinos, et 

al., 2014) 

Ineffective 

Field 

Peru, rural various 

sources, household 

reported boiling  

 Converted 

to 0.0480  

0.06(Rosa, 

Huaylinos, et 

al., 2014) 

a All values were converted to E. coli for comparison in the model if not reported as e. coli LRV 

b TTC = Thermotolerant coliforms 
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Table 2.4 Effect of Boiling on E. coli, Campylobacter, Cryptosporidium, and Rotavirus 

Organism (source) 

Log 

Reduction 

value 

(LRV)a 

Temperature Contact 

Time 

(seconds) 

E. coli (Sanciolo et 

al., 2015) 
6  75oC  60 

Campylobacter 

(Sanciolo et al., 

2015) 5  

63oC 300 

Cryptosporidium 

(Sanciolo et al., 

2015) 8 

75oC 60 

Rotavirus (El-

Senousy, 2020) 8 

95oC 60 

a To convert to the pathogen specific LRV, the ratio of the LRV for the given pathogen to that for 

E. coli was used. These were not distributions but specific parameters. 

 

We calculated the probability of illness from the daily exposure using dose-response 

relationships from the literature (Bivins et al., 2017; Haas et al., 1999; Machdar et al., 2013; 

Medema et al., 1996; Westrell, 2004). The dose-response parameters were assumed to be the 

same regardless of age (Table 2.2). 

We calculated the probability of developing disease (diarrhea) per single exposure (PD) as 

the product of the probability of disease given infection (PDI) and the probability of infection (Pi ) 

(Table 2.2). The probability of developing illness over period n, (PD,n), was calculated using the 

probability of disease (PD,n=1-(1-PD)n) and the annual symptomatic cases was calculated by 

multiplying the yearly probability of developing illness (PD,yearly) times the exposed population 

(J. Brown & Clasen, 2012; Murphy et al., 2016; Uprety et al., 2020a). 

For the risk assessment, DALYs from diarrhea (years lived with disability) were 

calculated by taking the disability weight times the duration of disease times the probability of 
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disease (Machdar et al., 2013; Murphy et al., 2016; Uprety et al., 2020a). Disability weights to 

quantify disease severity were obtained from the literature (Table 2.5). When calculating years of 

life lost, the disability weight is 1 and the duration was the life expectancy minus the age at death 

(Machdar et al., 2013). To make the life expectancy represent the demographics of the country of 

interest, we adjusted this method so that the remaining life expectancy at the time of death was 

selected using stratified random sampling, based on the population age distribution in that 

country, separated into two categories, children <5 years and all other ages. For disease burden, 

severity and duration varied by pathogen (Cryptosporidium, Campylobacter, or rotavirus) 

(Machdar et al., 2013). 

Table 2.5 Burden of Disease for Each Pathogen 

Pathogen Outcomes 

 

Severity a Duration 

(Days)b 

Duration 

(Years)-

based on 

lifetime (56 

here)c 

DALYs 

per 

cased 

Likelihood 

of 

Outcomee 

 

 

Campylob

acter 

Gastroenteritis

-population 

0.067 5.1 0.014 0.0009 94% 

Campylob

acter 

Gastroenteritis

- when see 

doctor 

0.39 8.4 0.023 0.009 6% 

Campylob

acter 

Death from 

gastroenteritis 

1  Life 

expectancy 

from 

population 

distribution 

- 0.1% 

rotavirus Mild Diarrhea 0.1 7 0.02 0.0019 86% 

rotavirus Severe 

Diarrhea 

0.23 7 0.02 0.0044 14% 
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Table 2.5 (continued) 

rotavirus Death from 

Diarrhea 

1  Life 

expectancy 

from 

population 

distribution 

- 0.7% 

Cryptospor

idium 

Watery 

diarrhea 

0.067 3.4 0.009 0.0024 100% 

Cryptospor

idium 

Death 1  Life 

expectancy 

from 

population 

distribution 

- 0.4% 

a,b,c,d,e Reference #62(Machdar et al., 2013)  

 

2.2.3 Health Impacts from Household Air Pollution 

 In the air risk module, first an air pollution box model was used to estimate the  24-hour 

PM2.5  concentrations in the household (Johnson et al., 2011) and then DALYs were estimated 

using the framework of the HAPIT model (Pillarisetti et al., 2016b). We picked the HAPIT 

model as it is readily available and used in established studies. Most of the disease burden for 

children under 5 comes from ALRI, with a very small fraction of the disease burden from 

children under 5 (<1%) coming from COPD and Stroke, which are accounted for in the model. 

All 5 diseases in our model (ALRI, COPD, IHD, Stroke, and LC) affect the over 5 population.  

For the air risk module, we considered two baseline scenarios: one with a household ‘already 

cooking’ on a traditional woodstove with no water boiling, and one in which a household is ‘not 

cooking, and also not boiling water’. We considered the following cookstoves as replacements 

for this baseline: 1) improved wood, 2) charcoal, 3) LPG, and 4) electric (Gould & Urpelainen, 

2018; Lewis et al., 2015; Menghwani et al., 2019). In the model, we assumed 100% adoption 

(e.g., LPG completely replaces traditional wood for all household energy needs). Electric stoves 

were included to serve as an ideal counterfactual (i.e., completely clean cooking technology). We 
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considered three categories of stove use per day: ‘cooking only’ (no water boiling), ‘water 

boiling only’ (no cooking), and ‘cooking and water boiling’.  

Our model assumes stove energy is only used for cooking and water heating, and that all 

cooking  takes place indoors. The required cooking energy (delivered to pot) for both the 

Ugandan and Vietnamese households was assumed to be lognormally distributed, with a mean 

(standard deviation) of 11 (5.5) MJ per day (Habib et al., 2004; Johnson et al., 2011). The daily 

energy for water heating (EWH), (Equation 2), was calculated as the energy needed to heat the 

water from ambient temperature (Ta, assumed to be 15 °C) to boiling (100 °C), and then boiled 

for one minute. The volume of water heated (V, liters) was assumed to be normally distributed 

with mean (standard deviation) 3.12 (1.17) liters (Hossain et al., 2013). This was converted to 

mass using density (ρ, 1000 g/L). Cp is the heat capacity of water (4.186 J g-1 K-1). Finally, the 

stove is assumed to boil the water for one minute, so the product of 60 seconds (t) and the power 

of the stove (P, in Watts) is added to get the total energy demand for heating water in a 

household. 

𝐸𝑊𝐻 = 𝑉 ∗ 𝜌 ∗ 𝐶𝑝 ∗ (100 − 𝑇𝑎) + 𝑃 ∗ 𝑡                                             [2] 

Laboratory studies of boiling effectiveness have been conducted for numerous different 

temperatures and durations of boiling. Generally, heating water at higher temperatures for longer 

periods of time results in greater LRVs compared to lower temperatures and shorter periods 

(Sanciolo et al., 2015). The recommended boiling time in the literature ranges from 1 to 25 

minutes (T. Clasen, Thao, et al., 2008). Though pathogens are deactivated at temperatures less 

than 100 oC (World Health Organization, 2015), in field studies of water boiling, households 

typically heated water until they saw bubbles, and often longer (T. Clasen, Thao, et al., 2008). In 

this study, we assumed that once water reaches boiling temperature (calculated as described 

above), it is boiled at 100 oC for 1 minute, based on CDC (CDC, 2020; CDC & USAID, 2009) 

and WHO (World Health Organization, 2015) recommendations, to reach the assumed LRV. The 

influence of elevation on boiling temperature was not considered in this analysis, but this would 

impact the temperature and thus the length of time needed for boiling for a given LRV.  

Once the energy demand was estimated, an air pollution box model (Johnson et al., 2011) was 

used to calculate the indoor kitchen PM2.5 concentration (µg m-3) over 24 hours. The indoor air 

pollution model is based on a single-box model with variability captured using a Monte Carlo 

simulation, and calculates room concentrations assuming a well-mixed room and a single 
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emission source (Johnson et al., 2011). Model inputs included the daily cooking time, calculated 

from the daily energy demand and stove thermal efficiency, the emission rate (calculated using 

the stove emission factor and power, and fuel energy density), kitchen air exchange rate and 

volume, and concentration from proceeding time step (Johnson et al., 2011). The time for 

cooking and water heating was calculated using the energy demand divided by the assumed stove 

power (Watts) and thermal efficiency (Table 2.6). We assumed that cooking and water heating 

each occurred once per day to produce all daily energy for cooking and water heating. The 

emissions were calculated using the relevant emission factor (grams PM2.5 per kilogram fuel) and 

heating value of fuel (Table 2.6).  

Table 2.6 Emission Factors (EF), Stove Power (SP), Thermal Efficiency (TE) of Stoves and Fuel 

Heating Value. 

Stove Category PM2.5 EF 

Mean ± 

St. Dev. 

g/kga 

Stove 

Power 

(Watts)  

Thermal 

Efficiency 

% ± St. 

Dev. 5 

Fuel Heating value 

(MJ/kg) mean, min, max, 

± St. Dev.b  

(Distribution) 

Traditional 3 

stone wood  

(version 1) 

Traditiona

l Wood, 

Malawi 

7.1 ± 

1.3(McCr

acken & 

Smith, 

1998; 

Wathore 

et al., 

2017) 

1958(M

cCracke

n & 

Smith, 

1998; 

Wathore 

et al., 

2017) 

14.8 ± 

1.8(McCrac

ken & 

Smith, 

1998; 

Wathore et 

al., 2017) 

14.780, 13.500, 

15.883(Brouwer et al., 

1996) (Triangular) 

Jiko  Charcoal 0.47(Obe

ng et al., 

2017) 

6056(O

beng et 

al., 

2017) 

23.30 ± 

0.29(Obeng 

et al., 2017) 

35.9(Atteridge et al., 

2013) (Point) 

MiniMoto(PP

) 

Gasifier 0.079(Ch

ampion 

et al., 

2020) 

3056(Ch

ampion 

et al., 

2020) 

37.9(Champ

ion et al., 

2020) 

16.1 ± 0.18(Champion et 

al., 2020) (Normal) 



 

27 

 

Table 2.6 (continued) 

Chitetezo 

Mbaula 

Improved 

Wood 

3.6(Jagge

r et al., 

2017) 

1116.7(J

agger et 

al., 

2017) 

20(Jagger et 

al., 2017) 

14.780, 13.500, 

15.883(Brouwer et al., 

1996) (Triangular) 

LPG Clean 0.053 ± 

0.04(She

n et al., 

2018) 

1529(Sh

en et al., 

2018) 

54.4 ± 

1.5(Shen et 

al., 2018) 

45.780 (Panigrahy et al., 

2016) (Point) 

a Distributions are lognormal 

b Dry basis heating value is given for biomass, lower heating value is used for LPG 

 

We selected a range of stoves and fuels ranging from basic, “unimproved” models (e.g. 

traditional wood stove) to modern, clean option (e.g. gasifiers, LPG, and electric stoves). To 

simplify the model, we also assumed an ambient concentration (Pillarisetti et al., 2015) to which 

the indoor concentration decays after the cooking event, and a second event (water heating) 

increases it again. Since the ambient concentration could vary drastically depending on the 

location (such as urban or rural) and also varies between Uganda and Vietnam (World Health 

Organization, 2022), for simplicity, we assumed a background concentration of 12 µg m-3,(US 

EPA, 2012) to represent a low ambient value with minimal health impacts.  If a single stove did 

not provide sufficient power to heat the specified daily water and food allowing time for 

household concentrations to return to ambient levels between stove uses, a second stove was 

used in the model simultaneously, and in this scenario, we doubled emission rates. Although 

emission factors vary between stove operation stages (e.g., startup vs steady operation) 

(Cereceda-Balic et al., 2017; Deng et al., 2018; Roden et al., 2006, 2009), we assumed a constant 

average emission factor for the entire burning process. This approach may underestimate 24-hour 

emissions, since it doesn’t reflect multiple starting events, which can produce high emissions 

(Thompson et al., 2019). For an example of the 24-hour PM2.5 kitchen concentration for cooking 

and water heating, see Figure A1. 

To calculate the health burden from HAP, we adapted the approach of the Household Air 

Pollution Intervention Tool (HAPIT) (Pillarisetti et al., 2015, 2016b). HAPIT (Version 3.1.1) 
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(Pillarisetti et al., 2016a) model inputs include 2010 background disease data, 2020 population 

data, 2010 solid fuel use data, and 2013 average household size (Pillarisetti et al., 2016b). We 

modified the inputs to use more recent 2019 background disease data (Institute for Health 

Metrics and Evaluation, 2021; Vos et al., 2015), in addition to our modeled pre-and post-

intervention PM2.5 exposures. The pre-intervention exposure is from the traditional wood stove, 

and the post-intervention exposure is from one of the four cleaner stoves (improved wood, 

gasifier, LPG, or electric). The relative risks were  calculated for each exposure level, and this is 

used to calculate the population attributable fraction, the attributable burden and the averted 

burden associated with an intervention (e.g. switching from a baseline to cleaner stove) 

(Pillarisetti et al., 2015, 2016b). Personal exposure is estimated by multiplying the modeled 24-

hour PM2.5 kitchen concentration by an estimated ratio of personal exposures to kitchen 

concentrations (Bates et al., 2018; Bruce et al., 2006; Lim et al., 2012) with separate ratios 

applied for the cook, non-cook, and children under 5 of a household (Table 2.7).  

Table 2.7 Personal Exposure to Concentration Ratios 

Person Women Women to Children Women to Men 

Ratioa 0.742 0.85 0.61 

a (Pillarisetti et al., 2015) 

The burden of disease attributable to household PM2.5 pollution was calculated for LC, 

IHD, stroke, ALRI, and COPD using 2019 background disease data, deaths & DALYs (Institute 

for Health Metrics and Evaluation, 2021; Vos et al., 2015) for Uganda and Vietnam, 

respectively, and the disease-specific integrated exposure response functions from Burnett et al., 

(Burnett et al., 2014) using data and code from the Institute for Health Metrics and Evaluation 

(IHME) website (IHME, 2010). Uncertainty was taken into account using results from Burnett et 

al., in which the integrated exposure response models were fit to 1,000 sets of source type-

specific relative risk (RR) values, creating 1000 sets of parameter estimates (Burnett et al., 

2014). In our modeling, we randomly drew from these 1000 sets of parameter estimates as part 

of the Monte Carlo simulation approach taken for the entire model. While there is no clear safe 

level of PM2.5 exposure (Burnett et al., 2014), we used the distribution of 5.8-8.8 μg m-3 as a 

counterfactual ‘no effect’ level for this model (Lim et al., 2012), which is the same level used by 

the HAPIT model (Pillarisetti et al., 2015, 2016b), though we used a distribution instead of the 

point estimate HAPIT uses (Pillarisetti et al., 2015, 2016b).   
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The relative risk and the existing fraction of each country’s population exposed to solid 

fuels (i.e., fraction exposed equals the percent solid fuel users for each country) were used to 

calculate the attributable fraction (AF) (Equation 3) (Pillarisetti et al., 2015). In calculating the 

attributable fraction in the model, the fraction exposed  is country-specific and fixed, but the 

relative risk varies with air pollution level. 

𝐴𝐹 =
𝐹𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝐸𝑥𝑝𝑜𝑠𝑒𝑑∗(𝑅𝑅−1)

𝐹𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝐸𝑥𝑝𝑜𝑠𝑒𝑑∗(𝑅𝑅−1)+1
 [3] 

The attributable fraction was  multiplied by the DALYs or deaths from a given disease in 

the country or region of that specific population (given location and age group) to calculate the 

attributable burden associated with HAP (Pillarisetti et al., 2016b). To calculate the fraction of 

DALYs from children under 5, we used the fractions of children in that population and relevant 

under-5 DALYs for each disease. 

2.2.4 Simulations, Analysis, Statistical Tests, & Sensitivity 

 When comparing HAP and drinking water DALYs, we define 'net DALYs' as the 

increase in HAP DALYs minus the decrease in drinking water DALYs resulting from boiling 

drinking water. Positive net DALYs means that the HAP DALYs increase is greater than the 

water DALY decrease, indicating a net increase in disease burden. Negative net DALYs means 

the water DALYs decrease is greater than the HAP increase, indicating a net health benefit.  

We conducted Monte Carlo simulations to capture the influence of variability and uncertainty in 

the inputs. Each simulation draws from distributions for parameters of a stove and fuel type, and 

water boiling effectiveness and was run 10,000 times in R (R Core Team, 2021). The mean, 

standard deviation, and 95% confidence intervals of model output are reported. Additionally, to 

understand the variation in the outputs, the coefficient of variation (COV) (standard deviation 

over mean) was calculated. Environmental parameters are often log-normally distributed 

(Andersson, 2021), so we used the Shapiro-Wilk test to test the normality of our resulting 

distributions of drinking water and HAP DALYs before making statistical comparisons between 

different scenarios. If an output distribution was log-normal, it was log-transformed for 

hypothesis testing. We used the t-test to compare the risks across the different scenarios (i.e., 

different stove types or water boiling scenarios). P-values less than 0.05 were considered 

statistically significant. 
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A sensitivity analysis was conducted for the HAP and drinking water QMRA models to 

identify the specific impact of individual input variables on model output. Each input parameter 

was individually evaluated by varying the assigned value between a minimum and maximum 

value determined based on an assessment of the variability or uncertainty of the parameter from 

our literature review (Tables A3 and A4). Input parameters were then ranked in order of their 

influence on output values by taking the ratio of the output values for input at its minimum and 

maximum values (Mattioli et al., 2015).  

2.3 Results 

2.3.1 DALYs from Household Air Pollution 

The simulations with the lowest to highest 24 h average PM2.5 kitchen concentrations (for 

cooking and water heating scenarios) were electric, LPG, gasifier, charcoal, improved wood, and 

traditional wood, with values ranging from 12 µg m-3 (for the electric stove) to 5144 µg m-3 for 

cooking and water heating (data provided in Excel Table A11). The average 24-hour PM2.5 

concentration for the ‘worst-case’, traditional wood stove scenario was lower for water heating 

alone (1790 µg m-3) than for cooking alone (3367 µg m-3), while the concentration associated 

with both activities together was essentially the same as the sum of the two activities considered 

separately.  

Figure 2.2 shows the DALYs calculated from these PM2.5 values for the different stove 

and use scenarios for each country. Though the total DALYs per 10,000 people were similar 

between the two countries, the number of HAP DALYs associated with under-5s were higher in 

Uganda compared to Vietnam, with the under-5s DALYs in Uganda making up 22% to 50% 

(depending on scenario) of total, versus under-5s DALYs in Vietnam making up 1% to 2.4% of 

total DALYs. DALYs became significantly lower as stove type shifted from traditional wood to 

LPG stoves for cooking and water heating, with 96.8%, 97.1%, 97.3%, and 99.9% changes in 

DALYs for Uganda 5-and-overs, Uganda under-5s, Vietnam 5-and-overs, and Vietnam under-5s, 

respectively, eliminating almost all the DALYs associated with HAP. For the electric stove, 

since it was assumed that the electric stove contributes no additional PM2.5, DALYs were 100% 

lower when the electric stove replaced other stoves. There were only small differences in 

DALYs when a traditional wood stove was  replaced with an improved wood stove. For 

example, DALYs were 2.9% lower (for Uganda under-5s) and 11.0% lower (Vietnam 5-and-
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overs) for water heating and cooking when switching from traditional wood stove to improved 

stove, suggesting the limited potential for health impacts from replacing traditional stoves with 

another basic wood stove.  

 

Figure 2.2 Mean DALYs (Disability Adjusted Life Years) from indoor air pollution for different 

stove and use scenarios for Uganda (A) and Vietnam (B). Error bars show +/- one standard 

deviation. Baseline is no stove use. DALYs are calculated for scenarios of cooking only, water 

boiling, and water boiling plus cooking. Simulation was run for 10,000 iterations of our Monte 

Carlo Simulation, for a population of 10,000 people. Under-5s refers to children less than 5 

years of age and 5-and-overs as all other age groups combined. The bars show Cooking (label 

“A”), Water Heating (label “B”, and Water Heating & Cooking (label “C”), and Under-5s 

(label (“<5), and 5-and-overs (“>5”).  The stoves presented are electric, Liquified Petroleum 

Gas (LPG), Gasifier, Charcoal, Improved Wood (Imp. Wood), and Traditional Wood (Trad. 

Wood).  

 

In contrast to the additive nature of the PM2.5 concentration when aggregating water 

heating and cooking, DALYs were not additive due to the log-linear nature of the exposure-

response curves (Apte et al., 2015; Grieshop et al., 2011a). As a result, the DALYs associated 

with 'only cooking' and ‘water heating and cooking’ were similar (e.g., mean of 377 and 387 per 

10,000 people, respectively, for traditional wood stove in Uganda for all ages), suggesting that 

the additional exposure from boiling adds a minimal increment to the HAP impact. However, 

results in Figure 2.2 show that the relative increment (fractional increase in DALYs from adding 

boiling) was slightly larger for cleaner cooking options.  
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2.3.2 DALYs from Water Contamination 

 The total DALYs from drinking water for Uganda and Vietnam were similar, but a larger 

share of the DALYs came from children under 5 in Uganda (23-27% compared to 11-14% in 

Vietnam, across different LRVs and source water values) because of the higher number of 

children per household in Uganda. DALYs from drinking water were a strong function of 

untreated water quality and boiling effectiveness. For example, for 5-and-overs in Uganda, and 

low-risk water, health impacts ranged from 51 DALYs per 10,000 people per year for lab-level 

boiling to 219 DALYs per 10,000 people per year from ineffective boiling, compared to 228 

DALYs without boiling. For high-risk water for 5-and-overs, DALYs ranged from 59 per 10,000 

people per year for lab-level boiling to 1128 per 10,000 people per year for ineffective boiling, 

compared with 1160 per 10,000 people per year without boiling. Using lab-level boiling 

compared to untreated water greatly reduced 5-and-over DALYs in both Uganda and Vietnam. 

For under-5s in Uganda, lab-level boiling compared to no boiling lowered DALYs by 94%, 89% 

and 74% for high-, medium-, and low-risk water, respectively, compared to ineffective boiling. 

The percent change in DALYs for under-5sin Vietnam were similar (94%, 78%, and 74% lower, 

respectively). 

2.3.3 Comparison of water and air pollution DALYs 

In most of our scenarios, the benefits of clean water outweighed the impacts of HAP from 

boiling that water. Figure 2.3 reports the changes in DALYs for water and HAP exposures under 

various boiling and stove scenarios. The higher fraction of DALYs for children under 5 years in 

Uganda for both water and air reflected their higher proportion in the population. Additionally, 

the relative contribution of the under-5s category was much greater for the HAP risk (driven by 

ALRI) than for water.  
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Figure 2.3 Mean change in DALYs (Disability Adjusted Life Years) from boiling drinking water 

with different stove types for under-5s  and 5-and-overs in Uganda (A) and Vietnam (B) for 

different stove types and use (assuming households either previously cooked and did not cook), 

and for different water source qualities and boiling effectiveness. The error bars show +/- one 

standard deviation from Monte Carlo simulations. Simulation was run for 10,000 iterations of 

our Monte Carlo Simulation, for a population of 10,000 people. LRV is Log Removal Value, and 

LPG is Liquefied Petroleum Gas. The first set of bars show different water boiling categories. 

The number in parenthesis is the respective log removal value (LRV), with ineffective Field LRV 

0.048 (label “1”), Low field LRV 0.464 (label “2”), Average Field LRV 1.5 (label “3”), Best 

Field LRV 2 (label “4”), and Lab Study LRV 6 (label”5”). DALYs are separated into under-5s 

(label “<5”), and 5-and-overs (label “>5”) showing the different age groups. The second group 

of bars show the stove category, including LPG (label “A”), Gasifier (label “B”), Charcoal 

(label “C”), Wood-improved (label “D”), Wood-traditional (label “E”). The keys with the 

corresponding letter labels are provided for the Water Boiling Categories, Stove Categories, and 

Age Categories.  

 

All source water categories boiled with lab-level effectiveness (LRV=6) reduced the 

waterborne DALYs more than HAP DALYs increased for all stove types and stove use scenarios 

(water heating without cooking, and water heating with cooking). For the scenario of a 
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household that already cooked with this type of stove and then also started using the stove to boil 

water, we found that if the source water was boiled with at least the “low field” effectiveness 

(LRV of 0.5 or greater), the decrease in drinking water DALYs from boiling was greater than the 

increase in HAP DALYs (for all scenarios of water quality, water boiling, and stove types). In 

other words, we observed a net benefit for all water risk categories and all stove types for a 

household that used the same stove for cooking and for boiling water with at least low field 

effectiveness. If a household only used the stove for boiling water, and did not cook, there was a 

net benefit if medium- or high- risk water was boiled with at least average field effectiveness for 

all stove types.  

2.3.4 Log-removal rates needed for health benefits from water boiling 

As another way to examine net benefits of boiling, the model was also used to determine 

‘break-even’ points where increases in HAP DALYs were equal to the associated decrease in 

drinking water DALYs. Figure 2.4 shows the reduction in drinking water DALYs for 5-and-

overs in Uganda plotted against LRVs for low-risk, medium-risk, and high-risk water qualities. 

The increase in HAP DALYs is also shown for two stoves, traditional and LPG, and for two 

different use scenarios, only water boiling and water boiling plus cooking. Where these two sets 

of curves cross can be considered the ’break-even’ point, or the minimum LRV required to 

provide a net reduction in DALYs for a given stove scenario. High-risk water had a significant 

decrease in DALYs even with low LRVs. The large decrease in pathogen exposures even with 

low LRVs resulted in large health benefits. For the case of 5-and-overs in Uganda, the 

intersection of the curves and HAP lines show that, compared to only cooking in a home, boiling 

drinking water with an LRV of 0.18 or greater resulted in a net reduction in DALYs for all stove 

types and source water types; this was true even for the dirtiest stove (traditional wood stove) 

and low-risk water. In the case that a household was not cooking, but started boiling water, 

LRVs of 0.2, 0.3, and 1 were needed for high-, medium-, and low-risk water, respectively, to 

offset DALYs from HAP with a traditional wood stove. The LRV cutoff needed to achieve net 

health benefits increased as source water quality improved (for example, an LRV of 0.2 is 

needed for high-risk water compared to an LRV of 1 for low-risk water).  
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Figure 2.4 The absolute value of net change in DALYs (Disability Adjusted Life Years) from 

boiling in water (reduction in Drinking Water DALYs and increase in HAP (Household Air 

Pollution) DALYs) versus boiling log removal value (LRV) for homes in Uganda, considering 5-

and-overs (population 5 years old or older) only. The increase in DALYs, compared to baselines 

of both cooking and not cooking, are shown for LPG (Liquified Petroleum Gas) and traditional 

stoves. Water risk levels of low, medium, and high E. coli levels are shown. Inset shows a 

zoomed in version of the large panel with same axes labels to show tradeoffs at low LRVs. This 

plot presents the average value of the Monte Carlo Simulation for each log removal value. Water 

DALYs-High risk is labeled with “A”, Water DALYs-Medium Risk is labeled with “B”, Water 

DALYs-Low Risk is labeled with “C”, Traditional Stove Only Water Heating is labeled with 

“1”, Traditional Stove Cooking plus Water Heating is labeled with “2”, and LPG Only Water 

Heating is labeled with “3”.  

 

2.3.5 Sensitivity Analysis 

Estimated reductions in DALYs from water boiling were most sensitive to the following 

parameters (listed from greatest to lowest sensitivity): source water E. coli  levels, the assumed 

ratios of Cryptosporidium, rotavirus, and Campylobacter to E. coli,  age at death, dose-response 
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parameters used in the QMRA, the LRVs, and the water volume ingested. For HAP DALYs, the 

input parameters with greatest influence (ranked from greatest to least) were: stove emission 

factor, household air exchange rate, fuel heating value, and room volume. For the sensitivity of 

the QMRA dose-response parameters, we varied the parameters for each of the three pathogens, 

and the level of risk per ingested dose. Of the three pathogens considered in the QMRA, 

rotavirus had the highest risk per dose of all the pathogens, and as a result, rotavirus exposure 

had the largest influence on QMRA DALYs (See Figures A2, A3, A4, and A5).  

2.4 Discussion 

 In this study, we found that in most scenarios (even at low LRVs and with high-emitting 

cookstoves), boiling medium- and high-risk drinking water resulted in a net decrease in total 

DALYs. It was estimated that 1.1 billion people drink water that is of at least moderate risk 

(Bain, Cronk, Hossain, et al., 2014), so boiling would likely benefit these 1.1 billion people. 

Additionally, though 89% of the world’s population uses an improved drinking source, such as 

household connections, public standpipes, boreholes, protected wells, springs, and rainwater 

collection (World Health Organization & UNICEF, 2013), and the odds of contamination are 

lower for so-called improved sources (Bain, Cronk, Wright, et al., 2014), 10% of improved 

sources are still considered high risk (Bain, Cronk, Hossain, et al., 2014). Thus, boiling could 

benefit even those using improved sources. However, in situations in which a high-emitting 

stove is used to boil water, and cooking is not already taking place in a home or cooking is done 

on a clean stove, boiling could have a net negative impact, showing the importance of 

considering risks from both water and air jointly.  

