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A B O U T  H E I

The Health Effects Institute is a nonprofit corporation chartered in 1980 as an independent 
research organization to provide high-quality, impartial, and relevant science on the effects of air 
pollution on health. To accomplish its mission, the Institute

•	 identifies the highest-priority areas for health effects research

•	 competitively funds and oversees research projects

•	 provides an intensive independent review of HEI-supported studies and related research

•	 integrates HEI’s research results with those of other institutions into broader evaluations

•	 communicates the results of HEI’s research and analyses to public and private decision-
makers.

HEI typically receives balanced funding from the US Environmental Protection Agency and the 
worldwide motor vehicle industry. Frequently, other public and private organizations in the United 
States and around the world also support major projects or research programs. HEI has funded 
more than 390 research projects in North America, Europe, Asia, and Latin America, the results 
of which have informed decisions regarding carbon monoxide, air toxics, nitrogen oxides, diesel 
exhaust, ozone, particulate matter, and other pollutants. These results have appeared in more 
than 275 comprehensive reports published by HEI, as well as in more than 2,500 articles in peer-
reviewed literature.

HEI’s independent Board of Directors consists of leaders in science and policy who are 
committed to fostering the public–private partnership that is central to the organization. The 
Research Committee solicits input from HEI sponsors and other stakeholders and works with 
scientific staff to develop a Five-Year Strategic Plan, select research projects for funding, and oversee 
their conduct. The Review Committee or Panel, which has no role in selecting or overseeing 
studies, works with staff to evaluate and interpret the results of funded studies and related 
research.

All project results and accompanying comments by the Review Committee or Panel are widely 
disseminated through HEI’s website (www.healtheffects.org), reports, newsletters, annual conferences, 
and presentations to legislative bodies and public agencies.

http://www.healtheffects.org
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A B O U T  T H I S  R E P O RT

Research Report 235, How Do Household Energy Transitions Work?, presents a research project 
funded by the Health Effects Institute and conducted by Dr. Jill Baumgartner and Dr. Sam Harper at 
McGill University, Montréal, Canada, and colleagues. The report contains three main sections:

The HEI Statement, prepared by staff at HEI, is a brief, nontechnical summary of the study 
and its findings; it also briefly describes the Review Committee’s comments on the study.

The Investigators’ Report, prepared by Baumgartner, Harper, and colleagues, describes 
the scientific background, aims, methods, results, and conclusions of the study.

The Commentary, prepared by members of the Review Committee with the assistance 
of HEI staff, places the study in a broader scientific context, points out its strengths and 
limitations, and discusses remaining uncertainties and implications of the study’s findings for 
public health and future research.

This report has gone through HEI’s rigorous review process. When an HEI-funded study is 
completed, the investigators submit a draft final report presenting the background and results of 
the study. Outside technical reviewers first examine this draft report. The report and the reviewers’ 
comments are then evaluated by members of the Review Committee, an independent panel of 
distinguished scientists who are not involved in selecting or overseeing HEI studies. During the 
review process, the investigators have an opportunity to exchange comments with the Review 
Committee and, as necessary, to revise their report. The Commentary reflects the information 
provided in the final version of the report.

Although this report was produced with partial funding by the United States Environmental 
Protection Agency under Assistance Award CR–83998101 to the Health Effects Institute, it has 
not been subjected to the Agency’s peer and administrative review and may not necessarily reflect 
the views of the Agency; thus, no official endorsement by it should be inferred. The contents of 
this report also have not been reviewed by private party institutions, including those that support 
the Health Effects Institute, and may not reflect the views or policies of these parties; thus, no 
endorsement by them should be inferred.
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HEI’s Accountability Research Program

INTRODUCTION

The goal of most air quality actions or interventions is 
to protect the public health by reducing exposure to air 
pollutants. If that goal is met and air pollution is reduced, 
indicators of public health should improve or at least not 
deteriorate. Evaluating the extent to which air quality actions 
or interventions succeed in protecting public health is part of 
a broader effort — variously termed accountability research, 
outcomes research, or research on regulatory effectiveness — 
designed to assess the performance of environmental 
policies in general. In recent decades, air quality in 
the United States and Western Europe has improved 
substantially, and this improvement is attributable to 
several factors, including increasingly stringent air quality 
regulations. However, protecting environmental quality and 
human health through actions or interventions typically 
incurs an economic cost. It is, therefore, important to 
understand whether environmental policies result in the 
intended improvements.

In 2003, the Health Effects Institute published Commu-
nication 11, a comprehensive monograph on accountability 
research, titled Assessing Health Impact of Air Quality Regula-
tions: Concepts and Methods for Accountability Research (HEI 
Accountability Working Group 2003). This monograph was 
written by the members of HEI’s multidisciplinary Account-
ability Working Group after a 2001 National Research 
Council (NRC) workshop to explore this topic (1998). 
Communication 11 set out a conceptual framework for 
accountability research and identified the types of evidence 
required and the methods by which the evidence should 
be obtained. It has also guided the development of the HEI 
Accountability Research program, which is discussed below.

Between 2002 and 2004, HEI issued four requests for 
applications (RFAs), under which eight studies were funded 
(see Preface Table). A ninth study was funded later, under 
Request for Preliminary Applications (RFPA) 05-3 Health 
Effects of Air Pollution. Following this first wave of research, 
HEI held further workshops to discuss lessons learned, 
identify key remaining questions, and plan a second wave 
of research. Those efforts led to further assessments of 
progress in 2009 and 2010 (HEI 2010a; van Erp and Cohen 
2009) and the issuance of RFA 11-1 Health Outcomes 
Research — Assessing the Health Outcomes of Air Quality 

Actions. The first wave of research primarily consisted of 
studies evaluating relatively short-term, local-scale, and 
sometimes temporary interventions; RFA 11-1 solicited 
additional studies with a focus on longer-term, regional- 
and national-scale regulations, including programs targeted 
at improving air quality surrounding major ports, as well as 
further methods development. 

This preface describes both the framework of 
accountability research as it relates to air quality actions or 
interventions and HEI’s Accountability Research program.

BACKGROUND

The first step in assessing the effectiveness of air quality 
actions or interventions is to measure emissions of the 
targeted pollutants to see whether they have in fact decreased 
as intended. To arrive at changes in health that can be attributed 
to the action or intervention, additional assessments of air 
quality, exposure, and inhaled dose are needed, as described in 
detail below. To quantify past effects on health and to predict 
future effects (US EPA 1999), some accountability studies 
have used hypothetical scenarios (comparing estimated 
outcomes under existing and more stringent regulations) 
and risk estimates obtained from epidemiological studies. 
However, more extensive validation of those estimates with 
data on actual outcomes would be helpful.

The long-term improvements in US air quality have 
been associated with improved health in retrospective 
epidemiological studies (Chay and Greenstone 2003; Laden 
et al. 2006; Pope et al. 2009). Considerable challenges, 
however, are inherent in the assessment of the health effects 
of air quality actions or interventions. Different actions or 
interventions occur at different times, for example, and 
may be implemented at different govermental levels (e.g., 
national, regional, or local). Therefore, their effectiveness 
needs to be assessed in ways that take into account the 
varying times and levels of intervention. In addition, other 
changes at the same time and place might confound an 
apparent association between pollution reduction and 
improved health, such as economic trends (e.g., changes 
in  employment), healthcare improvements, and behavioral 
changes (e.g., staying indoors when government warnings 
indicate pollution concentrations are high). 

https://www.healtheffects.org/research/funding/rfa/11-1-health-outcomes-research-assessing-health-outcomes-air-quality-actions
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At each stage in the accountability evaluation cycle, the 
opportunity exists to collect evidence that either validates the 
assumptions that motivated the intervention or points to ways 
in which the assumptions were incorrect. The collection of such 
evidence can thus ensure that future interventions are maximally 
effective.

Ultimately, the framework for accountability research will 
need to encompass investigations of the broader consequences 
of regulations, not just the intended consequences. Unintended 
consequences should also be investigated, along with the 
possibility that risks to public health in fact increased, as discussed 
by Wiener (1998) and others who have advanced the concept of 
a portfolio of effects of a regulation.

HEI’S ACCOUNTABILITY RESEARCH PROGRAM

The first wave of HEI’s Accountability Research program 
included nine studies (see Preface Table). These studies involved 
the measurement of indicators along the entire accountability 
evaluation cycle, from actions or interventions to human health 
outcomes. Many of the studies focused on interventions that 
were implemented over relatively short periods of time, such 
as a ban on the sale of coal, reductions in the sulfur content of 
fuels, measures to reduce traffic, and the replacement of old 
wood stoves with more efficient, cleaner ones. Other studies 
focused on longer-term, wider-ranging interventions or events; 
for instance, one study assessed complex changes associated 
with the reunification of the former East and West Germany, 
including a switch from brown coal to natural gas for fueling 
power plants and home-heating systems and an increase in the 
number of modern diesel-powered vehicles in eastern Germany. 
HEI also supported research, including the development of 
methods, in an especially challenging area: assessment of the 
effects of actions or interventions implemented incrementally 
over extended periods of time. In one such study, Morgenstern 
and colleagues (2012) examined changes that resulted from 
Title IV of the 1990 Clean Air Act Amendments (US EPA 1990), 
which aimed at reducing sulfur dioxide (SO2) emissions from 
power plants by requiring compliance with prescribed emission 
limitations.

HEI later funded four studies as part of the second wave of 
its Accountability program (see Preface Table). Two studies 
evaluated regulatory and other actions at the national or regional 
level implemented over multiple years (Gilliland et al. 2017, Russell 
et al. 2018); a third study evaluated complex sets of actions 
targeted at improving air quality in large urban areas and major 
ports with well-documented air quality problems and programs 
to address them (Meng et al. 2021); and a fourth study developed 
methods to support such accountability research (Zigler et al. 
2016). 

HEI funded a third wave of accountability studies that 
addressed an array of regional and national actions or interventions 
(see Preface Table). Sara D. Adar and colleagues evaluated 
the US EPA's School Bus Retrofit and Replacement Program 
authorized under the Diesel Emissions Reduction Act. They 
showed that school attendance and educational achievement 
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Moreover, adverse health effects that might have been 
caused by exposure to air pollution can also be caused by other 
environmental risk factors (some of which might have changed 
over the same time periods as the air pollution concentrations). 
These challenges become more pronounced when actions or 
interventions are implemented over long periods and when 
changes in air quality and health outcomes are not seen 
immediately, thus increasing the chance of confounding by 
other factors. For these reasons, scenarios in which actions or 
interventions are expected to have resulted in rapid changes in 
air quality tend to be among the first, and most likely, targets 
for investigation, rather than evaluations of complex programs 
implemented over multiple years. Studies in Ireland by Clancy and 
colleagues (2002) and in Hong Kong by Hedley and colleagues 
(2002) are examples of such scenarios.

These inherent challenges are well documented in 
Communication 11 (HEI Accountability Working Group 2003), 
which was intended to advance the concept of accountability 
research and to foster the development of methods and studies 
throughout the relevant scientific and policy communities. 
In addition, recent advances in data collection and analytic 
techniques provide an unprecedented opportunity to improve 
assessments of the effects of air quality interventions.

THE ACCOUNTABILITY EVALUATION CYCLE

Earlier conceptual frameworks for linking air pollution 
sources to adverse health effects were further developed in HEI's 
monograph (HEI 2003) in an expanded framework that is still 
relevant today. This framework can be used to identify factors 
along an "accountability evaluation cycle" (see Preface Figure), 
each stage of which affords its own opportunities for making 
quantitative measurements of the intended improvements. 

At the first stage (air quality action), one can assess whether 
controls on source emissions have in fact been put into place. 
At the second stage (emissions), one can determine whether 
those controls have indeed reduced emissions, whether emitters 
have changed their practices, and whether there have been 
unintended consequences. At the third stage (ambient air 
quality), one can assess whether reductions in emissions have 
resulted in improved air quality. At the fourth stage (personal or 
population exposure), one can assess whether the improvement 
in air quality has reduced people’s actual exposure and whether 
there has been a benefit for susceptible subpopulations (those 
most likely to experience adverse health effects). At this stage, it 
is important to consider changes in time–activity patterns that 
could either increase or reduce exposure. The actual dose that 
an individual’s organs are exposed to should also be considered 
(i.e., whether reductions in exposure have led to reductions in 
concentrations in body tissues such as the lung). Finally, at the 
fifth stage (human health response), one can assess whether 
risks to health have declined, given the evidence about changes 
in health outcomes such as morbidity and mortality that have 
resulted from changes in exposure. The challenge at this stage is 
to investigate the health outcomes that are most directly related 
to exposure to air pollution.
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had improved in school districts selected for funds to replace 
old diesel school buses compared to school districts that were 
not selected for funding (Adar et al. 2024). Perry Hystad and 
colleagues assessed whether air pollution decreases related 
to long-term cumulative regulatory improvements of motor 
vehicle emissions and shorter-term local congestion reduction 
programs improved birth outcomes among a population of 8.1 
million births in Texas between 1996 and 2016 (Hystad et al. 
2025). In their Investigators' Report of the current study, Harper 
and Baumgartner and colleagues examined the impact of a coal 
heating ban and heat pump subsidy program in Beijing, China, 
on air quality, air pollutant exposure, and markers of respiratory 
and cardiovascular health among more than 1,000 participants 
from an existing cohort. They tested whether effects of the 
clean heating policy on health might have been because of 
improvements in wintertime air quality and indoor temperature.
Kinney and colleagues investigated sweeping air pollution control 
policies that began in 2013 across multiple regions of China (in 
review). They sought to show a causal link between regulations, 
emissions, ambient air pollution, and mortality over a 10-year 
period. Funded under a separate RFA, Hakami and colleagues 
created a source- and location-specific database of mortality 
benefits per ton of primary PM2.5, NOx, SO2, and ammonia 
emissions reductions in the United States and Canada. They 
showed that emissions reductions in larger cities, particularly 
primary PM2.5, could elicit health benefits nationwide (Hakami 
et al. 2024). 

