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Abstract  

The prevalence of mental health issues in the US has significantly risen over the past decade, and 

it is presumably linked to an energy burden issue that has recently gained attention as a critical 

social determinant of mental health. Utilizing extensive nationwide datasets at the census tract, 

we found that the census tract level energy burden is positively associated with two key mental 

health indicators even after accounting for living, housing, and sociodemographic characteristics: 

the prevalence of frequent mental distress and physician-diagnosed depression, across all US 

urban areas. We also observe that these associations are consistent across various climate regions. 

The findings highlight that energy burden has a detrimental impact on mental health, and that it 

should be e considered a significant social determinant of health in future studies. Lastly, our 

study advocates for national policies to achieve energy justice and address disparities in mental 

health. 

 

 

Keywords: energy burden, mental health, depression, mental distress
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Introduction 

 

Over the past ten years, there has been a significant increase in the prevalence of mental health 

illness in the United States, rising 18.1% in 2010 to 22.8 % in 2019 of adults reporting that they 

experienced mental health issues within the past year (National Institute of Mental Health, 2023). 

More notably, individuals with incomes below the poverty line had a significantly higher rate of 

mental health problems, nearly seven times more compared to those with incomes at or above 

400% of the poverty line (Jitender Sareen et al., 2011). Among social determinants of mental 

health, the concept of energy burden is beginning to receive great attention as a crucial link to 

public health (Churchill & Smyth, 2020; Hernández, 2016; Hernández & Siegel, 2019; Lin & 

Okyere, 2020). Energy burden refers to the inability of a household to afford sufficient energy 

sources for basic needs such as heating, cooling, cooking, cleaning, lighting, and using electrical 

appliances, which has become a common problem in US households today (Hernández, 2016; 

Jessel et al., 2019). Energy Information Administration (EIA) recently reported that 

approximately 31% of U.S. households experienced challenges in paying energy bills or 

maintaining adequate heating or cooling in homes
7
. Given that residential energy plays a vital 

role in sustaining individuals’ lives, the uneven distribution of energy burden across different 

social demographic groups can be a consequential contributor to health inequalities in the United 

States (Hernández, 2016).  

   Even though the United States presents a unique context for examining the impact of 

energy burden on the population’s mental health, to date, there is a notable absence of studies 

have investigated the relationship between these two phenomena in the United State. Unlike in 

developing countries, where energy issues are often driven by a lack of modern energy service 

markets or accessibility of modern energy sources, the energy burden in the US is largely 
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associated with by socioeconomic factors and diverse geographic conditions(Li et al., 2022; Lin 

& Okyere, 2020; Sy & Mokaddem, 2022; Wang et al., 2021; D. Zhang et al., 2019; J. Zhang et 

al., 2022). For example, while average energy expenditure for US households in 2019 was 

approximately 3.8%, US households with incomes equal to or below 200 percent of the federal 

poverty line allocate 8.1 percent of their incomes on energy expenses (Drehobl et al., 2020). 

Similarly, low-income and racially minority households in the United States tend to consume 

even more energy per square foot compared to affluent and white households. Households with 

children or black and Hispanic households faced higher odds of receiving a notice or 

experiencing disconnection from the utility service and bill payment challenges in 2019 and 

2020 (Memmott et al., 2021). Those findings suggest that energy burden is not merely a 

consequence of rising electricity prices but should be considered an underappreciated social 

determinant of health in the United States (Hernández, 2023). From this perspective, it is crucial 

to explore whether it is associated with the current significant mental health issue and to what 

extent if affects the prevalence of mental health outcomes in the United States. 

Moreover, the US encompasses a wide range of geographical and climate conditions, 

from the extreme heat of the Southwest to the cold of the Northern states. This variation results 

in diverse residential energy needs and potentially corresponding impacts on mental health 

outcomes (Auffhammer & Mansur, 2014; Maxim & Grubert, 2022).  Considering that the 

prevalence of mental health outcomes is related to climate conditions and needs for residential 

energy needs, research in the United States provides empirical evidence of the relationship 

between energy burden and mental health outcomes for policymakers. 

  Along with the climate regions, to explain the relationship between energy burden and 

mental health, the current study also considers housing characteristics and living conditions that 
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are well known to be important to mental health outcomes. It has been found that housing 

characteristics, such as age and construction materials of housing unit or housing density are 

associated mental health (Newman, 2001; Singh et al., 2019). However, to our knowledge, no 

previous empirical research has taken those factors into account in exploring the relationship 

between energy burden and mental health across the United States. By considering a range of 

housing, living and sociodemographic factors that are known to be important to mental health, 

our study can contribute the existing literature by providing a more comprehensive 

understanding of the topic.   

To bridge the existing literature gaps, our study ventures beyond prior investigations by 

comprehensively analyzing all census tracts with low-income families across the United States. 

Notably, our study incorporates a wide range of established census- and county-level data 

sources to account for factors related to mental health, such as demographic characteristics as 

well as living and housing characteristics that have not been examined in the previous study. For 

this goal, we utilized the 2019 CDC PLACES data in conjunction with American Community 

Survey and other multiple datasets. Additionally, we stratify the models by climate zones, 

allowing us to investigate how the relationship between energy burden and mental health 

outcomes varies across different climate zones. In essence, our study makes a valuable 

contribution to the existing literature on energy burden by offering the initial evidence on the 

relationship between energy burden and population mental health nationwide in the United States. 

 

1.1 Existing Literature on energy burden and mental health 
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Although existing studies on energy burden and mental health focused on different geographic 

regions and population, many of them have found that energy burden has a negative effect on 

mental health. Along with the backdrop of the global energy crisis, many of existing studies have 

highlighted energy burden and its impact on health across European countries. A comparative 

study of 32 European countries found that a higher proportion of energy-poor populations is 

linked to poorer emotional well-being and a greater likelihood of depression, especially in more 

egalitarian societies like Sweden and Slovenia (Thomson et al., 2017). Another study involving 

27 European countries provided further evidence that individuals unable to afford adequate 

heating or who had utility bill arrears were more likely to report poor health and depression 

(Oliveras et al., 2021). The positive relationships observed in the European studies suggest it 

may have a similar dynamic in the United States.  