Adoption of a new technology or practice is a major challenge for both water and stove 

interventions and will impact the generalizability of our model results. For example, in an 

intervention study in Rwanda, use of water filters and improved stoves was measured by self-

report and spot-check observations, and though most household used the water filter, the 

majority continued to use traditional stoves (Rosa, Majorin, et al., 2014). In our model, switching 

from traditional wood and improved stoves to LPG or electric stoves resulted in 99% reductions 

of PM2.5 and 96% reductions in the HAP DALYs, showing the huge potential for benefits from 

clean stoves, including for boiling. However, there are still many barriers to adopting LPG, 

including cost (Pye et al., 2020) and social and cultural perceptions (Bielecki & Wingenbach, 

2014; Shankar et al., 2020a). Additionally, households often combine different stove and fuel 
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types, known as “stove stacking” (Ochieng et al., 2020; Piedrahita et al., 2016; Shankar et al., 

2020a), limiting the health benefits of a stove intervention. Traditional stoves continue to be used 

due to their additional benefits, including heating the living space, lighting the home, heating 

water for bathing and washing, drying, smoking food, getting rid of waste, keeping insects and 

animals away, and social gatherings (Ruiz-Mercado & Masera, 2015). This can be especially 

relevant for water boiling, as previous studies have observed that households continued use of 

fuelwood to heat water after LPG and electricity are available (Martínez-Negrete et al., 2013; 

Ruiz-Mercado & Masera, 2015), possibly due to the cost (Ozoh et al., 2018) of such an energy 

intensive task. Despite these challenges, the use of polluting stoves such as biomass has 

continued to decrease, from 53% using polluting stoves in 1990 to 36% in 2020 (Stoner et al., 

2021). However, there have been increases in charcoal use in many areas (Stoner et al., 2021), 

which our model suggests only moderately reduces PM2.5 relative to traditional wood use.  

Our model assumed that all cooking and boiling occurs indoors. However, in some areas, when 

using certain fuels, boiling outdoors is common (T. Clasen, McLaughlin, et al., 2008), which 

would reduce HAP exposure from boiling water. In addition, our model assumed that cooking 

and water boiling happened at two distinct times, while the same fire could be used for both 

cooking and water boiling, offsetting some emissions. However, emission rates are based on fuel 

consumed (Jetter & Kariher, 2009), which in either case is required to boil water and will result 

in PM emissions.  

Boiling effectiveness, which varies widely, is key in determining whether boiling has a 

net health benefit. High adherence to a water treatment method has also been shown to be critical 

to realizing health benefits (J. Brown & Clasen, 2012). None of the field studies of boiling used 

for this study observed ‘lab-quality’ LRVs, and many field studies reported very low, even 

negative LRVs for boiling (Psutka et al., 2011a). Measured LRVs comparing post treatment to 

untreated water (from the source) are influenced by source water quality before it is boiled, post-

boiling storage, dipping, and other sources of recontamination (T. Clasen, Thao, et al., 2008; 

Psutka et al., 2011a; Rosa, Huaylinos, et al., 2014). Thus, various factors can affect the end water 

quality despite treatment, limiting the potential benefits of boiling and resulting in a lower 

effective LRV. Our results showed that boiling is most beneficial in terms of a net reduction in 

scenarios with high-risk water; however, homes with high-risk drinking water may have the 

highest risk of recontamination due to poor sanitation practices (Rufener et al., 2010). Therefore, 
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it is important to maintain improvements in water quality post boiling if water is not immediately 

consumed (T. Clasen, Thao, et al., 2008; Heitzinger et al., 2016; Psutka et al., 2011a).   

Benefits from increasing LRVs from different water treatment methods strongly 

depended on compliance of use (Enger et al., 2013) and full adoption of the intervention. It has 

been found that a few days of untreated water consumption after drinking treated water can 

completely negate the annual health benefits of drinking treated water (Hunter et al., 2009). The 

literature review conducted for this study on boiling LRVs suggested that societies and cultures 

with higher prevalence of boiling (e.g.,  Vietnam) have the highest LRVs (T. Clasen, Thao, et al., 

2008). In countries like Zambia where boiling is not prevalent (Geremew & Damtew, 2020), and 

boiling is promoted as an intervention, the LRVs tend to be much lower (Psutka et al., 2011a). 

This suggests that introducing boiling as a water treatment method in a community that does not 

have a history of boiling presents additional challenges, and likely reduces the chances of 

effective boiling and a net decrease in DALYs (Psutka et al., 2011a).  

One notable alternative to boiling is chlorination, which is cheap, effective, provides 

residual protection (Fagerli et al., 2017; Sobsey et al., 2003), and does not impact air quality. 

Chlorination has been shown to reduce the risk of child diarrhea and reduce risk of stored water 

contamination by E. coli (Arnold & Colford, 2007). Residual protection could result in higher 

real-world LRVs. Unlike boiling, chlorination can be applied in several different ways, such as at 

the source and before drinking (Sikder et al., 2020). However, there are several limitations 

related to chlorination, including challenges with the supply chain (Dössegger et al., 2021) and 

managing its use (including frequency and amount of added chlorine) (Nouiri, 2017).  Both 

boiling and chlorination have tradeoffs; however, our study suggests that the minimal HAP 

impacts associated with boiling are likely not the central factor in deciding whether boiling or 

chlorination is the best option for a household. 

 The cost of stoves and fuels were not considered in this study. However, cost is a major 

factor in whether a household adopts drinking water treatment (Shrestha et al., 2018) or 

improved stoves (Levine & Cotterman, 2011; Seguin et al., 2018). A cost-benefit analysis 

comparing boiling with various stove/fuel options could expand on our findings and add another 

dimension to the tradeoffs we explore.  
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2.4.1 Strengths and Limitations 

Our model is designed to give insights into possible tradeoffs when addressing multiple 

environmental health risks. Combining two very different models meant we had integrate data 

from a variety of sources and years. We tried to incorporate the default or previously used values 

for the HAPIT and QMRA models when possible, but in some instances used different or newer 

data, such as the background disease data. Because the focus of this study was to develop a 

model framework applicable to many countries and scenarios with a focus on exploring health 

tradeoffs rather than detailed contextual differences, this study used many of the same values 

(e.g., emission factors, fuel efficiency, water E. coli levels) for Uganda and Vietnam. Some 

inputs were country specific, such as demographic parameters. Use of context-specific data on 

parameters such as stove type, source water quality, and boiling effectiveness, would enable a 

more accurate evaluation of risks. Some such data are available for our case study countries, 

such as stove emission factors (S. C. Bhattacharya et al., 2002; Hankey et al., 2015) and source 

drinking water quality (Morgan et al., 2021; Pham et al., 2022) specific to Vietnam and Uganda, 

water boiling effectiveness in Vietnam (T. Clasen, Thao, et al., 2008), and studies of water 

boiling habits in Uganda (Maniragaba et al., 2023). Nonetheless, it is important to note that the 

focus of the modeling study was to compare risk trade-offs under different scenarios, rather than 

to provide accurate risk estimates for the specific countries we modeled. 

An additional limitation is that the QMRA model did not cover all possible waterborne 

disease outcomes and their sequelae. Specifically, malnutrition was not included in our analysis, 

which was shown to significantly increase the health burden from diarrhea (Troeger et al., 2018). 

Given that our models indicated a net reduction in DALYs from boiling under most scenarios, 

including additional outcomes associated with consumption of microbiologically contaminated 

drinking water would have further strengthened our conclusions.  

 Additionally, some related past studies could be points of comparison, including of 

household air pollution levels in Vietnam (Vo et al., 2020) and Uganda (Wafula et al., 2023). 

Our study could be refined by using available data specific to Uganda and Vietnam. However, 

data for the same settings that covers the multiple dimensions in our analysis (e.g. boiling and air 

quality data for individual, or nationally representative, settings in a given country) is not 

currently available. Therefore, a targeted field study of water boiling, pathogen levels in pre- and 



 

40 

 

post-treated water, and household air pollution concentrations could be beneficial to evaluate 

boiling in a real-world setting. 

Various assumptions used in our HAP modeling could be addressed with more specific 

input data or targeted measurements. For example, some of the stoves used in our model had 

poor efficiency, low stove power and low fuel heating values, and thus they are challenged to 

meet a household’s water boiling needs. For these stoves, we assumed that the stove is used up to 

24 hours for the household’s cooking needs (as opposed to using multiple stoves for a shorter 

period). This simplifies the model and avoids assumptions about stove use timing, but is not 

realistic. The emission factors used for the stoves are averages even though emission factors 

change throughout the combustion process (Cereceda-Balic et al., 2017; Deng et al., 2018; 

Roden et al., 2009). However, limited data are available on phase-specific emission factors, 

which necessitated the use of averages. Emission rates were  assumed to be the same for cooking 

and water heating for this study, but are likely different, since it has been shown that varying 

cooking styles (e.g., frying vs boiling) are associated with different emission rates (Buonanno et 

al., 2009). However, lacking cooking- and boiling-specific emissions for Uganda and Vietnam, 

we used average values as a reasonable assumption. Another important simplification is our 

assumption that a single stove was used for all household uses, ignoring stove stacking 

(Baiyegunhi & Hassan, 2014; Shankar et al., 2020a).  

The box model used to calculate 24-hour PM2.5 has been found to overestimate 

concentrations (Islam, 2020; Johnson et al., 2011, 2021), and so modeled exposures are likely 

biased high. Depending on where the actual PM2.5 exposure falls on the exposure-response 

curve, this means we could be over- or under-estimating the net change in DALYs due to the 

added activity for boiling. For example, if the PM2.5 with and without boiling falls above where 

the curves ‘plateau’, the difference in DALYs we estimated could be smaller than in reality. Our 

modeled values can be compared with past published field measurements. We estimated mean 24 

h PM2.5 concentrations ranging from 1797 µg m-3 to 5212 µg m-3, 721 µg m-3 to 2068 µg m-3, and 

14 µg m-3 to 16 µg m-3 for traditional wood, improved wood and LPG stove use cases, 

respectively. In a cross-sectional study in India in four states, the measured mean 24-hour PM2.5 

concentrations were 590 µg m-3 in the kitchen for a traditional wood stove and 179 µg m-3 in the 

kitchen for (Balakrishnan et al., 2013). In another study in India of an improved stoves 

intervention, 24 h PM2.5 for LPG stoves ranged from 70 to 103 µg m-3, and was around 500 µg 
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m-3 for households using a traditional three stone fire (Islam et al., 2022a). Mean personal 

exposure concentrations measured in the HAPIN trial, where high LPG uptake was observed in 

intervention households, were 71.5 µg m-3  and 24.1 µg m-3  before and after the intervention, 

respectively (Johnson et al., 2022).  A study in Nepal found 24 h PM2.5 of 80 µg m-3 for electric 

stoves and 630 µg m-3 for traditional mud wood stoves (Pokhrel et al., 2015). These findings 

suggest that we both overestimate the impacts of traditional cooking and the benefits of 

‘realistic’ clean stove adoption in many settings. For example, our model calculated substantially 

lower values for LPG-using households compared to most field studies, suggesting we may have 

overestimated the benefits of LPG use. Our modeled values for traditional wood stoves were 

higher than the field studies. Our estimated 24 h PM2.5 concentrations for improved biomass 

stoves were similar to those observed for traditional wood stoves in several field studies, 

suggesting a bias in model parameters used as defaults. The is potentially at least partly due to 

stove stacking in the field studies, since many study households used multiple stoves (Pokhrel et 

al., 2015).  

  The observation that modeled PM2.5 values for traditional stoves were much higher than 

typically observed in field studies suggests that assumptions in the HAP model (as used in global  

assessments) lead to estimates substantially higher than reality. However, in our application such 

a high bias in model results is likely conservative (overestimates HAP impacts while boiling with 

traditional biomass), and further emphasizes our finding that water boiling typically has a net 

benefit, even if using a very high-emitting stove. The relative differences we found between 

exposures associated with different stoves was fairly representative of real-world observations. 

For example, a 48% reduction in cooking area PM2.5 was measured during an improved wood 

stove intervention study in Rwanda (Rosa, Majorin, et al., 2014), relative to our average modeled 

reductions of 62%  for PM2.5 concentrations for a similar scenario (3490 µg m-3 and 1334 µg m-3 

for traditional and improved stoves, respectively). However, as acknowledged above, the non-

linearity of the PM2.5 exposure-response curves means that, depending on the pre-/post-boiling 

combination, the modeling could over- or underestimate the DALYs associated with the addition 

of boiling. Future work can explore this using a re-calibrated model or representative field 

observations.  

Our results can also be compared with previous indoor air quality modeling studies. The 

study presenting the household air pollution box model used here estimated kitchen 
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concentrations during cooking, with 24-hr averages ranging from 15 µg m-3 for LPG to 1975 µg 

m-3 for traditional stoves (Johnson et al., 2011). The estimated PM2.5 concentrations for wood 

stoves from our study using the model are higher, due to different emission factor, stove power, 

and thermal efficiency inputs for the traditional stoves. A study in China used this air pollution 

box model in a more sophisticated way with substantially more household data to refine 

assumptions. This study used inputs from past field studies in China, assigned a ventilation index 

based on observations of cooking area ventilation (presumably via a chimney or other active 

ventilation), and information on cooking and living area location to scale the model air exchange 

rate. This study reported average modeled kitchen PM2.5 concentrations of 79 µg m-3 for 

households using biomass to boil water, with the three homes with poor ventilation having an 

average of 148 µg m-3 (Cohen et al., 2020). Our estimated PM2.5 from water heating was 

significantly higher, likely due to the inclusion of a ventilation parameter and stove emission 

factors specific to China (Cohen et al., 2020; Shen, 2016), so a direct comparison is likely not 

warranted. However, this study provides an example of how HAP modeling can be refined for 

future studies of specific locations.  

Our choice of IER is also a limitation. We used the Burnett et al. integrated exposure 

response functions (Burnett et al., 2014) as that is what the HAPIT model uses (Pillarisetti et al., 

2016b). This is a limitation, as the updated meta-regression-Bayesian, regularized, trimmed 

(MR-BRT) curves were used in more recent assessments (C. J. L. Murray et al., 2020). Although 

these more recent exposure-response curves are available, we elected to use the IER curves for 

consistency with the HAPIT tool and the many existing studies using them, to allow more direct 

comparison with our findings. 

Our results can also be compared with direct epidemiological studies. A systematic 

review of cooking with gas or electricity instead of solid fuels found that cooking with gas 

instead of polluting fuels lowered the risk of ALRI or pneumonia by 46%, while cooking with 

electricity instead of gas further decreased the ALRI risk by 26% (Puzzolo et al., 2024). We 

estimated a much higher reduction in DALYs in under-5s (over 95%) switching from the 

polluting wood stove to the gas stove or electric stoves or all three of our scenarios in Uganda 

(cooking only: 98% and 99%; cooking plus water boiling: 97% and 99% ; water boiling only: 

98% and 99%). The ranges for adults were similar. Other modeling studies have estimated 

significant reductions in indoor air pollutants and correspondingly large health benefits 



 

43 

 

(Anenberg et al., 2017; Kypridemos et al., 2020). For example in Mozambique, a modeling study 

estimated that a rural natural draft stove reaching just 10% of households would avert 200 

premature deaths and 14,000 DALYs (Anenberg et al., 2017). A modeling study of Cameroon 

included a scenario in which 58% of the households adopted LPG averted 28,000 DALYs 

(Kypridemos et al., 2020). Unfortunately, field studies studying health impacts from gas stoves 

and other HAP stove interventions have frequently observed limited improvements in health (Lai 

et al., 2024). For example, one study saw no improvement in severe childhood pneumonia with 

gas stove use, and the air pollution exposures remained above WHO health-based target values 

(Jack et al., 2021). Central limitations of our study are our assumption of full adoption (100% 

use) of the ‘intervention’ stove (improved biomass, gasifier, gas, and electric), thus no stove 

stacking, and not including exposures from other sources and high ambient air pollution levels. 

An additional limitation is that a significant portion of ambient PM2.5 exposure can be attributed 

to emissions from household solid fuel uses (Chafe, Brauer, Klimont, Van Dingenen, et al., 

2014; Chowdhury et al., 2023), which is not accounted for in our model; therefore, our estimated 

health impacts from burning solid fuels might be underestimated. Further modeling efforts could 

attempt to incorporate these factors into risk estimates.  

We compared our drinking water estimates with results from two epidemiological 

studies. Cohen et al. found risk ratios of 0.61 (95% confidence interval (CI): 0.46-0.80) for 

boiling in an electric kettle, and 0.40 (95% CI: 0.08–2.14) for boiling in a pot (Cohen et al., 

2015), corresponding to a 39% and 60% reduction in reported diarrhea, respectively. The source 

water in this study varied, with approximately half of those boiling water using an improved 

water source, though improved water sources may still be contaminated. In another study, Psutka 

et al. found (non-statistically significant) relative risks of 2.38 (95% CI: 0.75-7.54) and 1.26 

(95% CI: 0.68-2.31) for a household not boiling water and a child having diarrhea sometime in 

the past 7 days and past month, respectively. These correspond to relative risks of 0.42 (95% CI: 

0.13-1.33) and 0.79 (95% CI: 0.43-1.47), or a 58% and 21% reduction in the risk of diarrhea, for 

households reporting boiling water.(Psutka et al., 2011a) In the second study, nearly all of the 

source water was contaminated (Psutka et al., 2013). In our study, for under-5s in Uganda for 

moderately-effective boiling, we estimated mean reductions of 56% to 72% in DALYs 

depending on source water quality; for low-effectiveness boiling, we estimated reductions of 

29% to 35%. Therefore, comparisons of DALY reductions from our study and reductions in 
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diarrhea risk in these epidemiologic studies suggest that our estimates based on moderate- and 

low-effectiveness boiling scenarios (the likely conditions for population-based epidemiological 

studies) are relatively consistent with empirically measured health benefits from boiling. 

Environmental factors outside the home may also have an important influence on HAP not 

addressed in our model. For example, although ambient air pollution levels in LMICs vary 

widely across countries and between urban and rural areas (Apte et al., 2015; Chafe, Brauer, 

Klimont, Dingenen, et al., 2014), for simplicity, we assumed a fixed background ambient PM2.5 

concentration; further analysis could vary this. If actual ambient air pollution levels are higher, 

PM2.5 exposure levels will be shifted higher on the exposure-response curves, resulting in a 

smaller additional risk from the increment of PM2.5 from boiling water. We also considered only 

cooking and water heating, and did not consider space heating, even though many countries in 

the world where boiling is common are located in cold regions (Geremew & Damtew, 2020; 

Rosa & Clasen, 2010). Additionally, it is assumed that boiling is only used for drinking water, 

not for making tea or bathing. However, if a household is burning fuel for space heating or other 

reasons, and boiling occurs simultaneously, no additional HAP DALYs would be incurred to boil 

water.  

Several simplifying assumptions made in the water module also influence our results. For 

example, though we separated by population over and under the age of 5, we assumed a constant 

probability of death for all ages. However, this likely leads to an underestimation of the years of 

life lost due to death from diarrhea since children have the greatest risk of death and disease from 

diarrheal diseases (Fischer Walker et al., 2012). Children do not have a fully developed 

immunity so are more susceptible to diarrheal illnesses, which is not accounted for in the dose-

response curves used in the modeling. Therefore, if child-specific dose-response curves were 

available and used, the benefits of boiling would likely be greater. 

 We estimated pathogen levels based on fecal indicator bacteria (i.e., E. coli) levels, which 

are imperfectly correlated with the selected pathogens (Wu et al., 2011). Further, pathogens 

present in drinking water vary widely by country and across seasons (Sadik et al., 2017). We 

expect that the results would vary widely based on the pathogens selected, as has been found in 

previous studies (Owens et al., 2020). Further, the risks associated with exposure to rotavirus 

would be dependent on the vaccination status of the population (Patel et al., 2011). However, 

even in a population fully vaccinated against rotavirus, the DALYs associated with rotavirus in 
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our model are intended to represent illness from a variety of enteric viruses. Further, rotavirus 

prevalence as high as 40% has been documented in untreated groundwater used for drinking 

(Ferguson et al., 2012). Our results were highly sensitive to parameters related to pathogen risk. 

Thus, pathogen-specific water quality data would be helpful to characterize risks associated with 

pre- and post-boiling water. Limited data exist, but new methods (with their own associated 

limitations) are expanding the potential for pathogen-specific data, such as the use of TaqMan 

array cards for environmental samples (Lappan et al., 2021). Additionally, water quality in 

LMICs can be highly temporally variable, with spikes in contamination, and intermittent 

exposure to contaminated drinking water can negate the benefits of improved water access.  

DALYs are used for comparative risk assessment, including environmental risks such as 

HAP and water contamination. DALYs allow comparison across risk categories, and are the 

common metric used in the Global Burden of Disease estimates (C. J. L. Murray et al., 2012). 

Estimates for DALYs from air pollution and water are calculated using very different 

approaches, which we adopted for this study. Additionally, though DALYs account for the years 

of life lost and years lived with disability, they don’t perfectly capture the acute versus chronic 

nature of disease, which is an important difference between HAP and water risks. Using these 

different methods to compare different risks and outcomes is an inherent limitation in the 

comparative risk assessment approach. However, we took this approach as it is the most widely 

used to compare diverse risk factors. Future work can examine other methods to calculate and 

compare the risks from drinking water and HAP, including field studies to provide context-

specific findings to compare against the broad insights from this scoping analysis. 

2.5 Conclusions 

To our knowledge, this is the first study to compare water and air pollution DALYs for 

scenarios of household cooking and water boiling to determine if boiling water has a net benefit 

regardless of stove and fuel type. Our model identified certain scenarios that, when risks for 

water and air are considered separately, could suggest DALY reductions but that due to 

combined effects ultimately results in net positive DALYs. For example, if a household that does 

not cook their food is encouraged to boil water on a wood stove, they would experience 

increased air pollution exposure that may outweigh benefits of ineffectual water boiling. 

However, this scenario is likely an exception, and our modeling suggests that boiling even at low 

log-removal rates has net health benefits for medium- and high-risk source water, even if using a 



 

46 

 

relatively high-emitting stove. In contrast, when treating low-risk source water, boiling 

effectiveness and cookstove type influence whether net health benefits result from the practice. 

We recommend further field investigations to jointly assess health effects associated with 

contaminated drinking water and household  air pollution and the development and evaluation of 

interventions to mitigate both exposures. Due to uncertainties and assumptions in the model, we 

recommend that country or context-specific inputs be used, and ideally studies of boiling and 

household air pollution with empirical measurements of water and air quality be conducted to 

improve understanding of the health risks and tradeoffs and evaluate our model. Specifically, 

more information on household-specific parameters, including pathogen contamination in water, 

stove types, cooking and boiling energy requirements, and parameters linking emissions to 

household air pollution and exposure could improve the model. Future efforts should empirically 

measure air pollution concentrations (to estimate health impacts) and diarrhea during field 

studies of different boiling methods and stove types, to both provide better input parameters and 

improve our ability to model risk tradeoffs. 
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Chapter 3: Household Food, water, and energy insecurities and links to behaviors and 

environmental contamination in Peri-urban Malawi 
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R. (2025). Household Food, water, and energy insecurities and links to behaviors and 

environmental contamination in Peri-urban Malawi. Science of the Total Environment. 

 

 Abstract 

Field studies quantifying the connection between household-level food, energy, and water 

insecurity are sparse, especially in low and middle-income countries in sub-Saharan Africa. 

However, energy shortages and poverty have been identified as playing key roles in household 

decision-making and are closely linked with other environmental health risks. Our objective was 

to analyze the overlap of water, food, and energy insecurity, and their interactions with water, 

food, and energy health-related behaviors and indicators. We sampled food and drinking water 

samples 237 households with a range of socioeconomic statuses in a peri-urban area outside 

Blantyre, Malawi. We also collected survey data on household demographics and 

socioeconomics, water use, sanitation, cooking, health, agricultural activities, fuel use, and 

validated scales of food, energy, and water insecurity. The majority of homes used charcoal and 

an improved, yet contaminated, drinking water source, but did not treat their water; of those who 

did, only one reported boiling. Eight percent of all households experienced all three insecurities, 

82% had one or more, and 18% experienced none of the insecurities. The largest proportion of 

the population (52% of households) experienced at least one instance of both food and energy 

insecurity but no instances of water insecurity. We found that increased energy insecurity was 

associated with increased food insecurity. Food and energy insecurity were associated with 

increased contamination of drinking water and with behaviors such as heating water, using more 

than one stove, burning trash as fuel, having electricity, having a fridge, and having piped water 

in the yard or home. However, food and water contamination were not connected with water or 

food insecurity. The results from this study will help policymakers incorporate food, water, and 
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energy insecurities holistically when considering household interventions to address microbial 

contamination. 

3.1 Introduction 

3.1.1 Global burden of resource insecurity and its health impacts 

 Household-level food, water, and energy insecurity are critical global challenges that 

disproportionately affect low- and middle-income countries (LMICs) (FAO et al., 2024; Min et 

al., 2024; Mekonnen & Hoekstra, 2016) and are linked to the UN Sustainable Development 

Goals 2, 6, and 7 (United Nations, n.d.). Seventy-one percent of the global population 

experienced severe water scarcity at least one month per year in 2016 (Mekonnen & Hoekstra, 

2016), and in 2020, 2 billion people lacked safely managed drinking water (WHO/UNICEF, 

2020). In 2024, 1.18 billion people (14%) were energy poor (Min et al., 2024), and in 2023, 

28.9% of the global population was moderately or severely food insecure (FAO et al., 2024). 

Additionally, food (Mekonnen et al., 2021), water (Gunda et al., 2025; Stoler, Brewis, et al., 

2021), and energy (Ehsanullah et al., 2021) insecurities are expected to increase with climate 

change.  

3.1.2 Challenges in Peri-urban areas 

 Peri-urban areas experience resource constraints and rapid population growth (Kombe, 

2005), impacts from climate change (Manasi & Raju, 2020), and experience increased food 

(Haile Aboye et al., 2024), water (Leya et al., 2022), and energy (Cantoni et al., 2022) 

insecurities.  Though energy insecurity has been linked with a lack of infrastructure (Caprotti et 

al., 2024), energy insecurity presents itself differently in urban areas compared to rural areas in 

Malawi (Mukwaya, 2016), with households needing to purchase fuel, such as charcoal, 

especially in urban areas (World Bank Group, 2022). Food is also a challenge in urban areas. For 

example, in urban Ghana, less than 3% produce their own food, and households rely on 

purchased food (Tuholske et al., 2020). Food insecurity is also high in urban slums (Ilori et al., 

2024).  Households in urban areas often have easier access to water; for example, they more 

often have water in their homes (Cortobius, 2017). However, water scarcity is still a challenge in 

many urban areas, including in Blantyre, Malawi (Chipeta, 2009). In Blantyre, Malawi, some of 

the challenges include lack of infrastructure to provide the necessary water across the city 

(Chipeta, 2009).  
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3.1.3 Connections between insecurities 

 Past studies have explored the interconnection between household insecurities. Water is a 

significant use of household energy (Howells et al., 2005; Kenway et al., 2013; Yu et al., 2018) 

and water and energy are interconnected (Eichelberger, 2010; Cook et al., 2008).  Household 

water and food insecurity have been found to be strongly associated (Bethancourt et al., 2023; 

Brewis et al., 2020; Broyles et al., 2024; Mazenda & Nkwana, 2025; Rosinger & Young, 2024; 

Shamah-Levy et al., 2025), and water, sanitation, and energy access are determinants of food 

security (Mazenda & Nkwana, 2025). Water insecurity also impacts the ability to prepare food 

for infants (Schuster et al., 2020) and impacts what is being eaten (Brewis et al., 2020). 

 Energy and food insecurity are connected (Ningi et al., 2022). In Malawi, energy-

insecure households reduced their food consumption by 2.3% for each 1% unit increase in the 

share of energy costs of their total household budget (Mkomba et al., 2021). Similar findings are 

found in Cambodia (Phoumin & Kimura, 2019). It is suggested that fuelwood scarcity could 

affect food security (Sola et al., 2016). In the United States children with moderate energy 

insecurity had greater odds of household food insecurity and child food insecurity (Cook et al., 

2008). In cold weather, households struggled to afford heat and food (J. Bhattacharya et al., 

2003). Low-income households and households with elderly people experience substantial 

seasonal differences in the incidence of food security in areas with high heating  and cooling 

costs (Nord & Kantor, 2006). 

 Only three studies have examined household-level FEW nexus (Itayi et al., 2021). A 

study in Iraq developed a model for exploring household food, water, and energy consumption 

(Hussien et al., 2017, 2018). A study looked at food, water, and energy insecurity in Malawi 

(Nkiaka et al., 2021). Recently, a study explored the household food, energy, and water nexus as 

it connected to disaster preparedness (Painter et al., 2025). 