HEI also continues to fund accountability studies under 
various other RFAs. A study by Stefanie Ebelt, David Rich, 
and colleagues was funded under RFA 20-1A Health Effects of 
Air Pollution and is evaluating the effect of selected policies 
that targeted emissions from motor vehicles and electricity 
generating units on air quality in Atlanta, New York City, and Los 
Angeles. Under RFA 20-1B Air Pollution, COVID-19, and Human 

Health Kai Chen of Yale University and colleagues conducted a 
multicountry study to evaluate whether changes in mortality are 
associated with changes in ambient NO2 and PM2.5 levels before, 
during, and after COVID-19 lockdowns in China, Germany, Italy, 
and the United States (Chen et al. 2024). 

Two other accountability-focused studies were funded under 
the Walter A. Rosenblith New Investigator Award. In 2022, Lucas 
Henneman of George Mason University was funded to estimate 
the impacts of different emissions sources on daily patterns and 
concentrations of PM2.5 at a fine spatial resolution in the United 
States. He is performing an accountability analysis of source-
related exposure reductions to determine how such reductions 
have been distributed across the United States. In 2023, a 
study by Rachel Nethery of Harvard University was funded to 
develop statistical methods for characterizing variation in health 
effects across locations and population characteristics associated 
with exposure to PM2.5 across the United States and to design 
potential policies for reducing PM2.5-attributable differences in 
health outcomes.

A complete list of accountability studies funded by HEI to date is 
summarized in the Preface Table. The first-wave studies are described 
in more detail in an interim evaluation of the HEI Accountability 
Research program (van Erp and Cohen 2009; van Erp et al. 2012). 
An updated interim discussion of HEI’s recent experiences in 
accountability research is also available (Boogaard et al. 2017).

FUTURE DIRECTIONS

The second and third waves of accountability research 
were conceived and prioritized during HEI’s Strategic Plans 
for 2010–2015 (HEI 2010b) and 2015–2020 (HEI 2015). In 
its Strategic Plan for 2020–2025 (HEI 2020a), HEI sought 

Preface Figure. Accountability evaluation cycle. Each box represents a stage in the process between air quality actions and 
human health responses to air pollution. Arrows connecting the stages indicate possible directions of influence. The text below 
the arrows identifies factors affecting the effectiveness of air quality actions at each stage. At several of the stages, knowledge 
gained from studies on outcomes can provide valuable feedback for improving air quality actions.
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to continue its leadership role in accountability research by 
prioritizing opportunities for studies that evaluate what methods 
are best suited to assess the effectiveness of further air-quality 
improvements. We envision that future studies will again focus 
on large-scale, complex actions and interventions to improve air 
quality. We will continue to develop and implement statistical 
methods, particularly those within a causal inference framework, 
to tackle these complicated questions. In 2023, HEI issued RFA 
23-2, which focuses on air quality actions, programs, or other 
interventions and their effects in local communities that face 
persistent air pollution challenges in the United States. The 
selected studies started in 2024.

Throughout its portfolio, HEI emphasizes the importance of 
data access and transparency because they underpin high-quality 
research that is used in policy settings. Thus, HEI continues to 
provide other researchers with access to extensive data and 
software from HEI-funded studies (see https://www.healtheffects.
org/research/databases). In the same spirit, the State of Global 
Air website (HEI 2020b) makes available data on air quality and 
health outcomes for countries around the world. The interactive 
site allows exploration of the data and comparisons among 
countries. The data currently cover 1990–2023 and are updated 
as new data become available.
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Hospital Admissions in Ireland (Research Report 
176; 2013)
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Research Center for Environment 
and Health, Neuherberg, Germany)
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tality Risks in Erfurt, Germany (Research Report 
137; 2009)

RFA 04-1

Frank Kelly (King’s College 
London, U.K.)

Measures to reduce traffic conges-
tion in the inner city of London
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ments. Part 2. Analysis of the Oxidative Potential 
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Mississippi River

Accountability Analysis of Title IV Phase 2 of 
the 1990 Clean Air Act Amendments (Research 
Report 168; 2012)

Curtis Noonan (University of 
Montana, Missoula, MT)
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H E I  S TAT E M E N T
Synopsis of Research Report 235

This Statement, prepared by the Health Effects Institute, summarizes a research project funded by HEI and conducted by co-principal 
investigators Dr. Jill Baumgartner and Dr. Sam Harper at McGill University, Montréal, Canada, and colleagues. Research Report 235 
contains the detailed Investigators’ Report and a Commentary on the study prepared by the HEI Review Committee.

Air Quality and Health Benefits from a Household Clean 
Heating Policy

BACKGROUND

Accountability research evaluates the extent to 
which actions or interventions aimed at improving 
air quality produce the intended reductions in pol-
lutant concentrations and improvements to public 
health. A major challenge in this research field is 
isolating changes that can be attributed to the actions 
in question from improvements that might be due 
to other unrelated actions or long-term trends. In 
its 2018 research solicitation, RFA 18-1 Assessing 
Improved Air Quality and Health from National, 
Regional, and Local Air Quality Actions, HEI aimed 
to fund real-world studies on the effects of air quality 
actions, including those that were implemented over 
multiple years or that focused on areas with well-
documented air quality problems.

This Statement highlights a study by Jill 
Baumgartner and Sam Harper (McGill University) 
and colleagues that was funded under RFA 18-1. The 
investigators proposed to assess the effects of a house-
hold clean heating policy that mandated and subsi-
dized villages in the Beijing region of China to switch 
from highly polluting residential heaters fueled by 
coal to efficient electric- or gas-powered heat pumps. 
They evaluated changes in winter-time air quality 
and the health of people in 50 villages before any of 
the villages had the policy and in the first 3 years of 
staggered policy roll-out in 20 of the villages. They 
also assessed whether any observed effects of the 
policy on health could be explained by changes in air 
quality or indoor temperature in winter.

APPROACH

Baumgartner, Harper, and colleagues evaluated 
changes in 50 Beijing-region villages that were eligible 
for but not currently participating in the clean heat-
ing program in the first year of the study (Statement 
Figure). About half of the villages were expected to 
enter the program between 2018 and 2022. The clean 
heating policy was implemented in a subset of those 
villages each year, in an order determined by various 
factors related to policy priorities and local capacity. 
In each village, the investigators recruited about 20 
participants living in different households.

The investigators collected data on many 
parameters in four consecutive winters, starting 
in late 2018 and finishing in early 2022. They 
measured fine particles outdoors, indoors in the 
homes of participants, and with samplers carried 
by about half of the study participants. They also 
measured temperature in the participants’ homes. 
For health outcomes, they measured participants’ 
blood pressure and markers of their overall health 
in blood samples. Additionally, they asked the par-
ticipants whether they experienced any respiratory 
symptoms such as shortness of breath or phlegm.

What This Study Adds
	● This accountability study evaluated the 

effects on air quality and health of a clean 
heating policy that stipulated and subsidized 
the conversion of household heating from 
coal to electric heaters in Beijing-region 
villages.

	● The investigators visited 50 villages in winter 
and compared changes in air quality, indoor 
temperatures, and heart and lung health 
in 20 villages where the policy was imple-
mented with 30 villages where it was not.

	● Implementation of the clean heating policy 
was associated with reduced indoor fine 
particle concentrations, blood pressure, and 
respiratory symptoms. The results suggest 
that the policy’s impacts on blood pressure 
were largely attributable to improvements in 
air quality and indoor temperature.

	● The overall approach was a major strength 
of this study because it accounted for 
differences between villages and changes in 
fuel use, air pollution, and health during the 
study.

	● These results are encouraging for other 
countries seeking to implement policies to 
replace highly polluting residential heating 
sources.

https://www.healtheffects.org/research/funding/rfa/assessing-improved-air-quality-and-health-18-1
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Statement Figure. Map of village implementation of the clean heating policy. (Source: Adapted from Investigators’ 
Report Figure 1.)

They used sophisticated statistical models to track 
changes in air pollution and health over time. The 
models allowed them to compare changes between 
villages that had implemented the policy each year and 
those that might implement it in the future. Where they 
found that the policy led to changes in both air quality 
and health, they tested whether the changes in health 
were caused by the changes in air quality or by some 
other factor related to the policy.

KEY RESULTS

During the study, the investigators evaluated 
changes in 1,438 participants from 1,236 households 
in 50 suburban and rural villages of Beijing over four 
consecutive winters between 2018 and 2022. By the 
end of the study, the policy had been implemented in 
20 of the villages, and there was nearly complete com-
pliance in those villages. Heat pump usage increased 
from about 2% to about 95% of households in villages 
where the policy was implemented, and to only about 
16% of households where the policy was not imple-
mented. There were corresponding decreases in the 
amount of coal used by households.

There were some air quality and health improve-
ments in the villages where the policy was imple-
mented. Implementation of the policy reduced indoor 
fine particle concentrations by about 20 µg/m3. There 
were no reductions in outdoor fine particle concentra-
tions and in fine particles measured by samplers car-
ried by participants. At the same time, seasonal average 

indoor temperatures during winter increased by about 
2°C after implementation of the policy. Blood pres-
sure decreased by about 1.5  mm Hg, and respiratory 
symptoms decreased by about 7.5% when the policy 
was implemented. Using a statistical approach known 
as causal mediation analysis, the investigators demon-
strated that almost all the effect of the policy on blood 
pressure could be explained by the improvements in 
air quality and indoor temperature. In contrast, the 
improvements in respiratory symptoms could not be 
explained by these factors and would benefit from 
further exploration. The policy did not appear to affect 
the health biomarkers measured in blood.

Because the study included the years of the COVID-
19 pandemic, the investigators were forced to make 
some changes in the measurements and when they 
were performed. Among the main changes were a par-
tial campaign in winter 2020–2021 and the addition of 
a fourth full winter data collection campaign (includ-
ing surveys, air pollution, and health measurements) in 
winter 2021–2022.

INTERPRETATION AND CONCLUSIONS

In its independent evaluation of the study, the 
HEI Review Committee thought that Baumgartner, 
Harper, and colleagues had completed a thorough and 
important accountability study to evaluate the benefits 
of a clean energy policy on air quality and health. The 
Committee identified the overall approach as a major 
strength of the study because it accounted by design for 
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differences between villages that did not change over 
time, which helped isolate the effects of changes in fuel 
use on air pollution levels and health outcomes.

Other explanations for the causes of different expo-
sures and outcomes over time were also considered 
by the investigators. For example, the fuel use policy 
was implemented over a period spanning years before, 
during, and after the COVID-19 pandemic. If the severity 
of COVID-19 or the community preventative measures 
against the pandemic, by chance or due to features of 
the town, were different in the communities with and 
without the intervention, then bias could occur. Fortu-
nately, this concern was alleviated by the findings that 
no documented COVID-19 cases were observed in these 
suburban and rural villages during the study, and that 
regional restrictions (e.g., travel restrictions, lockdowns, 
and quarantines) equally affected all the studied com-
munities. They also reported no important differences in 
pre-intervention trends for personal exposures and health 
between those groups that did and did not have the 
clean heating policy, suggesting that their findings were 
unlikely to be sizably affected by factors that changed 
over time and could potentially distort the relationship 
between the policy and its effects. The Committee thought 
that these and other aspects of the investigators’ careful 
application of complex statistical models to real-world 
changes contributed to robust main results.

The use of causal mediation analysis was also felt 
to be a constructive addition. However, the Committee 
thought that the analyses to understand whether the 
policy affected health through its effects on air quality 
and indoor temperature should be treated as explor-
atory because assumptions had to be made when air 
pollution and health were not measured at the same 
time.

Overall, the study demonstrated that the clean 
heating policy achieved its intended goals to electrify 
household heating in the villages where it was imple-
mented and that it dramatically reduced residential 
coal burning and improved indoor environmental 
quality in the first years after implementation. The 
policy also provided some benefits to heart and lung 
health, some of which (blood pressure) appeared to be 
connected to improvements in air quality.