Recognizing the financial strain associated with energy burden, recent studies have 

explored the relationship between energy burden and mental health among vulnerable 

populations, such as pregnant women and older adults. For example, in Australia, the 

consecutive inability to afford home heating increased the odds of depressive symptoms by 1.95 

times (Bentley et al., 2023). Similarly, a study in Ireland focusing on vulnerable populations 

revealed that energy burden is associated with a 1.64-fold increase in the odds of maternal 

depression (Mohan, 2021). Another recent study on China found that energy burden exerts 

cumulative effects on mental health outcomes and cognitive health of older adults in China, as 

evidenced through self-rated health (Li et al., 2022). Those findings suggest that energy burden 

may induce financial stress, which could contribute to the deterioration of mental health.  

Economic strains, particularly among low-income households, exacerbate mental health 

risks due to the significant portion of income allocated to energy needs. This financial strain 
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leaves fewer resources for other essential needs, potentially leading to adverse mental health 

outcomes (Bhattacharya et al., 2003; Burlinson et al., 2022). Research using in-depth interviews 

illustrated a detailed context for the financial hardship associated with energy costs. According to 

the qualitative studies from the US and Canada, the study participants reported that they dreaded 

utility bills coming cue and there were usually the fear of utility service disconnection due to late 

or nonpayment Participants emphasized that these experiences of anxiety and stress in daily life 

significantly worsened their mental health (De Haro & Koslowski, 2013; Harrington et al., 2005; 

Hernández, 2016). 

The association between energy burden and mental health can be different depending on 

the climate conditions. However, to our knowledge, few studies take into account climate regions 

in studying the impact of energy burden on health. Extreme weather events can cause stress, 

anxiety and trauma, particularly for vulnerable populations who spend more time at home and 

low-income families who often face lack of adequate heating or cooling in their homes. 

Empirical research on indoor temperature and mental health have shown that being cold at home 

and damp housing increase psychological vulnerabilities and contribute to a variety of mental 

well-beings such as persistent worry about affordability, anxiety, cold-induced stress, feeling loss 

of emotional control and depressive symptoms (Liddell & Guiney, 2015; Liddell & Morris, 2010; 

O’neill et al., 2006; Riva et al., 2023). During the extreme weather conditions, low income 

families are more likely to experience fuel shortage, energy service interruptions, power outrage, 

which can exacerbate existing health conditions, increase the risks for developing diseases, 

ultimately impacting their mental health in a long run (Jessel et al., 2019). Although these studies 

did not specifically examine how varying energy burdens are associated with mental health 
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across different climate regions, they suggest that the impact of energy burden on mental health 

may vary by region.  

 

 

2. Materials and Methods 

 

First, in this population-based study, we utilized census tract level information to measure the 

neighborhood. Before introducing the datasets used for the study, it is worth mentioning several 

reasons why a census tract is an appropriate unit of analysis for understanding the population 

mental health in relation to energy burden. First, a large body of literature on neighborhood 

effects on health has suggested that various census tract level characteristics are associated with 

population-level health outcomes (Arcaya et al., 2016). Second, census tracts are preferred 

“small area” geographical units for data analytics to represent local socioeconomic conditions, as 

well as the useful administrative unit used by federal, state, and local governments (Printing 

Office, U.S. Government, 2019). Thus, results from census tract level analysis can produce 

meaningful population health policy implications for energy burdended neighborhoods. Third, 

the census tract is the smallest geographic unit in which data on key measures of this study are 

available in the United States. 

 

2.1. Data 

In this study, for the purpose of developing comprehensive metrics pertaining to health, energy, 

living, housing, and socio-demographic characteristics, we incorporated data from five distinct 

datasets, as detailed below.  
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First, for the health measure this paper used 2019 PLACES: Local Data for Better Health 

released by Centers for Disease Control and Prevention (CDC). The data provide model-based 

29 chronic disease measures at multiple local area-levels (county-, place-, census tract – and 

ZCTA level) across 500 largest American cities based on the Behavioral Risk Factor 

Surveillance System (BRFSS). The data include approximately 28,000 census tracts among 500 

cities whose population is ranged from approximately 43,000 in Burlington, Vermont, to 

8,300,000 in New York City, New York as of 2019 (Bureau, 2019). 

Second, for the energy measure, this paper used 2018 Low-Income Energy Affordability 

(LEAD) data. LEAD, available from U.S. Department of Energy, compile information of 

housing units, monthly expenditures on housing energy use including electricity, gas, and other 

fuel and household income at Census tract levels(Ma et al., 2019). The estimates of residential 

energy use and energy burden are tabulated based on 2018 5-year American Community Survey. 

Other energy related data and information of housing conditions were drawn from 2016-

2020 Picture of Subsidized Housing (PSH) and 2018 End-Use Saving Shapes. PSH, provided by 

U.S. Department of Housing and Urban Development includes the nearly 5.1 million US 

households receiving housing assistant programs from the Department of Housing and Urban 

Development every year and collects the information of the assisted households and their 

residents’ characteristics at the national, state, city, CBSA, and Census tract level. To make the 

study period consistency, we combined the census tract level data from each of the individual 

year years (2016, 2017, 2018, 2019 and 2020) and tabulated the 5-year estimate data for our 

analysis. 2018 End-Use Saving Shapes is used for the study as they profile energy efficiency and 

electrification of the U.S. residential building stocks. Since the unit of analysis of the data is 

individual buildings, not a geographic unit, they needed to be summarized at the geographic level 
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for the analysis. By using the address information of each building, we calculated the percentage 

and counts of geometry wall, cooling system, heating system types, roof insulation status of the 

residential buildings by every county – smallest geographical unit available in the address 

information – across the United States. 