3.1.4 Insecurities and Health Risks 

 Few studies explore the connection between household insecurities and microbial 

contamination. Studies with do often compare within their domain (for example, water insecurity 

and water contamination). In Canada, marginalized Indigenous communities experience water 

insecurity and contaminated water (Zambrano-Alvarado & Uyaguari-Diaz, 2024). Food spoilage 

from microbial contamination increases food insecurity (Elkhishin et al., 2017). Looking across 

different domains, children in households with very-high-risk drinking water contamination have 
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2.35 times the relative risk of being severely food insecure compared with food insecure  (Miller 

et al., 2025). It is also hypothesized that energy insecurity leads to increased food and water 

contamination (Boateng, 2021). Indirectly connected to energy insecurity, there are also studies 

looking at microbial contamination related to boiling (Psutka et al., 2013). To our knowledge, no 

study has looked at all three of these insecurities at a household level together, along with 

microbiological contamination and behaviors. In addition, practices to reduce microbial 

contamination, such as boiling, are often recommended without considering energy insecurity. 

 Insecurities are directly connected with health risks. Food insecurity is linked to diarrhea 

(Chakraborty et al., 2024), anemia, stunting, and lower life expectancy (FAO et al., 2024; 

Beyene, 2023).  Water insecurity is linked to respiratory illness (Chakraborty et al., 2024), 

emotional distress (Wutich & Ragsdale, 2008) and an increased risk of diarrhea (Jepson et al., 

2021; Nounkeu et al., 2019). Households experiencing energy insecurity have higher odds of 

respiratory, mental health, and cardiovascular conditions (Siegel et al., 2024). Energy poverty 

contributes to poor mental health, limits health services, and impacts women’s well-being (Byaro 

et al., 2024; Pradhan Shrestha et al., 2025). 

 By coping with insecurities, households often introduce health risks. Food-insecure 

households will reduce the number of meals eaten in a day and restrict adult consumption in 

favor of small children (Dunga & Dunga, 2017). Unsafe food practices (e.g., feeding leftovers) 

contribute to child diarrhea (Delelegn et al., 2020).  Energy-insecure households will forgo 

necessities to maintain a healthy indoor temperature (Hernández & Laird, 2022). Water-insecure 

households consume contaminated water (Azupogo et al., 2023), use unsafe water (Collins et al., 

2024), increase water storage capacity to ensure adequate water (Venkataramanan et al., 2020), 

and go further to find water (Achore et al., 2020).   Joint impacts of insecurities impact a 

household’s well-being (Asaki et al., 2024). (Foden et al., 2019; Shahbaz et al., 2022).  

3.1.5 Study Objective 

 In this study, we evaluated the co-occurrence of FEW insecurities and their association 

with microbial contamination and household behaviors in peri-urban Malawi during the dry, 

winter season. We used validated experiential food, water, and energy insecurity scales to 

evaluate household-level insecurities and their connection between pathogen levels in drinking 

water and food samples and household behaviors and access to food, energy, and water.  
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3.2 Methods 

3.2.1 Study Population and Location 

 This study took place in Bangwe, a peri-urban area of the city of Blantyre, in the southern 

part of Malawi.  Bangwe has a population of 39,966 (UN-HABITAT, 2011), and the greater 

Blantyre metro area has a population 800,264 (National Planning Commission, n.d.) and is the 

second largest city in Malawi (World Population Review, 2025). Samples were collected from 

June to July 2024, during the period of the main harvest (FEWS NET, 2025) and the dry season, 

though there was some rain, as this part of Malawi receives higher annual precipitation than 

other parts of the country (Tadeyo et al., 2020, pp. 1979–2015). In June, in Blantyre, the 

temperature ranges from 53.4oF to 70.9oF, with average precipitation of 0.6 inches (Climate 

Data, 2025). In 2024, the southern part of Malawi experienced a crisis-level of food insecurity, 

with an early start to the lean season (FEWS NET, 2024). Characteristics of Malawi and the 

study population are provided in Table B1. 

3.2.2 Research design 

 This was a cross-sectional field with all data collected during a one-month-long period 

from June-July 2024. This study consisted of validated experiential insecurity scales (Boateng et 

al., 2020a; Coates et al., 2007; Young et al., 2019a), survey questions on demographics, WaSH, 

energy, agricultural access, and food and water sample collection. Further details about the 

survey development and sample collection are provided below. 

 We recruited 237 households. Households were systematically selected using random 

central points in Bangwe. Every third household in all directions from the starting point was 

approached. Households were eligible for enrollment if they had at least one child under 5, and 

an adult over the age of 18 who was responsible for the children and was available and consented 

to participate. Enrolled households were visited once. Every household answered the insecurity 

questions, and 235 provided water samples, and 43 provided food samples. 

3.2.3 Ethics Approval 

 Trained enumerators from Mzuzu University and Malawi University of Science and 

Technology administered the survey and collected the samples.  The research protocol was 

approved by the Research Ethics Committee (MZUNIREC) at Mzuzu University 

(MZUNIREC/DOR/24/38) and the University of North Carolina, Greensboro (UNC-Greensboro 

IRB #:20-0245), with additional ethical oversight from North Carolina State University via the 
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Inter-Institutional Agreement. Participants provided written informed consent in the local 

language (Chichewa). 

3.2.4 Insecurity Questions 

 The household survey instrument included validated experiential insecurity scales with 

five-point Likert scale questions (Boateng et al., 2020a; Coates et al., 2007; Young et al., 2019a).  

The Household Food Insecurity Access (HFIAS) scale assesses the frequencies of nine 

experiences of food insecurity within the last four weeks, including: not eating preferred foods, 

eating foods you don’t want, worrying that you don’t have enough food, eating a limited variety 

of foods, eating a smaller meal, eating fewer meals in a day, not having food to eat, going to 

sleep hungry, and going a whole day and night without eating (Coates et al., 2007; International 

Dietary Data Expansion Project, 2023).  

 The Household Energy Insecurity (HEINS) scale assesses the frequency of eight 

experiences of energy insecurity within the last four weeks (Boateng et al., 2020a), including: 

lacking money to buy fuel, reducing expenses, worry that stored fuel will be used up, reducing 

fuel consumption to an uncomfortable level, using fire for lighting, using up household fuel, and 

switching to a cheaper fuel source (Boateng et al., 2020). The wording of one question was 

updated to better fit Malawi. We changed “In the last four weeks, how frequently did your 

household energy (electricity, gas, charcoal, wood, etc.) get used up and you didn’t have money 

to pay for it without somebody’s help?” to “In the last four weeks, how frequently did your 

household fuel (electricity, gas, charcoal, wood, etc.) get used up so you didn’t have anymore?”  

 The Household Water Insecurity Experiences (HWISE) scale (Young et al., 2019) 

assesses the frequencies of 12 experiences of water insecurity in the last four weeks, including: 

worrying about not having enough water, not being able to wash hands, having to change 

schedules/plans, not having as much water to drink as preferred, water source being interrupted 

or limited, not having enough water to wash clothes, having to change what was being eaten, not 

having enough water to bathe, feeling angry about the water situation, going to sleep thirst, have 

no usable or drinkable water, and feeing ashamed (Young et al., 2019).  
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3.2.5 General Survey Questions 

 The household covered multiple household domains relevant to food, water, and energy 

use, including demographics, WaSH, food access, energy use, health, and hygiene.  WaSH 

questions came from the WHO joint monitoring program core questions on WaSH (World 

Health Organization & UNICEF, 2018). Energy questions came from the WHO core questions 

on household energy use (World Health Organization, 2019), which includes the Harmonized 

survey questions for monitoring household energy use and SDG indicators 7.1.1 and 7.1.2 

(World Health Organization et al., 2019), and guidelines for questionnaire development 

(O’Sullivan & Barnes, 2006). We also added additional questions based on feedback from 

students in Malawi and pilot data collection, such as questions on how a home is warmed. 

Questions were translated and back-translated to ensure the questions have the correct meaning. 

Enumerators were trained over several weeks on survey and environmental data collection, as 

well as ethical data collection. Surveys were conducted in Chichewa by Malawian students in 

respondents’ homes. 

3.2.6 Environmental Sampling 

 Enumerators asked participants for a glass of water as they would give to a child under 5. 

At least 400 mL of water were collected in 500 mL capacity sterile Whirl-Pak bags (Whirl-Pak 

Filtration Group, 2025). 235 drinking water samples were collected. It was noted if the water 

sample came from a storage container, when it was collected, if it was covered, the source of the 

water, if the water was treated, and how.  

 Enumerators asked households if they have food stored for children under 5, and if not, if 

they have stored food available for any household member. The food type was recorded, in 

addition to how long ago the food had been prepared, if and when the food had been reheated, 

and the storage container for the food, and a small sample of food was placed into a sterile tube 

(Fisher Scientific, 2025). 43 food samples were collected. All samples were stored and 

transported on ice and analyzed within 6 hours of collection at the Malawi University of Science 

and Technology. 
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3.2.7 Microbiological Analysis 

 E. coli concentration was enumerated in the food and water samples using IDEXX 

selective media Colilert-18 and Quanti tray 2000s. For the water samples, 100 mL of water was 

used. For the food samples, 8 grams of food was placed in 40 mL of sterile water in a 13 oz whirl 

Pak bag, and vigorously mixed for 30 seconds (Harris et al., 2018). Then, 10mL of the food 

elution was added to 90mL of sterile water and processed using the IDEXX protocol. The 

samples were sealed with the Quanti-Tray sealer model 2X) and incubated for 18 to 22 hours at 

35 °C. The Quanti-Tray/2000 system can quantify the number of E. coli in 100 mL water 

samples over a range of 1-2419.6 MPN per 100 mL. Data below 1 was considered nondetect, and 

over 2419.6 was considered the maximum limit of detection (Daly et al., 2024; Genter et al., 

2022). 

 After incubation, wells that fluoresced under UV light were positive for E. coli, and the 

most probable number (MPN) was determined. The most probable number estimates quantitative 

values by culturing replicate portions of the organism sample, and then the presence or absence 

of the microorganism is determined  (Chandrapati & Williams, 2014). One field blank and one 

laboratory blank using 100 mL sterilized water, but quantified using the same protocol, were 

analyzed on each day of sampling (Harris et al., 2018). 

3.2.8 Data Processing 

 Analysis of the insecurity scales was done using existing methods, with the often and 

always categories both scored as a three (Boateng et al., 2020a; Coates et al., 2007; Young et al., 

2019a).  We used existing insecurity cutoffs or developed new ones. For the HWISE scale, we 

used scores of 0-2 as non-to marginal, 3-11 as low, 12-23 as moderate, and 24-36 as high 

(Frongillo et al., 2024; Young et al., 2019a). For food insecurity, we used ordinal categories of 

mild, moderate, and severe food insecurity (Coates et al., 2007).  In the absence of a literature-

defined value for energy, we used a threshold similar to HWISE for HEINs (greater than 2 is 

considered mild or greater energy insecurity, greater than 8 is considered moderate/severe energy 

insecurity, with a maximum score of 24). We use the moderate/severe cutoffs to report insecurity 

in the main results. 
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 Using the household survey data, we developed binary indicators of household behavior 

and infrastructure (e.g., fridge use, reheating food, water storage). For contamination variables, 

we looked at the presence/ absence of E. coli in food/water and log-transformed values. 

3.2.9 Statistical Analysis 

 Analysis was conducted in R (R Core Team, 2025). Bivariate statistics, including t-tests, 

Chi-squared or Fisher’s exact (for sample sizes less than five), and Pearson’s correlation, were 

used to assess differences in contamination for secure/insecure households, significance for 

behaviors, and household access given insecurity status, and the relationship between insecurity 

scores. For the food contamination samples, we only used bivariate tests due to the small sample 

size. For water contamination, we also used a Generalized Estimating Equation (GEE) (Halekoh 

et al., 2006) model to look at the relationship between water contamination and water and energy 

insecurity, source type, and treatment, with household income as a confounder. All data was 

tested for normality using the Shapiro-Wilk test and visually using a histogram and quantile-

quantile plot. P values less than 0.05 were considered significant.  

 A Principal Component Analysis (PCA) was used to analyze the individual insecurity 

data (Lê et al., 2008), with a scree plot being used to identify the number of components(J. D. 

Brown, 2009).  

3.3 Results  

3.3.1 Study Population 

 Table 3.1 gives an overview of the study population.  Households in Bangwe exhibited 

WaSH, energy, and demographic characteristics typical of urban Malawi ( a comparison of this 

study population to other studies in Malawi is provided in Table B1), with widespread charcoal 

and improved water sources. Over half (58%) of households used more than one fuel source 

(also indicated by the percentages summing to over 100% of different fuels used- for example, 

95% of households used charcoal and 48% wood). 97% of households used improved water 

sources for drinking (defined as piped water, boreholes, protected wells, rainwater, packaged, 

and delivered water (WHO et al., 2025)). Most well users had a protected well (14/16) for 

drinking.  Nine percent of the samples taken directly from the tap at the time of collection. On 

average, water was stored for at least one day. For water used other than drinking, 71% used an 
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improved water source, and 64% of the well water users used a protected well. Only 15% treated 

their water, and those who did mostly used bleach or chlorine (13%).  

 All but four households (99%) owned a latrine. Sixty-six percent of households had a 

grid electricity connection. Electricity, candles, and phones/flashlights were the main light 

sources. Charcoal was the dominant energy source for all energy needs (95% used it for some 

purpose), followed by wood (48% of households used it). There were no LPG users, but there 

was one biogas user. Many households also used leftover warm charcoal as an energy source. 

Two households used crop residue for cooking, and one used solar for water heating only. 

Households that used clean sources used them in addition to other fuel sources.  For example, 16 

households used electricity for water heating, but all of them also used charcoal, leftover warm 

charcoal, and wood for water heating. Though few households boiled drinking water, 86% of 

households warmed water and 82% warmed their home. 

 

Table 3.1 Characteristics of households in our study population. This table summarizes key 

WaSH, energy, and sociodemographic characteristics. The number of households is provided, 

followed by the percentage. Values summing to over 100 indicate multiple source use (stacking). 

  Number of Households (%) 

WaSH 

Primary Water Source Drinking Non-Drinking 

Tubewell/borehole 51 (22) 31 (13) 

Well 16 (7) 81 (35) 

Surface Water 2 (1) 34 (14) 

Piped 132 (56) 71 (30) 

Vendor 30 (13) 13 (6) 

Other 4(1) 5(2) 

Treat Drinking Water         

Boil 5 (2) 

Bleach/Chlorine 31 (13) 

Other/Don't know/Don't 

Treat 
199 (85) 
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Table 3.1 (continued) 

Water sample collected 

from the tap 
214 (91) 

Spend time to collect 

water 
73 (31) 

  
Too 

expensive 

No water 

from source 

Source not 

accessible 
Other 

Reason water isn't 

accessible 
12 (5) 18 (8) 4 (2) 4 (2) 

Average time water is 

stored (days) 
1.318 

Owns Latrine 233 (99) 

Designated Hand 

Washing Station 
24 (10) 

Electricity 

No Electrical 

Connection 
70 (30) 

Off grid connection 

(such as solar or 

generator) 

12 (5) 

Grid 155 (66) 

Lighting Source 

Electricity (Grid/Solar) 162 (69) 

Candles/Other 181 (77) 

Battery 

lamp/flashlight/phone 

light 

230 (98) 

Energy 

Proportion  Fuels Used 
Electricity/ 

Solar/Gas 
Charcoal 

Leftover 

Warm 

Charcoal 

Wood/ 

Briquettes/ 

Other 
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Table 3.1 (continued) 

Primary Cooking Fuel 6 (3) 195 (82) 0 (0) 30 (13) 

Water Heating (All) 18 (8) 181 (76) 44 (19) 65 (27) 

Heating (All) 0 (0) 123 (52) 98 (41) 8 (3) 

Reheating Food (All) 6 (3) 50 (21) 12 (5) 15 (6) 

All Fuels Used 22 (9) 225 (95) 109 (46) 114 (48) 

Stove Stacking 1 fuel only 2 fuels only 3 fuels 4 fuels 

Multiple fuel use 99 (42) 90 (40) 34 (14) 4 (2) 

  

Don’t 

purchase 

(collect) 

Purchase daily 
Every other 

day 

Purchase less 

than daily 

Purchase fuel 7 (3) 41 (17) 117 (49) 65 (27) 

  
Completely 

outside 

Separate 

structure/porch 

Kitchen in 

living space 

Inside living 

space 

Cooking Location 67 (29) 128  (54) 54 (23) 73 (31) 

  Plastic bags Paper Twigs 
Bottles/synthetic 

hair/other 

Lighting Fire 215 (91) 85 (36) 59 (25) 29 (12) 

  
Owns 

Fridge 

Always 

working Fridge 

Sometimes/ 

Rarely/ 

Never 

Working 

Food Sample in 

Fridge 

Fridge 56 (24) 29 (12) 18 (8) 0 (0) 

In past 7 days, houses which 

Stored food in fridge 

for a child under 5 
9 (4) 

Reheated Stored Food 67 (29) 

Boiled drinking water 1 (0.4) 

Heated the home 193 (82) 

Had electricity 165 (70) 
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Table 3.1 (continued) 

Heated water for any 

purpose 
203 (86) 

Heated Water For 

Bathing 199 (85) 

Drinking/Tea 206 (88) 

Laundry/Other 8 (3) 

Hand Washing 42 (18) 

  
Water 

Heating 
Cooking 

Reheating 

Food 

Heating 

Drinking 

Water 

Reduce Fuel For: 116 (50) 72 (30) 46 (19) 14 (6) 

Insecurity  None Mild Moderate Severe 

Food 35 (18) 15 (6) 55 (23) 132 (56) 

Energy 37 (16) 50 (21) 110 (46) 40 (17) 

Water 138 (58) 76 (32) 21 (9) 2 (1) 

Sociodemographic 

Own Home 82 (35) 

Primary Education & 

Higher 
166 (71) 

Involved in agriculture 79 (35) 

Own Animals 57 (24) 

Received food aid 5 (2) 

  
Mean Weekly Expenditure 

Malawian Kwacha (USD) 

Percent below global poverty 

line (<$3.00 a day) 

Household Expenditure 29435 ($17.05) 187 (79) 

Household Size 

Average Number of 

Adults 
2.74 
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Table 3.1 (continued) 

Average Number of 

Children > 5 
1.37 

Average Number of 

Children <5 
1.21 

 

3.4 Food, Water, and Energy Insecurity and their overlap 

 Households exhibited overlap in their experiences between food, energy, and water 

insecurity (results shown in the Venn diagram in Figure 3.1 using the moderate/severe insecurity 

cutoff, with values provided in Table B2). As shown, a significant number of households 

experienced both food and energy insecurity (60%). Food insecurity was the largest category for 

which households experienced that insecurity alone (18%). Eight percent of households 

experienced moderate/severe levels of all three insecurities concurrently. Only a few households 

experienced water insecurity alone (0.4%), water and food insecurity, but not energy insecurity 

(1%), water and energy insecurity, but not food insecurity (0.4%), and energy insecurity only, 

with no water or food insecurity (3%). The analysis using the mild cut-off for secure/insecure 

can be found in Figure B1 and Table B2.  We also calculated the mean and maximum insecurity 

scores for the 237 households in our sample size. For food insecurity, there was a mean of 10.42, 

and a maximum insecurity score of 27 (out of a maximum possible score of 27).  For energy 

insecurity, there was a mean of 9.61, and a maximum insecurity score of 24 (out of a maximum 

possible score of 24). For water insecurity, there was a mean of  3.89, and a maximum insecurity 

score of 31 (out of a maximum possible score of 36). Only 42 (18%) households experienced no 

insecurities using the moderate/severe cutoff and 21(9%) experienced no insecurities using the 

mild cutoff.  
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Figure 3.1 Venn diagram showing the proportion of households experiencing each category of 

insecurity using the moderate/severe cutoffs, with energy insecurity red (large, dashed lines), 

food insecurity green (solid dashed lines), and water insecurity blue (small, dashed lines). The 

size of the ovals represents the relative size of each category. A Venn diagram showing the 

overlap using mild insecurity cutoffs, and a table showing the specific values for each category, 

is provided in Figure B1 and Table B2 provide the values for the mild and moderate/severe 

cases. 

 

 We explored correlations between the individual scores for food, water, and energy 

insecurity (Figure 3.2). We found that food and energy insecurity were positively correlated 

(r=0.71, CI:0.64-0.76, Pearson’s Correlation, p<0.001).  Energy and water (r=0.33, 95% CI: 

0.21-0.444, Pearson’s Correlation, p <0.001) and food and water (r=0.43, 95% CI: 0.21-0.44, 

Pearson’s Correlation, p<0.001) insecurities were also positively correlated.  A comparison of 

the insecurities in our study with other studies is provided in Table B3. 
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Figure 3.2 Distribution of household food, energy, and water insecurity scores. Each point 

represents a household, with the energy insecurity score on the x-axis and the food insecurity 

score on the y-axis. The point color and shape indicate the food insecurity status, with a green 

triangle indicating food secure, and a red circle indicating food insecure. The point size 

indicates water insecurity, with larger sizes indicating a higher water insecurity score. 

Households that are water insecure (defined as greater than or equal to 12) are shaded blue. 

The vertical lines indicate the thresholds for energy insecurity. 

 

3.4.1 Individual Insecurity Items and Principal Component Analysis 

 We explored the most frequently affirmed individual insecurity questions along with their 

highest mean scores. Table B4 shows the individual insecurity questions, their mean scores, the 

percent of households having a score of 0, 1, 2, or 3 for each question, and the overall occurrence 

of that experience. For example, 77% of households reported not eating their preferred foods 

(mean score = 1.52), while 78% worried that their stored fuel would run out (mean score = 1.47). 

For the latter, scores of 1 occurred more frequently than scores of 2 or 3, resulting in a lower 

mean.  

 Individual energy and food insecurity questions yielded the highest mean scores and were 

most frequently affirmed. In contrast, water insecurity items generally showed lower mean 

scores and were affirmed less often than food and energy insecurity items. The exceptions were 
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questions related to leaving home due to lack of fuel (six water insecurity items had higher mean 

scores, and four were more frequently affirmed), as well as going to bed hungry or going an 

entire day and night without eating. Notably, the question about worrying that water would not 

be sufficient had a relatively higher mean score (0.78) and was affirmed by 45% of households. 

 The most frequently affirmed insecurity experiences and the higher-scoring individual 

insecurity questions were all food and energy-related. The most frequently affirmed insecurity 

item was worrying that your stored fuel will run out before you have money to refill (78% of 

households, with a mean score of 1.47). The question with the highest mean score was eating 

preferred foods (77% of households, with a mean score of 1.52). Other frequently affirmed 

individual insecurity questions and top mean scores including lacking money to buy fuel (74% of 

households, mean score of 1.51), reducing expenses for basic necessities because there was not 

enough money to pay for fuel (74% of households, mean score of 1.49), and eating foods you 

didn’t really want because of a lack of resources to obtain other types of food (77%, mean score 

of 1.45). The least affirmed experiences for water were tied between going to sleep thirsty (5%, 

with a mean score of 0.08) and feeling ashamed because of problems with water (5% of 

households, with a mean score of 0.10). The least affirmed experience for energy was leaving 

home because there was no fuel (22% of households, mean of 0.34). The least affirmed 

experience for food was going a whole day and a whole night without eating because there was 

not enough food (34% of households, with a mean of 0.59).  
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Figure 3.3 Variable-component associations for food, energy, and water insecurity indicators. 

Insecurity indicators are grouped by their domain (energy in red, food in green, and water in 

blue). The full question and corresponding variables are provided in Table B5. The first two 

dimensions of the Principal Component Analysis are shown (Scree plot shown in Figure B2). 

Darker shading indicates stronger contributions to principal components 1 and 2, and lighter 

shading indicates a smaller contribution.  

 

 The Principal Component Analysis (PCA) identified that the variability in our study 

sample for the insecurity items is best represented by two dimensions, which collectively 

explained the majority of the variance (51%, scree plot, Figure B2). The first principal 

component is strongly dominated by the food and energy insecurity items (Figure 3.3), 

suggesting a shared trend between these two resource domains. The second principal component 

is primarily defined by the water insecurity items (Figure 3.3), indicating a distinct, independent 
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pattern for water access. Several water insecurity items are moderately represented, with 

interrupted (water) and leave (energy) weakly represented. All of the food insecurity items are 

strongly represented. All but two of the energy uses (stove/fire for lighting, and leaving home 

due to no fuel) are strongly represented. 

3.4.2 Characteristics of households experiencing all three insecurities 

Table 3.2 shows the socio-economic, access, and behavior-related indicators among households 

experiencing concurrent food, water, and energy insecurity, compared with households not 

facing all three insecurities simultaneously, and the p-values from Fisher’s exact or Chi-squared 

tests (selected from sample size). Nineteen households were food, energy, and water insecure, 

and 218 did not experience all three insecurities concurrently.  

Households with all three insecurities were less likely to be in the upper two wealth 

quintiles (21% vs. 44%, chi-squared test, p=0.039). Households experiencing all three 

insecurities were more likely to use an unimproved latrine without a slab (53% versus 24%, chi-

square test, p = 0.002). Items with lower but not significant p-values (p-values less than 0.1) 

included incomplete primary education or less (26% of households experiencing all three 

insecurities versus 11%, p = 0.060) and receiving food aid (11% for households experiencing 

triple insecurities versus 2%, p = 0.083). The other items did not show significant associations 

with concurrent insecurities. 

  



 

66 

 

Table 3.2 Comparison of household food-related behaviors and access characteristics by triple 

(food, energy, & water) insecurity status. Values show the percentage and number (in 

parentheses) of households classified as insecure or secure with that behavior or access 

characteristic. P-values are shown for group comparisons (a =Fisher’s exact test, all others are 

Chi-squared). Items in bold are significant (p-value <0.05).  

Indicator Label 

Food, 

Energy, 

and 

Water 

Insecure 

(n = 19) 

Food, 

Energy, 

Water 

Secure (n 

= 218 ) 

P value 

 Socioeconomic Status 

Incomplete primary or less 26% (5) 11% (23) 0.060a 

Upper 2 wealth quintiles 21% (4) 44% (95) 0.039 

Access 

Latrine w/o Slab  53% (10)  24% (52) 0.022 

Piped in dwelling 5% (1) 9 % (19) 1.000a 

Receives food aid 11% (2) 2% (4) 0.083a 

Has grazing land 0% (0) 1% (2) 1.000a 

Has agricultural land 42% (8) 33% (72) 0.537a 

Own animals 26% (5) 24% (52) 1.000a 

Owns fridge 16% (3) 24% (53) 0.422a 

Fridge working 5% (1) 13% (28) 1.000a 

Clean Stove 5% (1) 12% (27) 0.481a 

Behavior 

Handwashing station 

present 5% (1) 11% (23) 
0.702a 

Cooks potatoes 11% (2) 3% (7) 0.312a 

Animals enter home 32% (6) 32% (69) 0.869 

Uses fridge 0% (0) 4% (9) 0.529a 

Heated/reheated ≥1hr ago 5% (1) 3% (7) 1.000a 

Stores cooked food 58% (11) 46% (100) 0.444 

Stores drinking water 100% (19) 89% (195) 1.000a 

Treats drinking water 5% (1) 5% (10) 1.000a 

 
a =Fisher's Exact, all others Chi-Squared 
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3.4.3 Microbial Contamination of Water and Food 

 E. coli contamination was detected in 65.7% of drinking water samples and many food 

samples. Figure 3.4 shows the contamination levels alongside the corresponding insecurity 

status. For drinking water, contamination was significantly higher in energy-insecure households 

(mean 7.0 MPN E. coli per 100 mL) compared to energy-secure households (mean 3.76 MPN E. 

coli per 100 mL, T-test, p = 0.038), and in food-insecure households (mean 7.00 MPN E. coli per 

100 mL) compared to food-secure households (mean 3.58 MPN E. coli per 100 m, T-test, p= 

0.0316). However, contamination levels did not differ significantly between water-insecure and 

water-secure households. For food samples, there was no association between contamination and 

household insecurity status for food, water, or energy.   
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Figure 3.4 Household insecurity status and E. coli contamination of water and food. Boxplots 

show E. coli concentrations (log10 MPN per 100 mL water in the top row, and log10 CFU per dry 

gram of food in the bottom row), for water, energy, and food secure and insecure households. P-

values for each group are displayed.  

 

 Table 3.3 shows the E. coli contamination level in household drinking water and the 

corresponding insecure and secure status. In all categories, the higher percentage was non-detect. 
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Table 3.3 Distribution of E. coli water contamination levels (MPN/100 mL) in household 

drinking water samples, shown overall and by water, food, and energy insecurity status. Values 

shown are the percent of households with drinking water within that level of contamination for 

each secure and insecure category. The last row shows the total number of households in each 

insecurity category.  The percentage is followed by the number of households in parentheses. 

Non-detect is < 0.5 MPN/100 mL, and Low (>0.5-10), Medium (10-100), High (100-1000), and 

very high (>1000 MPN/100 mL) are shown (Odonkor & Mahami, 2020). 