Although there is an abundance of evidence that air 
pollution is related to negative health outcomes, it is 
important to quantify (rather than assume) the effects 
of specific actions on air quality and health. Here, we 
have evidence that replacing coal-fueled heaters with 
heat pumps reduces indoor air pollution and improves 
health. The results of this study are encouraging for 
other countries seeking to implement policies to 
replace highly polluting residential heating sources.
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How Do Household Energy Transitions Work?
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ABSTRACT

Introduction  Since 2015, thousands of rural and peri-urban 
villages across Beijing and northern China have been treated 
by a household Clean Heating Policy (CHP)* that banned 
household coal burning and subsidized the costs of electric 
heaters and electricity. Whether this large-scale policy was 
successful in improving air quality and health remains an 
important and unresolved question. We estimated the effects 
of the CHP policy on air quality and cardiopulmonary health 
in Beijing villages and quantified how much of the policy’s 
effects on health were mediated by changes in air pollution 
and indoor temperature.

Methods  In winter 2018–2019, we enrolled 1,003 partic-
ipants in 50 Beijing villages that were eligible for, but not 
currently treated by, the CHP and followed them over four 
consecutive winter data collection waves. In waves 1, 2, and 
4, we administered questionnaires and measured participants’ 
anthropometrics, blood pressure (BP), airway inflammation 
(fractional concentration of exhaled nitric oxide [FeNO]), and 
24-hour personal exposure to fine particulate matter (particu-
late matter ≤2.5 μm in aerodynamic diameter [PM2.5]). Fasting 
whole blood samples were obtained at clinic visits in waves 
1 and 2 for analysis of glucose, lipid profile, and markers of 
inflammation and oxidative stress. We attempted to contact 
all prior participants in each follow-up wave. If a previously 
enrolled participant was not at home or refused subsequent 
participation, staff first tried to randomly recruit an eligible 
participant from the same household. If this was not possible, 

village guides helped field staff to enroll a new participant 
from a new household using the same sampling procedures 
as the baseline. Wintertime outdoor PM2.5 was measured in 
all four waves, and wintertime indoor PM2.5 was measured 
in waves 2, 3, and 4. Indoor temperature was measured in all 
waves. The PM2.5 filters were analyzed for their mass, black 
carbon (BC), and chemical composition, which were used for 
source apportionment. To estimate the impacts of the policy, 
we used a difference-in-differences design that accommo-
dated the staggered rollout of the CHP. We used “extended” 
two-way fixed effects models and marginal effects to quantify 
the effect of the policy on air pollution and health outcomes. 
We further evaluated whether villages treated by the policy 
in different years responded differently to the policy and 
whether the observed health impacts of the policy were 
mediated through changes in air pollution or home (indoor) 
temperature.

Results  We enrolled a total of 1,438 participants from 1,236 
households during our four study waves. At baseline (wave 
1), the mean participant age was 60 years old (standard devi-
ation [SD] = 9.2), 60% of participants were female, and most 
participants (63%) worked in agriculture. Geometric mean 
personal exposures to PM2.5 were twice as high as outdoor 
PM2.5 (72 vs. 36 µg/m3), and the main source contributors were 
local and transported dust, regional and domestic coal and 
biomass burning, and secondary pollutants. By waves 2, 3, 
and 4, there were cumulative totals of 10, 17, and 20 villages 
(of 50 total) exposed to the CHP. Uptake and adherence to 
the policy were high: among villages treated in wave 2, the 
proportion of households using heat pumps and coal heaters, 
respectively, changed from 3% and 97% in wave 1 to 94% 
and 3% in wave 4, with similar clean energy transitions in 
villages exposed to the policy in later waves. Marginal effects 
derived from multivariable extended two-way fixed effects 
models showed that exposure to the policy increased win-
tertime indoor temperature by 1° to 2°C and reduced indoor 
seasonal PM2.5 by approximately 20 µg/m3. Treatment by the 
policy also reduced contributions to PM2.5 from solid fuel 
sources, including household coal burning, and improved BP 
(~1.5 mm Hg lower systolic BP [SBP] and diastolic BP [DBP]) 
and self-reported respiratory symptoms (~8 percentage point 
reduction in any symptoms). There was notable heterogeneity 
in effects across treatment cohorts, with larger benefits to 
indoor PM2.5 and health in villages treated in earlier years 
relative to later years. In the mediation analysis, indoor PM2.5 

This Investigators’ Report is one part of Health Effects Institute Research 
Report 235, which also includes a Commentary by the Review Commit-
tee and an HEI Statement about the research project. Correspondence con-
cerning the Investigators’ Report may be addressed to Dr. Jill Baumgartner 
(email: jill.baumgartner@mcgill.ca) and Dr. Sam Harper (email: sam.harp-
er@mcgill.ca). No potential conflict of interest was reported by the authors.

Although this report was produced with partial funding by the United States 
Environmental Protection Agency under Assistance Award CR–83998101 
to the Health Effects Institute, it has not been subjected to the Agency’s peer 
and administrative review and may not reflect the views of the Agency; 
thus, no official endorsement by the Agency should be inferred. The report 
has also not been reviewed by private party institutions, including those 
that support the Health Effects Institute, and may not reflect the views or 
policies of these parties; thus, no endorsement by them should be inferred.

*A list of abbreviations and other terms appears at the end of this volume.
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and indoor temperature explained most of the total effect of 
the policy on SBP and roughly half of the total effect on DBP, 
but this did not explain improvements in self-reported respi-
ratory symptoms. We did not find evidence of meaningful 
effects of the policy on outdoor or personal exposure to PM2.5 
or on biomarkers of inflammation and oxidative stress.

Conclusions  In this comprehensive field-based assess-
ment of a large-scale household energy policy in Beijing, 
we observed high fidelity and compliance with the CHP. 
Exposure to the policy reduced BP and self-reported chronic 
respiratory symptoms, and the effects for BP were mediated 
by reductions in indoor PM2.5 and improvements in home 
temperature, providing empirical evidence that clean house-
hold energy policies can provide population health benefits.

INTRODUCTION

China is deploying an ambitious clean energy policy to 
transition up to 70% of households in its northern provinces 
from residential coal heaters to gas or electric “clean” space 
heating, including a large-scale rollout across rural and peri-
urban Beijing villages, referred to in this document as the 
Clean Heating Policy (CHP). To meet this target, the Beijing 
municipal government announced a two-pronged program 
that designates coal-restricted areas and simultaneously offers 
subsidies to nighttime electricity rates and for the purchase 
and installation of electric-powered heat pumps to replace 
traditional coal-heating stoves. The policy was piloted in 
2015 and, starting in 2016, was rolled out on a village-by-
village basis. The variability in when the policy was applied 
to each village allowed us to treat the rollout of the program 
as a quasi-randomized intervention and evaluate its impacts 
on air quality and health. Household air pollution is a well-
established risk factor for adverse health outcomes over the 
entire life course, yet there is no consensus that clean energy 
interventions can improve these health outcomes based on 
evidence from randomized trials (Lai et al. 2024). Households 
may be differentially affected by the CHP because of factors 
such as financial constraints and user preferences, and there 
is uncertainty about whether and how the policy may affect 
indoor and outdoor air pollution, as well as heating behaviors 
and health outcomes.

BACKGROUND

CONTEXT FOR THE POLICY

The CHP builds on China’s long history of launching 
ambitious, large-scale policies and programs to promote clean 
household energy transition and support rural energy infra-
structure development (Zhang and Smith 2007). China was a 
relatively early initiator of rural electrification projects in the 
1950s and achieved complete (100%) electrification of house-
holds by 2016 (Yang 2021), which undoubtedly facilitated 
the current policy option to replace coal stoves with electric-

powered heat pumps. Several decades later, China achieved 
what is likely still the largest improvement in household 
energy efficiency in history with regard to the population 
affected by a single program. The National Improved Stove 
Program (NISP) and its provincial- and county-level counter-
parts were initiated in the early 1980s and are credited with 
introducing 180 million improved cooking and heating stoves 
by the late 1990s. All NISP stoves had chimneys, and some 
had manual or electric blowers to promote more efficient 
combustion (Zhang and Smith 2007), with the primary goal 
of increased biomass fuel efficiency to promote rural welfare 
and reduce pressure on local forests and a secondary goal of 
improving indoor air quality (Sinton et  al. 2004). Because 
NISP focused mainly on biomass cookstoves, it had limited 
impacts on the rapid increase in coal heating stove installation 
during that same period, most of which were implemented 
without chimneys and with rudimentary designs (Zhang and 
Smith 2007). Although NISP was a significant achievement 
in the early clean energy transition, especially for biomass 
cookstoves, the rural energy demands and air pollution 
challenges of 21st-century China required a renewed effort to 
promote the transition to cleaner rural energy, particularly for 
rural heating, where progress significantly lagged behind the 
energy transition for cooking.

Most of northern China has a temperate continental mon-
soon climate that is characterized by cold, dry winters and 
hot, humid summers. Access to central heating is limited to 
urban areas, and thus most peri-urban and rural households 
have historically heated their homes using coal heaters and 
biomass kangs (a traditional Chinese energy technology that 
integrates at least four different home functions, including 
cooking, a bed for sleeping, space heating, and home venti-
lation). Household coal burning was a major contributor to 
indoor and outdoor air pollution in northern China, espe-
cially in winter. Before the CHP, more than 100 million rural 
households consumed approximately 200 million tons of 
coal to meet more than 80% of northern China’s residential 
space heating demand (Dispersed Coal Management Research 
Group 2023), which contributed to roughly 30% of winter-
time air pollution (GBD MAPS Working Group 2016). In 2013, 
emissions inventories indicated that coal combustion from 
industrial, electricity, and residential heating sources was the 
single largest estimated contributor to population exposures 
to fine particulate matter (particulate matter ≤2.5 μm in aero-
dynamic diameter [PM2.5]) in China and was responsible for 
an estimated 366,000 annual premature deaths (GBD MAPS 
Working Group 2016).

Banning residential coal burning and providing homes 
with clean heating alternatives through the CHP were con-
sidered potentially important interventions to improve rural 
development, reduce local and regional PM2.5, and mitigate 
air pollution–related health impacts. A number of clean 
heating options, including electric heat pumps, gas heaters, 
and electric resistance heaters with thermal storage, were pro-
moted by the Chinese government (Dispersed Coal Manage-
ment Research Group 2023). By 2021, more than 36 million 
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households in northern China were treated by the CHP, and 
an estimated 21 million additional households are expected 
to be treated by 2025. Whether this large-scale energy policy 
yielded air quality and health benefits remains a critical and 
unresolved question.

PRIOR EVIDENCE ON HOUSEHOLD ENERGY 
INTERVENTIONS AND AIR POLLUTION

Household energy interventions, mostly cooking-related 
ones, that replace traditional solid fuel stoves with more effi-
cient and less polluting alternatives have been implemented 
and studied extensively in China and other countries over 
the past several decades. Although the introduction of more 
efficient household stoves and fuels is expected to reduce 
indoor air pollution and exposures, evidence of their prac-
tical effectiveness in achieving health-relevant air pollution 
reductions has been mixed, with some studies actually find-
ing worse air quality in homes that received the intervention 
(Quansah et  al. 2017). Furthermore, most previous studies 
evaluated smaller-scale interventions implemented by civil 
society organizations or investigators themselves, and the 
indoor and local air quality benefits of large-scale household 
energy policies, such as the CHP, have rarely been empirically 
investigated, especially in countries in the Global South. 
In Ireland, county-level residential coal bans in the 1990s 
were associated with 40% to 70% decreases in black smoke 
concentrations in ban-affected areas (Dockery et  al. 2013). 
In Australia, a wood-burning stove exchange lowered daily 
wintertime PM10 from 44 to 27 µg/m3 (Johnston et al. 2013), 
and clean energy policies in New Zealand were associated 
with 11% to 36% reductions in winter PM10 (Scott and Scar-
rott 2011). The few previous evaluations of the CHP reported 
small decreases in outdoor PM2.5 (–7 to –2.4 µg/m3) in munic-
ipalities or prefectures treated by the policy compared with 
untreated neighboring regions (Niu et  al. 2024; Song et  al. 
2023; Tan et  al. 2023; Yu et  al. 2021), and a recent model-
ing study estimated 36% lower personal exposure to PM2.5 
based on household-reported changes in fuel use (Meng et al. 
2023). These studies captured wide geographic areas, but 
none included field-based measurements of air pollution or 
personal exposures, which can differ considerably from mod-
eled estimates (Thompson et al. 2019), and few accounted for 
secular changes in air quality over time, limiting conclusions 
about the causal effect of the policy on air quality.

PRIOR EVIDENCE ON CLEAN ENERGY 
INTERVENTIONS AND CARDIOVASCULAR OUTCOMES

Most previous health assessments of household energy 
interventions have focused on cookstoves rather than heating 
technologies, although in many settings, cookstoves are also 
used for space heating. Randomized trials of less polluting 
cookstoves generally indicate a cardiovascular benefit. In 
older Guatemalan women, a chimney stove intervention low-
ered exposure to air pollution and reduced the occurrence of 
nonspecific ST-segment depression (McCracken et al. 2011). 