For socio-demographic measures, this study used 5-Year estimates of 2015-2019 

American Community Survey (ACS). The ACS participation is mandatory, and the survey 

contains broad information on social, economic, and demographic characteristics. The primary 

advantage of using the ACS 5-year estimates is that the data are available for all geographical 

units down to the block level group and provide high reliability of the data for less populated 

areas. For consistency of the unit of analysis, we used census tract level measures of the ACS. 

Lastly, to account for climate zones since climate related stressor created by outdoor and 

indoor temperature is one of possible causes of chronic kidney disease, this paper used 

International Energy Conservation Code (IECC) (Johnson et al., 2019).  While IECC originally 

aims at evaluating energy efficiency of residential and commercial buildings and providing 

specific requirements for the energy related performance tailored to different climate zones, this 

study utilized the measure of climate zones from the IECC. 

 

2.2.Measures 

2.2.1. Outcome variables 

In this study we used two different measures of mental health. The first outcome variable of the 

study is census tract-level crude prevalence of having frequent mental distress obtained from 

CDC PLACES data. The measure is based on the percentage of respondents aged 18 years old or 

older who reported 14 or more days during the past 30 days during which their mental health was 
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not good. Another outcome variable we explore is census tract level crude prevalence of 

physician-diagnosed depression obtained from CDC PLACES data as well. The measure is based 

on the percentage of respondents aged 18 years old or older who reported that they had been told 

by a doctor, nurse, or other health professionals that they had a depressive disorder.  

The two outcome variables were constructed by CDC using BRFSS data and a Multilevel 

Regression with Poststratification (MRP) approach to estimate the small area level (here, census 

tracts) estimates. Both estimates were age-, sex-, race/ethnicity-, county level federal poverty 

adjusted (Division of Population Health, National Center for Chronic Disease Prevention and 

Health Promotion, n.d.; Greenlund et al., 2022; X. Zhang et al., 2014). 

 

2.2.2. Focal Explanatory variable 

The focal independent variable of the study is the census-level energy burden that is measured as 

the averaged percentage of annual energy expenditure out of the energy of annual income.  

 

2.2.3. Covariates 

First, we included several census tract-level living and housing conditions in our analysis. We 

included the average utility allowance among households in dollars per month measured in 

dollars per month. This estimate reflects the utilities covered by the upper limit of government 

subsidies provided to the low-income households to assist with their utility expenses. We also 

included the percentage of crowded housing and median ages of building. The crowdedness is 

measured through the share of houses in a census tract that have number of residents exceed the 

number of bedrooms in a house. For the median age of buildings in a census tract, the median 

age was calculated by subtracting the median year of construction from 2019. We imputed the 
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original value of 0 for the median year of houses built with 1939, the presumably the oldest 

possible value that could have been reported in the Census as of the survey year. We also 

included the percentages of houses using gas, electricity and other fuel types respectively. In 

addition to the census tract level housing characteristics, due to the availability of data, county 

level housing characteristics are also included in the study. The housing characteristics used were 

physical wall type, the percentage of houses equipped cooling, heating systems and the 

percentage of houses with roof insulation. 

Second, we adjust for the census tract level social and demographics. Detailed covariates 

are as follows: percentage of females in a census tract, percentage of nonwhites in a census tract, 

percentage of the population who are 65 or over, percentage of the population age 25 and older 

whose educational attainment is less than high school, the unemployment rate, and the median 

household income in a census tract. For the percentage of nonwhites, it included non-Hispanic 

blacks, non-Hispanic Asians, American Indian/Alaskan Native (AIAN), Native Hawaiian and 

Pacific Islanders, and Hispanics. For all covariates included, we used 0.7 as a threshold to decide 

the covariates for the model. 

Lastly, this study considered climate zones. Climate zones were measured based on 

International Energy Conservation Code (IECC). The IECC is originally comprised of nine 

climate zones (extremely hot, very hot, hot, warm, mixed, cool, cold, very cold, and 

subarctic/arctic) and marine, dry, and moist status of each climate zone and identifies the entire 

US territory as 19 climate zones. However, due to the sample limitation, we reduce the climate 

zone categories into five: very hot and hot, warm, mixed, cool, cold and very cold). 
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2.3.Statistical analysis 

To examine the association between energy burden and the prevalence of health outcomes – 

having frequent mental distress and depression – we used multilevel random intercept regression 

models that can allow us to account for the variability at the city level. Since census tracts are 

nested in a city and shared similar characteristics, meaning that the data have a multilevel 

structure, we implement a random intercept model, treating the level-1 intercepts vary by cities 

(Raudenbush & Bryk, 2002). To guide the selection of the appropriate multilevel model and the 

covariance structure, we calculate ICC and use likelihood-ratio tests. Results suggest that 

incorporating a random intercept for cities explains the data better in both models for the 

prevalence of frequent mental distress and depression. Accordingly, our general specification is 

shown as follow: 

 

𝑌𝑖𝑗 = 𝛾00 + 𝛽1𝑋1𝑖𝑗 + ∑ 𝛽𝑘𝑋𝑘𝑖𝑗𝑘≥2 +𝑢𝑗 + 𝑒𝑖𝑗, 

 

where 𝑌𝑖𝑗 is 1) the crude prevalence of frequent mental distress (among adults ≥18);  

      2)  the crude prevalence of physician diagnosed depression (among adults    

≥18) in the i-th census tract in j-th city,  

𝛾00  is the average intercept across all census tracts, representing the average value of 

the outcome variable when all predictors are zero, 

𝛽1𝑋1𝑖𝑗 is the effect of high energy burden on the prevalence of chronic kidney disease, 

∑ 𝛽𝑘𝑋𝑘𝑖𝑗𝑘≥2  is the sum of the effect of the covariates on the prevalence of chronic kidney 

disease, 
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𝑢𝑗  is the random intercept associated with j-th city, representing the variability in the 

prevalence of kidney disease that is attributable to differences between cities and 

capturing the influence of city-specific characteristics on the prevalence kidney disease, 

𝑒𝑖𝑗 is the residual error term for i-th census tract within j-th city. 