E. coli 

Level 

(MPN/10

0 mL) 

Fraction 

in each 

WHO 

category 

Water Energy Food 

 

Insecur

e 

 

Secur

e 

 

Insecure 
 Secure 

 

Insecure 
 Secure 

Non-

detect 

(≤0.5) 

34.3% 

(81) 
47.8% 

(11) 

32.9% 

(70) 

26.7% 

(40) 

47.7% 

(41) 

29.4% 

(55) 

53.1% 

(26) 

Low 

(>0.5–

10) 

26.3% 

(62) 8.7% (2) 
28.2% 

(60) 

31.3% 

(47) 

17.4% 

(15) 

28.3% 

(53) 

18.4% 

(9) 

Medium 

(10–100) 

25% (59) 30.4% 

(7) 

24.4% 

(52) 

27.3% 

(41) 

20.9% 

(18) 

27.3% 

(51) 

16.3% 

(8) 

High 

(100–

1000) 

12.3% 

(29) 8.7% (2) 
12.7% 

(27) 

12.7% 

(19) 

11.6% 

(10) 

13.4% 

(25) 

8.2% 

(4) 

Very 

High 

(>1000) 

2.1% (5) 

4.3% (1) 
1.9% 

(4) 
2% (3) 

2.3% 

(2) 
1.6% (3) 

4.1% 

(2) 

Total (n) 
100% 

(237) 

9.7% 

(23) 

90.3% 

(214) 

63.3% 

(150) 

36.7% 

(87) 

78.9% 

(187) 

21.1% 

(50) 

 

 Households that stored their drinking water had higher levels of E. coli compared with 

those who did not (mean E. coli when stored: 0.90 MPN E. coli/100mL versus 6.63 MPN E. 

coli/100 mL when not stored, not storing 7.4 times more E. coli, T-test, p<0.001). Water 

collected from a piped source or vendor had significantly lower contamination than water 

collected from boreholes, wells, or surface source water (piped or vendor: mean of 3.30 MPN E. 
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coli per 100 mL; boreholes, wells, and surface water: mean of 18.83 MPN E. coli per 100 mL, T-

test, p<0.001). Of the households using piped water, 112 (84%) stored the water, while 20 (15%) 

did not. Households that did not use a piped or vendor source all stored their water. For piped 

water not stored, the mean E. coli was 4.84 MPN per 100 mL, with 16 samples (80%) non-

detect. Piped water that was stored had a mean E. coli of 84.8 MPN per 100 mL, with 42 samples 

(37.5% non-detect) non-detect (see SI, Figure B3, Figure B4, Table B7).  Further comparisons 

are in Table B7.   

 In a GEE model adjusting for confounders, water storage was significantly associated 

with contamination. Households that stored water had 268.4%  higher odds of E. coli detection 

(OR=3.68, 95% CI [1.38, 9.81], p=0.0091). Households that used piped or vendor water had -

77.7% (OR=0.22, 95% CI [0.09, 0.54], p=0.000856) increased odds of E. coli detection, 

compared with households that did not store and did not use piped/vendor water. No other 

significant associations were identified (Table S8).  

 Forty-three stored food samples were collected. Figure 3.4 shows food contamination as 

it compares with the insecurity status. The mean E. coli level of these samples was 226 MPN E. 

coli/ dry gram food, and the median was 1.9 MPN E. coli/ dry gram food. Twenty-four samples 

(56%) were below 2 MPN E. coli/ dry gram food. Potato samples exhibited lower levels of E. 

coli contamination compared to other sample types (mean: 270 MPN E. coli/dry gram if it is not 

potato, 1.5 MPN E. coli/dry gram if it is potato, Fisher’s exact (P=0.03)). We found no 

significant correlation between E. coli contamination in food and household food, water, and 

energy security or management behaviors, including reheating, refrigeration use.  Tables B9 and 

B10 show the different food attributes and whether they had detect or non-detect E. coli and the 

corresponding P values. 

3.4.4 Insecurities and Related Behaviors 

 Food, energy, and water insecurity were associated with specific household behaviors 

and access metrics, as shown in Table 3.4 (Food), Table 3.5 (Energy), and Table 3.6 (Water). 

Surprisingly, food insecure households were more likely to own a fridge (27% versus 19%, Chi-

Squared Test, p<0.001), and have piped water access (75% versus 35%, Chi-Squared Test, 

p=0.002). None of the other food related behaviors were significant. 
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 Energy insecure households are more likely to: use multiple stoves (61% vs 46%, Chi-

Squared Test, P=0.017) and burn trash as a fuel (34% vs 9%, Chi-Squared Test, P<0.001). 

Energy secure households more likely to heat water daily (86% versus 72%, Chi-Squared Test, 

p=0.019), heat water with clean fuels (14% versus 3%, Chi-Squared Test, p =0.003), have 

electricity at least 5 days (76% versus 45%, Chi-Squared Test, p<0.001), have piped water (70% 

versus 49%, Chi-Squared Test, p=0.001), and own a refrigerator (40% versus 14%, Chi-Squared 

Test, p=0.001). Storing cooked food, reheating food, clean stoves, and daily fuel purchasing was 

not different between energy secure and insecure households.  

 Water insecure households are more likely to use secondary sources (48% vs 25%, 

Fisher’s Exact Test, P=0.034), report water supply interruptions (61% versus 28%, Chi-Squared 

Test, p =0.001), and lack sufficient water (74% vs 8%, Chi-Squared Test, P<0.001). Water 

secure households are more likely to be satisfied with their water source (65% vs 90%, Fisher’s 

Exact Test, P=0.002) and have water supplied continuously (61% versus 86%, Fisher’s Exact 

Test, p =0.005 for 24 hours a day, and 65% versus 89%, Fisher’s Exact Test, p=0.005 for 7 days 

a week). Treating water and having piped water in the home/yard were not associated with water 

insecurity.   
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Table 3.4 Comparison of household food-related behaviors and access characteristics by food 

insecurity status. Values show the percentage and number (in parentheses) of households 

classified as insecure or secure with that behavior or access characteristic. P-values are shown 

for group comparisons (a =Fisher’s exact test, all others are Chi-squared). Items in bold are 

significant (p-value <0.05).  

Indicator Label 
Food Insecure 

(n=128) 

Food Secure 

(n=109) 
P-valuea  

Behavior 

Reheat Food 29% (37) 28% (30) 1.000 

Use fridge 2% (3) 6% (6) 0.429a 

Store cooked 

food 
48% (62) 45% (49) 0.685 

Stored cooked 

food available  
20% (26) 20% (22) 0.811 

Access 

Own Fridge 27% (35) 19% (21) <0.001 

Piped water 75% (96) 35% (38) 0.002 

Own Animals 34% (43) 13% (14) 0.462 

Receives 

Food Aid 
4.7% (6) 0% (0) 0.347a 

Access to 

land for 

grazing 

47% (60) 18% (20) 1a 

Access to 

agricultural 

land 

1.6% (2) 0% (0) 0.293 

a =Fisher's Exact, all others Chi-Squared 
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Table 3.5 Comparison of household energy-related behaviors and access characteristics by 

energy insecurity status. Values show the percentage and number (in parentheses) of households 

classified as insecure or secure with that behavior or access characteristic. P-values are shown 

for group comparisons (a =Fisher’s exact test, all others are Chi-squared). Items in bold are 

significant (p-value <0.05).  

Indicator Label 
Energy Insecure 

(n=150) 

Energy 

Secure (n=87) 
P-valuea  

Behavior 

Use at least 

two stoves 
61% (92) 46% (40) 0.017 

Store cooked 

food in fridge 

at least one 

day 

1% (2) 8% (7) 0.399a 

Store cooked 

food at least 

one day 

45% (68) 49% (43) 0.636 

Reheat food at 

least one day 
25% (38) 33% (29) 0.311 

Heat water 

for any 

purpose 

every day 

72% (108) 86% (75) 0.019 

Heat water 

with Solar, 

gas, or electric 

3% (5) 14% (12) 0.00263 

Heat home for 

6 or 7 days 
37% (56) 49% (43) 0.092 

Use clean 

stove 
11% (17) 20% (17) 0.122 
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Table 3.5 (continued) 

 

Burn Trash 

as fuel at 

least one day 

34% (51) 9% (8) <.001 

 
Buy Fuel 

Daily 
20% (30) 13% (11) 0.129 

 Collect fuel 2% (3) 6% (5) 0.152a 

Access 

Have 

electricity at 

least 5 days 

45% (68) 76% (66) <.001 

Have piped 

water 
49% (73) 70% (61) 0.001 

Own Fridge 14% (21) 40% (35) <.001 

 

a =Fisher's Exact, all others Chi-Squared 
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Table 3.6 Comparison of household water-related behaviors and access characteristics by water 

insecurity status. Values show the percentage and number (in parentheses) of households 

classified as insecure or secure with that behavior or access characteristic. P-values are shown 

for group comparisons (a =Fisher’s exact test, all others are Chi-squared). Items in bold are 

significant (p-value <0.05).  

Indicator Label 

Water 

Insecure 

(n=23) 

Water Secure 

(n=214) 
P-value a  

Behavior 

Treat water 22% (5) 18% (39) 0.897a 

Water stored 96% (22) 90% (192) 0.703a 

Use secondary 

water source 
48% (11) 25% (53) 0.034a 

Vendor Water 4.3% (1) 16% (29) 0.325a 

Access 

Have piped water 

in home/dwelling 
9% (2) 8% (18) 1a 

Have piped water 

in yard 
70% (16) 14% (29) 0.347 

Spend time (more 

than 0 minutes) 

collecting water 

43% (10) 29% (63) 0.17 

Water supply 

interrupted 
61% (14) 28% (59) 0.001 

Water supplied 

24 hours a day 
61% (14) 86% (184) 0.005a 

Water supplied 7 

days a week 
65% (15) 89% (190) 0.005a 

Satisfied with 

water source 
65% (15) 90% (193) 0.002a 
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Table 3.6 (continued) 

Household did not 

have sufficient water 
74% (17) 8% (17) <.001 

Knew when water is 

interrupted 
13% (3) 4.2% (9) 0.708a 

a =Fisher's Exact, all others Chi-Squared 

3.5 Discussion  

 Our findings suggest that resource security in our peri-urban setting in Malawi occurs 

along a continuum and was achieved more for water prior to achieving food and energy security. 

Significant progress has been made for drinking water infrastructure in the urban areas and the 

Southern part of Malawi (Cassivi et al., 2020), likely decreasing water insecurity (Miller et al., 

2025). Additionally, the study location experiences higher precipitation than other parts of 

Malawi (Tadeyo et al., 2020, pp. 1979–2015), which may influence the lower prevalence of 

water insecurity (Stoler, Miller, et al., 2021). However, in urban areas, fuels are becoming more 

expensive and more difficult to collect (Jagger & Perez-Heydrich, 2016), and urban areas 

experience extremely high levels of food insecurity (Crush et al., 2012). In addition, energy 

insecurity is more prevalent in Southern Malawi (Mkomba et al., 2021), and in 2024, the 

southern part of Malawi experienced a Crisis level of food insecurity, with an early start to the 

lean season (FEWS NET, 2024). As evidenced by responses to survey items and supported in the 

literature, households living in a peri-urban context typically rely on purchasing of fuel and food 

rather than self-supply (Chilanga et al., 2017; Jagger & Perez-Heydrich, 2016). Additionally, 

expenditures for these items on a weekly basis tend to be highest for food, and lowest for water 

(price comparison provided in Table S11) (Blantyre Water Board, 2024; Jagger & Perez-

Heydrich, 2016; Kalumbi et al., 2020; Mercy Bwanaisa, 2023; Schneider, 2022). Purchases for 

fuel and food tend to be co-dependent, as fuel is needed to cook the food (Sola et al., 2016). We 

observed strong correlations between food and energy scale items, but water scale items had a 

weaker correlation. During our study period, a significant fraction of our population expressed 

concerns over food and fuel shortages (77 and 74% respectively), but water supply shortages 

were a less common concern (32% reported primary water sources being interrupted or limited). 

Other studies in areas with decent water supply and infrastructure also find strong correlations 
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between food and water energy insecurity, such as in the United States and Cambodia (Cook et 

al., 2008; Phoumin & Kimura, 2019; UN-Water, 2024, 2025), with even more food and water 

insecurity occurring during colder seasons (J. Bhattacharya et al., 2003; Nord & Kantor, 2006), 

like the study period of our study. Additionally, income and finances play a significant role in a 

household’s food (Loopstra & Tarasuk, 2013), and energy (A. G. Murray & Mills, 2014) 

insecurity. With 79% of our population below the poverty line, income likely plays a role. This 

suggests that the pathways by which resource insecurity manifests are influenced by a 

combination of contextual features such as the mechanism of provision, costs of each resource, 

household income, and availability of resources, which can vary by urbanization level and city-

wide resource security. 

 Our study explored the relationship between microbial contamination in food and water 

and water and food insecurity. Correlations were not observed between water insecurity and 

contamination, and food insecurity and contamination, but were found for water contamination 

and food and energy insecurities. This suggests these outcomes exist through different 

mechanisms in our setting. As observed in our study and many other water contamination studies 

(T. F. Clasen & Bastable, 2003; Levy et al., 2008), water storage can introduce contamination in 

drinking water prior to consumption. Consistent with past studies (Kumpel & Nelson, 2013; 

Majuru et al., 2016), we observed that even households with piped water supply were practicing 

water storage. In our study, and past studies, both water insecure and secure households were 

storing water (Jepson et al., 2021), and in some cases, households with larger storage capacity 

considered more secure (Wutich & Ragsdale, 2008). Therefore, both water secure and insecure 

households would be expected to experience contaminated water. In contrast to past studies 

(Collins et al., 2024), in our study, water treatment practices were not related to water security. 

 To our knowledge, no studies have directly evaluated household behaviors to reduce or 

prevent contamination in water and food as it relates energy insecurity. One behavior to reduce 

water contamination at the household level is water treatment, which could theoretically relate to 

energy security if the treatment approach requires fuels, such as boiling, which is used and 

promoted in some locations (Cohen et al., 2020; Floess et al., 2025). Boiling drinking water is a 

fuel intensive practice that is often promoted to improve water quality in resource limited 

settings (Garcia-Suarez et al., 2019; Gilman’ & Skillicorn, n.d.; Zhu et al., 2023). The prevalence 

of boiling in our study was much lower than in other studies in Malawi (2 households (1 %) 
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versus 25% reporting boiling in a prior study) (Mkwate et al., 2017). However, 85% reported 

heating water for bathing and 88% for drinking and tea. Although we did observe energy secure 

households having significantly higher quality water than insecure households, few households 

in our study reported boiling, so energy demand of treatment does not appear to be the driver of 

the differences in water quality. Not having fuels has been shown to be a barrier to boiling water 

(Workman, 2019). Given the large proportion of households reporting energy insecurity and the 

poor quality of water exhibited in energy insecure households, there may be a concern that the 

energy demand for boiling water could be a barrier to water quality improvements.  

 However, we observed that energy insecure households still reported use of fuel for 

warming water, primarily for bathing. Further, clean fuels were often used for water warming (6 

households used clean fuels for cooking, while 18 used clean fuels for water heating), which has 

been observed in other settings as well (Psutka et al., 2011b; Zhu et al., 2023), with solar 

promoted for water heating (Batidzirai et al., 2009). Interestingly, no one in our study used LPG 

or Pellets despite promotion and benefits in Malawi and other regions (Champion & Grieshop, 

2019b; Floess et al., 2023; Grieshop et al., 2011b). Our study households were willing to use 

fuel, including clean fuels, even if they were insecure in the energy domain, for water heating; 

however, the priority was for comfort in bathing over ensuring microbiologically safe water. 

Other studies in the Southern Africa region have shown bathing to be a common occurrence 

(Mujuru et al., 2020) and the importance of bathing to households (Rusca et al., 2017), with a 

significant fraction of household energy used on water heating (23%) (Kalua, 2020). However, 

warming water, but not boiling, can potentially increase pathogen risk (Van Der Wielen et al., 

2023) 

 Energy insecurity alone did not explain water treatment, boiling, and food 

storage/reheating behavior, and alternative aspects of behavior, such as knowledge, norms, and 

priorities, seem to play a larger role in our study households and should be targeted if 

considering a behavior change intervention for improving water quality. Energy insecurity also 

relates to safe water quality from centralized treatment facilities, in that water treatment requires 

energy, and in Blantyre, booster pumping stations are necessary due to the hilly terrain (J. L. 

Taulo et al., 2017). The lack of and expense of electricity can make water expensive and make 

operating central treatment systems difficult (Schäfer et al., 2014).  In addition to water 

contamination, energy security could theoretically relate to food contamination through food 
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reheating and fridge storage (Bjurselius & Ernow, 2009), though we did not see a connection in 

our study. 

 We observed some notable similarities in household approaches to coping with resource 

insecurities in energy and water. Households that were water and energy insecure would rely on 

a combination of water and fuel sources to meet their resource needs. Stove stacking, or the use 

of multiple stove/fuel types, is a way households cope with variations in fuel prices, access, and 

reliability of fuel sources, even when clean sources are available (Jewitt et al., 2020; Tsoeu-

Ntokoane et al., 2025). Similarly, using alternative water sources such as buying water, using 

unsafe water, or non-primary water sources is a coping strategy against water insecurity (Collins 

et al., 2024) and even as a way to build resilience (Elliott et al., 2019). In our study population, 

we saw water-insecure households more likely to use multiple water sources and use unimproved 

sources for non-drinking water. However, the use of multiple stoves and multiple water sources 

can introduce health risks (Snider et al., 2018; Steyn et al., 2004; Uprety et al., 2020b). Although 

having alternatives to a primary stove/fuel and water source may serve as a coping strategy for 

insecure households to have access to these basic resources, it also poses potential health 

hazards, as households may rely on unsafe resources to meet their needs. This underscores that 

for assessment of energy, food, and water access, it is important to capture all the sources and 

fuels households rely on, and that when addressing these insecurities, interventions should focus 

on providing coping strategies that do not put the household at greater risk. For instance, 

strategies could include a clean stack (Medina et al., 2019; Shankar et al., 2020b) or predictions 

of water disruptions (Thomson et al., 2024), rather than alternative water sources. 

3.5.1 Limitations  

 This was a cross-sectional study, so we cannot infer causality, and we relied on self-

reported behavior and stove and water usage, which may be underreported (Norwood et al., 

2016) and have potential recall and desirability bias. Our sample size was relatively small, and in 

a single location and time, not taking into account seasonality, which can have an important 

impact on energy usage (Lam et al., 2017), contamination (Kostyla et al., 2015) and food 

consumption (Stelmach-Mardas et al., 2016). Additionally, microbiological sampling was 

limited to  E. coli, which might not accurately represent health impacts (Gruber et al., 2014). We 

may not have included all cofounders in the model. 
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3.6 Conclusions 

 The well-being outcomes of resource insecurity manifest in unique pathways depending 

on context and the type of resource that is limiting (Asaki et al., 2024). We were particularly 

interested in exploring how resource insecurities relate to microbial contamination in food and 

water, as well as other health-related behaviors. Overall, in our study, households experienced 

overlapping insecurities, with the majority being both energy and food insecure (52%). We 

observed that a few behaviors, mostly unconnected with health or contamination risks, were 

correlated with resource insecurities, and water and food contamination were not associated with 

resource insecurities in clear mechanistic ways. Although resource insecurities have the potential 

to interact in complex ways to drive certain behaviors and health outcomes, we did not find 

microbial contamination in food and water, and the behaviors to manage contamination were 

strongly influenced by their respective insecurity. Though there was a connection between water 

contamination and food and energy insecurity, there was not a clear explanation. The link 

between insecurities and contamination should be further explored, including further 

measurements on other contamination sources, health outcomes, and household practices.  
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Abstract 

 

Nearly three billion people in low- and middle-income countries (LMICs) rely on 

polluting fuels, resulting in millions of avoidable deaths annually. Polluting fuels also emit short-

lived climate forcers and greenhouse gases (GHGs). Liquefied petroleum gas (LPG) and grid-

based electricity are scalable alternatives to polluting fuels but have raised climate and health 

concerns. Here, we compare emissions and climate impacts of a business-as-usual household 

cooking fuel trajectory to four large-scale transitions to gas and/or grid electricity in 77 LMICs. 

We account for upstream and end-use emissions from gas and electric cooking, assuming 

electrical grids evolve according to the 2022 World Energy Outlook’s “Stated Policies” 

Scenario. We input the emissions into a reduced-complexity climate model to estimate radiative 

forcing and temperature changes associated with each scenario. We find full transitions to LPG 

and/or electricity decrease emissions from both well-mixed GHG and short-lived climate forcers, 

resulting in a roughly 5 millikelvin global temperature reduction by 2040. Transitions to LPG 

and/or electricity also reduce annual emissions of PM2.5 by over 6 Mt (99%) by 2040, which 

would substantially lower health risks from Household Air Pollution. 

4.1 Introduction 

Nearly 3 billion people, 40% of the world’s population, lack access to clean cooking fuels 

and technologies (ESMAP, 2021). Instead, they rely on polluting fuels like wood, charcoal, other 

solid biomass, kerosene, and coal (World Health Organization, 2021). Commonly-used 

household stoves cannot burn these fuels efficiently and cleanly, resulting in exposure to 

products of incomplete combustion or “household air pollution” (HAP) that contributes to nearly 

4 million premature deaths each year (World Health Organization, n.d.). Polluting fuels also 
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contribute to ambient air pollution (Lacey et al., 2017) and emit well-mixed greenhouse gases 

(GHGs) and short-lived climate forcers (SLCFs) that cause climate change (Grieshop et al., 

2011c; Haines et al., 2017). Unsustainable harvesting of biomass fuels contributes to local 

environmental degradation (Bailis et al., 2015). Impacts of polluting fuel use fall 

disproportionately on women, adding to preexisting gender inequalities (Jagoe et al., 2020). 

These challenges have persisted for decades despite thousands of programs and policies designed 

to facilitate a transition to cleaner cooking.  

The global prioritization of clean cooking is reflected in the seventh Sustainable 

Development Goal (SDG7), which aims to achieve universal “access to affordable, reliable, 

sustainable and modern energy” by 2030 (UNDP, 2020). 600 million people gained primary 

access to clean cooking fuels or technologies between 2010 and 2020 (ESMAP, 2021). 

Following WHO and others, we use the term primary access to refer to populations that use a 

clean fuel for most or all their cooking needs (Stoner et al., 2021). There is some ambiguity in 

this indicator because the household surveys that provide this data only collect information about 

the most frequently used cooking fuel in each household (IEA et al., 2019). 

Despite these increases in access to clean cooking options, progress is uneven and some 

regions lag (Appendix C Section 1). Over 75% of the population that gained primary access to 

clean cooking between 2010 and 2020 did so by adopting liquefied petroleum gas (LPG) (Stoner 

et al., 2021). LPG is well-suited to near-term scale-up (Global LPG Partnership, 2018), and 

many LMIC governments have set ambitious targets promoting adoption (Puzzolo et al., 2020). 

Unlike electricity and piped natural gas, LPG does not require major investment in infrastructure 

to scale. It is clean-burning and simple to use (Islam et al., 2022b; Puzzolo et al., 2019). 

Electricity accounts for most of the remaining increase in primary access to clean cooking. While 

access to electricity is increasing rapidly in LMICs, cooking with electricity is less common 

(Stoner et al., 2021). Other clean cooking options like biogas, ethanol, solar thermal cookers, and 

biomass pellets burned in advanced stoves have gained traction in some markets, but globally 

they are much less prevalent than LPG and electric cooking.  

Transitions from polluting to clean fuels and technologies results in large reductions in 

HAP exposure (Liao et al., 2021; Pope et al., 2017b, 2021b). However, the past growth and 

planned scale-up of LPG raises questions about trade-offs between mitigating the health impacts 

of polluting fuels and the potential climate impacts of large-scale increases in fossil fuel 
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consumption. Conventional LPG is a by-product of the petroleum and natural gas industries, 

with emissions arising from extraction, processing, and transport (US EPA, 2016a). Grid-based 

electricity, completely clean at point of use, is derived primarily from fossil fuels in LMICs, and 

has similar issues (Global LPG Partnership, 2018; World Bank, 2024).  

Fuelwood, charcoal, and other biomass fuels are potentially renewable. However, a 

substantial fraction of current woodfuel consumption is unsustainable and causes declines in 

standing stocks of biomass (Bailis et al., 2015). In addition, biomass fuels emit more SLCFs than 

LPG or grid-based power (Appendix C Section 7) and are detrimental for health due to the 

formation of products of incomplete combustion. Thus, a transition from polluting fuels to LPG 

or grid-based power could mitigate climate change through two mechanisms: lower consumption 

of unsustainable biomass and reduced SLCF emissions.  

Previous work has quantified the global carbon footprint of biomass dependence at one 

point in time (Bailis et al., 2015), examined climate impacts of individual cooking choices 

(Grieshop et al., 2011c), and modeled the climate impacts of “shutting off” biomass demand 

(Kodros et al., 2015a; Huang et al., 2018). One analysis estimated that a transition to LPG in 

Cameroon resulted in net global cooling of 0.3-1.3 millikelvin by 2100, depending on the levels 

of LPG adoption and biomass sustainability (Kypridemos Chris et al., 2020). We build on these 

previous studies with the first global analysis of health and climate implications of transitions to 

both LPG and electricity.  

4.2 Methods  

4.2.1 Fuel Transition Scenarios 

The analysis included LMIC countries with a population of at least 1 million households 

using polluting solid fuels and/or kerosene in 2018 (the baseline year) based on the WHO global 

database of primary fuels/ energy used for cooking (Stoner et al., 2021). The analysis includes 

over 2.6 billion polluting fuel users from 77 countries. The scenarios are described below and 

summarized in Table 4.1. 

The Business as Usual (BAU) scenario assumes that past rates of change in primary 

household fuel choice are extended into the future. Past household cooking fuel choices were 

calculated for rural and urban areas of each country using WHO’s household cooking fuel choice 

database, which includes six fuel categories: Biomass (consists mainly of unprocessed firewood, 
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but also includes crop residues and dung), Charcoal, Coal, Kerosene, Gas (includes LPG, natural 

gas, and biogas), and Electricity (Stoner et al., 2021). Average rates of change for each fuel and 

other key assumptions are described in Appendix C Section 3.  

The Full Transition-LPG (FT-LPG) scenario makes two key assumptions: 1) households 

using polluting fuels (Kerosene, Coal, Charcoal and Biomass) transition steadily to LPG such 

that use of polluting fuels falls to zero by 2040 and 2) any electricity use at baseline evolves as in 

the BAU scenario. Therefore, by 2040, all cooking is done with either LPG or a mix of LPG and 

electricity.  

The Full Transition to LPG and Electricity (FT-LE) scenario follows the same pattern as 

the FT-LPG scenario, but uses electricity as the main transition, while allowing BAU rates of 

LPG to continue. The Full Transition to Electricity (FTE) examines a hypothetical transition to 

100% cooking with electricity (including LPG-using households transitioning to exclusive use of 

electricity by 2040). The Intermediate (IT) scenario assumes BAU rates for each clean option 

increase by 50%. 

Table 4.1: Descriptions of the scenarios developed for this analysis 

Scenario name 

(abbreviation) 

Description 

Business as usual 

(BAU) 

Future primary cooking fuels adoption rates follow recent country-

specific trends as defined by WHO disaggregated by rural and urban 

populations(Stoner et al., 2021).  

Intermediate transition 

(IT) 

Adoption rates of LPG and electricity increase by 50% by 2040, 

displacing more polluting fuels than in BAU 

Full transition to LPG 

(FT-LPG) 

All polluting cooking fuels are displaced with LPG by 2040 but rate 

of electricity adoption proceeds as in BAU, resulting in an LPG 

dominant future.  

Full transition to LPG 

and Electricity (FT-LE) 

All polluting cooking fuels are displaced with grid-based electricity 

by 2040, but the rate of LPG adoption proceeds as in BAU, resulting 

in a balanced mix of LPG and electricity in the future. 

Full transition to 

Electricity (FT-Elec) 

All polluting cooking fuels and LPG are displaced with grid-based 

electricity by 2040, resulting in electricity dominant future. 
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4.2.2 Emissions  

 Household fuels emit a wide variety of pollutants including well-mixed GHGs like 

carbon dioxide (CO2), methane (CH4), and nitrous oxide (N2O) as well as SLCFs like black and 

organic carbon (BC and OC), non-methane volatile organic carbon (NMVOC), sulfur and 

nitrogen oxides (SOx and NOx) and carbon monoxide (CO) (Masera et al., 2015). BC and OC are 

constituents of fine particulate matter (PM2.5), exposure to which is associated with numerous 

health risks (Health Effects Institute, 2020). Exposure to SOx, NOx, and CO can also damage 

health. 

Emissions from “upstream” processes like extraction, refining, and transportation of 

fossil-based cooking fuels (kerosene, LPG, and coal) were derived from GREET, a life cycle 

model developed by Argonne National Labs primarily for analyzing transportation fuels 

(Argonne National Laboratory, 2021). GREET was also used to estimate transportation 

emissions associated with charcoal. GREET’s default parameters reflect current US conditions, 

but the model allows users to adjust inputs to reflect other regions. For the global analysis, we 

determined the dominant consumers of each fuel from our sample of 77 countries, as well as the 

major exporters supplying these countries and adjusted GREET accordingly. We describe 

specific approaches for each fuel in Appendix C Section 4.  