Randomized trials in Guatemala, Nigeria, and Ghana also 
showed reductions in blood pressure (BP; SBP range: −3.7 to 
−1.3 mm Hg) in women assigned to gas, ethanol, or improved 
combustion biomass stoves. In contrast, recent single coun-
try (Peru) and large multicountry (Household Air Pollution 
Intervention Network [HAPIN]) randomized trials found no 
benefit of liquefied petroleum gas (LPG) stoves on gestational 
BP (Checkley et al. 2021; Ye et al. 2022) despite much larger 
reductions (~66% lower) in exposure to PM2.5 and BC than 
what was observed in trials showing a BP benefit of interven-
tion (Johnson et al. 2022).

The few population-based evaluations of large-scale resi-
dential energy policies also suggest a cardiorespiratory bene-
fit of clean energy transition. Residential wood-burning bans 
were associated with reductions in cardiovascular hospital-
izations (–7%) in California (Yap and Garcia 2015) and with 
reduced cardiovascular (–17.9%) and respiratory (−22.8%) 
daily mortality in Australia (Johnston et al. 2013), although 
neither study fully controlled for secular changes in health 
that were unrelated to the policy. Most relevant to our study 
are two quasi-experimental assessments of coal replacement 
policies. In Ireland, reductions in weekly respiratory but not 
weekly cardiovascular mortality rates were observed follow-
ing their coal ban (Dockery et al. 2013). A multicity study of 
Chinese adults in cities where the CHP was piloted compared 
with adults in cities not in the pilot observed small decreases 
in chronic lung diseases (–3.0 to –1.1%) but no change in 
physician-diagnosed cardiovascular diseases, potentially 
because of the short (1-year) post-policy evaluation period 
or confounding by other unmeasured municipality-wide air 
quality or health-related policies (Wen et al. 2023).

Although household air pollution is considered a well-
established cause of ill health, the questions of which energy 
interventions can most effectively reduce air pollution 
exposures and improve health, and are also scalable and 
sustainable, remain critical and unanswered. In a recent 
Official American Thoracic Society Statement, for example, 
the committee did not reach a consensus on whether house-
hold energy interventions (including gas, ethanol, solar, and 
improved biomass cookstoves) improved health outcomes 
(including respiratory symptoms and BP), with 55% of the 
committee saying no and 45% saying yes (Lai et al. 2024).

EVALUATING THE MECHANISMS THROUGH WHICH 
POLICIES MAY AFFECT HEALTH OUTCOMES

With several notable exceptions (Alexander et  al. 2018; 
Gould et al. 2023; McCracken et al. 2007, 2011), decades of 
household energy intervention studies have found limited 
or no health benefit, which demonstrates the complexity of 
both implementing and evaluating interventions on cooking 
or space heating that are central to daily life (Ezzati and 
Baumgartner 2017; Lai et al. 2024). Energy interventions and 
policies, particularly those implemented at the household 
or village scales, can produce multiple behavioral, environ-
mental, and health-related changes, making it important to 
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investigate the mechanisms through which such policies 
exert their health impacts (Dominici et al. 2014). The health 
benefits achievable with transition from traditional coal 
stoves to a new electric home heating system, for example, 
may be influenced by factors that include outdoor air quality 
(Lai 2020), the desirability and usage patterns of new and 
traditional stoves (Ezzati and Baumgartner 2017), average or 
variability in indoor temperature (Lewington et al. 2012), and 
behaviors such as physical activity or time spent in the home 
(Lindemann et al. 2017). Only recently were these potential 
mediating factors considered in health assessments of house-
hold energy interventions and rarely in a comprehensive 
or formal way (Rosenthal et  al. 2018). Understanding such 
mechanisms can provide valuable insights into the success 
(or failure) of clean energy programs or policies, such as 
the CHP, in meeting their air quality and health targets and 
may answer questions that can inform the design of more 
effective future energy interventions (Lai et  al. 2024). For 
example, is there successful uptake of the policy? Are there 
cardiovascular-enhancing effects of improved air quality in 
homes that are treated by the policy? Does the policy lead 
to heating behavior changes that result in colder homes and 
thus offset any cardiovascular-enhancing effects of improved 
air quality? Answers to these questions are facilitated by the 
analysis of mediating pathways, a key aim of this study.

SPECIFIC AIMS AND OVERARCHING APPROACH

We used three data collection waves in winter 2018–2019, 
winter 2019–2020, and winter 2021–2022, as well as a partial 
wave in winter 2020–2021, to advance the following aims:

1.	 Estimate how much of the CHP’s overall effect on health, 
including respiratory symptoms and cardiovascular 
outcomes (BP, blood inflammatory and oxidative stress 
markers), can be attributed to its impact on changes in 
PM2.5.

2.	 Quantify the impact of the policy on outdoor air quality 
and personal air pollution exposures, specifically the 
source contribution from household coal burning.

3.	 Quantify the contribution of changes in the chemical 
composition of PM2.5 from different sources to the overall 
effect on health outcomes.

STUDY DESIGN AND METHODS

STUDY AREA

Beijing is the capital of China (population of 21.9 million 
in 2020) and covers a large geographic area (~16,000 km2) that 
includes a highly developed and densely populated urban 
core surrounded by several satellite towns and thousands of 
peri-urban and rural villages in the periphery. Beijing winters 
typically begin in early November and tend to be cold, dry, 
and windy, with the lowest temperatures most often occurring 

in January (–3°C, on average), thus requiring space heating 
(An et al. 2021). Most urban areas of Beijing are connected to 
a central heating grid that supplies home heating from central 
locations, whereas rural and many peri-urban areas have 
historically relied on individual space heating units that, 
before 2015, were largely fueled by unprocessed coal (Duan 
et al. 2014).

LOCATION AND PARTICIPANT RECRUITMENT  
AND ENROLLMENT

Between December 2018 and January 2019, we recruited 
50 villages across four administrative districts (Fangshan, 
Huairou, Mentougou, and Miyun) in the Beijing municipality 
in northern China. The villages predominantly used coal for 
heating at the time of enrollment and were eligible for and 
not currently participating in the CHP. Roughly half of the 
villages were expected to enter into the policy during our 
study (Figure 1). We used local guides in each village to help 
determine a roster of households that were not vacant during 
the winter months, from which we randomly selected house-
holds to recruit for participation.

We recruited approximately 20 households in each village 
and obtained a household roster for each household. Our 
tablet-based survey incorporated a randomization tool that 
randomly ordered household occupants listed on the roster. 
We recruited a participant in each household by starting at 
the top of the randomly ordered list until an eligible partic-
ipant was identified. Household members were eligible to 
participate if they were older than 40 years old, lived in the 
study villages, were not planning to move out of the village 
in the next year, and were not on current immunotherapy or 
treatment with corticosteroids.

Research staff introduced the study and its measurements 
to an eligible adult in each household and answered any 
questions related to the study. In follow-up visits to the study 
villages, staff first approached households with participants 
from an earlier wave. Because of study logistics, we were 
limited to 1 day for study measurements in each village and 
wave, such that participants who were outside of the village 
on the measurement day for work or shopping were not able 
to participate in that wave. If a previous participant was not 
at home or refused to participate, staff first tried to recruit 
randomly the next eligible participant listed on the random-
ized household roster. If there was not another eligible or 
willing participant in the same household, we recruited a 
participant from a new household using the same process 
for household and participant selection described earlier. In 
wave 1, we recruited 977 new households (Table 1). In wave 
2, we recruited 189 new households, as well as 81 new par-
ticipants among the 866 households previously enrolled in 
Wave 1. In wave 4, we recruited 68 new households, as well 
as 91 new participants among the 944 existing households 
recruited in waves 1 and 2. Our village-level study uses 
individual-level data such that each participant is consid-
ered independently.
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Figure 1. Map of village implementation of the Clean Heating Policy. Each circle represents one recruited  village. The colors of the 
circles indicate the year the villages were exposed to the household energy transition policy.

Table 1. Household Recruitment for Overall and Indoor Air Quality Measurementsa

Overall Indoor

Sample Wave 1 Wave 2 Wave 4 Wave 1 Wave 2 Wave 3 Wave 4

New recruitment 977 189 68 0 300 0 52

Wave 1 households 866 782 0 0 0

Wave 2 households 162 246 248

Total recruitment 977 1,055 1,012 0 300 246 300
a Each column reports the number of households recruited for the listed wave. Each row represents households from the current or previous 

waves who remained in the study.

All participants provided written informed consent before 
joining the study. The study protocols were approved by 
research ethics boards at Peking University (IRB00001052-
18090), Peking Union Medical College Hospital (HS-3184), 
and McGill University (A08-E53-18B).

DATA COLLECTION OVERVIEW

We conducted study measurements over four consec-
utive waves of data collection in the winter of 2018–2019, 
2019–2020, 2020–2021, and 2021–2022 (referred to hereafter 
as waves 1, 2, 3, and 4, respectively). Field data collection 

was conducted by approximately 20 trained staff members 
who traveled to participants’ homes to conduct tablet-
based household and individual questionnaires, measure 
participants’ BP, and distribute temperature sensors (for 
measurement of indoor temperature and stove use) and air 
pollution monitors in all 50 study villages in waves 1, 2, 
and 4. Anthropometrics (height, weight, and waist circum-
ference), measurement of airway inflammation, and whole 
blood samples were obtained no more than 1 month later 
at a village clinic in wave 1 and wave 2. In wave 3, which 
was during the height of the COVID-19 pandemic, we  
limited household measurements to indoor air quality and 
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sensor-based measurement of indoor temperature and stove 
use in 41 villages, including all 17 treated villages and 24 
untreated villages, before the Beijing-wide COVID-19–related 
travel restrictions that halted field data collection. In wave 
4, which also occurred during the COVID-19 pandemic, we 
returned to conducting individual-level assessments. How-
ever, unlike in waves 1 and 2, anthropometric measurements 
and airway inflammation were assessed in participant homes 
rather than in clinics to avoid group contact, and blood sam-
ples were not collected. Outdoor (community) air pollution 
was measured in all waves.

Air Pollution

Outdoor Air Pollution  For outdoor (community) PM2.5 
monitoring, we deployed between one to three (typically, 
two) real-time sensors (PMS7003 Plantower, Zefan, Inc.) at 
different locations in each village. The sensors were assem-
bled with a data logger, electronic screen, and a USB hub into 
a small metal box that was placed inside an environmental 
enclosure. One sensor was always placed near the center of 
the village, and the other one or two sensors were placed no 
less than 500 meters away from the centrally located sensor. 
Sensors were positioned at least 1.5 meters above the ground 
and away from visible point sources of PM2.5.

We co-located the real-time sensors with a gravimetric 
(filter-based) monitor for sensor calibration and analysis of 
chemical composition for source apportionment. Ultrasonic 
Personal Aerosol Samplers (UPAS, Access Sensor Technolo-
gies, Fort Collins, CO, USA) were used to collect filter-based 
PM2.5 samples with a flow rate of 1.0 L/min (Volckens et al. 
2017). The filter-based PM2.5 samples were collected and 
replaced approximately every 7 days throughout the winter, 
and we rotated the UPAS monitors between villages. Each 
UPAS was placed inside a custom-built environmental 
enclosure with a tight fit to prevent any resampling of fil-
tered air. Samplers housed 37-mm polytetrafluoroethylene 
(PTFE), commonly known as Teflon, filters (VWR, 2.0-µm 
pore size) and were equipped with a cyclone inlet with a 
2.5-µm cut point designed to perform under the sampling 
flow rate.

In wave 1, we deployed co-located outdoor PM2.5 sensors 
and samplers in 44 of the 50 study villages because of logis-
tical constraints, and we obtained sensor data for 40 villages 
because of instrument failure in 4 villages. Outdoor data for 
all 50 villages was obtained in waves 2, 3, and 4. In total, we 
collected 138, 374, 279, and 295 outdoor PM2.5 filter samples 
in waves 1, 2, 3, and 4, respectively. Field blank PTFE filters 
were collected at a rate of approximately 10%, subject to the 
same field conditions as samples.

To support post-sampling determination of organic carbon 
(OC) and elemental carbon (EC) fractions of PM2.5 mass, quartz 
filters were co-located with a subset of PTFE filter samples 
collected outdoors. Quartz filter-based PM2.5 samples were 
collected using UPAS operating with a flow rate of 1.0 L/min. 
UPAS monitors housed 37-mm quartz filters (VWR, 2.0-µm 

pore size) and were equipped with a cyclone inlet with a 2.5-
µm cut point designed to perform under the corresponding 
sampling flow rate. All quartz fiber filters were baked at 
550°C for a minimum of 8 hours to remove organic impurities 
before sample collection. The PM2.5 samples collected on 
quartz filters were analyzed using established thermo-optical 
methods for quantifying EC and OC. They were then used 
to calibrate the colorimetric analysis of EC and OC on PTFE 
filters (details of this analysis and subsequent calibration are 
provided under “Optical Properties and Chemical Analysis 
of PM2.5 Mass”). We co-located quartz filters with PTFE filter 
samples for 23 measurements in wave 2 and 11 measurements 
in wave 4, along with 3 quartz field blanks in both seasons.