 

Furthermore, in order to explain whether the association between energy burden and the 

prevalence of mental health problems and depression differ by climate zones in the United States, 

we employ the stratified analysis by conducting the same models by five climate zones based on 

the IECC climate zone. 

 

 

3. Results 

3.1.Overview of sample characteristics of the study 

 

[Table 1] is about here. 

 

The sample is restricted to 25,643 census tracts spanning in 481 cities across 46 states and the 

District of Columbia. It focuses on low-income households and excludes census tracts in New 

Jersey in terms of 2019 CDC PLACES data, as well as Alaska and Hawaii from the 2018 End-

Use Savings Shapes. Descriptive characteristics of the sample, as stratified by climate zones 

based on the International Energy Conservation Code and the American Society of Heating, 

Refrigeration, and Air- Conditioning Engineers specification (very hot and hot, warm, mixed, 

cool, and cold and very cold climate zone), are shown in Table 1. 
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This study focuses on two mental health outcomes. The first outcome is the average 

crude prevalence of frequent mental distress which was measured through the percentage of 

respondents aged 18 years old or older who reported 14 or more days during the past 30 days 

during which their mental health was not good(Cree et al., 2020). The other outcome is the 

census tract-level crude prevalence of depression that is based on the percentage of respondents 

aged 18 years old or older who reported that they had been told by a doctor, nurse, or other 

health professionals that they had a depressive disorder.  

 As shown in Table 1, the prevalence of frequent mental distress among adults exceeds the 

national level in both very and hot and cool regions, while it remains comparatively lower in 

warm and cold and very cold regions. Conversely, the prevalence of depression among adults 

displays distinct regional patterns. It peaked in cold and very cold regions and mixed climate 

regions. 

 In terms of energy burden, U.S. households in urban areas spent approximately 3.024% 

of their annual income on energy expenses. Households in census tracts located in very hot, hot, 

and cool climate regions spent more than the national average, with percentages of 3.142 and 

3.566% while those in warm, very cold, and cold climate regions spent less, with percentages of 

2.545% and 2.717%, respectively. These findings indicate a regional variation in energy burden, 

with certain climate conditions necessitating higher energy expenditures. 

 

3.2.Census tract level energy burden and frequent mental distress 

We examined an investigation into the direct relationship between energy burden at the census 

tract level age-adjusted crude prevalence of having frequent mental distress and physician-

diagnosed depression, among adults (aged 18 and older), respectively. This inquiry was carried 
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out employing a multilevel random intercept regression analysis. We included energy burden, 

our primary independent variable, and housing and living characteristics and socio-demographic 

characteristics as control variables for each mental health outcome. To further elucidate 

variations in relationship between energy use and mental health outcomes by climate regions in 

urban areas across United States, we applied a stratification analysis by five climate regions 

based on International Energy Conservation Code and estimated climate zone specific model. 

 

[Figure 1] is about here. 

 

Figure 1 illustrate the relationships between energy burden and the prevalence of frequent 

mental distress at the census tract level in urban areas across the United States. The key findings 

are that energy burden is positively related to prevalence of mental distress and that the 

relationships are also statistically significant in each climate region. For all census tracts, for 

each additional percentage point increase in the proportion of income spent on energy bills, the 

prevalence of mental distress increases by 0.473 percentage points at the census tract level, after 

adjusting for other covariates.  

 Regarding the relationship between census tract level housing and living characteristics 

and the prevalence of mental distress, average utility allowance given by the government, 

percent of crowded housing have a positive relationship with the prevalence of frequent distress. 

When census tracts have 10 percent point highr in the share of crowded housing and 10 dollar 

higher in the average utility allowance that houses received from the government compared to 

other census tracts, the prevalence of frequent mental distress increased by 0.18 and 0.01 by 
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respectively. However, census tracts with old building tended to have lower prevalence of 

frequent mental distress (See Supplementary table 1). 

 In terms of census tract level demographic characteristics in relation to the frequent 

mental distress, a higher percentage of female population, a greater proportion of individuals 

with less than a high school education, and higher unemployment rates within a census tract are 

positively correlated with increased prevalence of frequent mental distress. Conversely, a higher 

percentage of nonwhite population and higher median household income are negatively 

associated with the prevalence of frequent mental distress. 

The findings of the multilevel regression analyses, as presented in Figure 1 and 

supplementary Tables 2 through 6, reveal a significant positive association between higher 

energy burden within a census tract and the prevalence of frequent mental distress across five 

climate regions: very hot, hot and warm, mixed, cool and cold, and very cold regions. 

Specifically, for each additional percent of household income spent on energy bills, the 

prevalence of frequent mental distress increases by 0.535, 0.534, 0.481, 0.386, and 0.538 

respectively across these regions. 

These findings suggest that an increased energy burden within a census tract is 

consistently associated with a higher prevalence of frequent mental health across all US urban 

areas and across various climate regions. It implies that as household allocate a larger portion of 

their income to energy expenses, the mental health of individuals in those census tracts tends to 

deteriorate that may cause to more frequent experiences of mental distress. 

 

3.3.Census tract level energy burden and diagnosed depression 
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Shifting focus to the prevalence of depression, as shown in Figure 2, we found that census tract 

level energy burden is positively associated with the prevalence of physician diagnosed 

depression in urban areas across the United States and that this relationship are also statistically 

significant in each climate region. In U.S. urban areas, when households allocate an additional 

one percent of their income to energy expenses, the prevalence of depression at the census tract 

level increases by 0.173 percentage points, after accounting for other variables. 