For upstream emissions from charcoal production, the average emission factors for CO, 

NOx, PM2.5, SOx, BC, OC, CH4, N2O, CO2, and NMVOC were compiled from previous 

collections of field emission factors (Akagi et al., 2011; Pennise et al., 2001; US EPA, 2016a) 

and converted to a delivered energy basis using an assumed stove efficiency (US EPA, 2016a) 

(Table C9). For biomass, we assumed that wood is locally collected and has no upstream 

emissions. The end use emission factors for biomass, charcoal, kerosene, coal and LPG were 

taken from previous compilations of lab and field data (Akagi et al., 2011; Grieshop et al., 

2011c; Pennise et al., 2001; US EPA, 2016a). 

Shares of electricity production and total production for different years were taken from 

the World Bank Development indicators (World Bank, 2017) with missing data supplemented by 

International Energy Agency (IEA) statistics (IEA, 2019). Future grid mixes were simulated 

using projections from the IEA’s World Energy Outlook (WEO) “Stated Policies” scenario 

through 2040 (IEA, 2020). Lifecycle grid emissions per kWh of electricity produced from each 

type of power generation were estimated using GREET (Argonne National Laboratory, 2021). 
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Plant-specific emissions are included in GREET’s database with some tunable parameters. 

GREET’s default values assume a US-based grid and power plant feedstock. We changed some 

parameters for coal, as mentioned above. Parameters for other feedstocks were left at their 

default values. We describe grid projections, emission factors, and additional assumptions in 

Appendix C Section 5. 

When woody biomass is harvested and burned as fuelwood or charcoal, much of the 

carbon in the wood is converted to CO2, contributing to climate change. However, depending on 

the rate of harvest and land management practices, some, or all the woody biomass regenerates, 

reducing the impact of the CO2 emitted during combustion. When there are imbalances between 

woody biomass harvest and regrowth, CO2 emitted during combustion is not fully sequestered by 

regenerating trees. This is called “non-renewable biomass” (NRB). The ratio of NRB to woody 

biomass consumption is the “fraction of non-renewable biomass” (fNRB). We use country-

specific pan-tropical estimates of fNRB from a previous study (Bailis et al., 2015) to account for 

net CO2 emissions from wood and charcoal (see Appendix C Section 6 for more detail).  

For the global health impact assessment, we did not estimate contributions of emissions 

to specific health outcomes. Instead, we estimated changes in emissions of (and assumed 

exposure to) the following health-damaging pollutants: PM2.5, CO, NOx, and SOx (US EPA, 

n.d.). This research group carried out a parallel study of national-level assessments in five 

priority countries using the ABODE model to estimate health impacts associated with changes in 

exposure (Pillarisetti, 2019, p. 0). The results of these health models are discussed in a separate 

paper.  

4.2.3 Climate Impacts 

 We estimate climate impacts of the different scenarios using the FaIR v1.6.2 climate 

model, which is a simple emissions-based model that accounts for non-linearities in the carbon 

cycle and includes simplified processes representing greenhouse gas, aerosol, ozone, and other 

forcings from precursor emissions (Leach et al., 2021; C. J. Smith et al., 2018; Thomson et al., 

2011). We use the multi-species configuration, with the RCP4.5 scenario as a baseline for the 

BAU scenario (C. Smith, 2021; Thomson et al., 2011). RCP4.5 is a pathway for stabilization of 

radiative forcing by 2100, projecting somewhere in the region of 2.5-3oC global mean 

temperature increase above pre-industrial by the end of this century, and is the closest RCP 

scenario to current global climate policy (Hausfather & Peters, 2020). Uncertainty was calculated 
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based on runs using parameters derived from a 2237 member ensemble developed for analysis in 

IPCC's Sixth Assessment Report (C. Smith, 2021). This ensemble is observationally constrained 

in order to span the assessed range in climate system uncertainty, including global temperature 

change (1850-2019), atmospheric CO2 concentrations (1750-2014), change in ocean heat content 

(1971-2018), and assessments of equilibrium climate sensitivity, transient climate response and 

airborne fraction of CO2 emissions (C. Smith, 2021; C. Smith et al., 2021). Differences in 

emissions between the BAU and other scenarios were calculated for CO2, CH4, N2O, SOx, CO, 

NMVOC, NOx, BC, and OC, and added to the RCP4.5 baseline emissions trajectory. The 

resulting emissions trajectories were run in the FaIR climate model to obtain annual changes in 

GHG concentrations, climate forcing, and temperature projected to 2040. To estimate 

uncertainties, we report the median and 5th, 25th, 75th and 95th percentile values of the ensemble 

simulations, with emissions held constant. Therefore, uncertainty estimates do not represent 

uncertainties in scenarios, only in climate system response.  

4.3 Results  

4.3.1 Future Household Energy Transitions 

 Figure 4.1 compares energy consumption, number of fuel users and energy consumed 

under BAU and a full transition to LPG (FT-LPG). Under BAU, demand for biomass, coal, and 

kerosene decrease by 25%, 96%, and 25%, respectively, between 2018 and 2040. However, 

these patterns are not consistent across all regions. For example, BAU biomass demand 

decreases steeply in Asia/Pacific regions but increases in Africa. In addition, BAU charcoal 

consumption increases globally over this period by over 125%, driven mainly by growth in urban 

consumption in Africa. Clean fuel use also increases under BAU: LPG consumption increases by 

50% and electricity demand for cooking doubles.  

4.3.2 Changes in Emissions of Health-Damaging Pollutants 

 To gauge health impacts, we report changes in emissions of health-damaging pollutants 

including fine particulate matter (PM2.5), carbon monoxide (CO), nitrogen oxides (NOx) and 

sulfur oxides (SOx). Here, and below, we refer to emissions from cooking fuels in the 77 

countries included in our analysis. In 2018, approximately 7.6 Mt of PM2.5 were emitted from 

cooking fuels (Figure 4.2A). Under the BAU scenario, this is projected to decline by 24%, driven 

by transitions from polluting fuels to LPG and electricity described above. Under the 
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Intermediate scenario, a modest increase in clean fuel adoption results in a 12% reduction of 

PM2.5 emissions relative to BAU. Under full transitions to either LPG or electricity, PM2.5 

emissions from residential cooking are nearly eliminated.  

CO emissions follow a similar pattern as PM2.5 (Figure 4.2B). In 2018, we estimate that 

71 Mt of CO was emitted from cooking fuels. Under the BAU scenario, CO emissions decrease 

5% to 67 Mt by 2040 (CO declines less than PM2.5 due to growth in charcoal consumption). In 

the Intermediate scenario, 2040 CO emissions are ~10% lower than BAU, and in the full 

transitions to either LPG or electricity, CO emissions decrease by over 95%.  

 

 

Figure 4.1: Energy demand in BAU (dashed) and FT-LPG (solid) scenarios (A) and the same 

graph zoomed in to show the less common fuels in more detail (B). The number of fuel users in 

2018 and 2040 (C) and rural/urban energy demand by fuel (D) in 2018 and 2040 for all 

scenarios. C and D are disaggregated by WHO regions. 

 

NOx emissions result primarily from atmospheric nitrogen and increase with higher 

combustion temperatures. LPG, coal, and thermal power generation occur at higher temperatures 
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than biomass combustion in household stoves; therefore life-cycle NOx emissions are higher 

from LPG, gas and electric cooking (US EPA, 1999). SOx emissions primarily occur because of 

fuel-bound sulfur (US EPA, 2016b), which occurs in trace amounts in biomass but can be several 

percent by weight in coal (Hussain & Luo, 2019). Under the BAU scenario, NOx emissions 

increase by ~20% between 2018 and 2040 and SOx emissions decrease by a similar magnitude 

(Figure 4.2C and D). Under Intermediate and FT-LPG scenarios NOx emissions increase further 

because of increased LPG consumption. In contrast, SOx emissions are lower in all scenarios 

relative to BAU except for FT-Elec. In that scenario, SOx emissions are nearly 30% higher than 

BAU due to increased coal-based electricity consumption (see Appendix C Section 10 for a 

discussion of regional variation in health-relevant emissions). 

4.3.3 Emissions of Well-Mixed GHGs and SLCFs 

 Figure 4.3 shows fuel-specific emissions of well-mixed GHGs and BC in 2018 and in 

2040 for each scenario. CO2-equivalent units (CO2e) represent the climate impacts of well-mixed 

GHGs (CO2, CH4, and N2O) weighted by their 100-year Global Warming Potentials . In 2018, 

total emissions of well-mixed GHGs from residential cooking was 1.14 Gt-CO2e. Under BAU, 

we project these to increase by 14%, to 1.30 Gt- CO2e by 2040. Under the Intermediate scenario, 

emissions decrease 1.2% relative to BAU (to 1.28 Gt- CO2e) by 2040. More substantial 

reductions relative to BAU occur under the full-transition scenarios: 17%, 31%, and 47% for the 

FT-LPG, FT-LE, and FT-Elec scenarios, respectively.  

In 2018, household cooking emitted ~1.2 Mt of BC. Emissions decrease to 1.0 Mt by 

2040 in the BAU scenario, decline by ~12% under the Intermediate scenario and are nearly 

eliminated under full transitions to LPG and/or electricity. OC and NMVOC emissions follow 

similar patterns (see Appendix C Section 10).  

 



 

91 

 

 

Figure 4.2 Fuel-specific emissions of health-damaging pollutants in 2018 and 2040 for each 

scenario: PM2.5 (A), NOx (B), SOx (C), and CO (D) 

  

 

Figure 4.3 Fuel-specific emissions of well-mixed GHGs (A) and BC (B) in 2018 and in 2040 for 

all scenarios  

 

4.3.4 Impacts on Radiative Forcing and Temperature  

 Under BAU, compared to a scenario of zero emissions from cooking, household cooking 

emissions contribute to an increase in effective radiative forcing of roughly 39 mW/m2 (-97 to 42 

mW/m2; 95% CI) and 15 millikelvin (-41 to 26 millikelvin; 95% CI) of warming by 2040. Our 

alternate intervention scenarios result in both reduced forcing and lower temperature (Figure 

4.4). By 2040, median temperature is 0.3 millikelvin lower in the Intermediate scenario and 4.7 
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to 5.1 millikelvin lower in the full transition scenarios (Figure 4.4A). However, the confidence 

intervals for each scenario significantly overlap with zero (FT-E: -0.0238 to 0.0245, FT-LE: -

0.0247 to 0.0267, FT-LPG: -0.0244 to 0.0271, Intermediate: -0.0027 to 0.0035) so that we 

cannot state with certainty that the transitions would result in net cooling. Nevertheless, full 

transitions to LPG and/or electricity cause sustained reductions in annual emissions, resulting in 

median temperature pathways that will continue to diverge from BAU well into the future. 

Moreover, relative uncertainty in the temperature response should decrease in the future, due to 

the longer lifetimes of well-mixed GHGs and higher certainty associated with their effects. 

Short-term climate forcing is dominated by aerosols, with reductions in OC and BC 

resulting in net warming and cooling, respectively (Figure 4.5). Reductions in well-mixed 

climate GHGs like CO2 have minimal impact on temperature during the timeframe of our 

analysis. We note that cumulative CO2e emissions do not necessarily correspond well with their 

associated climate response for mixtures of long- and short-lived GHGs as in our transition 

scenarios (Allen et al., 2018, 2022). However, changes in CO2e (Figure 4.3Figure 4.4) provide 

some indication of the long-term impacts of each scenario. For example, under the BAU 

scenario, cumulative CO2e emissions are 27.7 Gt between 2018 and 2040. The three full 

transition scenarios reduce cumulative emissions of well-mixed GHGs by 2.3-4.3 Gt CO2e over 

the simulation period (see Appendix C Section 11 for more detailed discussion of GHG and 

SLCF emissions). 
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Figure 4.4: Pollutant-specific changes in radiative forcing between BAU and FT-LPG (A) and 

change in temperature between BAU and all scenarios (B), with 95% confidence intervals for 

temperature in 2040 shown by expanding the y-axis from B (C). Error bars show the 95% 

confidence intervals from runs using a 2237-member ensemble of model parameters (see 

methods). 

 

SLCFs dominate the projected climate impacts and associated uncertainty through 2040. 

Figure 4.5A shows the net temperature change and uncertainty (shown as the 5-95% confidence 

interval of an observationally constrained, perturbed parameter ensemble) between FT-LPG and 

BAU scenarios attributed to each pollutant. Figure 4.5C summarizes this for each scenario. BC 

and OC have the largest impacts as well as the widest confidence intervals due to uncertainties in 

climate response to aerosol emissions; CH4, NMVOC, and CO also have substantial impacts, 

largely due to their roles in tropospheric ozone formation. The net effect could be positive or 

negative based on overall uncertainty; however, the median response of the ensemble for all 

scenarios shows that cooling due to decreases in emissions warming agents (BC, CO, CH4, and 

NMVOCs) overcomes warming arising from OC reductions. Figure 4.5B shows how regional 

emission reductions contribute to overall temperature changes by 2040. The African region has 

the largest impact, driven by reductions in BC, CH4, NMVOC, and CO from decreased demand 

for fuelwood and charcoal. Under BAU, the African region has substantial increases in charcoal 

and fuelwood consumption (Figure 4.1). Under the FT-LPG and other full transition scenarios, 

which phase out demand for charcoal and fuelwood, SLCF emissions are nearly eliminated.  
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Figure 4.5: pollutant-specific contributions to temperature difference between BAU and FT-

LPG scenarios (A) and disaggregated by contributions from each WHO region (B). Pollution-

specific temperature changes for all scenarios are shown in C. Error bars show the 95% 

confidence intervals as defined in Figure 4.4. 

 

  

Figure 4.6: A scatter plot of the country-attributed differences between BAU and FT-LPG 

scenarios; x-axis indicates differences in modeled temperature in 2040, y-axis shows differences 

in CO2e emissions in that year. The color indicates changes in BC emissions and size indicates 

national level fNRB. Three letter country codes are defined in Table S1. The dashed black line is 

a log-transformed linear fit and is included to guide the eye. Note that temperature differences 
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shown (BAU – FT-LPG) are the additive inverse of Figures 4C and 5, to enable the use of log 

axes.  

Changes in PM2.5, BC, and temperature are well-correlated because BC is a constituent of 

PM2.5 and a key driver of short-term temperature change. Figure 4.6 shows that the modeled 

short-term temperature changes, though mostly driven by SLCF reductions, also scale with 

changes in CO2e. These are reductions for all counties except Thailand and Myanmar (not 

shown). CO2e is a more robust indicator of long-term temperature impacts. The generally linear 

relationship between ΔCO2e and ΔT is moderated by several factors. For example, variation in 

the fraction of non-renewable biomass (fNRB), a geographically-specific parameter 

characterizing the sustainability of woodfuel demand (see Appendix C Section 6), has a strong 

influence on ΔCO2e. Further, the varying relative contributions of CH4 and CO2 to total CO2e 

reductions (Table C10) affects this relationship, as warming from CH4 is more strongly 

associated with annual emission changes than warming from CO2, which is well-understood to 

be a function of cumulative emissions. 

4.4 Discussion  

We have analyzed emissions and climate impacts of global transitions from BAU to clean 

residential cooking fuels in 77 countries. Over half of the population in our sample used either 

LPG (48%) or electricity (6%) as a primary cooking fuel in 2018. Our BAU scenario projects 

increases in the primary use of LPG (58%) and electricity (10%) by 2040, with polluting fuels 

decreasing in the same proportion. However, the rate of charcoal use doubles from 3% to 6% of 

the population, driven by expansion in Africa, where the number of people using charcoal as a 

primary fuel increases by nearly 220 million. Similarly, while global dependence on biomass 

decreases, in Africa the population using it increases by nearly 190 million.  

Under BAU, overall emissions of most health-damaging pollutants decrease, though the 

reductions are modest. Health and environmental impacts decline by 2040, particularly in Asia, 

but we estimate over 700 million people across the region would still use polluting fuels. In 

addition, negative health and climate impacts will increase substantially in Africa as the use of 

polluting fuels expands. Increasing the pace of LPG/electricity cooking transitions will lead to 

large global benefits. However, in the absence of major investments and shifts in policy, full 

transitions to such clean fuels by 2040 is only likely to occur in a handful of countries included 

in this analysis (Stoner et al., 2021). Achieving universal adoption of LPG and/or electricity for 
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cooking would entail meeting multiple challenges (Banerjee et al., 2016; Kimemia & Annegarn, 

2016) and require substantial investment (SEforAll, 2021). To date, investment has been slow, in 

part because of donor fears that financing expanded access to fossil-derived LPG sends the 

“wrong message” or will harm the climate. This analysis demonstrates that continuing along a 

BAU trajectory results in larger emissions of both SLCFs and well-mixed GHGs than a shift to 

LPG and/or grid-based (also largely fossil-derived) electricity. Moreover, despite large 

uncertainties in near-term temperature change (Figure 4.5), if we extend median trends into the 

future, the transitions from BAU pathways to LPG (and/or electricity) will likely result in net 

cooling while also essentially eliminating the sector’s HAP emissions and associated health 

risks.  

Incremental changes, illustrated by our Intermediate scenario, result in modest reductions 

in climate forcers and negligible short-term temperature impact relative to BAU. In contrast, full 

transitions to LPG and/or electricity result in near elimination of the strongest SLCFs resulting in 

4.7-5.2 millikelvins near-term cooling compared to BAU as well as substantial reductions of 

well-mixed GHGs that would contribute to long-term cooling. The same transitions result in near 

elimination of PM2.5. Under some scenarios, emissions of NOx or SOx increase, but the health 

benefits of zeroing out PM2.5 emissions from household sources would far outweigh the impacts 

of additional NOx and SOx. This is a rare example in which a fossil fuel-based energy transition 

can mitigate short- and long-term climate change while bringing large co-benefits: reduced 

health risks, time savings, and other social benefits associated with access to clean cooking 

options. 

As with any complex modeling effort, our study has several limitations. Upstream 

emissions for most fuel pathways were taken from GREET, which is a life cycle model 

parameterized for fuels used in the US (Argonne National Laboratory, 2021). We made changes 

to reflect global conditions (Appendix C Section 5), but the resulting emission factors may be 

inaccurate. The same applies to end-use emissions. In addition, we use total life cycle emissions 

as a proxy for health risk, but this does not consider that upstream emissions result in different 

exposures than end use emissions. 

The fNRB data used in this analysis is the only available global estimate of woody 

biomass renewability. There are numerous sources of uncertainty in the models used to derive 

fNRB, which may over- or underestimate net CO2 emissions from woodfuels (Bailis et al., 
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2015). In addition, fNRB is held constant in these scenarios; however, it is a function of 

woodfuel demand among other factors. In the full transition scenarios, as woodfuel demand 

decreases, fNRB should also decrease, leading to higher rates of regeneration and larger climate 

benefits from those transitions.  

The FaIR model is a reduced-complexity climate model calibrated to an ensemble of 

observationally-constrained climate model simulations to estimate the range of plausible climate 

response (C. J. Smith et al., 2018). However, impacts of SLCFs vary depending on source 

location (Kodros et al., 2015b) and the radiative forcing response to emissions of aerosol species 

is highly uncertain.  

There is increasing interest in cooking with electricity from decentralized sources 

(ESMAP, 2020b), which was not explored in this analysis. Off-grid options have become more 

feasible as the costs of renewable energy generation and storage have decreased and more 

efficient and inexpensive appliances like induction stoves and electric pressure cookers have 

become accessible (ESMAP, 2020a).  

4.5 Conclusion 

To our knowledge, this is the first study to examine emissions reductions and climate 

impacts of global clean cooking transitions in LMICs from polluting fuels to LPG and electricity. 

Under BAU conditions, HAP emissions decline modestly between 2018 and 2040, driven by a 

transition already underway in parts of Asia. However, in Africa, the population relying on 

polluting fuels will grow in the absence of substantial interventions. A full transition to LPG will 

lead to drastic reductions in emissions of nearly all climate-forcing and health-damaging 

pollutants, and possibly contribute to a small reduction in global temperature relative to the BAU 

scenario. A transition to grid electricity would require larger investment but have a similar result. 

Thus, a rapid transition to LPG and/or electricity will reduce health risks for over 2 billion 

people, by reducing household exposures and addressing a major contributor to ambient air 

pollution. Transitions are also likely to result in both near- and long-term cooling. Larger climate 

benefits would result from transitioning to clean fuels with lower life-cycle carbon emissions 

than conventional LPG and grid-based electricity such as bio-LPG, bioethanol, or 100% 

renewable electricity. However, it is unclear if these options can be scaled-up at the same rate as 

fossil-based LPG or grid expansion.  
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Chapter 5: Conclusions 

5.1 Findings and implications 

 This chapter provides high-level overviews and summarizes key findings from my 

dissertation 

5.2 Chapter 2 

5.2.1 Summary:  

 In this chapter, we used a Quantitative Microbial Risk assessment (QMRA) and 

exposure-response curves to calculate the DALYs for a range of conditions, including different 

levels of water boiling effectiveness, source water qualities, and Household Air Pollution levels. 

We used literature-derived distributions of the relevant Household Air Pollution, Quantitative 

Microbial Risk Assessment, and demographic parameters as inputs.  The QMRA calculates the 

DALYs from drinking water contaminated by fecal matter before and after treatment by boiling. 

The air risk module uses an indoor box model to quantify the PM2.5 concentrations for different 

stoves and a modified form of the Household Air Pollution intervention Tool to quantify the 

DALYs associated with Household Air Pollution under various scenarios. We selected Uganda 

and Vietnam as case study countries. 

5.2.2 Key Findings: 

1. In most of the scenarios, the benefits of clean water outweigh the impacts of household 

air pollution from boiling that water. 

2. A larger share of the DALYs come from children under 5 years in Uganda compared to 

Vietnam, because of the higher number of children per household in Uganda 

3. For the scenario of a household that is already cooking on a stove, and boils water as 

well, if the water was boiled with at least the “low field” effectiveness, the decrease in 

drinking water DALYs from boiling was greater than the increase in household air 

pollution DALYs 

4. In the case that a household was not cooking, but started boiling water, higher log 

removal values are needed to offset DALYs from HAP from a traditional wood stove. 
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5.2.3 Implications  

1. Our results suggest that boiling medium- and high-risk drinking water typically yields a net 

health benefit, implying that interventions that promote boiling have a net health benefit. 

However, it is important to consider the stove type and if cooking occurs in the home to 

understand if it provides a net benefit. 

2. When high polluting stoves and no cooking activities take place in a home, there can be a net 

negative impact from boiling. This shows the importance of assessments which jointly 

consider the health impacts of drinking water and air quality.  

3. Our results show a significant reduction in HAP DALYs from a transition to clean fuels. This 

shows the importance of policies promoting clean stoves, which can improve air quality and 

reduce the health impacts of boiling drinking water.  

4. Boiling effectiveness, which varies widely, is key in determining whether boiling has a net 

health benefit. Future research should focus on how to improve boiling effectiveness in real-

world settings. 

5.3 Chapter 3 

5.3.1 Summary: 

 In this chapter, we evaluated data from a cross-sectional field study that took place in 

Bangwe, peri-urban Blantyre, Malawi, during the Winter and dry season from June to July 2024. 

The household survey included validated insecurity scales related to food, water, and energy use. 

We also asked questions on demographics, WaSH, food access, energy use, health, and hygiene. 

We collected samples of drinking water for children under 5 and stored food samples for 

children (or adults if not available). We enumerated E. coli concentrations in the food and water 

samples using IDEXX. We calculated the number of households experiencing mild and 

moderate/severe food insecurity. For water, we ran a Generalized Estimating Equation, and used 

a chi-squared, Fisher’s exact, t-test, and Pearson correlation to determine significance, and a p-

value <0.05 was considered significant. 

5.3.2 Key Findings: 

1. Households primarily used charcoal and improved water sources. However, few households 

treated or boiled their water, but many warmed water. 
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2. Most households experienced both food and energy insecurity, and a small fraction 

experienced all three. 

3. Energy and food-insecure households were more likely to have contaminated drinking water. 

4. Water insecure households are more likely to use secondary sources, report water supply 

interruption, and lack sufficient water 

5. Energy secure households are more likely to heat water daily, heat water with clean fuels, 

have electricity at least 5 days a week, have piped water, and own a refrigerator 

5.3.3 Implications: 

1. Though our study location was relatively water secure, households still experienced high 

food and energy insecurity, showing that different resource securities don’t occur 

simultaneously, but sometimes correlate. This shows the importance of interventions that 

consider all three insecurities together, rather than individually. 

2. Energy and food insecurity were associated with decreased water contamination, showing the 

importance of considering insecurities across different domains. Future research should 

consider how insecurities impact different contamination levels. 

3. Water contamination was not associated with water insecurity, showing that addressing water 

security alone may not decrease the contamination of the water. Safer buffers to water 

insecurity, which don’t increase contamination, should be researched. 

4. Many households heated water for bathing and tea, frequently using clean fuels to do this, 

but did not boil water, showing the potential for promoting clean fuels for water heating, and 

that comfort took priority over safety. 

5. There are similar coping mechanisms for different behaviors, for example, water-insecure 

households use multiple water sources while energy-insecure households use multiple stoves, 

suggesting opportunities to address these in parallel 

5.4 Chapter 4 

5.4.1 Summary: 

 In this chapter, we looked at several fuel transition scenarios for replacing solid fuels 

with clean fuels. The Business as Usual scenario assumed that past rates of change in primary 

household cooking fuel choices are extended into the future. The Full transition to LPG scenario 

assumes that households using polluting fuels transition steadily to LPG such that use of 
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polluting fuels falls to zero by 2040 and that any electricity use at baseline evolves as in the BAU 

scenario. The full transition to LPG and electricity uses electricity as the main transition, while 

allowing BAU rates of LPG to continue. The full transition to electricity assumed 100% cooking 

with electricity. The intermediate scenario assumes BAU rates for each clean option increase by 

50%. Emissions from upstream processes were derived from the Greenhouse Gas Regulated 

Emissions and Energy Use in Transportation (GREET) model. Electricity production data were 

taken from World Bank Indicators and International Energy Agency statistics. Other emissions 

were taken from emission inventories. Climate impacts were estimated using the Finite 

Amplitude Impulse Response (FaIR) simple climate model, with RCP4.5 as the baseline 

scenario. 

5.4.2 Key Findings: 

1. PM2.5 emissions decline under a BAU scenario, but under full transitions to either LPG or 

electricity, PM2.5 emissions from residential cooking are nearly eliminated. 

2. NOx emissions increase under a BAU scenario while SOx decrease. Under the intermediate 

transitions and full transition scenarios, NOx emissions increase because of increased LPG 

consumption.  

3. Well-mixed greenhouse gases decrease under the full transition scenarios relative to the 

BAU scenarios. 

4. The intervention scenarios result in reduced climate forcing. 

5.4.3 Implications: 

1. Despite the upstream emissions, full transitions to LPG and electricity for cooking will lead to 

climate and health benefits, suggesting that transitions to these fuels should be encouraged. 

2. The intermediate transition scenarios result in modest reductions in climate forcers and 

negligible short-term temperature impacts relative to BAU, while full transitions to LPG and 

/or electricity result in the near elimination of the strongest SLCFs and GHGs, indicating the 

importance of full transition scenarios. 

3. For the scenarios in which emissions of NOx and SOx increase, the health benefits of 

removing PM2.5 far outweigh the impacts of additional NOx and SOx, highlighting the 

importance of considering tradeoffs of different pollutant reductions and increases with stove 

interventions.  
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4. A rapid transition to LPG and/or electricity will reduce the health risks for over 2 billion 

people, implying that a rapid transition to LPG/electricity should be encouraged. 

5.5 Overarching Conclusions 

My dissertation research highlights the need to understand the intersections and trade-offs 

of different household energy interventions across different domains. For my two modeling 

studies, we found that boiling drinking water and transitioning to LPG and/or electricity for 

cooking led to next benefits in most scenarios. For boiling water, there were net health benefits 

for medium- and high-risk water even when using a higher-emitting stove. Transitioning to LPG 

and electricity for cooking showed a significant reduction in health and climate-relevant 

pollutants.  

However, when we conducted a field study looking at food, energy, and water insecurity, 

and its connection with stored food and drinking water microbial contamination and household 

behaviors and access, we found that only one household used biogas, no households used LPG, 

and only 6 used electricity for cooking, and 18 for water heating. Only two households reported 

boiling drinking water. In addition, clean cooking and boiling drinking water were not associated 

with energy security. This shows that interventions of clean cooking and boiling water might be 

more complicated, even beyond energy access.  

Additionally, we found that energy insecurity impacts water and food contamination, 

showing that energy insecurity impacts a household’s well-being beyond the domain of energy.  

In our study, households experienced overlapping insecurities, with the majority being both 

energy and food-insecure (52%). However, there was no clear explanation of this connection 

between water contamination and food and energy insecurity.  