Indoor PM2.5  In study waves 2, 3, and 4, we randomly 
selected six households from the approximately 20 recruited 
in each village for the measurement of indoor PM2.5. In waves 
3 and 4, we aimed to monitor indoor PM2.5 in the same house-
holds sampled in wave 2. If household occupants were not at 
home or if participants declined indoor PM2.5 monitoring, we 
randomly recruited another household already enrolled in the 
study. In total, indoor PM2.5 was measured in 264 households 
in wave 2, 346 households in wave 3, and 244 households in 
wave 4 (Table 1).

Time-resolved indoor PM2.5 was measured in all house-
holds using the same commercially available sensor (PMS7003 
Plantower) used for outdoor sensor-based PM2.5 measurements 
and recorded PM2.5 concentrations every 1 minute. The sensor 
was placed on a table in a room where participants reported 
spending most of their time (e.g., a living room or bedroom). 
Indoor PM2.5 sensors were deployed between late November 
and mid-January in each wave, with the start time depending 
on the village visit date. Measurements continued from the 
time of deployment until the sensors were collected from 
homes in late April.

We randomly selected three households from the six with 
indoor PM2.5 measurement to co-locate a filter-based PM2.5 
sampler. We collected a 24-hour PM2.5 filter sample during the 
first 24 hours of sensor-based measurement. Filter-based PM2.5 
samples were collected using UPAS or Personal Exposure 
Monitors (PEMs, Apex Pro) operating with flow rates of 1.0 
and 1.8 L/min, respectively. Both samplers housed 37  mm 
PTFE filters (VWR, 2.0-μm pore size) and were equipped with 
a cyclone inlet with a 2.5-μm cut point designed to perform 
under the corresponding sampling flow rate. In total, we col-
lected 150 and 151 indoor PM2.5 filter samples in waves 2 and 
4, respectively. We did not measure filter-based indoor PM2.5 
in wave 3 to avoid contact with household occupants during 
the COVID-19 pandemic. Field blanks were collected at a rate 
of approximately 10%.

As with the outdoor air sampling, to support post-
sampling determination of OC and EC fractions of PM2.5 mass, 
quartz filters were co-located with a subset of Teflon filter 
samples collected in homes. Filter-based PM2.5 samples were 
collected using PEMs operating with flow rates of 1.8 L/min. 
PEMs housed 37-mm quartz filters (VWR, 2.0-µm pore size) 
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and were equipped with a cyclone inlet with a 2.5-µm cut 
point designed to perform under the corresponding sampling 
flow rate. All quartz fiber filters were baked at 550°C for a 
minimum of 8 hours to remove organic impurities before 
sample collection. PM2.5 samples collected on quartz filters 
were analyzed using established thermo-optical methods for 
quantifying EC and OC. They were then used to calibrate the 
colorimetric analysis of EC and OC on PTFE filters. In wave 
2, 71 quartz-based indoor PM2.5 samples and 14 field blanks 
were successfully collected. In wave 4, indoor PM2.5 samples 
for gravimetric analysis had to be collected on two types of 
PTFE sample media (Zefluor and Teflo filters) because of 
the discontinuation of Zefluor filters. To ensure that quartz 
filters were deployed with both types of PTFE-based filter 
media, 73 quartz-based indoor PM2.5 samples were collected 
concurrently with Zefluor-brand filter samples, and 47 quartz 
indoor PM2.5 samples were collected alongside Teflo-brand 
filter samples. For indoor quartz PM2.5 mass sampling in wave 
4, 18 field blanks were collected.

Personal Exposure to PM2.5 and Black Carbon  In waves 
1, 2, and 4, we randomly selected approximately 10 study 
participants in each village for 24-hour personal exposure 
measurement using two types of PM2.5 samplers: PEMs and 
UPAS. The PEMs actively sampled air at a flow rate of 1.8 
L/min, and UPAS sampled air at 1.0 L/min (Volckens et al. 
2017). Both samplers housed 37-mm PTFE filters (VWR, 2.0-
µm pore size) and were equipped with a cyclone inlet with a 
2.5-µm cut point. Sampler flow rates were calibrated the night 
before deployment and measured immediately after the sam-
pling period. Only 2% of the post-sampling measurements 
deviated from the target flow rate by more than ±10%. Partic-
ipants were instructed to wear the sampler in either a small 
waist pack (for the PEM and sampling pump), an arm band, 
or a cross-body sling (for the UPAS) for 24 hours, which they 
could remove from their bodies and place within 2 meters 
while sleeping, sitting, or bathing. Field blanks for personal 
air pollution exposure measurements were collected at a rate 
of approximately 10% in each village. Across waves 1, 2, and 
4, study participants contributed 494, 498, and 499 personal 
PM2.5 measurements, respectively.

Gravimetric Analyses of PTFE Filter-Based PM2.5 Sam-
ples  All filters were gravimetrically analyzed (weighed) 
for their mass before and after deployment at a laboratory 
at Colorado State University. Briefly, the filters were placed 
in an environmentally controlled equilibration chamber 
(21°–22°C, 30%–34% relative humidity) for at least 24 hours 
before tare and gross weighing. Before each weight was taken, 
we neutralized static charges by passing the filters over a 
polonium-210 strip. Filters were weighed on a microbalance 
(Mettler Toledo Inc., XS3DU, USA) with 1-µg resolution in 
triplicate or more until the differences among the last three 
weights were <3 μg. The filters were stored in individually 
labeled cases and sealed in plastic bags to avoid contami-
nation during transportation and storage. After deployment, 
filter samples and blanks were immediately stored in a –20°C 
freezer and, at the end of each field campaign, were trans-

ported to Colorado State University, where they were stored 
in a –20°C freezer before gravimetric and chemical analysis. 
The difference in the average filter weights from before versus 
after deployment was used to determine PM2.5 mass, which 
was then blank-corrected using the median mass of blank 
filters (3 µg for UPAS-collected filters [53% of filter samples]; 
33 µg for PEM-collected filters [47% of filter samples]), and 
PM2.5 concentrations were calculated by dividing the mass by 
the sampled air volume.

We excluded gravimetric (filter) samples meeting any of 
the following five criteria from the statistical analysis:

1.	 Run time of less than 80% of a 24-hour target for personal 
exposure measurement because this is a commonly used 
cutoff for establishing whether a sample is considered 
representative of a typical day.

2.	 Negative mass or extremely high mass values (e.g., >2,000 
µg/m3) that indicate a potential error in data collection or 
data entry.

3.	 Missing information on the sampling volume of air.

4.	 Filters were damaged, including punctures, tears, or 
holes.

5.	 Filters were missing during gravimetric analysis and 
therefore had no mass data.

The final counts of gravimetric PM2.5 samples and blanks 
that met our criteria for inclusion in statistical analysis are 
given in Table 2.

Adjusting Sensor-Based PM2.5 Using Filter-Based Grav-
imetric Measurements  Pre- and post-campaign sensor 
calibrations were conducted to assess whether low-cost 
sensors responded linearly to PM2.5 concentrations measured 
by co-located federal equivalent method (FEM) instruments. 
Sensors were deployed alongside the FEM instruments for 7 
to 10 days before and after each field campaign. In waves 1, 2, 
and 3, we co-located the sensors with a rooftop Thermo Elec-
tron Synchronized Hybrid Ambient Real-Time Particulate 
(SHARP) Monitor (model 5030) at Peking University, which 
is a more urban site. In waves 2, 3, and 4, we additionally 
co-located the sensors with a rooftop Tapered Element Oscil-
lating Microbalance Method (TEOM, Thermo Scientific 1405 
TEOM) at the University of the Chinese Academy of Sciences, 
which is located in a peri-urban area of Beijing, where we 
also have study villages. The FEM instrument at Peking Uni-
versity was not functioning after wave 1 data collection, so 
we instead calibrated the sensors using data from the nearest 
China National Environmental Monitoring Centre monitor 
(publicly available at https://quotsoft.net/air). The closest 
distance from the government monitoring stations to Peking 
University and the Chinese Academy of Sciences University 
campuses is 1.7 km and 9.9 km, respectively.

We evaluated the performance of all PM2.5 sensors for the 
7- to 10-day deployments described earlier that occurred 
before and after each study wave (Figure 2). Sensor-measured 

https://quotsoft.net/air
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PM2.5 values were highly correlated with values from the FEM 
instruments (Spearman correlation [ρ] >0.75 in all pre- and 
post-campaign calibration periods). Daily collections of 24-
hour Zeflour (PTFE) and quartz filter samples accompanied 
the sensors’ measurements. For pre- and post-campaign 
calibration periods, as described earlier, the filter-based data 
were supplemental to the FEM data, whereas sensor calibra-
tion during field campaigns, as described later, was achieved 
using calibration with concurrently collected filter-based data 
(because FEM references were not available in the field). We 

also monitored the sensor-collected data throughout each 
study wave to identify sensors in need of repair or replace-
ment (e.g., by logging data with the wrong time stamps or 
only “0” values) and excluded them from deployment. This 
approach aimed to maintain consistent and accurate measure-
ments from the PM sensors throughout the study.

Sensor calibration during each wave was conducted by 
deploying filter-based measurements concurrently with 
sensor-based measurements to establish the linear regression 

Table 2. Count of Total Outdoor and Personal Exposure PM2.5 Samples (Filters) Collected Throughout the Project and 
Number Included in Analyses

Wave 1 Wave 2 Wave 3 Wave 4

PM2.5 Sample Type Total Includeda Total Includeda Total Includeda Total Includeda

Outdoor 138 126 374 363 279 213 295 266

Indoor 150 150 151 138

Personal 494 448 498 429 499 418

Blank 52 52 56 56 27 24 101 95

PM2.5 = particulate matter ≤2.5 μm in aerodynamic diameter.
a Number of samples that met the inclusion criteria for analysis (see text).

Figure 2. Calibration of real-time sensors against a reference monitor at the University of the Chinese Academy of Sciences.
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between the low-cost sensor-monitored data and the reference 
data, and then applying the slope of the linear regression to 
adjust the low-cost sensor-monitored data. To calibrate the 
outdoor and indoor measurements of the low-cost sensors in 
the field, we co-located the sensors with a UPAS (Volckens 
et  al. 2017) or PEM that was used to collect filter-derived 
PM2.5 samples during each field season (wintertime) (Li et al. 
2022). The UPAS and PEM were equipped with a cyclone 
inlet with a 2.5-μm cut point designed to perform under 
the sampling flow rate of 1 and 1.8 L/min, respectively, and 
housed a 37-mm PTFE filter (VWR, 2.0-μm pore size). The 
filter samples were transported to Colorado State University, 
where they were stored in a −20°C freezer before PM2.5 mass 
measurement.

We established linear regression models between the filter-
based PM2.5 mass (i.e., the “gold standard” reference) and the 
sensor-based PM2.5 averaged over the same sampling periods. 
Separate regression models were conducted for indoor and 
outdoor sensors and each study wave, given the sensitivity 
of the sensors to relative humidity, temperature, and particle 
sources, which may differ for indoor versus outdoor condi-
tions and across years. The model slopes were used as the 
adjustment factors for the sensor-based PM2.5 concentrations 
for that wave. In wave 3, in which only sensor-based mea-
surements were conducted for indoor PM2.5, we applied an 
adjustment factor that was developed from paired indoor 
filter-sensor data from waves 2 and 4.

We identified larger-than-normal biases and root mean 
square errors between the sensors and FEM instruments 
during the post–wave 3 calibration; however, further scrutiny 
of these data indicated that the differences can be attributed 
to atypically low air pollution and high humidity during 
co-location rather than a malfunction of the sensors them-
selves. Sensor calibration results directly informed the data 
correction processes applied to account for biases. Generally, 
the higher correlations between the PM2.5 sensor response 
and FEM data allowed for the application of linear regression 
models to adjust sensor measurements, and filter-based grav-
imetric samples were used to validate and correct the sensor 
data.

We used the adjusted sensor-based PM2.5 measurements to 
calculate a wintertime seasonal mean for indoor and outdoor 
PM2.5 from January 15 to March 15 in each wave to facilitate 
consistent comparisons across villages in each wave and 
over time. Additionally, we captured a 24-hour indoor PM2.5 
concentration that was temporally matched with the timing 
of personal exposure assessments in the same household to 
facilitate a comparison between indoor PM2.5 and personal 
exposure results taken during the same period.

Optical Properties and Chemical Analysis of PM2.5 
Mass  We analyzed the optical properties and chemical 
composition of outdoor and personal exposure gravimetric 
PM2.5 samples to quantify the individual components and 
species. For each sample, the components were determined 
by dividing the quantified component mass by the sampled 

air volume after correcting for field blanks collected in the 
corresponding study wave.

Following gravimetric analysis, all PTFE filters were 
analyzed nondestructively for BC using an optical transmis-
someter data acquisition system (SootScan OT21 Optical 
Transmissometer; Magee Scientific, Berkeley, CA, USA). 
Light attenuation through each filter was measured before and 
after deployment in the field campaign. To calculate BC mass, 
the difference between the pre- and post-light attenuation was 
converted to a mass surface loading using the classical Magee 
mass absorption cross-sections of 16.6 m2/g for the 880-nm 
channel optical BC (Ahmed et  al. 2009). BC concentrations 
were calculated by multiplying surface loadings by the sam-
pled surface area of the filters (8.6 cm2 for UPAS-collected 
filters; 7.1 cm2 for PEM-collected filters), correcting for the 
field blank mass using the median value of blanks (0.31 μg 
BC for UPAS-collected filters; 0.01 μg BC for PEM-collected 
filters), and finally dividing by the sampled air volume.