 

[Figure 2] is about here. 

 

 Supplementary table 7 provides the multilevel regression result underpinning this 

relationship. When it comes to census tract level housing and living characteristics,  

a $10 increase in the average utility allowance provided by the government is associated with a 

0.01 percentage point increase in the prevalence of depression. However, the median age of 

buildings and the percentage of crowded houses within a census tract are negatively associated 

with depression prevalence. Unlike the positive relationship between building age and frequent 

mental distress, depression prevalence tends to decrease with older buildings. A one percent 

increase in crowded housing is associated with a 0.012 percentage point decrease in depression 

prevalence among adults, consistent with the findings for mental distress. 

The relationships between sociodemographic characteristics and the prevalence of adult 

depression are consistent with those observed for frequent mental distress. A higher percentage 

of females, a greater proportion of the population with less than a high school education, and 

higher unemployment rates are positively associated with adult depression. In contrast, a lower 

share of nonwhite individuals and a higher percentage of older adults are negatively associated 
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with the prevalence of depression among adults. Additionally, median household income is 

negatively associated with the prevalence of adult depression.  

Supplementary Tables through 7 to 12 provides the random intercept regression results 

stratified by each climate region. controlling for the socio demographic covariates, on average, 

each additional percentage point of annual energy burden at the census tract is associated with 

approximately a 0.29 percent increase in the prevalence of depression. In the subgroup analysis 

stratified by IECC regions, a statistically significant positive association between energy burden 

and the prevalence of depression is observed in all climate zones with the highest association 

found in mixed climate zone. 

 

 

4. Discussion 

 

As the prevalent mental health issues and energy burden phenomena in the United States have 

recently garnered public concerns in the United States, many previous studies have examined 

each phenomenon separately. The dearth of such studies leads to questions about the relationship 

between energy burden and mental health outcomes at a census tract level.  

Our study addresses a significant gap in the existing literature by utilizing nationally 

representative data to examine the relationship between energy burden and mental health 

outcomes in U.S. urban areas across different climate zones. Using multilevel random intercept 

models, we found that annual energy burden is a key factor in the prevalence of frequent mental 

distress and physician-diagnosed depression. Additionally, our study identified that factors such 

as utility allowance, crowded housing, female population percentage, low education levels, and 
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unemployment have a detrimental impact on the two mental health outcomes, while the 

percentage of nonwhites, older adults, and median income are negatively associated with these 

outcomes. 

The evidence of the relationship between energy burden and mental health outcomes 

identified in our study aligns with findings in the existing literature from various regions, 

including European countries, Canada, Australia, and developing countries such as Ghana and 

rural China (Bentley et al., 2023; Lin & Okyere, 2020; Oliveras et al., 2021; Riva et al., 2023; 

Thomson et al., 2017; J. Zhang et al., 2022). Furthermore, our findings emphasize the 

importance of considering living conditions and physical housing characteristics when 

examining mental health outcomes. Studies found that building construction materials, living 

conditions and overall housing quality are critical to indoor thermal comfort, which can 

significantly influence mental health (Ige et al., 2019; Ormandy & Ezratty, 2012). Living in a 

cold and damp house and crowded house increase the mental health stressors (Liddell & Guiney, 

2015; Mangrio & Zdravkovic, 2018). Old housing is often associated with housing dilapidation, 

mold and dampness, which can exacerbate residents’ well-being and moental health over time. 

Our empirical evidence supports that energy justice is interrelated with health justice and 

that achieving energy justice can be a crucial strategy for addressing health inequalities. As part 

of the efforts to achieve energy justice in the United States, the US government announced the 

Federal program titled Justice40 Initiative, directing a significant portion of federal investment to 

disadvantaged communities that have been disproportionally affected by climate change 

(Schlosberg & Collins, 2014), energy efficiency (Ghorbany et al., 2024), and infrastructure 

inequalities (Enviromental Justice, n.d.). Given the complex interplay between energy burden, 

housing conditions, income levels, and mental health, it is essential to adopt a multifaceted 
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policy approach (Bednar & Reames, 2020; Cong et al., 2023; Graff et al., 2022; Wang et al., 

2021) This approach should include a combination of various strategies, such as enhancements to 

housing conditions (e.g., through weatherization programs (Tonn et al., 2018; Zivin & Novan, 

2016)), income-based assistance (e.g., rebates((Datta & Gulati, 2014; Sun & Sankar, 2022)), and 

measures to alleviate energy burden (e.g., bill assistance (Helmke-Long et al., 2022)). The 

potential enhancement of mental health resulting from these energy programs emphasizes the 

need to bolster investments in these initiatives. Additionally, tailoring policy strategies to the 

specific climate zones and conditions of the affected populations is vital to their effectiveness. 

 This study has three limitations. First, as the data were aggregated by the census tract, 

translating the findings from an aggregate level data into the individual or household level would 

introduce potential for an ecological fallacy. This limitation cannot be easily overcome, as the 

there is no nationally representative data available that include mental health, energy burden and 

housing characteristics together at an individual or household level, primary due to concerns 

about individual privacy. Second, due to limited data availability, some physical housing 

conditions were solely measured at the county level. Interpreting housing conditions measured at 

the county level should be approached with caution, as inferring census tract-level outcomes 

from county-level variables could potentially introduce inaccuracies. In future research, it will be 

important not only to merge data across the same analytic levels but also to consider housing 

problems such as leaks, mold, plumbing issues, and lead-based issues that may be associated 

with health outcomes. These factors should be considered to gain a comprehensive 

understanding of the relationship between housing conditions and health. Lastly, the causality 

between energy burden and mental health outcomes cannot be inferred from the data used in our 

study since they are cross-sectional. However, given that there is a dearth of empirical studies on 
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the topic, our findings provided empirical evidence that energy burden and mental health are 

strongly associated. In future research, it will be important to answer research questions, such as 

mechanisms through which energy hardship interplaying with housing conditions and residential 

energy use affects public health in the US. 
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Table 1 Summary of Study Sample  