5.6 Future research 

Future research should focus on clarifying the connection between water contamination 

and food and energy insecurity.  Further measurements of the contamination of various 

household water sources and food practices could help explain the connection. For example, it’s 

possible that heating water (though not fully boiling it) reduced some microbial contamination. 

Additionally, the low prevalence of boiling in our study site in Malawi shows the challenges of 

promoting this as a practice, even when there is a net health benefit. Further research on boiling 

should take place where boiling occurs and should focus on measuring air pollution 
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concentrations and diarrhea incidence, and researching barriers to water boiling. For the clean 

fuel transition for cooking, although we showed that transitioning to electricity or LPG for 

cooking can yield significant health and climate impacts, it is unclear if this is feasible on a large 

scale. Though some countries are implementing plans to increase LPG use (Asante et al., 2018; 

Gaikwad et al., 2024; Gould et al., 2024; Thoday et al., 2018; Yetano Roche et al., 2024), further 

research could focus on the cost and feasibility of scaling this up globally, especially in countries 

with high biomass use, and no government plan or subsidies for increasing the use of LPG for 

cooking. For example, in our field study in Malawi, none of the households used LPG, showing 

the challenges of widespread adoption of this cooking fuel. Additionally, the connections 

introduced in this thesis could be explored further. For example, the feasibility of using LPG for 

boiling drinking water and heating food could be explored, or the climate impacts of a 

widespread intervention to boil drinking water with solid fuels.  
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Appendix A:  Supplementary material for Chapter 2 

 

A.1. Tables 

Table A 1 Parameters Needed for Models 

IAP Model QMRA Model Demographics 

Drinking water consumed 

Fuel emission factor 

Fuel Heating value 

Stove power 

Thermal Efficiency 

E. coli level in drinking 

water 

Dose response parameters of 

pathogens 

Burden of disease for each 

pathogen 

probability of illness 

percent susceptible   

boiling effectiveness 

Number of people in 

household 

Number of cooks, noncooks, 

and children per household 

Fraction of population which 

is under 5 

Life Expectancy men 

Life Expectancy women 

Percent solid fuel users 
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Table A 2 Literature Review of Log Reduction Values of E. coli, TTC, and FC  

CountryCitation E. colia TTC FC 
Value used in 

presented results 

Laboratory (1 

minute, 

75oC)(Sanciolo et 

al., 2015) 

6.00     

Yes 

Tanzania 

1(Mohamed et al., 

2016) 

  2.50   

No 

Tanzania 

2(Mohamed et al., 

2016) 

  2.19   

No 

India(T. Clasen & 

Rosa, 2017) 
    2.02 

No 

Cambodia surface 

water(Sobsey & 

Brown, 2012) 

2.00     

Yes 

Vietnam <2 hr(T. 

Clasen, Thao, et 

al., 2008) 

  1.95   

No 

Cambodia 

rain(Sobsey & 

Brown, 2012) 

1.90     

No 

Cambodia 

uncovered(Sobsey 

& Brown, 2012) 

1.90     

No 

Cambodia 

pour(Sobsey & 

Brown, 2012) 

1.90     

No 
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Table A2 (continued) 

Vietnam flask(T. 

Clasen, Thao, et 

al., 2008) 

  1.89   

No 

Indonesia(Sodha 

et al., 2011) 
  1.88   

No 

Vietnam 2-4hr(T. 

Clasen, Thao, et 

al., 2008) 

  1.81   

No 

Cambodia 

Covered(Sobsey & 

Brown, 2012) 

1.80     

No 

Cambodia 

Dipping(Sobsey & 

Brown, 2012) 

1.80     

Yes 

Tanzania 

3(Mohamed et al., 

2016) 

  1.50   

No 

Cambodia 

Well(Sobsey & 

Brown, 2012)  

1.50     

Yes 

Vietnam 4-8 hr(T. 

Clasen, Thao, et 

al., 2008) 

  1.45   

No 

Vietnam 8-16 

hr(T. Clasen, 

Thao, et al., 2008) 

  1.29   

No 

Vietnam  Jug(T. 

Clasen, Thao, et 

al., 2008) 

  1.27   

No 
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Table A2 (continued) 

Vietnam Alum. 

vessel(T. Clasen, 

Thao, et al., 2008) 

  1.24   

No 

Vietnam 16-24 

hr(T. Clasen, 

Thao, et al., 2008) 

  1.10   

No 

Guatemala(Rosa et 

al., 2010) 
  0.88   

No 

Vietnam >24 hr(T. 

Clasen, Thao, et 

al., 2008) 

  0.83   

No 

China Electric 

kettle(Cohen & 

Colford, 2017) 

  0.56   

Yes 

Peru Urban Visit 

2(Rosa, 

Huaylinos, et al., 

2014) 

  0.44   

No 

China Pot(Cohen 

& Colford, 2017) 
  0.37   

No 

Peru Urban 

3(Rosa, 

Huaylinos, et al., 

2014) 

  0.36   

No 

Peru Urban 

1(Rosa, 

Huaylinos, et al., 

2014) 

  0.14   

No 
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Table A2 (continued) 

Peru Rural 2(Rosa, 

Huaylinos, et al., 

2014) 

  0.09   

No 

Peru Rural 3(Rosa, 

Huaylinos, et al., 

2014) 

  0.07   

No 

Peru Rural 1(Rosa, 

Huaylinos, et al., 

2014) 

  0.06   

Yes 

Zambia same 

day(Psutka et al., 

2011a) 

  -0.17   

No 

Zambia(Psutka et 

al., 2011a) 
  -0.26   

Yes 

 

a All values were converted to E. coli for comparison in the model. The righthand column shows 

the selected values presented in the results. Table continues over 3 pages. 
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Table A 3 Parameters Varied in the Sensitivity Analysis for Household Air Pollution 

ParameterCitation Unit Minimum Mean Maximum 

Air Exchange 

Rate(McCracken & 

Smith, 1998; Parajuli et 

al., 2016; Park & Lee, 

2003) 

Hour^-1 1.39 10.4 24.9 

Volume(Huboyo et al., 

2018; Jagger et al., 

2017; Johnson et al., 

2011) 

Meter^3 3 30 100 

Daily Cooking 

Energy(Johnson et al., 

2011) 

MJ 1.87 10.84 45.85 

Daily water consumed 

and boiled(Del Razo et 

al., 2002; Hossain et al., 

2013; Kile et al., 2007) 

Liters 0.67 2.55 6.10 

Stove Efficiency(Obeng 

et al., 2017; Shen et al., 

2018; Wathore et al., 

2017) 

Percent 10 14 19 

Fuel Emission 

Factor(Champion et al., 

2020; Shen et al., 2018; 

Weyant, Chen, et al., 

2019) 

g/kg 3.98 7.00 11.76 

Stove Power(Champion 

et al., 2020; Obeng et 

al., 2017; Shen et al., 

2018) 

MJ/hour 0.64 4.9 34 
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Table A3 (continued) 

Fuel Heating 

Value(Brouwer et al., 

1996; Champion et al., 

2020; Panigrahy et al., 

2016) 

MJ/kg 13.5 19.49 45.780 

Exposure to 

concentration ratios 

(Pillarisetti et al., 2015; 

Shupler et al., 2018) a  

Fraction 0.33 0.35 0.74 

a The uncertainty values for the exposure to concentration ratios are based on the uncertainty 

range for PM2.5 exposure to women. The uncertainty ranges for children and men also fall within 

this range, so this range is representative of all household members in the sensitivity analysis  
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Table A 4 Parameters Used in the Sensitivity Analysis of the Water Risk Module  

ParameterCItation Unit Minimum Mean Maximum 

Age at Death(World 

Health Organization, 

2023) 

# 1 66.7 90 

E. coli level 

(literature 

based)(Bivins et al., 

2017) 

MPN 9.02*10-7 1.66*10-1 116 

Log 

Reduction(Sobsey & 

Brown, 2012)  

Unitless -0.208 2 6 

K value 

(Cryptosporidium)(Bi

vins et al., 2017) 

Unitless 7.89*10-5 2.77*10-1 8.10 

Ratio 

Cryptosporidium to e. 

coli(Bivins et al., 

2017) 

Unitless 2.28*10-10 1.126*10-6 6.28*10-5 

Alpha value 

(rotavirus)(Bivins et 

al., 2017) 

Unitless 0.0382 0.25 1.7 

N fifty value 

(rotavirus)(Bivins et 

al., 2017) 

Unitless 0.653 8.24 58.16 

Ratio rotavirus to E. 

coli(Bivins et al., 

2017) 

Unitless 6.055*10-9 9.533*10-7 2.5*10-5 

Alpha Value 

(Campylobacter)(Biv

ins et al., 2017) 

Unitless 0.00022 0.155 6.96 
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Table A4 (continued) 

 

Nfifty value 

(Campylobacter)(Biv

ins et al., 2017) 

Unitless 41.30 1673 35554 

Ratio Campylobacter 

to E. coli(Bivins et 

al., 2017) 

Unitless 6.054*10-9 6.59*10-3 1.63 
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A.2. Figures 

 

Figure A 1 Example Air Pollution Box Model Run of 24 hour Fine Particulate Matter (PM2.5) 

Concentration.  
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Figure A 2 Sensitivity Analysis Showing the Net Difference in Total Disability Adjusted Life 

Years (DALYs) – Total DALYs (defined as the increase in air pollution DALYs from boiling 

water minus the decrease in DALYs from ) using the lowest, average, and highest values from the 

parameter distributions, with the average values as a baseline. Exp to conc = Exposure to 

concentration ratio. Log red. = Log reduction value. Water vol = Water volume. Air ex. = Air 

exchange rate. Heat v. = Heat value. Emission f. = Emission factor. Eff. = Efficiency. 

Crypto=Cryptosporidium. Rota= Rotavirus. Camp = Campylobacter.  
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Figure A 3 Sensitivity Analysis For Water Disability Adjusted Life Years (DALYs) - Showing the 

Water DALYs (drinking water DALYs after boiling water compared to before boiling) using the 

lowest, average, and highest values from the parameter distributions, with the average values as 

a baseline. Log red. = Log Reduction Value. Water vol. = water volume.   



 

151 

 

 

Figure A 4 Sensitivity Analysis for Water Disability Adjusted Life Years (DALYs): Pathogen 

Specific Parameters – Showing the Water DALYs (drinking water DALYs after boiling water 

compared to before boiling) using the lowest, average, and highest values from the parameter 

distributions, with the average values as a baseline. Crypto = Cryptosporidium. Rota= 

Rotavirus. Camp = Campylobacter.   
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Figure A 5 Sensitivity Analysis Showing in Air Disability Adjusted Life Years (DALYs) (DALYs 

from boiling water and cooking compared to just cooking) using the lowest, average, and highest 

values from the parameter distributions, with the average values as a baseline.  
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Appendix B: Supplementary material for Chapter 3 

B.1. Tables & Figures 

Table B 1 Household socioeconomic, water, sanitation, energy, and food insecurity indicators 

from the present study compared with data for Malawi from past studies or reports. 

Item Our study Comparison 

Daily income 

$17.05 USD weekly per 

capita expenditure 

($2.45/day) 

·       above $1.90/day poverty line, below 

$3.20/day lower-middle-income threshold (World 

Bank Group, 2021). 

Fuel 97% charcoal use 
75% use charcoal in urban areas of Malawi (World 

Bank Group, 2022). 

Water 
83% improved water 

sources 
52.4% urban Malawi (UNICEF & WHO, 2024). 

Electricity 69% had grid access  15% nationally (Jagger et al., 2022). 

Water Treatment 

13% used 

bleach/chlorine 

2% boiled 

85% did not treat or 

accounted for unsure. 

30.67% reportedly treat, 23.2% use adequate 

methods for improved sources, 34.38% reportedly 

treat for unimproved water sources, and 26.82% 

reportedly use adequate methods (Geremew & 

Damtew, 2020) 

Latrine ownership 99% owned latrines 85.3% in Malawi (National Statistics Office, 2019) 

Education 

71% completed 

primary or higher; 

13.5% illiterate despite 

some schooling. 

90% literacy in Blantyre City, 75% in Blantyre 

District (National Statistics Office, 2019) 

Household 

composition 

2.7 adults, 1.4 children, 

and 1.2 children under 

age 5. 

Average household size of 4.4 in Malawi (National 

Statistics Office, 2019) 
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Table B1 (continued) 

Urban versus 

Rural 

Study location is peri-

urban, but sometimes 

defined as urban and 

exhibited urban 

characteristics(Kaonga 

et al., n.d.; National 

Planning Commision, 

n.d.; National 

Statistical Office, 2019; 

United Nations Human 

Settlements Programme 

(-, 2011) 

19% of Malawi’s population is urban (World 

Bank Group, 2024) 

Drinking water 

contamination 

60.6% of water had low 

or very low risk levels of 

E. coli 

Water collected in the dry season at the point of 

consumption was low or very low risk (71%). 

Water at the source was less contaminated than 

point of consumption (Cassivi et al., 2021).  

Stored food 

contamination 

44% of samples had E. 

coli over 2 MPN per dry 

gram food. 

48% of food samples have E. coli (S. Taulo et al., 

2008) 



 

158 

 

 

 

 

Figure B 1 Venn diagram showing the proportion of households experiencing each category of 

insecurity using the mild cutoffs, with energy insecurity red (large dashed lines), food insecurity 

green (solid dashed lines), and water insecurity blue (small dashed lines). The size of the ovals 

represents the relative size of each category.  
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Table B 2 Overlap of food, energy, and water insecurity among households, using a mild and 

moderate/severe cutoff. Values shown are the number of households, followed by the percent. 

The categories show the co-occurrence of insecurities, followed by households only experiencing 

one type of insecurity, and the total number of households experiencing each type of insecurity.  

Insecurity Group Mild Moderate/Severe 

Food-Energy-Water 88 (37%)  19 (8%) 

Food-Water  6 (3%) 2 (1%) 

Food-Energy  100 (42%) 124 (52%) 

Energy-Water  3 (1%) 1 (4%) 

Food only  8 (3%) 42 (18%) 

Water only 2 (1%) 1 (0.4%) 

Energy only 9 (4%) 6 (3%) 

Food total 202 (85.2%) 187 (78.9%) 

Water total 99 (41.8%) 23 (9.7%) 

Energy total 200 (84.4%) 150 (63.3%) 

None  21 (9%) 42 (18%)  
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Table B3 Comparison of food, energy, and water insecurity in this study and other studies 

 

Item Comparison Reference 

Food Insecurity 
Southern region mean 15.96, Central 12.50, 

North mean 8.91  

(Banda et al., 

2025) 

Energy Insecurity 
Different methodology, but 42.5% of 

households were energy insecure 

(Mkomba et al., 

2021) 

Water Insecurity 
Mean HWISE scores of 4.0 and 5.83 in 

Lilongwe  

(Shah et al., 

2023; Stoler et 

al., 2021) 

Food & Energy 

Insecurity 

A study in Malawi showed that energy insecure 

households reduced their food consumption by 

2.3% for each 1% unit increase in the share of 

energy costs of their total household budget  
 

(Mkomba et al., 

2021) 

Food & Energy 

Insecurity 

A study in South Africa also found that energy 

insecurity and food insecurity were connected  

(Ningi et al., 

2022) 

Food & Energy 

Insecurity 

In Cambodia, a study found that a household 

will likely reduce its food consumption by 

about 4.1% for every 1% increase in the share 

of energy expenditure 

 (Phoumin & 

Kimura, 2019) 

Food & Energy 

Insecurity 

in the United States found that compared to 

children with energy security, children with 

moderate energy insecurity had greater odds of 

household food insecurity and child food 

insecurity  

(Cook et al., 

2008) 
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Table B3 (continued) 

Food & Energy 

Insecurity 

in the US found that in cold weather, there was 

a significant reduction in caloric intake among 

both children and adults and poor families, and 

poor families spent less on household fuel than 

wealthy families, and households struggled to 

afford heat and food 

(J. Bhattacharya 

et al., 2003) 

Food & Energy 

Insecurity 

Low-income households and households with 

elderly people, experiencing substantial 

seasonal differences in the incidence of very 

low food security in areas with high heating 

costs and high summer cool costs, showing the 

importance of understanding the tradeoffs 

households make between heating and cooling 

costs and other basic needs impacting food 

security  

(Nord & Kantor, 

2006) 

Water and food 
. Household water insecurity has been found to 

be strongly associated with food insecurity 

(Brewis et al., 

2020; Broyles et 

al., 2024) Unlike  

Water and food 

insecurity 

Unlike a Kenya pastoralist study which focused 

on a self-sufficient population, fewer in this 

sample experienced food and water insecurity 

simultaneously. 

 
 

(Bethancourt et 

al., 2023) 

Water and food 

insecurity 

Food and water insecurity found to occur 

concurrently in the United States 

(Rosinger & 

Young, 2024) 

Water & Energy 

Insecurity 

Water and energy insecurity correlation has not 

been previously studied in SSA, but parallels 

exist in Alaska and the U.S.  

(Eichelberger, 

2010; Cook et 

al., 2008) 
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Table B3 (continued) 

Water, Food, and 

Energy Insecurity 

PR-FEW Index for Malawi: food = 0.37, energy 

= 0.18, water = 0.24 (Nkiaka et al., 2021).A 

study which looked at food, water, and energy 

insecurity using a different scale found Malawi 

had the highest energy and water insecurity, but 

was not among the highest for food insecurity 

(Nkiaka et al., 

2021) 
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Table B4 Frequency of food, energy, and water insecurity experiences in the past four weeks. 

Items are shaded and labeled by insecurity domain (Food, energy, or water), and the label and 

full question are provided. Response categories are reported as the percentage of households 

selecting 0 (never), 1 (rarely), 2 (sometimes), or 3 (often), followed by mean scores for each 

item. 

Security Label Question 0 1 2 3 Mean 

Food Pref 

In the last 4 weeks, how frequently were you or any household 

member not able to eat the kinds of foods you preferred 

because of a lack of resources? 

23% 24% 31% 22% 1.52 

Energy Lack 

In the last four weeks, how frequently have you or anyone in 

your household lacked enough money to buy fuel (including 

electricity, gas, charcoal, wood, etc.)? 

26% 21% 29% 24% 1.51 

Energy Expense 

In the last 4 weeks, how frequently did you reduce your 

expenses for what you consider to be basic household 

necessities because there was not enough money to pay for 

these and to pay for your home fuel? 

26% 21% 32% 21% 1.49 

Energy Worry 

In the last four weeks, how frequently did you worry that your 

stored fuel (electric power or LPG, charcoal or wood) will be 

used up before you get money to refill?  

22% 29% 30% 19% 1.47 

Food 
Not 

Want 

In the last 4 weeks, how frequently did you or any household 

member have to eat some foods that you really did not want to 

eat because of a lack of resources to obtain other types of 

food?  

23% 28% 30% 19% 1.45 

Food Worry 
In the last 4 weeks, how frequently did you worry that your 

household would not have enough food? 
29% 22% 30% 19% 1.39 

Food Variety 

In the last 4 weeks, how frequently did you or any household 

member have to eat a limited variety of foods due to a lack of 

resources? 

28% 30% 25% 18% 1.32 

Energy Reduce 

 In the last four weeks, how frequently did you or anyone in 

your household reduce fuel consumption to uncomfortable or 

inconvenient levels because you were running out of money to 

buy fuel? 

36% 19% 27% 18% 1.27 

Food Smaller 

In the last 4 weeks, how frequently did you or any household 

member have to eat a smaller meal than you felt you needed 

because there was not enough food?  

30% 29% 27% 14% 1.26 

Energy Lighting 
In the last four weeks, how frequently did you use your stove, 

open fire, or candle for lighting at home? 
37% 22% 23% 19% 1.23 

Food Fewer 

In the last 4 weeks, how frequently did you or any household 

member have to eat fewer meals in a day because there was not 

enough food? 

36% 23% 24% 17% 1.22 

Energy 
Used 

Up  

In the last four weeks, how frequently did your household fuel 

(electricity, gas, charcoal, wood, etc.) get used up so you didn’t 

have anymore? 

33% 28% 27% 12% 1.19 

Energy Switch 

In the last four weeks, how frequently did you or anyone in 

your household switch to a cheaper fuel source because you 

were running out of money to buy fuel? 

39% 21% 27% 12% 1.13 
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Table B4 (continued) 

Food None 

In the last four weeks, how frequently was there ever no food 

to eat of any kind in your household because of lack of 

resources to get food?  

50% 19% 21% 9% 0.89 

Water Worry 

In the last 4 weeks, how frequently did you or anyone in your 

household worry you would not have enough water for all of 

your household needs?  

55% 18% 20% 7% 0.78 

Food Bed 

In the last 4 weeks, how frequently did you or any household 

member go to sleep at night hungry because there was not 

enough food? 

57% 17% 18% 8% 0.76 

Food Day 

In the last 4 weeks, how frequently did you or any household 

member go a whole day and night without eating anything 

because there was not enough food? 

66% 14% 16% 4% 0.59 

Water Inter 

In the last 4 weeks, how frequently has your primary water 

source been interrupted or limited (e.g. water pressure, less 

water than expected, river dried up)? 

68% 15% 12% 5% 0.55 

Water Clothes 
In the last 4 weeks, how frequently have problems with water 

meant that clothes could not be washed?  
72% 10% 14% 5% 0.51 

Water Plans 

In the last 4 weeks, how frequently have you or anyone in your 

household had to change schedules or plans due to problems 

with your water situation?  

72% 16% 10% 3% 0.44 

Water Angry 
In the last 4 weeks, how frequently did you or anyone in your 

household feel angry about your water situation? 
78% 11% 6% 5% 0.38 

Water Drink 

In the last 4 weeks, how frequently has there not been as much 

water to drink as you would like for you or anyone in your 

household? 

78% 12% 7% 3% 0.34 

Energy Leave 

In the last four weeks, how frequently did you or anyone in 

your household leave your home for all or part of the day 

because there was no fuel at home for cooking, ironing, 

lighting, heating, or entertainment?  

78% 12% 7% 3% 0.34 

Water Food 

In the last 4 weeks, how frequently have you or anyone in your 

household had to change what was being eaten because there 

were problems with water (e.g., for washing foods, cooking, 

etc.)? 

84% 10% 5% 2% 0.25 

Water None 
In the last 4 weeks, how frequently has there been no usable or 

drinkable water whatsoever in your household? 
87% 10% 2% 1% 0.18 

Water Body 

In the last 4 weeks, how frequently have you or anyone in your 

household had to go without washing their body because of 

problems with water (e.g., not enough water, dirty, unsafe)? 

88% 8% 3% 1% 0.17 

Water Hands 

In the last 4 weeks, how frequently have you or anyone in your 

household had to go without washing hands after dirty 

activities (e.g., defecating or changing diapers, cleaning animal 

dung) because of problems with water? 

91% 5% 3% 0% 0.13 
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Table B4 (continued) 

Water Shame 

In the last 4 weeks, how frequently have problems with water 

caused you or anyone in your household to feel 

ashamed/excluded/stigmatized? 

95% 3% 2% 1% 0.10 

Water Sleep 

In the last 4 weeks, how frequently have you or anyone in your 

household gone to sleep thirsty because there wasn’t any water 

to drink? 

95% 4% 0% 1% 0.08 

 

 

 

Figure B 2 Scree plot from the principal component analysis (PCA) of insecurity scares. The 

bars show the percentage of variance explained by each dimension. Using the scree plot, we 

used the first two dimensions in our principal component analysis. 
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Table B5 Survey items used to assess household food, water, and energy insecurity. Each row 

lists the domain, variable name, a simplified label, and a full survey question. Food insecurity 

questions are from the Household Food Insecurity Access Scale (Coates et al., 2007), Energy 

insecurity questions are from the Household Energy Insecurity Scale (Boateng et al., 2020b), 

and water insecurity from the Household Water Insecurity Experiences scale (Young et al., 

2019b). 

Item Variable 
Simple 

Description 
Full Question 

Water hwise_worry 

Worry not 

enough water 

[HWISE Scale] In the last 4 weeks, how 

frequently did you or anyone in your household 

worry you would not have enough water for all of 

your household needs?  

Water hwise_clothes 

Not Wash 

Clothes 

[HWISE Scale] In the last 4 weeks, how 

frequently have problems with water meant that 

clothes could not be washed?  

Water hwise_plans 

change plans 

because of 

water 

[HWISE Scale] In the last 4 weeks, how 

frequently have you or anyone in your household 

had to change schedules or plans due to problems 

with your water situation? (Activities that may 

have been interrupted include caring for others, 

doing household chores, agricultural work, 

income-generating activities, sleeping, etc.) 

Water hwise_food 

change what 

was eaten 

[HWISE Scale] In the last 4 weeks, how 

frequently have you or anyone in your household 

had to change what was being eaten because there 

were problems with water (e.g., for washing 

foods, cooking, etc.)? 

Water hwise_hands 

go without 

washing 

hands 

[HWISE Scale] In the last 4 weeks, how 

frequently have you or anyone in your household 

had to go without washing hands after dirty 

activities (e.g., defecating or changing diapers, 

cleaning animal dung) because of problems with 

water? 
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Table B5 (continued) 

Water hwise_body 

go without 

washing body 

[HWISE Scale] In the last 4 weeks, how 

frequently have you or anyone in your household 

had to go without washing their body because of 

problems with water (e.g., not enough water, 

dirty, unsafe)? 

Water hwise_drink 

Not enough 

water to drink 

[HWISE Scale] In the last 4 weeks, how 

frequently has there not been as much water to 

drink as you would like for you or anyone in your 

household? 

Water hwise_angry 

feel angry 

about 

situation 

[HWISE Scale] In the last 4 weeks, how 

frequently did you or anyone in your household 

feel angry about your water situation? 

Water hwise_sleep Sleep thirsty 

[HWISE Scale] In the last 4 weeks, how 

frequently have you or anyone in your household 

gone to sleep thirsty because there wasn’t any 

water to drink? 

Water hwise_none 

no usable or 

drinkable 

water 

whatsoever 

[HWISE Scale] In the last 4 weeks, how 

frequently has there been no usable or drinkable 

water whatsoever in your household? 

Water hwise_shame 

problems 

result in 

feeling 

ashamed 

[HWISE Scale] In the last 4 weeks, how 

frequently have problems with water caused you 

or anyone in your household to feel 

ashamed/excluded/stigmatized?  

Water hwise_inter 

primary 

source 

interrupted or 

limited 

[HWISE Scale] In the last 4 weeks, how 

frequently has your primary water source been 

interrupted or limited (e.g. water pressure, less 

water than expected, river dried up)? 
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Table B5 (continued) 

Food hfias_worry 

worry about 

not enough 

[HFIAS] In the last 4 weeks, how frequently did 

you worry that your household would not have 

enough food? 

Food hfias_pref 

don't eat 

preferred 

foods 

[HFIAS] In the last 4 weeks, how frequently were 

you or any household member not able to eat the 

kinds of foods you preferred because of a lack of 

resources?  

Food hfias_variety 

eat limited 

variety foods 

[HFIAS] In the last 4 weeks, how frequently did 

you or any household member have to eat a 

limited variety of foods due to a lack of 

resources? 

Food hfias_not_want 

eat foods 

don't want 

[HFIAS] In the last 4 weeks, how frequently did 

you or any household member have to eat some 

foods that you really did not want to eat because 

of a lack of resources to obtain other types of 

food?  

Food hfias_smaller 

eat smaller 

meal 

[HFIAS] In the last 4 weeks, how frequently did 

you or any household member have to eat a 

smaller meal than you felt you needed because 

there was not enough food?  

Food hfias_fewer 

eat fewer 

meals day 

[HFIAS] In the last 4 weeks, how frequently did 

you or any household member have to eat fewer 

meals in a day because there was not enough 

food? 

Food hfias_none 

no food 

because lack 

resources 

[HFIAS] In the last four weeks, how frequently 

was there ever no food to eat of any kind in your 

household because of lack of resources to get 

food?  
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Table B5 (continued) 

Food hfias_bed 

go sleep at 

night hungry 

[HFIAS] In the last 4 weeks, how frequently did 

you or any household member go to sleep at night 

hungry because there was not enough food? 

Food hfias_day 

go whole day 

and night 

without eating 

[HFIAS] In the last 4 weeks, how frequently did 

you or any household member go a whole day and 

night without eating anything because there was 

not enough food? 

Energy energy_lack 

lacked enough 

money buy 

fuel 

[Energy scale] In the last four weeks, how 

frequently have you or anyone in your household 

lacked enough money to buy fuel (including 

electricity, gas, charcoal, wood, etc.)? 

Energy energy_reduce 

reduce fuel 

consumption 

uncomfortable 

levels 

[Energy scale] In the last four weeks, how 

frequently did you or anyone in your household 

reduce fuel consumption to uncomfortable or 

inconvenient levels because you were running out 

of money to buy fuel? 

Energy energy_switch 

switch 

cheaper fuel 

source 

[Energy scale] In the last four weeks, how 

frequently did you or anyone in your household 

switch to a cheaper fuel source because you were 

running out of money to buy fuel? 