OC and EC on PTFE filters were nondestructively mea-
sured using an optical color space-sensing system. The 
CIE-Lab color space optical sensing system measures the 
optical properties of the PM2.5 samples, which are used to 
develop EC and OC predictive models. The CIE-Lab color 
system is a color-opponent space that includes all of the color 
models, with dimension L* for lightness and a* and b* for 
the color-opponent dimensions. More information about the 
CIE Lab color space system, its formulation, and its specific 
application to the analysis of OC and EC fractions of PM2.5 
is provided by Khuzestani and colleagues (2017). Briefly, all 
PTFE and quartz filter samples and blanks were analyzed 
using the i1Pro Colorimeter (X-Rite, Inc., Grand Rapids, MI, 
USA). The colorimeter sensor was placed directly over the 
filters, and the color components were measured under the 
D65 instrument's internal illumination light source. Each 
filter sample was analyzed in triplicate, and the average value 
of each color coordinate was applied as the optical property 
of the sample (Olson et  al. 2016). CIE Standard Illuminant 
D65 simulates average midday light and is a commonly used 
standard illuminant, as defined by the International Commis-
sion on Illumination (CIE). The CIE-Lab color space response 
variables were used in separate random forest models for EC 
and OC.

The reference measurements for the development of the 
random forest model of EC and OC were EC and OC measured 
on quartz filters collected both in study homes and outdoors 
(as described earlier). The quartz filters were analyzed for OC 
and EC with a Sunset Laboratory OC/EC Lab instrument (Sun-
set Laboratories, Inc., MODEL, USA) using the default Sunset 
Analyzer protocol. A section of each quartz filter underwent a 
combined thermal desorption-optical transmittance measure-
ment based on NIOSH (National Institute for Occupational 
Safety and Health) methods 5040 to differentiate and quantify 
the EC and OC components in PM2.5 mass. For the thermal 
desorption component, the filter is oxidized twice using a 
strict temperature regime. The first oxidation stage thermally 
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removes OC in a mobile phase of pure helium gas that is con-
verted from carbon dioxide (CO2) to methane (CH4) gas and 
measured by a flame ionization detector (FID). The second 
oxidation stage proceeds in a mixture of helium and oxygen 
to oxidize EC, which is also quantified by the FID. The FID 
is internally calibrated with methane, and external quality 
control checks are made with sucrose standards. To correct 
for the potential production of EC during OC pyrolysis in the 
first oxidation stage, light transmission from a laser through 
the filter section was monitored throughout the analysis. 
Reduced light transmittance corresponds to EC generated by 
the laboratory analysis.

Elemental analysis of PM2.5 mass was performed using a 
Thermo Scientific QUANT’X Evo energy-dispersive X-ray 
fluorescence (EDXRF) spectrometer with Wintrace software 
version 10.3 using standard methods (RTI International 
2009). Quantitative mass concentrations of 22 individual ele-
ments (Mg, Al, Si, S, K, Ca, Ti, Cr, Mn, Fe, Ni, Cu, Zn, Ga, As, 
Se, Cd, In, Sn, Sb, Te, I) were determined empirically using 
linear standard curves. Standard curves were generated from 
commercial, single- and dual-element, thin film standards 
from MicroMatter Technologies Inc. (Montreal, Canada) in 
addition to blank films. The quality of the analysis method 
was evaluated by analyzing a National Institute of Standards 
and Technology (NIST) standard reference material (SRM) 
2783 Air particulate on filter media (Gaithersburg, MD, 
USA). Elements for which at least 80% of PM2.5 mass samples 
yielded quantifiable element mass were included for positive 
matrix factorization and source analysis, and apportionment. 
These elements were Si, Mg, Fe, S, Ca, Al, K, and Pb.

For analysis of water-soluble ions, a portion of each PTFE 
filter was extracted in 15 mL of deionized water using a Nal-
gene amber high-density polyethylene bottle and sonicated 
without heat for 40 min. The extracts were filtered to ensure 
that insoluble particles were removed using a 0.2-μm PTFE 
syringe filter. Water-soluble ions were measured using a dual-
channel Dionex ICS-3000 ion chromatography (IC) system. 
Specifically, a Dionex IonPac CS12A analytical (3- × 150-mm) 
column with eluent of 20-mM methanesulfonic acid at a flow 
rate of 0.5 mL/min was used to measure cations (Ca2+, Mg2+, 
Na+, NH4+, K+), and a Dionex IonPac AS14A analytical (4 × 
250 mm) column with an eluent of 1-mM sodium bicarbon-
ate/8-mM sodium carbonate at a flow rate of 1 mL/min was 
used to measure anions (SO4

2-, NO3-, Cl-) (Sullivan et al. 2008).

•	 Water-insoluble species (wi): wi refers to the fraction of 
PM that does not dissolve in water. These species typi-
cally include elements such as potassium (K), calcium 
(Ca), and magnesium (Mg), among others, that remain 
as PM after water extraction. In this study, because of 
budget constraints, we did not analyze water-soluble OC. 
Instead, we determined the water-insoluble fraction by 
subtracting the amount of the elemental species measured 
using IC from the total elemental amount determined by 
X-ray fluorescence (XRF). For instance, the total amount 
of potassium (K) was measured using XRF, and the water-

soluble potassium fraction was quantified using IC. The 
difference between these two values was taken as the 
water-insoluble fraction of potassium. This approach is 
consistent with practices in air quality research that use 
these analyses.

•	 Water-soluble species (ws): ws refers to the fraction of 
PM that dissolves in water, typically including major 
ions such as sulfate, nitrate, ammonium, and certain 
soluble forms of metals. The water-soluble fraction was 
extracted from particulate samples using deionized water, 
and the extract was analyzed using IC to determine the 
concentrations of individual water-soluble ions, such as 
sulfate (SO4

2-), nitrate (NO3-), and soluble metal ions. This 
approach is well documented in the scientific literature 
and follows established protocols for the determination 
of anions in PM.

•	 Nonsulfate sulfur (ns-S): ns-S refers to the sulfur present 
in PM that is not in the form of sulfate, that is, nonsulfate 
(ns) sulfur (S). This includes species such as elemental 
sulfur, organosulfur compounds, and other compounds 
containing ns-S. The total sulfur content in PM was 
determined using XRF, consistent with the method we 
employed for this project (RTI International 2009). The 
sulfate (SO4

2-) content was quantified using ion chroma-
tography. The ns-S was then calculated by subtracting 
the sulfate sulfur from the total sulfur determined using 
XRF analysis. This approach is supported by studies such 
as those by Shakya and Peltier (2015) and Secrest and 
colleagues (2016), who have used similar methodologies 
to distinguish sulfur sources in PM studies.

Outdoor and Indoor (Household) Air Temperature

Hourly outdoor temperature and relative humidity data 
were obtained from the extensive network of meteorological 
stations in Beijing. We used digital thermometers (Tian-
jianhuayi Inc., Beijing, China) to measure indoor “point” 
temperature in the 5 minutes before BP measurement. Staff 
measured temperature in a centrally located room, away from 
heating sources and direct sunlight, by placing the probe 
in midair at a height that approximated the participant’s 
shoulder height. In a random 75% subsample of households 
in each wave, we also conducted long-term measurements of 
indoor temperature by placing a real-time temperature sensor 
(iButton DS1921G-F5; Thermochron, Maxim Inc., USA) in 
the room where participants reported spending most of their 
daytime hours when indoors. Sensors were wall-mounted at a 
standardized height (~1.5–2 meters), away from major heating 
sources, windows, and doors, and were programmed to log a 
temperature reading every 125 minutes for up to 4 months to 
capture the full winter period and early spring weeks when 
heating may still intermittently occur. Before the start of each 
wave, we co-located all of the sensors, measured temperature 
over 2 days, and compared the readings. Sensors recording 
values more than 1°C from the group median value were not 
deployed for data collection.
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Objective Measurement of Household Stove Use Using 
Sensors

Following methods used in a previous intervention eval-
uation study in rural China (Clark et al. 2017), we objectively 
measured household heating stove use in a random sample 
of households selected, also at random, for either short- or 
long-term measurement. We measured short-term (24-hour) 
stove use for all household heating stoves in 315 and 227 
households in waves 2 and 3, respectively. Long-term stove 
use was assessed in 324, 273, and 585 homes in waves 2, 3, 
and 4, respectively, for a period of approximately 6 months. 
We measured stove use using the same real-time temperature 
data loggers used to measure seasonal indoor temperature 
(iButton DS1921G-F5). Field staff placed the sensors on stoves 
and programmed them to record surface temperature every 
125 minutes, a timing decision based on pilot assessments 
showing that shorter time intervals did not affect the number 
of heating events detected or heating time recorded. Sensors 
were placed on the surfaces of biomass and coal-fueled stoves 
and radiators. For heat pumps, sensors were placed on the 
heat exchanger coil on air-to-air units and on the radiator of 
air-to-water units.

The number and duration of stove combustion events were 
identified from the temperature data using criteria defined 
based on the observed changes in the peak shape of the time 
series temperature curves (i.e., changes in the slope or absolute 
temperature compared with the indoor ambient temperature). 
This approach was specific to heating stoves but developed 
based on stove use identification for cookstoves in previous 
studies by us and others (Clark et  al. 2017; Ruiz-Mercado 
et al. 2013; Snider et al. 2018). We developed separate criteria 
for each stove type, given the observed differences in heating 
patterns. These criteria were coded into type-specific algo-
rithms to systematically identify the number and duration of 
heating events across households. A stratified random sample 
of stove use temperature files (15% for each stove type and 
measurement duration [short-term/24-hour or long-term/~6 
months] combination) was manually coded to develop the 
test criteria. The number and duration of heating events were 
identified by the algorithms in the remaining 85% of files. 
We compared heating periods identified manually with those 
identified by the algorithm to check for systematic differences 
and possible overfitting.

Questionnaires

Field staff administered household and individual-level 
questionnaires to assess household demographic informa-
tion and educational attainment; household assets; house 
structure; stove and fuel use patterns (including a complete 
roster of heating methods and their contributions in each 
room); and individual health behaviors, including exercise 
frequency, smoking, alcohol consumption, medication use, 
and clinician-diagnosed health conditions. In wave 4, we 
recorded actual electricity use in the subsample of households 
with an available electricity bill on the Wangshangguowang 

mobile application. We used SurveyBe computer-assisted 
personal interview software to collect survey data via hand-
held electronic tablets. Questions were read to participants 
in Mandarin Chinese, and their responses were recorded into 
tablets.

Before the start of data collection, all questions were 
translated from English into Chinese and then back-translated 
to English for quality assurance. Many questions were 
adapted from previous field studies of household energy and 
BP conducted in rural Beijing or other rural sites in China 
(Baumgartner et al. 2018; Yan et al. 2020), and all questions 
were iteratively tested with study staff and adapted before 
implementation. Before each wave in this study, the ques-
tionnaire and all other study measurements were tested in 12 
households located in a rural Beijing village that was eligible 
for our study but was instead selected for testing. We used 
the test village to train study staff, assess whether the ques-
tions were understandable and interpreted as intended, and 
identify any problems with the study measurements or their 
implementation. Study protocols were subsequently adapted 
before the start of data collection.

In addition to household and individual participant 
questionnaires, we conducted village surveys with one rep-
resentative from each village committee to understand how 
the policy was implemented in that village and to inquire 
about any other rural development or health programs being 
implemented in the village. Committee members answered 
questions about the committee and villagers’ interest in the 
policy and, for treated villages, assignment versus application 
to the policy, any home or village renovations required by 
the upper-level government before heat pump installation, 
decision-making for the type and brand of heating technol-
ogy, level of subsidies provided for heaters and electricity, 
and technical and logistical guidance to villagers.

Blood Pressure

Following 5 minutes of quiet rest, at least three brachial 
and central systolic (bSBP/cSBP) and diastolic (bDBP/cDBP) 
BPs were taken by trained staff at 1 minute apart on the par-
ticipant’s supported right arm. We used an automated oscillo-
metric device (BP+; Uscom Ltd, New Zealand) that estimates 
central pressures from the brachial cuff pressure fluctuations. 
Central pressures were previously validated against invasive 
cBP measurements in earlier studies (Costello et  al. 2015; 
Lowe et al. 2009). The BP devices were factory-calibrated by 
the manufacturer before the start of the first and fourth waves. 
Up to five measurements were taken if the difference between 
the last two was more than 5 mm Hg or staff was unable to 
obtain a reading. The BP measurements were conducted in 
the participant’s home, and staff were trained to follow strict 
quality control procedures, including the use of an appropri-
ately sized cuff, correct positioning of the arm, having both 
feet on the ground, and ensuring 5 minutes of quiet rest before 
measurement. Details are described in the standard operating 
procedures (SOPs). The average of the final two measure-

https://osf.io/gmka5
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ments was used for statistical analysis unless only one BP 
measurement was obtained (n = 13 observations), in which 
case a single measurement was used. The time of day, day 
of the week, and indoor temperature before BP measurement 
were also recorded.