 All Very Hot 

and Hot 

Warm Mixed Cool Cold and 

Very Cold 

 M. SD M. SD M. SD M. SD M. SD M. SD 

Mental Health Outcomes             

Prevalence of frequent mental distress among adults 

aged ≥18 
13.951 3.587 14.210 3.388 13.500 3.471 13.884 3.454 14.630 3.887 12.897 3.418 

Prevalence of physician diagnosed Depression among 

adults aged ≥18 
19.553 3.442 19.273 2.288 18.468 3.311 20.017 4.148 20.490 3.072 21.819 2.837 

Energy Burden             

 Annual avg. energy burden 3.024 1.834 3.142 1.534 2.545 1.588 3.125 1.615 3.566 2.353 2.717 1.421 

Census Tract Level Housing/Living Characteristics             

Avg. utility Allowance (in dollars) 89.114 74.122 91.690 80.614 81.474 75.144 0.075 0.263 97.658 66.651 87.061 55.745 

% Crowdedness 5.284 6.660 4.771 5.079 7.615 8.726 5.024 5.896 2.911 3.466 3.181 3.675 

Median age of buildings 51.579 19.937 40.485 16.515 46.353 17.385 5.024 5.896 59.008 19.718 58.651 19.935 

% Heating fuel type: gas 36.467 27.149 24.154 21.602 58.053 20.736 59.667 22.838 75.442 17.353 73.891 15.112 

% Heating fuel type: electricity 57.558 26.230 73.367 21.237 36.961 21.258 29.790 24.605 19.213 15.177 20.178 12.665 

% Heating fuel type: others
1)

 4.477 8.239 1.220 1.948 2.232 3.542 9.665 12.378 4.720 8.133 5.135 8.527 

County Level Housing Physical/Living 

Characteristics 
            

% Wall type = wood frame 71.315 23.653 51.614 21.833 84.089 18.793 67.755 21.609 67.729 22.172 88.869 11.724 

% Cooling  99.068 1.607 96.506 1.994 75.645 22.236 85.902 12.334 79.507 8.641 67.537 4.185 

% Heating 36.454 16.912 99.356 1.314 98.160 2.251 99.393 0.806 99.749 0.268 99.636 0.353 

% Insulated roof 9.092 0.187 31.373 9.117 32.334 10.028 49.199 24.908 33.516 13.522 35.474 9.537 

 Logged Energy consumption (kwh) 9.092 0.187 9.110 0.087 8.990 0.148 9.008 0.168 9.261 0.125 9.406 0.168 

Census Track Level Demographic Characteristics             

% Population: female 51.117 4.368 50.867 4.396 50.823 4.233 51.747 4.476 51.160 4.400 50.665 4.116 

% Population: nonwhites 56.139 28.749 59.462 27.592 62.589 25.646 54.890 30.071 48.673 29.468 37.879 27.922 
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 All Very Hot 

and Hot 

Warm Mixed Cool Cold and 

Very Cold 

 M. SD M. SD M. SD M. SD M. SD M. SD 

% Population: 65+ 13.745 7.086 14.466 9.304 13.280 6.648 14.165 6.467 13.639 6.528 12.757 6.170 

% Population: less than high school 15.042 12.260 15.644 13.070 16.915 13.916 13.806 10.348 13.804 10.726 10.880 9.579 

% Unemployed 6.607 5.051 6.154 4.121 6.271 4.238 6.380 4.741 7.827 6.649 5.203 4.090 

Median HH income (logged) 10.942 0.522 10.871 0.487 11.051 0.518 10.960 0.519 10.832 0.532 10.871 0.448 

Climate Zones             

IECC 1 & 2 (Very Hot and Hot) 0.163  - - - - - - - - - - 

IECC 3 (Warm) 0.334  - - - - - - - - - - 

IECC 4 (Mixed) 0.230  - - - - - - - - - - 

IECC 5 (Cool) 0.237  - - - - - - - - - - 

IECC 6 & 7 (Cold and Very Cold) 0.035  - - - - - - - - - - 

N 25,643 4,191 8,570 5,909 6,068 905 

Note: 1) Others include 2) The sample of the study is restricted to 25,643 census tracts spanning in 481 cities across 46 states and the District of Columbia. New Jersey and Alaska 

and Hawaii were excluded.  
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Figure 1 Estimated Coefficient of Energy Burden on Prevalence of Frequent Mental Distress by 

IECC Climate Regions 

  

Note: Points indicates the estimated coefficients and bars represent the 95% C.ls, estimated from random intercept regression models for the total sample and 

stratified by simplified climate zones. The full model estimations are provided in Supplementary Table 1 to 6. 
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Figure 2 Estimated Coefficient of Energy Burden on Prevalence of Depression by IECC Climate 

Regions 

 
Note: Points indicates the estimated coefficients and bars represent the 95% C.ls, estimated from random intercept regression models for the total sample and 

stratified by simplified climate zones. The full model estimations are provided in Supplementary Table 7 to 12. 

 

References 

Arcaya, M. C., Tucker-Seeley, R. D., Kim, R., Schnake-Mahl, A., So, M., & Subramanian, S. V. 

(2016). Research on neighborhood effects on health in the United States: A systematic 

review of study characteristics. Social Science & Medicine, 168, 16–29. 

https://doi.org/10.1016/j.socscimed.2016.08.047 

Auffhammer, M., & Mansur, E. T. (2014). Measuring climatic impacts on energy consumption: 

A review of the empirical literature. Energy Economics, 46, 522–530. 

Bednar, D. J., & Reames, T. G. (2020). Recognition of and response to energy poverty in the 

United States. Nature Energy, 5(6), 432–439. 