Energy energy_expense 

reduce 

expenses no 

fuel money 

[Energy scale] In the last 4 weeks, how frequently 

did you reduce your expenses for what you 

consider to be basic household necessities 

because there was not enough money to pay for 

these and to pay for your home fuel? 

Energy energy_lighting 

Use stove/fire 

lighting 

[Energy scale] In the last four weeks, how 

frequently did you use your stove, open fire, or 

candle for lighting at home? 
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Table B5 (continued) 

Energy energy_worry 

Worry fuel 

used up 

[Energy scale] In the last four weeks, how 

frequently did you worry that your stored fuel 

(electric power or LPG, charcoal or wood) will be 

used up before you get money to refill?  

Energy energy_usedup 

fuel get used 

up 

[Energy scale] In the last four weeks, how 

frequently did your household fuel (electricity, 

gas, charcoal, wood, etc.) get used up so you 

didn’t have anymore? 

Energy energy_leave 

leave home no 

fuel 

[Energy scale] In the last four weeks, how 

frequently did you or anyone in your household 

leave your home for all or part of the day because 

there was no fuel at home for cooking, ironing, 

lighting, heating, or entertainment?  
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Table B6 Top ten variables for principal components 1 & 2, and their loading and absolute 

loadings 

Principal 

Component Rank Variable Loading 

Absolute 

Loading 

PC1 1 hfias_smaller 0.238752 0.238752 

PC1 2 hfias_fewer 0.23731 0.23731 

PC1 3 hfias_variety 0.235729 0.235729 

PC1 4 hfias_worry 0.234408 0.234408 

PC1 5 hfias_pref 0.230781 0.230781 

PC1 6 hfias_none 0.229191 0.229191 

PC1 7 hfias_bed 0.228368 0.228368 

PC1 8 energy_lack 0.224568 0.224568 

PC1 9 hfias_not_want 0.21556 0.21556 

PC1 10 energy_usedup_improved 0.212905 0.212905 

PC2 1 hwise_body -0.29483 0.294828 

PC2 2 hwise_plans -0.27389 0.273892 

PC2 3 hwise_hands -0.27347 0.273472 

PC2 4 hwise_clothes -0.2724 0.272396 

PC2 5 hwise_drink -0.27181 0.271805 

PC2 6 hwise_food -0.26146 0.261463 

PC2 7 hwise_worry -0.25821 0.258207 

PC2 8 hwise_none -0.25193 0.251928 

PC2 9 hwise_sleep -0.22906 0.229055 

PC2 10 hwise_angry -0.21208 0.212081 
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Figure B 3 Distribution of  E. coli contamination (log10 MPN/100 mL drinking water) in 

household drinking water by primary water source type, showing borehole, well/spring, other, 

bottled/vendor, and piped.  
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Figure B 4 Boxplots of household drinking water contamination (log10 E. coli MPN/100 mL 

drinking water), by water handling and source characteristics, including if the water was heated 

1 or 7 days, if the water was stored or not, and if the water came from a pipe or vendor.   

 

 

Table B7 Mean E. coli concentration (MPN/100 mL drinking water) in household drinking water 

by water handling and source characteristics. The P-value from a T-test comparing two means is 

shown, with a p-value less than 0.05, which is significant.  

 

Mean Log 10 MPN E. 

coli/100 mL 

Mean MPN E. 

coli/100 mL 
 

Variable 

Not 

Observed 
 Observed 

Not 

Observed 

 

Observed 
P-value 

Water Heating 7 days 0.693 0.919 4.93 8.31 0.132 

Any Water Heating (≥1 day) 0.737 0.782 5.46 6.05 0.797 

Water Storage -0.0482 0.8215 0.895 6.63 1.78E-06 

Water Source (Piped/Vendor) 0.519 1.275 3.30 18.83 1.48E-07 

Treating Water 0.957 0.733 9.06 5.41  0.505 
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Table B8 Generalized Estimating Equation (GEE) model results for drinking water 

characteristics and microbial contamination. The table shows the estimated coefficients, the 

standard errors, the confidence intervals, and p-values, with a p-value less than 0.05 considered 

significant. 

Term B SE Z 
P 

value 

CI 

B 

low 

CI 

B 

high 

OR 
OR 

low 

OR 

high 

(Intercept) 0.72 0.75 0.91 
3.40E-

01 
-0.76 2.19 2.05 0.47 8.93 

Storing water 1.30 0.50 6.80 
9.10E-

03 
0.32 2.28 3.68 1.38 9.81 

Treating 

Water 
-0.47 0.79 0.35 

5.53E-

01 
-2.02 1.08 0.63 0.13 2.95 

Water source 

(piped/vendor) 
-1.50 0.45 11.12 

8.56E-

04 
-2.38 -0.62 0.22 0.09 0.54 

Energy 

Insecurity 
-0.01 0.03 0.08 

7.83E-

01 
-0.07 0.05 0.99 0.94 1.05 

Household 

Wealth 
-0.18 0.10 3.55 

5.97E-

02 
-0.37 0.01 0.83 0.69 1.01 
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Table B9 Results of Fisher’s exact tests evaluating associations between food sample 

characteristics and E. coli detection. For each item, the sample was grouped based on whether 

the characteristics were observed or not, and the number of samples with detectable versus 

nondetectable E. coli is shown. The reported values are the number of detects and non-detects  

across groups, along with corresponding p-values. P-values less than 0.05 are significant. 

Variable Observed Not Observed 

P value 

(Fisher's 

Exact) 

 Nondetect Detect Nondetect Detect  

Reheated 4 5 22 12 0.445 

Food Secure 5 3 21 14 1 

Energy Secure 9 7 17 10 0.752 

Water Secure 21 16 5 1 0.377 

Own Fridge 2 1 24 16 1 

Potato 7 0 19 17 0.031 

Cassava 2 0 24 17 0.511 

Nsima 5 8 21 9 0.0887 

Rice 4 4 22 13 0.692 

Beans 4 0 22 17 0.14 

Porridge 2 1 24 16 1 

Pumpkin 0 1 26 16 0.395 
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Table B10 Associations between food handling practices and E. coli contamination. We 

compared if food was reheated or not by using a T-test, and we compared storage times and 

contamination using a Pearson correlation 

Item Test P-value Correlation Means 

Reheating T-test 0.6354  Not reheated: 

0.502/ Reheated 

0.412 

Storage Time Pearson 

Correlation 

0.4794 0.1108  

 

 

  



 

177 

 

Table B11 Comparison of estimated costs and consumption of fuel, food, and water in Malawi 

and Blantyre 

Item Cost Consumption Estimated 

Cost 

Estimated 

Cost per 

week for 

HH of 4 

Reference 

Water In Blantyre, 

the 5000 

liters costs 

MK 1.75 

per liter in 

2024  

Consumption in 

Burkina Faso 

was estimated 

to be 3.83 +/- 

3.43 L/per 

person/day  

6.7 MK per 

person per 

day 

187.6 MK 

(0.11 

USD)  

Cost: (Blantyre 

Water Board, 

2024) 

Consumption: 

(Mounirou et al., 

2023) 

Water   $0.28 a 

month for 

water in 

Malawi 

121.40 

MK 

(.07USD)  

(Kalumbi et al., 

2020) 

Fuel   463 MK per 

week in 2010  

463 MK 

(0.27 

USD) 

(Jagger & Perez-

Heydrich, 2016) 

Food   A basic plate 

of food in 

Malawi  

estimated to 

cost USD 

$0.62 in 

(2021)  

90,316.55 

MK 

($52.08 

USD) 

 

(Mercy Bwanaisa, 

2023) 

Food   A nutritious 

diet in 

Malawi:$2.32 

USD / person 

/day 

112,652.90 

MK 

($64.96 

USD) 

(Schneider, 2022) 
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Appendix C: Supplementary material for Chapter 4 

C.1. Recent evolution of clean cooking access 

 The global prioritization of clean cooking is reflected in the seventh Sustainable 

Development Goal (SDG7), which aims to achieve universal “access to affordable, reliable, 

sustainable and modern energy” by 20301. SGD7 is divided between access to electricity and 

clean cooking technologies. At a country level, the latter is tracked by measuring the proportion 

of the population with “primary reliance on clean fuels and technologies”. For this analysis, we 

follow the World Health Organization (WHO) definition of “clean” cooking fuels and 

technologies, which is based on the ability of the fuel and technology to attain levels of fine 

particulate matter (PM2.5) and carbon monoxide (CO) recommended in the 2021 WHO Air 

Quality Guidelines2. This includes solar, electric, biogas, natural gas, liquefied petroleum gas 

(LPG), and alcohol fuels including ethanol as well as pellet fuels burned in some types of 

advanced gasifier stoves3. 

 In the past decade, some regions have made considerable progress toward this objective, 

but in other regions progress is slow. For example, between 2010 and 2020, one analysis 

estimates that primary reliance on clean fuels in Central and Southern Asia increased by over 

550 million people, shifting the SDG7 indicator from 38 to 61% of the population4. Similarly, in 

East and Southeast Asia, nearly 370 million people gained access between 2010 and 2020, which 

moved the SDG7 indicator from 51% to 65%4. However, in sub-Saharan Africa, during the same 

time period, primary reliance on clean fuels increased by fewer than 80 million, a shift from just 

12 to 16% of the population, leaving 84% still reliant on wood, charcoal and other polluting fuels 

4.  

 There are many clean cooking options that can contribute to achieving SDG7. However, 

much of the progress observed to date is a result of expanding access to liquefied petroleum gas 

(LPG). Indeed, over three quarters of the population that gained primary access to clean cooking 

between 2010 and 2020 in our sample countries did so by adopting LPG4. LPG advocates note 

that it is well-suited to near-term scale-up5, and many LMIC governments are prioritizing LPG 

as a clean fuel (including setting ambitious targets for scale)6. In addition to being very clean at 

the point of use, LPG is relatively simple to use. It requires minimal investment in infrastructure 

in comparison to grid-based electricity or piped gas, and petroleum companies already have a 

global presence with retail distribution centers scattered throughout urban and peri-urban areas 



 

183 

 

worldwide7. These factors have all contributed to the rapid uptake of LPG throughout the Global 

South8.  

 Electricity accounts for most of the remaining increase in primary access to clean 

cooking between 2010 and 2020. However, though access to electricity is increasing rapidly 

throughout the global south, cooking with electricity is not common. Indeed, there are just 10 

countries in which a majority of households in our sample use electricity as a primary cooking 

option4. Other clean cooking options like biogas, ethanol and solar thermal cookers, and cleaner 

fuels such as pellet biomass fuels burned in advanced stoves have been adopted in certain 

localities but have not achieved sufficient primary usage nor scale to appear explicitly in global 

datasets used for this analysis1.  

C.2. Derivation of useful energy delivered 

 There are numerous household surveys that collect information concerning choice of 

primary cooking fuel and stoves e.g. 15. However, few quantify the amount of fuel consumption, 

which is challenging to measure through self-reporting or during a brief household visit. For the 

current analysis, we used data from three recent nationally representative household surveys that 

attempted to quantify fuel consumption from Haiti, Rwanda, and Kenya16–18. These surveys 

quantify use of each fuel by asking specifically about quantity and frequency of fuel purchased 

and/or collected. Fuel quantities were converted to ‘useful’ energy using the same calorific 

values and stove efficiencies used elsewhere in this analysis (Table C9). Overall, the median 

useful energy per capita in the three-country sample is 2.6 MJ/day (Figure C1-Left). However, 

there is some evidence that useful energy per capita is higher among solid fuel users than in 

households that rely primarily or exclusively on LPG. Indeed, this appears to be the case in the 

 

 

 

 

 

1 For example, the African Biogas Partnership Program disseminated ~70,000 biogas digesters 

in 5 African countries between 2007 and 2019 9. Similarly several million household-scale 

biogas digesters have been installed in South and Southeast Asia 10–13 . However, household 

survey data often combines biogas with LPG, so biogas does not appear explicitly. In addition, 

between late 2019 and early 2022, an ethanol fuel company claims to have reached ~400,000 

users in Nairobi and adjacent counties in Kenya but data on ethanol uptake are not yet reflected 

in current household fuel datasets 14.  
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selected household surveys, where the median per capita useful energy among exclusive LPG 

users is 1.5 MJ/day (Figure C1-Right)2. Many other countries in our sample have higher rates of 

LPG use than the three countries for which we have detailed energy consumption data. Thus, we 

use 2 MJ/day, which is closer to per capita useful energy consumption among exclusive LPG 

users than the all-fuel median.  

  

C.3. Figures 

 

Figure C 1 Daily useful energy per capita from three nationally representative surveys from all 

sources (left) and exclusive LPG users (right) 

 

 

 

 

 

2 Higher useful energy among solid fuel users may be because solid fuel-burning stoves are not easily shut off; after 

the meal is cooked, the remaining fuel continues to burn. In contrast, stoves using LPG and other commercial fuels 

are easily shut off after cooking is complete, thus the same cooking task utilizes less “useful” energy.  
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Key assumptions about Primary Fuel Choice in the BAU scenario 

C.3.1. Historical rates of change 

To project future fuel use in the BAU scenario, we used past patterns of shifts in primary fuel use 

and extended them into the future. Average annual rates of change in household fuel choices 

among rural and urban populations of each country in our sample are shown in Table C1. 
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Table C1: Annual rates of change in primary fuel from 2000 to 2020 from the WHO household 

fuel database (data are derived from fuel use percentages estimated by Stoner and colleagues4, 

published as CC by 4.0) 
  LPG Biomass Charcoal Kerosene  Coal Electricity 

ISO3 Country name Rural Urban  Rural Urban  Rural Urban  Rural Urban  Rural Urban  Rural Urban  

AFG Afghanistan 0.74% 2.97% -0.74% -2.25% -0.02% -0.34% 0.00% 0.00% 0.00% -0.02% 0.00% -0.17% 

AGO Angola 0.02% -0.26% 1.47% 0.05% -1.41% 0.01% 0.01% 0.01% 0.00% 0.00% 0.00% 0.10% 

BGD Bangladesh 0.28% 1.21% -0.28% -1.08% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.01% -0.01% 

BEN Benin 0.02% 0.36% -0.43% -1.39% 0.44% 1.61% -0.05% -0.05% 0.01% 0.04% 0.00% 0.01% 

BOL Bolivia (Plurinational State 

of) 

2.14% 0.42% -2.12% -0.32% 0.00% 0.00% -0.02% -0.02% 0.00% 0.00% 0.00% -0.05% 

BIH Bosnia and Herzegovina 0.08% -0.24% 0.64% 0.78% 0.01% -0.01% 0.00% 0.00% 0.00% -0.18% -0.73% -0.32% 

BWA Botswana -0.01% -1.29% -0.21% 0.15% 0.00% 0.00% -0.11% -0.11% 0.00% 0.01% 0.19% 1.36% 

BRA Brazil 1.32% 0.14% -1.45% -0.12% 0.12% -0.01% 0.00% 0.00% 0.00% 0.00% 0.00% -0.01% 

BFA Burkina Faso 0.01% 1.07% 0.01% -1.48% -0.02% 0.44% -0.01% -0.01% 0.00% -0.01% 0.00% -0.01% 

BDI Burundi 0.00% -0.02% 0.26% -0.38% -0.25% 0.47% 0.00% 0.00% 0.00% -0.02% 0.00% -0.02% 

CIV Côte d'Ivoire -0.06% 0.86% 0.51% -0.57% -0.35% -0.31% 0.00% 0.00% -0.02% -0.02% 0.00% 0.04% 

KHM Cambodia 0.58% 2.58% -0.78% -2.16% 0.14% -0.66% -0.01% -0.01% 0.00% 0.00% 0.07% 0.26% 

CMR Cameroon 0.07% 1.03% -0.05% -0.97% 0.05% 0.32% -0.09% -0.09% 0.00% 0.02% 0.00% 0.02% 

CAF Central African Republic 0.00% 0.00% 0.04% -0.05% -0.02% 0.03% 0.00% 0.00% 0.01% 0.01% 0.00% -0.01% 

TCD Chad -0.04% 0.48% 0.52% 1.88% -0.33% -1.61% -0.01% -0.01% -0.04% -0.50% -0.02% -0.05% 

CHN China 0.04% -0.26% 1.07% 0.17% 0.00% 0.00% 0.00% 0.00% -1.55% -0.91% 0.34% 0.86% 

COL Colombia 1.85% 1.25% -1.53% -0.16% 0.00% 0.00% -0.06% -0.06% -0.02% -0.02% -0.23% -0.91% 

COG Congo 0.08% 1.67% 0.04% -0.77% -0.13% -1.04% 0.02% 0.02% 0.00% -0.01% 0.01% -0.19% 

COD Dem Rep of the Congo 0.01% 0.01% 0.22% -1.05% -0.22% 0.67% 0.00% 0.00% 0.00% 0.01% 0.00% 0.31% 

DOM Dominican Republic 0.37% 0.02% -0.28% 0.01% 0.17% 0.08% 0.00% 0.00% -0.22% -0.11% 0.00% 0.01% 

ERI Eritrea 0.02% 0.65% -0.11% 0.28% 0.07% 0.58% -0.04% -0.04% 0.00% 0.01% 0.00% -0.05% 

ETH Ethiopia 0.00% 0.00% -0.03% -1.06% 0.03% 1.05% -0.01% -0.01% 0.00% 0.01% 0.00% 1.02% 

GMB Gambia -0.03% -0.19% 0.02% -1.57% 0.05% 1.79% 0.00% 0.00% 0.00% 0.01% 0.00% 0.00% 

GHA Ghana 0.35% 1.30% -0.89% -0.59% 0.55% -0.59% -0.02% -0.02% 0.00% 0.00% 0.00% -0.02% 

GTM Guatemala -0.24% -0.30% 0.20% -0.26% 0.00% 0.00% 0.01% 0.01% 0.00% 0.00% 0.01% 0.45% 

GIN Guinea 0.01% 0.01% -0.45% -0.92% 0.46% 0.84% -0.02% -0.02% 0.01% 0.00% 0.00% 0.08% 

GNB Guinea-Bissau 0.00% -0.09% -0.08% -0.14% 0.06% 0.22% 0.01% 0.01% 0.00% 0.00% 0.00% 0.00% 

HTI Haiti 0.02% 0.04% 0.05% -0.14% -0.07% 0.39% -0.02% -0.02% 0.00% 0.01% 0.00% 0.01% 

HND Honduras 0.37% 0.96% -0.33% 0.18% 0.00% 0.00% -0.08% -0.08% 0.00% 0.00% 0.05% -0.19% 

IND India 1.67% 2.10% -1.53% -0.87% 0.00% 0.00% -0.09% -0.09% -0.06% -0.23% 0.01% 0.00% 

IDN Indonesia 3.33% 4.41% -2.48% -0.64% -0.02% -0.01% -0.87% -0.87% -0.01% -0.01% 0.00% -0.03% 

IRN Iran (Islamic Republic of) 0.18% 0.03% -0.05% 0.00% 0.00% 0.00% -0.13% -0.13% 0.00% 0.00% 0.00% 0.00% 

KEN Kenya 0.16% 1.54% -0.41% 0.64% 0.16% 0.10% -0.05% -0.05% 0.12% 0.01% 0.00% 0.01% 

KGZ Kyrgyzstan -0.18% -0.79% 0.48% 0.04% -0.31% -0.06% 0.01% 0.01% -1.71% -0.21% 1.96% 1.23% 

LAO Lao People's Dem Rep 0.04% 0.50% -0.89% -1.15% 0.82% 0.39% 0.00% 0.00% 0.01% -0.01% 0.03% 0.22% 

LSO Lesotho 0.41% 0.14% 0.06% -0.02% 0.00% 0.00% -0.68% -0.68% 0.00% -0.01% 0.19% 1.67% 

LBR Liberia -0.01% -0.02% -0.25% 0.21% 0.30% -0.10% -0.01% -0.01% 0.00% 0.00% 0.00% -0.01% 

MDG Madagascar -0.01% -0.05% -0.33% -0.54% 0.34% 0.55% 0.00% 0.00% 0.01% 0.04% 0.00% 0.01% 

MWI Malawi 0.00% 0.01% -0.38% -2.20% 0.38% 2.42% 0.00% 0.00% 0.00% 0.00% 0.01% -0.13% 

MLI Mali -0.01% -0.01% -0.23% -2.34% 0.27% 2.32% -0.02% -0.02% 0.01% 0.02% 0.01% 0.01% 

http://creativecommons.org/licenses/by/4.0/
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  LPG Biomass Charcoal Kerosene  Coal Electricity 

ISO3 Country name Rural Urban  Rural Urban  Rural Urban  Rural Urban  Rural Urban  Rural Urban  

MRT Mauritania 0.29% 0.75% -0.01% 0.01% -0.27% -0.88% 0.00% 0.00% 0.00% 0.00% -0.02% 0.09% 

MEX Mexico 0.43% -0.33% -0.44% 0.28% 0.01% 0.01% 0.00% 0.00% 0.00% 0.00% 0.01% 0.05% 

MNG Mongolia 0.02% 0.15% -0.74% -1.38% 0.00% 0.00% 0.00% 0.00% 0.16% -0.06% 0.53% 1.29% 

MOZ Mozambique 0.00% 0.28% -0.25% -0.96% 0.27% 0.46% 0.00% 0.00% 0.02% 0.14% -0.02% 0.11% 

MMR Myanmar 0.00% 0.09% 0.42% -0.72% -0.74% -2.41% 0.00% 0.00% -0.01% -0.01% 0.29% 2.91% 

NAM Namibia -0.01% 0.18% 0.05% 0.21% -0.04% -0.02% -0.02% -0.02% -0.01% -0.01% 0.06% -0.31% 

NPL Nepal 0.74% 2.41% -0.60% -0.31% 0.00% 0.00% -0.12% -0.12% 0.00% 0.00% 0.01% 0.01% 

NIC Nicaragua 0.10% 1.56% -0.06% -1.35% -0.01% -0.04% -0.01% -0.01% 0.00% 0.00% -0.01% -0.09% 

NER Niger -0.01% 0.34% 0.01% -0.66% 0.02% 0.33% -0.01% -0.01% 0.00% 0.01% 0.00% -0.03% 

NGA Nigeria 0.11% 0.85% -0.15% -0.51% 0.03% 0.14% -0.03% -0.03% 0.01% 0.16% 0.02% 0.06% 

PAK Pakistan 1.00% 1.21% -0.98% -1.17% 0.01% 0.00% -0.05% -0.05% 0.00% 0.00% 0.00% 0.01% 

PNG Papua New Guinea 0.04% -0.28% -0.11% 1.01% 0.01% 0.01% -0.06% -0.06% 0.00% 0.00% 0.12% 0.41% 

PRY Paraguay 0.74% -0.09% -1.30% -0.42% 0.04% -0.32% 0.00% 0.00% -0.01% 0.00% 0.51% 0.82% 

PER Peru 1.54% 1.92% -1.41% -0.36% -0.01% 0.01% -0.11% -0.11% 0.00% -0.04% 0.00% -0.05% 

PHL Philippines 0.32% 0.47% -0.44% -0.19% 0.29% 0.29% -0.15% -0.15% 0.00% 0.01% -0.01% 0.06% 

RUS Russian Federation 0.06% 0.19% 0.18% 0.10% 0.00% 0.00% 0.00% 0.00% 0.00% 0.01% -0.45% -0.45% 

RWA Rwanda 0.00% 0.15% -0.22% -0.74% 0.22% 0.61% 0.00% 0.00% 0.00% -0.01% 0.00% -0.01% 

SEN Senegal -0.18% -1.24% -0.14% 0.23% 0.28% 0.95% 0.00% 0.00% 0.00% 0.00% 0.04% 0.06% 

SRB Serbia 0.43% 0.22% -0.54% -0.01% 0.01% 0.00% 0.00% 0.00% -0.08% -0.03% 0.21% -0.09% 

SLE Sierra Leone 0.00% 0.03% 0.02% -2.65% 0.12% 2.73% -0.08% -0.08% 0.00% 0.01% 0.00% 0.01% 

SOM Somalia 0.00% 0.12% -1.21% -0.75% 1.24% 0.54% -0.02% -0.02% 0.00% 0.00% 0.01% 0.04% 

ZAF South Africa 0.00% 0.06% -1.01% -0.04% 0.00% 0.00% -0.91% -0.91% -0.16% -0.14% 2.05% 0.95% 

SSD South Sudan 0.00% 0.00% 0.11% 0.27% -0.04% -0.16% 0.00% 0.00% 0.00% -0.01% 0.00% 0.00% 

LKA Sri Lanka 0.51% 0.88% -0.40% -0.42% 0.00% 0.00% -0.08% -0.08% 0.00% 0.00% -0.01% -0.04% 

SDN Sudan 1.83% 2.68% -2.24% -3.16% 0.27% 0.38% 0.00% 0.00% 0.01% 0.00% 0.01% 0.01% 

TJK Tajikistan 1.71% -0.28% -2.98% -0.95% -0.01% -0.02% 0.00% 0.00% -0.01% -0.01% 1.25% 1.25% 

THA Thailand 1.61% 0.12% -0.75% 0.09% -0.84% -0.15% 0.00% 0.00% 0.00% 0.00% -0.02% -0.05% 

TLS Timor-Leste 0.01% 0.13% -0.06% -1.44% 0.00% -0.01% -0.02% -0.02% 0.00% 0.00% 0.10% 0.94% 

TGO Togo 0.02% 0.88% 0.22% -0.18% -0.17% -0.68% -0.04% -0.04% 0.00% 0.00% 0.00% 0.03% 

TUR Turkey 0.48% 0.09% -0.38% -0.01% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% -0.02% 

TZA Tanzania 0.50% 0.41% -0.57% -0.56% 0.12% 0.22% -0.05% -0.05% -0.04% -0.01% 0.02% 0.14% 

UGA Uganda 0.00% 0.03% -0.37% 0.69% 0.41% -0.26% -0.02% -0.02% 0.00% 0.01% 0.00% -0.16% 

UKR Ukraine 0.02% -0.21% 0.05% -0.02% -0.01% 0.00% 0.00% 0.00% -0.11% -0.12% 0.02% 0.37% 

UZB Uzbekistan 0.02% -0.04% -0.08% -0.01% 0.00% 0.00% 0.00% 0.00% 0.00% -0.01% -0.03% -0.01% 

VNM Viet Nam 2.60% 2.58% -2.16% -0.84% -0.20% -0.51% -0.09% -0.09% -0.16% -0.41% 0.01% -0.14% 

YEM Yemen 0.08% 0.03% -0.13% -0.01% 0.01% 0.00% 0.05% 0.05% 0.00% 0.00% 0.00% -0.01% 

ZMB Zambia 0.00% 0.01% -0.29% -0.28% 0.24% 0.59% 0.00% 0.00% 0.00% -0.01% 0.05% -0.31% 

ZWE Zimbabwe 0.03% 0.42% -0.02% 0.38% 0.00% 0.01% 0.02% 0.02% 0.00% 0.00% -0.04% -0.91% 
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C.3.2. Fuels used in the scenarios and fuel choice hierarchy  

Simply applying past rates of change could result in the percentage of fuels used in a country 

exceeding 100%. To avoid this, we developed a “fuel hierarchy” based on the assumption that 

when households change primary cooking fuels, they are more likely to adopt cleaner fuels 

rather than more traditional/more polluting fuels 19. Accordingly, to simulate this, we applied 

growth rates in the following order: LPG; Electricity; Kerosene; Charcoal; Biomass; and Coal 

(assumptions used for the fuel hierarchy are provided in SI Section 3). We use the same fuel 

grouping used by WHO in their analyses of current and future household fuel choice. WHO 

defines the following categories:  

WHO fuel groups3,4 Comment 

Polluting Biomass This category includes fuelwood and other minimally processed solid 

organic material like crop residues and dung. Fuelwood is the dominant 

form of biomass used for cooking in LMICs, and for this assessment, we 

use emission factors for fuelwood to estimate climate impacts of 

biomass. 

 Charcoal Charcoal is made from wood or other organic matter that is pyrolyzed 

(heated in an oxygen-poor environment so that volatile materials are 

driven off, leaving behind mainly elemental carbon). Charcoal is a 

common fuel in urban and peri-urban areas in some LMICs.  

 Coal Fossil-based solid fuel commonly used for industrial heat and electricity 

production but also used as residential fuel in China, Mongolia, and few 

other LMICs. 

 Kerosene Kerosene (also called paraffin) is a petroleum distillate used for cooking 

and lighting in many LMICs.  

Clean Gas Gas includes LPG, piped natural gas, and biogas. Of these, LPG, a mix 

of butane and propane, is by far the most common residential cooking 

fuel in LMICs. 

 Electricity Electricity is a popular source of primary cooking energy in a small 

number of LMICs. In this assessment, we assume that when electricity is 

used for cooking, it originates from the country’s national grid, and we 
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estimate emissions based on each country’s current and projected future 

grid mixes.  