Self-Reported Respiratory Symptoms and Airway 
Inflammation

During the questionnaire assessment, participants were 
asked about chronic airway symptoms, including cough, 
phlegm, wheeze, and tightness in the chest, using questions 
validated for use in Mandarin Chinese and developed from 
the standard St. George’s Respiratory Questionnaire (Xu et al. 
2009). The Mandarin Chinese questions were extensively 
piloted with rural and peri-urban Beijing residents to ensure 
that the health terminology and symptom time patterns were 
adequate and understandable to the local population.

In an approximate 25% random subsample of participants, 
we also measured the fractional concentration of exhaled 
nitric oxide (FeNO), a noninvasive and established marker 
of airway inflammation, using a portable handheld device 
(Aerocrine, Solna, Sweden) fit with a NIOX VERO sensor, 
following American Thoracic Society recommendations and 
guidelines (ATS/ERS 2005). Briefly, FeNO measurement was 
performed with participants in a standing position. Partici-
pants inhaled NO-free air through a mouthpiece with an 
NO-scrubber attached, followed by controlled expiration for 
10 seconds through the mouthpiece at 50 ± 5 mL/sec. A nose 
clip was used to avoid nasal inhalation, and an accurate flow 
rate was achieved using visual and auditory cues generated 
by the device. Detailed methods are provided in our previous 
study of air pollution and FeNO in Beijing adults (Shang et al. 
2020). At least two measurements were obtained for each 
participant.

Blood Inflammatory and Oxidative Stress Markers

Experienced nurses trained as phlebotomists collected 20 
mL of whole blood in a labeled vacutainer via venipuncture 
using standard techniques (Tuck et  al. 2009). Details are 
described in our published SOP. Briefly, fasting blood sam-
ples were collected by the nurses in the morning and stored 
at 4° to 10°C before centrifugation. Two serum aliquots from 
each participant were then placed in a –30°C freezer for 
temporary storage. Collection-to-storage time was less than 
4 hours for all samples in both waves, where blood samples 
were collected. Within 3 to 5 days of collection, the samples 
were transported in Styrofoam containers with dry ice to a 
–80°C freezer with a backup generator and alarm system at 
Peking University.

The first aliquot was analyzed for glucose and a complete 
lipid profile within 2 months of collection, and the results 
were communicated to participants. The second aliquot was 
stored in the –80°C freezer for analysis of biomarkers of sys-
temic inflammation (C-reactive protein [CRP], interleukin-6 

[IL-6], tumor necrosis factor-alpha [TNF-α], and malondial-
dehyde [MDA]) at the University of the Chinese Academy 
of Sciences between July and September of 2023. These 
biomarkers were selected because they are associated with 
the development of cardiovascular disease and events (e.g., 
Danesh et al. 2008; Emerging Risk Factors Collaboration 2012; 
Pearson et al. 2003; Ridker 2001; Ridker et al. 2000), and both 
acute and longer-term exposures to air pollution have been 
associated with changes in inflammatory and oxidative stress 
markers (e.g., Huang et al. 2012; Kipen et al. 2010; Pope et al. 
2004; Rich et al. 2012; Rückerl et al. 2007).

We followed standard methods for blood analysis (US 
FDA 2018). For inflammatory markers (IL-6, TNF-α, CRP), the 
optical densities (ODs) of all samples were measured using 
an automated enzyme-linked immunosorbent assay (ELISA) 
reader. Every plate had eight standard samples used to gener-
ate a standard curve that related OD and standard inflamma-
tory marker concentrations. A standard curve for each micro-
plate was generated by a computer software program (BioTek 
Instruments, Inc., Gen5 Data Analysis Software) based on a 
four-parameter method. Each plate included at least three 
control samples to ensure the stability of standard curves. All 
samples, standards, and controls were measured in duplicate, 
and the average was used for statistical analysis. For oxidative 
stress biomarkers (MDA), the chromatographic peak areas of 
all samples were measured using high-performance liquid 
chromatography (HPLC) with an ultraviolet detector and 
HPLC with tandem mass spectrometry. Each plate had seven 
standard samples used to generate a standard curve that 
related to the peak area and concentration of the oxidative 
stress marker. A standard curve for each plate was generated 
using a computer software program (BioTek Instruments, Inc., 
Gen5 Data Analysis Software) based on a linear method. Each 
plate included at least three control samples to ensure the 
stability of standard curves. Standards and controls for MDA 
were measured in duplicate, and samples were measured once 
because of high precision in our pre-analysis pilot study with 
duplicate testing and evidence from many previous studies 
showing high stability in measurement (US FDA 2018). Box-
plots showing distributions of the inflammatory and oxidative 
stress markers are provided in Appendix Figure 1.

Anthropometric Measurements

Body weight, height, and waist circumference were mea-
sured at the clinic visit in waves 1 and 2 and in participant 
homes in wave 4 to avoid unnecessary contact during the 
COVID-19 pandemic. Weight was measured in light indoor 
clothing without shoes in kilograms to one decimal place 
using standing scales supported on a steady surface. The 
scales were calibrated before the start of each wave, and 
the same staff member weighed themself on the scale each 
morning to ensure that it was functioning properly. Height 
was measured without shoes in centimeters to one decimal 
place with a stadiometer. Waist circumference was measured 
without clothing obstruction at 1 cm above the participant’s 
navel at minimal respiration in centimeters to one decimal 

https://osf.io/zwpfg
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place. The measuring tapes were replaced at the start of each 
wave to avoid stretching.

MEASURING POLICY IMPACTS

To understand the impact on health outcomes of Beijing’s 
policy and the mechanisms through which it works, we used 
a difference-in-differences (DiD) design (Callaway 2020), 
leveraging the staggered rollout of the policy across multiple 
villages. Simple comparisons of treated and untreated (i.e., 
control) villages after the CHP implementation are likely to 
be biased by unmeasured village-level characteristics (e.g., 
demographics, average winter temperature, wealth) that are 
associated with health outcomes. Similarly, comparisons of 
only treated villages before and after exposure to the program 
are susceptible to bias by other factors associated with changes 
in outcomes over time (i.e., secular trends, potential health 
impacts of the COVID-19 pandemic). By comparing changes 
in outcomes among treated villages to changes in outcomes 
among untreated villages, the DiD approach controls for any 
unmeasured time-invariant characteristics of villages as well 
as for any factors affecting outcome trends in all villages that 
are unrelated to the policy.

The DiD design compares outcomes before and after an inter-
vention in a treated group with the same outcomes measured 
in a control group. The control group trend provides the crucial 
“counterfactual” estimate of what would have happened in the 
treated group had it not been treated. By comparing each group 
with itself, this approach helps to control for both measured and 
unmeasured fixed differences between the treated and control 
groups. By measuring changes over time in outcomes in the 
control group unaffected by the treatment, this approach also 
controls for any unmeasured factors affecting outcome trends 
in both treated and control groups. This is important because 
there are often many potential factors affecting outcome trends 
that cannot be disentangled from the policy if one only studies 
the treated group (as in a traditional pre-post design).

The canonical DiD design (Card and Krueger 1994) com-
pares two groups (treated and control) at two different time 
periods (pre- and postintervention, Figure  3). In the first 
period, both groups are untreated, and in the second period, 
one group is treated (i.e., exposed to the intervention). If we 
assume that the differences between the groups would have 
remained constant in the absence of the intervention (the 
parallel trends assumption), then an unbiased estimate of the 
impact of the intervention in the post-treatment period can 
be calculated by subtracting the pre-post difference in the 
untreated group from the pre-post difference in the treated 
group. The estimand of interest in a typical DiD analysis is the 
average treatment effect on the treated (i.e., the ATT), which 
is a contrast of the postintervention outcomes in the treated 
group with the counterfactual estimate of outcomes in the 
same population in the absence of treatment.

When multiple groups are treated at different times, as 
with the CHP, the most common approach has been to use 

a two-way fixed effects model to estimate the impact of the 
intervention, which controls for secular trends and fixed 
differences between villages. However, recent evidence 
suggests that traditional two-way fixed effects estimation 
of the treatment effect may be biased in the context of 
heterogeneous treatment effects (i.e., where the effects of 
treatment vary for different groups treated at different times; 
Callaway and Sant’Anna 2021; Goodman-Bacon 2021). The 
bias occurs because when there are multiple groups treated 
at different times, the two-way fixed effects estimate is a 
weighted average of several “2 × 2” DiD estimates, some of 
which involve using already treated units as controls for 
later treated units (Baker et al. 2022). We take advantage of 
new developments in the econometrics literature (Callaway 
and Sant’Anna 2021; Sun and Abraham 2021; Wooldridge 
2021) that relax the assumption of homogeneity in the 
context of staggered policy rollouts, but also allow straight-
forward interpretation of ATTs for assessing policy impacts. 
This decision was motivated by the many behavioral, social, 
or economic factors that might affect both new heat pump 
use and coal stove suspension (e.g., energy prices and avail-
ability, wintertime temperature, COVID-19 pandemic, user 
preferences) over time in our study, and thus the possibility 
that the effect of the policy on air pollution and health may 
be dynamic over time or heterogeneous across treatment 
cohorts.

MEASURING PATHWAYS AND MECHANISMS

To estimate how much of the CHP may work through 
different mechanisms, we used causal mediation analysis. 
Causal approaches to mediation attempt to discern between 
and clarify the necessary assumptions for identifying differ-
ent kinds of mediated effects. Figure 4 shows directed acyclic 
graphs (DAGs) to illustrate (a) the total effect and (b) the 
potential direct and indirect effects of the CHP, with T as the 
policy, X as a set of pretreatment covariates, and Y SBP as 
an example outcome (DAGs for other outcomes are given in 
the Appendix). The “total effect” of the policy is an estimate 
of how much the overall outcomes (Y) would change for a 

Figure 3. Stylized example of difference-in-differences.
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change in exposure (vs. no exposure) to the CHP (T). Part (b) 
of Figure 4 adds M1 as PM2.5 and M2 as indoor temperature to 
represent potential mediators that are affected by the policy. 
In this scenario we can estimate the controlled direct effect 
(CDE), which is the effect of the CHP on BP had we intervened 
to set M1 and M2 to fixed levels (i.e., the CDE represents the 
effect of the CHP that goes through pathways other than the 
mediators). For example, we can estimate the impact of the 
policy on health outcomes while holding PM2.5 and indoor 
temperature at uniform levels of average background expo-
sure or some other hypothetical level (VanderWeele 2015).

Although other mediated effects, such as “natural” direct 
and indirect effects, are theoretically estimable (VanderWeele 
2015), they involve challenging “cross-world” assumptions 
that are difficult to anchor in policy (Naimi et al. 2014). Other 
approaches to mechanisms have focused on principal stratifi-
cation (e.g., Zigler et al. 2016), although conceptual difficulties 
with identifying the (unverifiable) principal strata make it chal-
lenging for questions of mediation. Because controlled direct 
effects are considered more directly policy-relevant for public 
health, we focused on estimating these mediated quantities.

DATA ANALYSIS

To understand how the policy’s impact on health may be 
mediated by different potential mediators, we need to first 
estimate the total effect of the policy on the outcomes shown 
in Figure 4 (a) and then estimate the CDEs after adjustment 

for potential mediators and any residual mediator-outcome 
confounding. As previously discussed, for the mediators to 
“explain” the total effects of the policy on health, the policy 
should affect the mediators, and the mediators should also 
affect the outcomes.

TOTAL EFFECT

To estimate the total effect of the policy, we used a DiD 
analysis that accommodates staggered treatment rollout. To 
allow for heterogeneity in the context of staggered rollout, we 
used extended two-way fixed effects (ETWFE) models (Wool-
dridge 2021) to estimate the total effect of the CHP. The mean 
outcome (replaced by a suitable link function g( ) for binary or 
count outcomes) was defined using a set of linear predictors:
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in which Yijt is the outcome for individual i in village j at time 
t, dr represent treatment cohort dummies (i.e., fixed effects 
for each cohort of villages r that were first exposed to the 
policy at the same time q, e.g., in 2019, 2020, or 2021), fst 
are fixed effects for each time period s corresponding to dif-
ferent winter data collection waves (2018–2019, 2019–2020, 
or 2021–2022), and trs are the treatment cohort-time ATTs in 
the context of a linear model. For nonlinear outcomes, the 
cohort-time ATTs are derived by estimating average marginal 
effects from nonlinear models (Arel-Bundock 2024). For 
binary and count outcomes, we used logit and Poisson mod-
els, respectively, and for skewed outcomes (e.g., PM2.5, BC, 
inflammatory markers), we used generalized linear models 
with a gamma distribution and a log link based on the speci-
fication tests recommended by Manning and Mullahy (2001). 
For all models, we clustered standard errors at the village 
level, consistent with the unit of treatment assignment (Cam-
eron and Miller 2015). The ETWFE and other approaches 
that allow for several (potentially heterogeneous) treatment 
effects may also be averaged to provide a weighted summary 
ATT. Several potential possibilities are feasible, including 
weighting by treatment cohorts or time since policy adoption 
(Goin and Riddell 2023). We generally focus on two types 
of ATTs for this report: simple averages across all treatment 
cohorts and the full set of cohort-time ATTs to evaluate het-
erogeneous treatment effects. Although we primarily focus 
on reporting the simple average ATT for most outcomes, we 
also used omnibus joint F-tests to assess whether there was 
sufficient evidence to reject the assumption of homogeneity 
across the ATTs. Although we conducted hypothesis tests to 
evaluate heterogeneity, in general, we focus on estimation 
and confidence intervals rather than null hypothesis signifi-
cance testing in interpreting model estimates. We refrain from 
categorizing results as “significant” based on arbitrary alpha 
thresholds, or basing conclusions solely on whether p-values 
cross a specific threshold, consistent with recommended 
statistical practice of the American Statistical Association 
(Wasserstein et al. 2019).