Bentley, R., Daniel, L., Li, Y., Baker, E., & Li, A. (2023). The effect of energy poverty on 

mental health, cardiovascular disease and respiratory health: A longitudinal analysis. The 

Lancet Regional Health–Western Pacific. 

Bhattacharya, N., Black, E. L., Christensen, T. E., & Larson, C. R. (2003). Assessing the relative 

informativeness and permanence of pro forma earnings and GAAP operating earnings. 

Journal of Accounting and Economics, 36(1–3), 285–319. 

Burlinson, A., Davillas, A., & Law, C. (2022). Pay (for it) as you go: Prepaid energy meters and 

the heat-or-eat dilemma. Social Science & Medicine, 315, 115498. 

Churchill, S. A., & Smyth, R. (2020). Ethnic diversity, energy poverty and the mediating role of 

trust: Evidence from household panel data for Australia. Energy Economics, 86, 104663. 

Cong, S., Nock, D., Laasme, H., Qiu, Y. L., & Xing, B. (2023). Understanding energy limiting 

behavior in different climate zones: Case studies of three utility service regions. 



Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof

 

Cree, R. A., Okoro, C. A., Zack, M. M., & Carbone, E. (2020). Frequent mental distress among 

adults, by disability status, disability type, and selected characteristics—United States, 

2018. Morbidity and Mortality Weekly Report, 69(36), 1238. 

Datta, S., & Gulati, S. (2014). Utility rebates for ENERGY STAR appliances: Are they effective? 

Journal of Environmental Economics and Management, 68(3), 480–506. 

De Haro, M. T., & Koslowski, A. (2013). Fuel poverty and high-rise living: Using community-

based interviewers to investigate tenants’ inability to keep warm in their homes. Journal 

of Poverty and Social Justice, 21(2), 109–121. 

Division of Population Health, National Center for Chronic Disease Prevention and Health 

Promotion. (n.d.). PLACES: Local Data for Better Health [Dataset]. 

https://www.cdc.gov/places/methodology/index.html 

Drehobl, A., Ross, L., & Ayala, R. (2020). How high are household energy burdens. An 

Assessment of National and Metropolitan Energy Burdens across the US. 

Enviromental Justice. (n.d.). Justice40 A Whole-OF-Goverment Initiative. 

https://www.whitehouse.gov/environmentaljustice/justice40/ 

Ghorbany, S., Hu, M., Sisk, M., Yao, S., & Wang, C. (2024). Passive over Active: How Low-

Cost Strategies Influence Urban Energy Equity. Sustainable Cities and Society, 105723. 

Graff, M., Konisky, D. M., Carley, S., & Memmott, T. (2022). Climate change and energy 

insecurity: A growing need for policy intervention. Environmental Justice, 15(2), 76–82. 

Greenlund, K. J., Lu, H., Wang, Y., Matthews, K. A., LeClercq, J. M., Lee, B., & Carlson, S. A. 

(2022). Peer Reviewed: PLACES: Local Data for Better Health. Preventing Chronic 

Disease, 19. 

Harrington, B. E., Heyman, B., Merleau‐Ponty, N., Stockton, H., Ritchie, N., & Heyman, A. 

(2005). Keeping warm and staying well: Findings from the qualitative arm of the Warm 

Homes Project. Health & Social Care in the Community, 13(3), 259–267. 

Helmke-Long, L., Carley, S., & Konisky, D. M. (2022). Municipal government adaptive capacity 

programs for vulnerable populations during the US energy transition. Energy Policy, 167, 

113058. 

Hernández, D. (2016). Understanding ‘energy insecurity’ and why it matters to health. Social 

Science & Medicine, 167, 1–10. https://doi.org/10.1016/j.socscimed.2016.08.029 

Hernández, D. (2023). Energy insecurity and health: America’s hidden hardship. Health Affairs 

Health Policy Brief. 

Hernández, D., & Siegel, E. (2019). Energy insecurity and its ill health effects: A community 

perspective on the energy-health nexus in New York City. Energy Research & Social 

Science, 47, 78–83. 

Ige, J., Pilkington, P., Orme, J., Williams, B., Prestwood, E., Black, D., Carmichael, L., & Scally, 

G. (2019). The relationship between buildings and health: A systematic review. Journal 

of Public Health, 41(2), e121–e132. 

Jessel, S., Sawyer, S., & Hernández, D. (2019). Energy, Poverty, and Health in Climate Change: 

A Comprehensive Review of an Emerging Literature. Frontiers in Public Health, 7, 357. 

https://doi.org/10.3389/fpubh.2019.00357 

Jitender Sareen, Tracie O. Afifi, Katherine A. McMillan, & Gordon J. G. Asmudson. (2011). 

Relationship Between Household Income and Mental Disorders: Findings From a 

Population-Based Longitudinal Study. ARCH GEN PSYCHIATRY, 68(4). 



Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof

 

Li, X., Yang, H., & Jia, J. (2022). Impact of energy poverty on cognitive and mental health 

among middle-aged and older adults in China. Humanities and Social Sciences 

Communications, 9(1), 1–13. 

Liddell, C., & Guiney, C. (2015). Living in a cold and damp home: Frameworks for 

understanding impacts on mental well-being. Public Health, 129(3), 191–199. 

Liddell, C., & Morris, C. (2010). Fuel poverty and human health: A review of recent evidence. 

Energy Policy, 38(6), 2987–2997. https://doi.org/10.1016/j.enpol.2010.01.037 

Lin, B., & Okyere, M. A. (2020). Multidimensional Energy Poverty and Mental Health: Micro-

Level Evidence from Ghana. International Journal of Environmental Research and 

Public Health, 17(18), 6726. https://doi.org/10.3390/ijerph17186726 

Mangrio, E., & Zdravkovic, S. (2018). Crowded living and its association with mental ill-health 

among recently-arrived migrants in Sweden: A quantitative study. BMC Research Notes, 

11(1), 609. https://doi.org/10.1186/s13104-018-3718-6 

Maxim, A., & Grubert, E. (2022). Anticipating climate-related changes to residential energy 

burden in the United States: Advance planning for equity and resilience. Environmental 

Justice, 15(3), 139–148. 