 

We define a fuel choice hierarchy in the BAU scenario to ensure the total percentage of primary 

fuel choice does not exceed 100%. To address this, we assigned fuels using a hierarchical set of 

assumptions:  

 

• When changing fuels, households prefer clean fuels over polluting so gas or electricity 

would be selected before kerosene, biomass or charcoal 

• Fuels are prioritized in the following order: electricity, gas, kerosene, charcoal, coal (only 

in locations coal was in use at baseline), and biomass 

• All fuel use adds to 100%  

• If biomass drops to zero, so that gas, electricity, kerosene and/or charcoal reach 100% 

electricity and gas continue to grow and the other fuels decline 

• If populations are saturated with 100% gas and electricity users before 2040, we assume 

electricity usage continues to grow, but gas usage decline 

 

In the full transition scenarios, there were some instances in which the rate of decline of 

polluting fuels was higher under BAU than would have occurred by a 20-year shift to LPG (for 

example, cooking with coal in China, which is rapidly declining). In these cases, we use the 

BAU rate instead.   
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C.4. GREET Emission Factors 

C.4.1. Crude oil 

Crude oil is a major input in the production of fossil-derived cooking fuels such as LPG and 

kerosene and a key input in the transportation of all commercial cooking fuels. Rather than try to 

estimate the emissions from crude oil demand in every country in our model, we simulated a 

global mix by identifying the sources of global crude oil exports worldwide and assuming each 

country in the sample obtains either crude oil or refined products from this global mix. GREET 

includes life-cycle data from 7 potential sources of crude oil: the Middle East, Africa, Latin 

America, Canada, the US, and Mexico. To simulate a global export market in GREET, we used 

UN energy statistics to estimate each region’s share of global exports in 2018 20. This allocation 

is shown in Figure C2. :  

 

Figure C 2 Percent of global exports of crude oil in 2018 20 

 

To estimate transportation distances of crude oil from producing countries to countries in our 

sample, we limited the analysis to the five top crude oil importers: China, India, Thailand, 

Turkey, and South Africa, which represent over 90% of the total crude oil imported by countries 

included in the analysis. We then calculated the average import distance based on a volume-

weighted average of distances from each major exporter to these top-5 importers (Table C2).  
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Table C2 Export fractions and transport distance between crude oil producers and selected 

countries 

 

Country/Region % of global exports Weighted average distance from 5 

largest importers (km) b 

Middle East  43% 9309 

Africa 10% 8941 

Latin America 8% 9349 

Canada 7% 10621 

US 5% 11734 

Mexico 3% 11718 

Other a 24% 2244 

a Assumptions about distances for “other” exporters depended on the importing region. For China, we assumed 

the distance traveled was 3,200 km, which is the length of a pipeline between Taishet, Russia and Daqing, China, 

that transports roughly 50% of the oil traded between Russia and China 21. India imports nearly all its oil from the 

US, Africa and the Middle East so “other” countries were not considered relevant 22. Thailand imports significant 

quantities from neighboring countries in SE Asia 23. For Turkey, we assumed “other” originated from Russia 

based on 24, and for South Africa, we assumed “other” originated from India based on World Bank trade data 25.  

b In all cases except the China-Russia pipeline, distances were estimated using an online shipping distance 

calculator 26. 

 

C.4.2. LPG and kerosene 

For LPG and kerosene, the team assumed upstream emissions also result from fuel available on 

the global market. LPG is produced from both crude oil and natural gas; GREET allows users to 

set the proportion of LPG produced from each feedstock. We used the global average of 63% 

from natural gas and 37% from crude oil based on data from the WLPGA 27. Kerosene is 

produced entirely from crude oil. For kerosene and the portion of LPG derived from crude oil, 

we used the same mix of global crude oil described in Figure C2. To estimate the emissions from 

the global LPG trade, we identified the largest LPG importers in the sample (Figure C2). Russia 

is self-sufficient in LPG supply, but the other major consumers import between 34 and 74% of 

LPG to meet total demand. As with crude oil, we estimate distances between major LPG 

exporters (Table C4). For kerosene, UN data indicated that nearly all the largest consumers are 

self-sufficient, so no estimates of long-distance transportation were necessary.  
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Table C3 Largest LPG consuming countries in the global sample 20 
Country  Production 

(kton) 

Imports 

(kton) 

Exports 

(kton) 

Consumptio

n (kton) 

% of cons 

in sample 

(%) 

pct 

imported 

China 40,615 20,521 1,407 59,729 39% 34% 

India 12,768 14,521 455 27,046 18% 54% 

Russian Federation 17,030 0 6,115 11,015 7% 0% 

Indonesia 1,991 5,762 0 7,753 5% 74% 

Mexico 3,372 4,313 21 7,665 5% 56% 

Total  75,776 45,117 7,998 113,208 73% 40% 

 

Table C4 Major LPG exporting countries/regions 20 
Country/Region % of global exports Weighted average distance from 5 largest 

importers (km) b 

Middle East  35% 9394 

US  32% 10781 

Other a  22% 1583 

Canada 6% 9628 

Africa 2% 8394 

Latin America 2% 8664 

a includes Russia, Australia, EU, and several Asian countries  

b In all cases except the China-Russia pipeline, distances were estimated using an online shipping distance 

calculator 26. 

C.4.3. Coal 

 GREET also includes upstream emissions data from coal extraction and processing. To 

simulate global rather than US-based coal, we changed the ratio of underground to surface 

mining from 30:70 to 60:40 based on data from the World Coal Institute 28. We also altered the 

sulfur content of coal to match the average of Chinese coal, which is ~2% 29.3 

 

 

 

 

 

3 We justify using a value for China because cooking electricity consumption in China represents over 60% of all 

electricity used for cooking in sample countries in 2018 and its share will increase under most scenarios. 
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C.4.4. Diesel used for ground transport 

 We also used GREET to estimate the emissions from road-based transportation of fossil 

fuels as well as charcoal. The sulfur content of diesel fuel is regulated and does not exceed 15 

ppm in the US 30, but varies widely in other countries. To reflect diesel fuel used in countries 

included in the sample, we used 540 ppm, which is the consumption-weighted average of sulfur 

in diesel fuel in sample countries based on 2019 data compiled by the International Council on 

Clean Transportation 31. 

 

C.5. Grid projections and emission factors  

 Future grid mixes were simulated using projections from the IEA’s World Energy 

Outlook (WEO) “Stated Policies” scenario through 2040, which include all world regions and 

major economies like Brazil, Russia, India, China, and South Africa (Table C5). Countries that 

were not explicitly included in WEO projections were assumed to follow the regional projection 

if it resulted in a cleaner grid over time. If the future regional mix was more polluting than the 

country’s own mix in 2020, we assumed that the country’s grid mix remained constant. Grid 

losses were accounted for using World Bank indicator data 32. Plant-specific emissions are 

included in GREET’s database with some tunable parameters. GREET’s default values assume a 

US-based grid and power plant feedstock. We changed some parameters for coal, as mentioned 

above. Parameters for other feedstocks were left at their default values. 

 

Table C5 Grid mix projections from WEO 2020 “Stated Policy” Scenario 33 (published as CC by 

4.0) 
Country/Region 
 

Total 

(TWh) 

Solar 

PV 

Wind Hydro Biomas

s 

Coal Gas Oil Nuclear Fossil 

fuels 

w/CCS 
 

2020 

Brazil 605 1.3% 9.4% 65.7% 8.6% 2.8% 9.1% 0.7% 2.3% 0.0% 

Russia 1057 0.1% 0.1% 17.9% 0.3% 15.8% 44.5% 0.7% 20.4% 0.0% 

China 7787 3.5% 6.1% 17.1% 1.9% 63.7% 2.9% 0.1% 4.7% 0.0% 

India 1609 4.0% 4.2% 10.8% 3.4% 70.0% 4.3% 0.5% 2.9% 0.0% 

SE Asia 1111 1.6% 0.7% 14.8% 3.5% 43.1% 32.4% 1.5% 0.0% 0.0% 

S Africa 251 1.8% 3.9% 0.4% 0.3% 87.7% 0.0% 0.0% 4.9% 0.0% 

Africa w/o S Africa 576 1.0% 1.2% 23.4% 0.2% 3.6% 0.0% 11.9% 0.2% 0.0% 

Eurasia w/o Russia 278 0.8% 0.5% 23.3% 0.1% 28.5% 45.7% 0.3% 0.8% 0.0% 

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
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Lat Am w/o Brazil 672 2.1% 3.1% 44.1% 2.8% 7.4% 27.8% 10.3% 1.6% 0.0% 

Asia w/o China and 

India 

3565 4.0% 1.4% 10.6% 3.2% 37.1% 32.1% 3.1% 6.9% 0.0% 

Europe 3952 4.5% 13.1% 16.7% 6.0% 15.0% 21.4% 1.3% 21.2% 0.0% 

Middle East 1188 0.9% 0.2% 1.0% 0.0% 0.2% 71.0% 25.9% 0.6% 0.0% 
 

2030 

Brazil 752 9.4% 15.7% 56.5% 9.0% 1.5% 4.2% 0.3% 3.2% 0.0% 

Russia 1253 0.5% 1.6% 15.6% 0.6% 11.5% 52.1% 0.3% 17.5% 0.0% 

China 10232 12.7% 13.8% 14.0% 3.7% 45.9% 3.0% 0.1% 6.6% 0.1% 

India 2545 16.3% 7.9% 8.9% 3.1% 54.6% 4.7% 0.2% 4.3% 0.0% 

SE Asia 1682 5.4% 3.0% 12.2% 3.6% 39.7% 31.9% 0.9% 0.0% 0.0% 

S Africa 278 7.2% 13.7% 0.7% 2.5% 68.3% 2.2% 0.0% 5.0% 0.0% 

Africa w/o S Africa 937 6.6% 4.3% 24.6% 1.1% 6.5% 45.4% 6.9% 1.5% 0.0% 

Eurasia w/o Russia 364 2.1% 2.2% 20.1% 0.1% 25.0% 49.9% 0.0% 0.5% 0.0% 

Lat Am w/o Brazil 864 7.3% 8.4% 48.6% 3.5% 2.6% 23.0% 4.4% 1.1% 0.0% 

Asia w/o China and 

India 

4515 9.5% 5.1% 11.0% 3.4% 30.9% 26.6% 2.0% 9.1% 0.1% 

Europe 4601 10.9% 24.9% 16.4% 6.4% 5.5% 17.3% 0.5% 16.9% 0.2% 

Middle East 1616 4.9% 1.6% 1.8% 0.4% 1.1% 71.1% 15.2% 3.2% 0.0% 
 

2040 

Brazil 925 12.4% 17.4% 50.7% 8.4% 1.1% 4.6% 0.3% 4.8% 0.0% 

Russia 1377 0.9% 3.8% 15.4% 2.3% 9.5% 48.4% 0.1% 18.3% 0.0% 

China 11995 19.7% 17.3% 13.1% 4.1% 33.0% 3.6% 0.0% 8.6% 0.3% 

India 3853 32.7% 13.3% 8.0% 2.8% 32.8% 4.1% 0.1% 5.8% 0.0% 

SE Asia 2269 8.6% 5.6% 13.2% 4.1% 35.1% 28.8% 0.6% 0.5% 0.0% 

S Africa 328 12.5% 24.7% 1.2% 4.9% 40.9% 5.5% 0.0% 7.6% 0.0% 

Africa w/o S Africa 1380 13.7% 7.8% 23.6% 1.7% 4.0% 36.8% 4.5% 1.4% 0.0% 

Eurasia w/o Russia 465 2.8% 3.2% 18.6% 0.3% 21.0% 52.2% 0.0% 1.7% 0.0% 

Lat Am w/o Brazil 1087 11.2% 10.9% 46.5% 3.9% 1.2% 19.9% 2.1% 2.5% 0.0% 

Asia w/o China and 

India 

5556 12.6% 9.4% 11.9% 4.0% 24.9% 24.9% 1.0% 7.5% 0.6% 

Europe 5191 12.5% 33.3% 16.0% 6.4% 3.3% 13.3% 0.2% 13.4% 0.1% 

Middle East 2230 10.9% 5.1% 1.7% 1.1% 1.0% 64.9% 10.0% 3.6% 0.0% 

 

Table C5 shows emissions factors derived from GREET as described in the methods section of 

the main text.  

 

 



 

195 

 

Table C6 Life cycle grid emissions in grams per kWh of electricity produced from each type of 

power generation were estimated using modified inputs from the 2021 version of Argonne 

National Lab’s GREET model 34 

 

 Table C6 shows life cycle emissions though generation of electricity at the power plant. 

However, grid losses can be substantial, particularly in LMICs. We account for grid losses using 

data from the World Bank, which has information from 56 of the 77 countries in our sample. 

Losses range from ~6% in China and Thailand to 60% or more in Togo and Haiti. Available data 

are shown in Table C7. For countries lacking data, we used the average of losses weighted by 

electricity demand for cooking, which is ~8%. 
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Table C7 Grid losses in percent based on World Bank data 35(published as CC by 4.0) 
Country Code % losses 

 
Country Code % losses 

AGO 11.3 
 

MNG 14.8 

BGD 11.4 
 

MOZ 14.7 

BIH 8.2 
 

NAM 36.2 

BOL 9.2 
 

NER 41.8 

BRA 15.8 
 

NGA 16.1 

BWA 11.0 
 

NIC 20.8 

CHN 5.5 
 

NPL 32.2 

CIV 14.3 
 

PAK 17.1 

CMR 11.1 
 

PER 11.0 

COD 21.4 
 

PHL 9.4 

COG 44.5 
 

PRY 6.6 

COL 10.7 
 

RUS 10.0 

DOM 12.2 
 

SDN 14.3 

ERI 12.9 
 

SEN 12.9 

ETH 18.7 
 

SRB 15.4 

GHA 22.6 
 

SSD 5.7 

GTM 9.5 
 

TGO 71.0 

HND 34.9 
 

THA 6.1 

HTI 60.1 
 

TJK 17.0 

IDN 9.4 
 

TUR 14.8 

IND 19.3 
 

TZA 17.7 

IRN 12.6 
 

UKR 10.8 

KEN 17.6 
 

UZB 8.8 

KGZ 23.7 
 

VNM 9.3 

KHM 23.4 
 

YEM 25.8 

LKA 11.4 
 

ZAF 8.4 

MEX 13.7 
 

ZMB 15.0 

MMR 20.5 
 

ZWE 16.4 

 

 Applying the emission factors from Table C6 and loss factors from Table C7 to the grid 

mix described in Table C5 results in country-specific emission factors. In the base year 2018 

emission factors ranged from over 1000 gCO2e per kWh in countries that are heavily dependent 

on coal and/or have high grid losses to < 10 gCO2e per kWh in countries that are heavily 

dependent on hydroelectric power. Emission factors per kWh consumed are shown in Figure C3. 

http://creativecommons.org/licenses/by/4.0/
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Figure C3 Grid emission factors per kWh consumed based on the national mix in 2018 and 

projected mix in 2040 

  

 

0

500

1000

1500

2000

2500
H

TI
N

ER
M

NG
BW

A
ER

I
ZA

F
SS

D
Y

EM IN
D

SE
N

BE
N

SR
B

HN
D

DO
M

ID
N

T
GO

C
HN B
IH

KH
M

PH
L

N
IC

B
GD LK

A
Z

W
E

PA
K

IR
N

TU
R

TH
A

M
EX

A
G

O
VN

M
TZ

A
RW

A
C

IV
GT

M
U

KR
N

GA RU
S

U
ZB

C
O

G
BO

L
S

DN PE
R

M
M

R
CO

L
CM

R
G

H
A

KG
Z

BR
A

KE
N

M
OZ

U
GA

N
A

M
Z

M
B

TJ
K

C
O

D
N

PL
ET

H
PR

Y

gC
O

2
e

 p
er

 k
W

h

2018

2040



   

198 

 

C.6. Accounting for non-renewable biomass 

 While these estimates cover most LMICs, some countries included in our sample were 

not included. For these countries, a LMIC-wide average of 28.8% fNRB was used. Country-level 

fNRB values are shown in Table C8. 

Table C8: Country-level fNRB values from 36 
Country ISO3 fNRB 

(%) 

 
Country ISO3 fNRB 

(%) 

Afghanistan AFG 25.7 
 

Mali MLI 28.5 

Angola AGO 34.9 
 

Myanmar MMR 4.4 

Burundi BDI 55.5 
 

Mongolia MNG 25.7 

Benin BEN 19.3 
 

Mozambique MOZ 39.6 

Burkina Faso BFA 47.1 
 

Mauritania MRT 69.1 

Bangladesh BGD 50.9 
 

Malawi MWI 32.8 

Bosnia and Herzegovina BIH 28.8 
 

Namibia NAM 45.3 

Bolivia (Plurinational State of) BOL 22.2 
 

Niger NER 49.0 

Brazil BRA 17.4 
 

Nigeria NGA 18.8 

Botswana BWA 17.0 
 

Nicaragua NIC 31.9 

Central African Republic CAF 35.2 
 

Nepal NPL 52.4 

China CHN 16.5 
 

Pakistan PAK 83.3 

Côte d'Ivoire CIV 35.2 
 

Peru PER 26.1 

Cameroon CMR 9.0 
 

Philippines PHL 21.8 

DR of the Congo COD 35.2 
 

Papua New Guinea PNG 31.2 

Congo COG 35.2 
 

Paraguay PRY 29.1 

Colombia COL 29.7 
 

Russian Federation RUS 28.8 

Dominican Republic DOM 33.0 
 

Rwanda RWA 58.9 

Eritrea ERI 67.6 
 

Sudan SDN 25.7 

Ethiopia ETH 60.9 
 

Senegal SEN 33.3 

Ghana GHA 27.7 
 

Sierra Leone SLE 21.7 

Guinea GIN 24.1 
 

Somalia SOM 52.4 

Gambia GMB 41.4 
 

Serbia SRB 28.8 

Guinea-Bissau GNB 27.8 
 

South Sudan SSD 35.2 

Guatemala GTM 31.7 
 

Chad TCD 23.7 

Honduras HND 19.9 
 

Togo TGO 43.1 

Haiti HTI 66.3 
 

Thailand THA 3.0 

Indonesia IDN 41.1 
 

Tajikistan TJK 25.7 

India IND 23.2 
 

Timor-Leste TLS 23.7 
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Iran (Islamic Republic of) IRN 25.7 
 

Turkey TUR 25.7 

Kenya KEN 36.7 
 

Tanzania TZA 17.6 

Kyrgyzstan KGZ 25.7 
 

Uganda UGA 61.1 

Cambodia KHM 23.1 
 

Ukraine UKR 28.8 

Lao PDR LAO 25.7 
 

Uzbekistan UZB 25.7 

Liberia LBR 23.0 
 

Viet Nam VNM 11.7 

Sri Lanka LKA 23.6 
 

Yemen YEM 25.7 

Lesotho LSO 52.4 
 

South Africa ZAF 23.8 

Madagascar MDG 26.6 
 

Zambia ZMB 33.8 

Mexico MEX 25.9 
 

Zimbabwe ZWE 33.1 
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C.7. Cooking Upstream and End-Use Emission Factors 

Table C9 Life-cycle emission factors for each fuel pathway (grams pollutant per MJ-delivered). 

Dashes indicate that emissions are negligible. Numerical superscripts refer to references used 

for each pollutant. 
Production and 

processing 

Biomass a Charcoal a Coal Kerosene LPG 

CO -- 34.5 37 0.0100 34 0.0200 34 0.0300 34 

NOx -- 0.060 38 -- 0.0700 34 0.0300 34 

PM2.5  -- 3.42 37 -- -- -- 

SOx  -- -- -- 0.0300 34 0.0400 34 

BC -- 0.420 37 0.0130 34 0.00100 34 0.000300 34 

OC  -- 1.50 37 -- -- -- 

CH4 -- 8.25 37 0.480 34 0.210 34 0.210 34 

N2O -- 0.030 38 -- 0.000300 34 0.000300 34 

NMVOC -- 61.7 39 -- 0.0100 34 0.0200 34-- 

CO2  -- 349 37 1.41 34 19.0 34 22.5 34 

Transportation 
    

 

CO -- -- -- -- 0.0100 34 

NOx -- 0.0100 34 0.0100 34 0.0100 34 0.0600 34 

PM2.5  -- -- -- -- -- 

SOx  -- -- -- -- 0.0200 34 

BC -- -- -- -- 0.00110 34 

OC  -- -- -- -- -- 

CH4 -- -- -- -- 0.0100 34 

N2O -- -- -- -- 0.000100 34 

NMVOC -- -- -- -- -- 

CO2  -- 1.87 34 1.84  34 0.610  34 6.41 34 

End-use 
    

 

CO 35.9 37 36.4 39 23.1 38 1.20 38 0.525 38 

NOx 0.0500 38 0.060 38 0.475 38 1.20 38 0.0792 38 

PM2.5  4.25 37 0.320 40 1.40 38 0.00300 38 0.0133 38 

SOx  0.140 38 0.070 38 1.61 38 0.00116 38 1.00E-05 38 

BC 0.670 37 0.190 39 0.300 37 -- -- 

OC  1.970 37 0.250 39 0.210 37 -- -- 

CH4 3.87 37 1.02 39 1.88 38 0.0170 38 0.0140 38 

N2O -- -- -- -- -- 

NMVOC 3.90 38 1.60 38 5.76 38 0.0260 38 2.11 38-- 
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CO2  634 37 459 39 572 38 151 38 137 38 

Total b      

CO 35.9 70.8 23.1 1.22 0.565 

NOx 0.0500 0.130 0.49 1.27 0.169 

PM2.5  4.25 4.15 1.40 0.00300 0.0132 

SOx  0.140 0.0700 1.61 0.0312 0.0600 

BC 0.670 0.610 0.31 0.000800 0.00140 

OC  1.79 1.75 0.21 -- -- 

CH4 3.87 9.27 2.36 0.227 0.234 

N2O 0.00 0.0300 0.00 0.000300 0.000400 

NMVOC 3.90 63.3 5.76 0.0360 2.14 

CO2  633.7 809.9 574.8 170 166 

a End-use CO2 emissions from biomass and charcoal should be adjusted by the country-specific fNRB factor listed in SI Section 

1. 

b Totals are the simple sum of Production and processing, Transportation, and End-use, rounded to three significant figures. 
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C.8. Energy Demand by Scenario Type 

 

 

Figure C4 Comparison of energy demand by households in the BAU scenario (dashed lines) and 

IT (top), FT-LE (middle) and FT-Elec (bottom) scenarios. In each plot the data from alternative 

scenarios are shown with solid lines. 
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C.9. Emissions of health-damaging and climate forcing pollutants 

C.9.1. Short-lived forcers 

 In the main text, we compare BC emissions at baseline and in 2040 across scenarios. In 

Figure C5, we show that NMVOCs and OC emissions follow similar patterns though NMVOCs 

are higher in 2040 than 2018 in both BAU and IT scenarios, while OC, like BC, is lower. Under 

full transitions to LPG and/or electricity, NMVOC and OC emissions are nearly eliminated. 

 

 

Figure C5  Emissions of well-mixed NMHCs (A) and OC (B) at baseline and in 2040 for all 

scenarios 

C.9.2. Regional breakdown 

Emissions of health-damaging pollutants vary by region (Figure C6). In 2018, PM2.5 emissions 

were highest in the African and SE Asian regions. Under BAU, PM2.5 emissions decrease in 

every region by 2040 except Africa, where our projections show that they increase by >50% due 

to increased (mostly rural) biomass and (mostly urban) charcoal consumption. By 2040, a FT-

LPG scenario results in large reductions in all regions including nearly 95% reduction in Africa.  
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Figure C6 Fuel-specific urban and rural emissions of PM2.5 by WHO region in the BAU and FT-

LPG scenarios 

C.10. More detailed breakdown of GHG emissions 

C.10.1. Country-level changes 

 The largest reductions in emissions between BAU and the three FT scenarios occur in 

countries with large populations of polluting fuel users that are projected to remain high under 

BAU, as well as countries with clean electricity production. These include Ethiopia, with 

reductions of 32-55 Mt CO2e/yr by 2040 under the full transitions, Democratic Republic of the 

Congo (18-40 Mt CO2e), Uganda (22-34 MtCO2e) and Pakistan (24-25 MT CO2e). All these 

countries have large contributions from hydro-electric power in 2018: Democratic Republic of 

the Congo (99.7%), Ethiopia (92.7%), Uganda (89.1%) and Pakistan (30.7%), contributing to the 

large decline in GHGs. 

C.10.2. Specific pollutants 

 Changes in emissions of specific GHGs vary. CO2 and CH4 emissions closely mirror 

CO2e emissions described above. However, N2O, behaves differently because N2O emissions 

from electricity are higher N2O increases 90% between 2018 and 2040 under the BAU scenario. 

N2O emissions are ~70% lower in the FT-LPG scenario, but only 50% lower in the FT-E 

scenario and 10% higher in the FT-EO scenario.  

SLCFs follow similar patterns: as explained in the main text, BC emissions decrease by ~17% 

between 2018 and 2040 in the BAU scenario and decline by ~12% under the IT scenario and are 
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nearly eliminated under full transitions to LPG and/or electricity. OC and NMVOC emissions 

follow similar patterns. Both decrease slightly between 2018 and 2040 under BAU. In the IT 

scenario, OC emissions increase by roughly 12% relative to BAU, and are nearly eliminated in 

full transitions. NMVOCs decrease ~6% under IT and are also nearly eliminated under the full 

transitions. Other SLCFs, SOx, NOx, and CO, were discussed in the section on health damaging 

pollutants.  

Table C10: Changes in Emissions 

 2018 2040 

   (all) BAU  IT FT-LPG FT-LE FT-Elec 

CO2 836.4297 948.0805 940.3771 825.8725 722.2453 645.9218 

NMVOC 15.31756 24.16058 22.61973 0.006155 0.022334 0.065279 

CO 70.64852 66.98022 60.1796 2.610679 1.784506 0.215057 

NOx 0.600458 0.716758 0.730784 0.825862 0.690274 0.497227 

PM10 28.58372 21.72236 18.81904 0.007672 0.023125 0.06925 

PM2.5 7.560072 6.454984 5.702069 0.064781 0.0542 0.040127 

SOx 0.559818 0.441057 0.427742 0.338491 0.37649 0.561177 

BC 1.191671 1.001679 0.883463 0.006461 0.004674 0.001475 

OC 3.139732 2.699641 2.381576 0.000203 0.002149 0.006116 

CH4 6.609108 7.114238 6.566668 1.24873 1.265119 1.636891 

N2O 0.006448 0.012221 0.011867 0.00363 0.005902 0.013497 

CO2e 1138.421 1297.164 1281.208 1072.004 897.8612 694.3095 

Figure C 3 Pollutant-specific emissions in 2018 (all scenarios) and 2040 in each Scenario  

 
C.11 Temperature and Uncertainty Results 

Table C11 Temperature differences in 2040 relative to BAU for Different Scenarios (used for 

Figure 4C) 

  5th percentile (K) 
50th percentile 

(K) 

95th 

percentile(K) 

Full Electricity -2.38E-02 -5.08E-03 2.44E-02 

FT-Elec -2.47E-02 -4.99E-03 2.67E-02 

FT-LPG -2.44E-02 -4.67E-03 2.71E-02 

IT -2.67E-03 -3.23E-04 3.51E-03 
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Table C12 Pollution-specific temperature differences in 2040 between FT-LPG and BAU, used 

for Figure 5A 

Pollutant 5th Percentile (K) 50th Percentile (K) 95th Percentile (K) 

NMVOC -6.00E-03 -2.82E-03 -5.70E-06 

OC 5.81E-03 1.89E-02 4.47E-02 

NOx 3.37E-05 7.50E-05 1.23E-04 

Sox 1.27E-04 2.55E-04 4.22E-04 

N2O -1.38E-05 -1.06E-05 -8.06E-06 

CO2 -5.01E-04 -4.01E-04 -3.20E-04 

CH4 -2.98E-03 -2.31E-03 -1.73E-03 

CO -6.99E-03 -3.65E-03 -5.67E-04 

BC -2.72E-02 -1.46E-02 -2.55E-03 

Total -2.44E-02 -4.71E-03 2.68E-02 

 

Table C13 Region- & pollution-specific temperature differences in 2040 between FT-LPG and 

BAU, used for Figure 5C 
Region  NMVOC OC NOx SOx N2O CO2 CH4 CO BC 

Africa -2.10E-03 1.01E-02 0.00E+00 1.00E-04 0.00E+00 -3.00E-04 -1.40E-03 -2.10E-03 -7.70E-03 

SE Asia -1.00E-04 3.50E-03 0.00E+00 1.00E-04 0.00E+00 0.00E+00 -3.00E-04 -6.00E-04 -2.70E-03 

Europe 0.00E+00 2.00E-04 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 -2.00E-04 

Americas -1.00E-04 6.00E-04 0.00E+00 0.00E+00 0.00E+00 0.00E+00 -1.00E-04 -1.00E-04 -4.00E-04 

East Med -2.00E-04 1.50E-03 0.00E+00 0.00E+00 0.00E+00 -1.00E-04 -2.00E-04 -3.00E-04 -1.20E-03 

Western 

Pacific 
-2.00E-04 3.10E-03 0.00E+00 0.00E+00 0.00E+00 0.00E+00 -3.00E-04 -5.00E-04 -2.40E-03 
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