Memmott, T., Carley, S., Graff, M., & Konisky, D. M. (2021). Sociodemographic disparities in 

energy insecurity among low-income households before and during the COVID-19 

pandemic. Nature Energy, 6(2), 186–193. 

Mohan, G. (2021). Young, poor, and sick: The public health threat of energy poverty for children 

in Ireland. Energy Research & Social Science, 71, 101822. 

https://doi.org/10.1016/j.erss.2020.101822 

National Institute of Mental Health. (2023). Mental Illness [Statistics]. National Insitute of 

Mental Health. https://www.nimh.nih.gov/health/statistics/mental-illness#part_2555 

Newman, S. J. (2001). Housing attributes and serious mental illness: Implications for research 

and practice. Psychiatric Services, 52(10), 1309–1317. 

Oliveras, L., Peralta, A., Palència, L., Gotsens, M., López, M. J., Artazcoz, L., Borrell, C., & 

Marí-Dell’Olmo, M. (2021). Energy poverty and health: Trends in the European Union 

before and during the economic crisis, 2007–2016. Health & Place, 67, 102294. 

O’neill, T., Jinks, C., & Squire, A. (2006). “Heating is more important than food” older women’s 

perceptions of fuel poverty. Journal of Housing for the Elderly, 20(3), 95–108. 

Ormandy, D., & Ezratty, V. (2012). Health and thermal comfort: From WHO guidance to 

housing strategies. Energy Policy, 49, 116–121. 

https://doi.org/10.1016/j.enpol.2011.09.003 

Printing Office, U.S. Government. (2019). Understanding and Using American Community 

Survey Data: What the Business Community Needs to Know. 

https://www.census.gov/content/dam/Census/library/publications/2019/acs/acs_business_

handbook_2019.pdf 

Raudenbush, S. W., & Bryk, A. S. (2002). Hierarchical linear models: Applications and data 

analysis methods (Vol. 1). sage. 

Riva, M., Kingunza Makasi, S., O’Sullivan, K. C., Das, R. R., Dufresne, P., Kaiser, D., & Breau, 

S. (2023). Energy poverty: An overlooked determinant of health and climate resilience in 

Canada. Canadian Journal of Public Health. https://doi.org/10.17269/s41997-023-00741-

0 



Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof

 

Schlosberg, D., & Collins, L. B. (2014). From environmental to climate justice: Climate change 

and the discourse of environmental justice. Wiley Interdisciplinary Reviews: Climate 

Change, 5(3), 359–374. 

Singh, A., Daniel, L., Baker, E., & Bentley, R. (2019). Housing disadvantage and poor mental 

health: A systematic review. American Journal of Preventive Medicine, 57(2), 262–272. 

Sun, B., & Sankar, A. (2022). The changing effectiveness of financial incentives: Theory and 

evidence from residential solar rebate programs in California. Energy Policy, 162, 

112804. 

Sy, S. A., & Mokaddem, L. (2022). Energy poverty in developing countries: A review of the 

concept and its measurements. Energy Research & Social Science, 89, 102562. 

Thomson, H., Snell, C., & Bouzarovski, S. (2017). Health, Well-Being and Energy Poverty in 

Europe: A Comparative Study of 32 European Countries. International Journal of 

Environmental Research and Public Health, 14(6), 584. 

https://doi.org/10.3390/ijerph14060584 

Tonn, B., Rose, E., & Hawkins, B. (2018). Evaluation of the US department of energy’s 

weatherization assistance program: Impact results. Energy Policy, 118, 279–290. 

U.S. Energy Information Administration. (2018). TODAY IN ENERGY: One in three U.S. 

households faces a challenge in meeting energy needs (TODAY IN ENERGY). U.S. 

Energy Administration. https://www.eia.gov/todayinenergy/detail.php?id=37072# 

Wang, Q., Kwan, M.-P., Fan, J., & Lin, J. (2021). Racial disparities in energy poverty in the 

United States. Renewable and Sustainable Energy Reviews, 137, 110620. 

https://doi.org/10.1016/j.rser.2020.110620 

Zhang, D., Li, J., & Han, P. (2019). A multidimensional measure of energy poverty in China and 

its impacts on health: An empirical study based on the China family panel studies. 

Energy Policy, 131, 72–81. 

Zhang, J., He, Y., & Zhang, J. (2022). Energy Poverty and Depression in Rural China: Evidence 

from the Quantile Regression Approach. International Journal of Environmental 

Research and Public Health, 19(2), 1006. https://doi.org/10.3390/ijerph19021006 

Zhang, X., Holt, J. B., Lu, H., Wheaton, A. G., Ford, E. S., Greenlund, K. J., & Croft, J. B. 

(2014). Multilevel regression and poststratification for small-area estimation of 

population health outcomes: A case study of chronic obstructive pulmonary disease 

prevalence using the behavioral risk factor surveillance system. American Journal of 

Epidemiology, 179(8), 1025–1033. 

Zivin, J. G., & Novan, K. (2016). Upgrading efficiency and behavior: Electricity savings from 

residential weatherization programs. The Energy Journal, 37(4), 1–24. 

  

Declaration of interests 

The authors declare that they have no known competing financial interests or personal relationships 
that could have appeared to influence the work reported in this paper. 

 

Graphical abstract 



Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof

 

 

 

Highlights 

 Our study examines energy burden's impact on mental health in U.S. urban areas 

 Energy burden positively relates to mental distress and depression prevalence. 

 Energy burden's link to mental health is significant across all U.S. climate regions. 
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