(a) DAG for total effect

(b) DAG for direct and indirect effects

Figure 4. Hypothetical directed acyclic graphs (DAGs) showing 
(a) total effect and (b) direct and indirect effects with outcome 
(Y), pretreatment covariates (X), policy (T), and multiple 
mediators (M1,M2), as well as covariates for the mediators (W).
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MEDIATION ANALYSIS

As noted earlier, with respect to the mediation analysis, 
we are chiefly interested in the CDE, which can be derived by 
adding relevant mediators M to Equation 1. If we also allow 
for exposure-mediator interaction and potentially allow for 
adjustment for any additional confounders W of the mediator-
outcome effect, we can extend Equation 1 as follows:
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where d is now the conditional effect of the mediator M at 
the reference level of the treatment (again, represented via 
the series of group-time interaction terms), and the collection 
of hrs terms are coefficients for the product terms allowing 
for mediator-treatment interaction. Finally, z is a vector of 
coefficients for the set of confounders contained within W. 
As noted earlier, in the staggered DiD framework that allows 
for heterogeneity, we do not have a single treatment effect but 
a collection of group-time treatment effects that may be aver-
aged in different ways. This extends to the estimation of the 
CDE, in which case we will also have several CDEs that can 
be averaged to make inferences about the extent to which the 
policy’s impact is mediated by PM2.5 or temperature. Based 
on the setup in Equation 2, the CDE is estimated as trs + hrsM. 
In the absence of interaction between the exposure and the 
mediator (i.e., hrs = 0) the CDE will simply be the estimated 
treatment effects � rss rr q

T

�� �� T  (i.e., the effect of the policy holding 
M constant). For a valid estimate of the CDE, we must account 
for confounding of the mediator-outcome effect, represented 
by W in the equation earlier. The inclusion of baseline 
measures of both the outcome and the proposed mediators 
inherent in our DiD strategy help to reduce the potential for 
unmeasured confounding of the mediator-outcome effect 
(Keele et  al. 2015). Given the large number of outcomes of 
interest in this study, as well as the potential for heteroge-
neous treatment effects, we limited the mediation analysis to 
health outcomes for which we observed some evidence of a 
total effect of the CHP.

IDENTIFICATION OF POTENTIAL CONFOUNDERS  
AND MODEL COVARIATES

In contrast to typical analytic approaches such as regres-
sion adjustment or propensity scores that solely focus on 
measured covariates, our DiD approach helps to minimize 
the risk of some sources of unmeasured confounding. 
Treatment cohort fixed effects control for measured and 
unmeasured time-constant factors that may differ between 
treatment cohorts (e.g., genetics, altitude), and time fixed 
effects control for secular trends, capturing any unmea-
sured factors that affect outcomes in all treatment cohorts 
(including the untreated) similarly over the study period 
(e.g., background improvements in ambient air quality or 

household transition to more efficient heating unrelated to 
the CHP). The latter are particularly helpful in the context 
of the documented declines in ambient PM2.5 in the Beijing 
region attributable to air quality improvement programs and 
policies other than the CHP policy (van Donkelaar et  al. 
2021; Zhang et al. 2019).

For models estimating the effect of the policy on indoor 
temperature and health outcomes, we used DAGs (Pearl 2000) 
to identify potential time-varying causes of both treatment by 
the policy and our study outcome(s) that could differ between 
treatment groups and adjusted for those potential confound-
ers in the regression models. For the mediation analysis, we 
identified potential mediator-outcome confounders using 
the same approach. These variables were identified from the 
relevant peer-reviewed literature and our team’s substantive 
knowledge about the CHP. For models estimating the effect 
of the policy on air pollution outcomes, the main predictors 
of personal exposures and indoor air quality in rural China 
are inconsistent across studies (e.g., Lee et al. 2021; Ni et al. 
2016). Thus, we considered the following covariates as 
potential determinants of air pollution in our study setting: 
village population and total number of households in the 
village; outdoor temperature, relative humidity, dew point, 
wind direction, wind speed, and boundary layer height; home 
area and home area heated; home insulation; active or passive 
smoking status of the participant; and whether the household 
reported residential wood (i.e., biomass) burning, and if so, 
self-reported quantity used.

Exposure to tobacco smoke is important for both air 
pollution and health outcomes, and we used the participant 
responses to survey questions related to their current smok-
ing status (i.e., is the participant a current smoker, former 
smoker, or never smoker) and, for never smokers, history of 
passive smoking (i.e., has the participant ever lived with a 
smoker in the same house for at least 6 months, with possible 
responses of never, yes but not currently, and yes at present). 
The survey responses were used to create the following four 
distinct tobacco smoking categories: current smoker, defined 
as currently smoking at the time of survey; former smoker, 
defined as previously smoking but no longer smoking at the 
time of the survey (not accounting for duration of cessation); 
never smoker with a history of living with a smoker, defined 
as a never smoker who is currently living with a smoker or 
has previously lived with a smoker for at least 6 months (i.e., 
passive smoking exposure); and never smoker, defined as no 
history of smoking and no history of living with a smoker for 
more than 6 months.

Ultimately, we included the following measured 
time-varying covariates in the final DiD models for each 
outcome-specific model. Models for air pollution outcomes 
were adjusted for household size, tobacco smoking cat-
egory, outdoor temperature, and outdoor dew point. As a 
sensitivity analysis, we additionally adjusted for district of 
residence, given the baseline district-level differences in 
energy use, socioeconomic status, and altitude, especially 
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for villages in Fangshan compared with the other three 
districts. Temperature models were adjusted for the number 
of rooms, wintertime occupants in the household, age of the 
primary respondent, and wealth index. Models for BP were 
adjusted for age, sex, waist circumference, tobacco smoking 
category, alcohol consumption, and use of BP medication. 
For self-reported respiratory outcomes, we adjusted for age, 
sex, tobacco smoking category, occupation, frequency of 
drinking, and frequency of farming. Measured respiratory 
outcome (FeNO) models included adjustment for age, sex, 
body mass index (BMI), frequency of drinking, tobacco smok-
ing category, frequency of exercise, occupation, and time of 
measurement. Inflammatory marker outcome models were 
adjusted for age, waist circumference, occupation, wealth 
index quantile, frequency of drinking, tobacco smoking 
category, and frequency of farming. For the final covariate-
adjusted DiD model for personal exposure “mixed combus-
tion” source contributions, we adjusted for temperature 
(represented by a spline with 2 degrees of freedom), tobacco 
smoking category, and whether the household reported 
using biomass fuel. For the final covariate-adjusted DiD 
model for outdoor (community) “mixed combustion” source 
contributions, the following covariates were included: total 
number of households in the village, village population, and 
ambient relative humidity (represented by a spline with 2 
degrees of freedom).

MULTIPLE IMPUTATION FOR COVARIATES  
AND INDOOR PM2.5 IN ANALYSES WITH BLOOD 
PRESSURE OUTCOMES

Blood pressure was measured at household visits, but 
several key covariates — such as waist circumference, height, 
and weight — were measured at the clinic visits in waves 1 
and 2. In wave 4, blood pressure and anthropometrics were 
all measured during household visits. Thus, we were miss-
ing covariate information for individuals in waves 1 and 2 
who were unable to attend the clinic visits (~15%–20% of 
participants in each wave). Additionally, because we only 
measured indoor PM2.5 in a randomly selected subsample of 
300 homes in waves 2 and 4, we were missing indoor PM2.5 
for all participants in wave 1 with BP measures, as well as for 
a subsample of participants in waves 2 and 4. To prepare data 
for the BP outcomes analysis, we used multiple imputation 
with chained equations (MICE) to impute missing indoor 
PM2.5 and missing covariate data values for individuals who 
participated in the household visit but not the clinic visit. 
This allowed us to retain observations with BP measurements 
that would have otherwise been dropped in adjusted and 
mediation models using complete-case analysis. Imputation 
was performed with the MICE package (van Buuren and Groo-
thuis-Oudshoorn 2011) in R (m = 30 imputation datasets, with 
30 iterations each), and the DiD and mediation analyses were 
conducted for each of the 30 datasets. We then used Rubin’s 
rules to combine point estimates and standard errors while 
accounting for both within- and between-dataset variances 
(Rubin 1987).

Appendix Table  1 shows that most measures had no or 
less than 1% missing data, except for measured waist circum-
ference, height, and weight (all ~15% missing). Appendix 
Table  2 also shows the number and percentage of missing 
observations by treatment enrollment cohort and outcome, 
and we found little evidence that the percentage of missing 
observations differed substantially between treatment 
cohorts. In Appendix Figure 2, we show kernel density plots 
for the distribution of imputed values for BMI, waist circum-
ference, and indoor PM2.5, all of which closely approximated 
the observed values.

RESULTS

We retained all 50 study villages during this 4-year longi-
tudinal assessment of village treatment by the CHP, although 
we were only able to visit 41 villages in winter 2020–2021 
(wave 3), when we were limited to village and household-
level measurements of air quality, indoor temperature, and 
stove use because of travel restrictions during the COVID-19 
pandemic.

By waves 2, 3, and 4, there were cumulative totals of 10, 
17, and 20 (out of 50 total) study villages treated by the CHP 
policy, respectively. All of the treated villages in our study 
selected to install electric-powered air-source heat pumps 
with 200 RMB (Renminbi, also known as the Chinese yuan) 
per m2 (up to 24,000 RMB) in subsidies and were also pro-
vided with 80% nighttime electricity subsidies up to 10,000 
kWh per heating season. To limit coal use, villages enrolled 
in the policy were no longer allowed to place orders for 
subsidized coal with the district-level governments that 
manage the procurement and distribution of coal for resi-
dential heating in Beijing. In addition, village committee 
leaders in treated villages reported feeling accountable to 
the Environmental Protection Department for limited coal-
related air pollution and were motivated to encourage res-
idents not to burn coal. Some villages were equipped with 
government air pollution monitors, and the Environmental 
Protection Department conducted village inspections and 
issued warnings about coal burning. Households burning 
coal in treated villages were at risk of losing their electricity 
subsidy.

Appendix Figure 8 and Appendix Table 3 show the par-
ticipation of villages, households, and participants across 
the four waves of data collection and the number of sampled 
participants, households, and villages by study wave. Appen-
dix Table 4 also shows selected demographic characteristics 
by district. We conducted measurements in more than 1,000 
participants in each of the three measurement waves that 
included individual-level measurements. Table  3 shows 
selected demographic characteristics and health behaviors 
between participants who contributed to each study wave. 
In total, Table  4 shows that we enrolled 1,438 participants 
into the study, of which 630 (43%) individuals contributed 
1,890 observations across all three waves in which health 
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Table 3. Selected Demographic and Health Characteristics of Participants in Each Study Wave

Estimates Test for Equality

Characteristic
Wave 1 (2018–2019)

(n = 1,003)
Wave 2 (2019–2020)

(n = 1,110)
Wave 4 (2021–2022)

(n = 1,028) Statistica P Value

Female, n (%) 597 (59.5) 654 (58.9) 617 (60.0) 0.270 0.874

Current smoker, n (%) 257 (25.6) 295 (26.6) 265 (25.8) 0.292 0.864

Passive smoke exposure, n (%) 486 (48.4) 538 (48.5) 486 (47.3) 0.234 0.890

Any smoke exposure, n (%) 795 (79.3) 898 (80.9) 857 (83.4) 5.616 0.060

Age in years, mean (SD) 60.1 (9.3) 61.1 (9.1) 63.3 (9.0) 31.980 0.000

Body mass index (kg/m2), 
mean (SD)

26.1 (3.7) 25.7 (3.5) 26.2 (3.8) 4.209 0.030

Waist circumference (cm), 
mean (SD)

86.8 (10.2) 87.4 (9.4) 91.3 (10.4) 54.171 0.000

SD = standard deviation.
a Chi-square test for categorical and F-test for continuous characteristics.

Table 4. Selected Demographic and Health Characteristics of Participants Who Contributed to Different Numbers of 
Study Waves

Estimates Test for Equality

Characteristic

1 Wave
nparticipants = 365

(nobs = 365)

2 Waves
nparticipants = 443

(nobs = 886)

3 Waves
nparticipants = 630
(nobs = 1,890) Statistica P Value

Female, n (%) 211 (57.8) 532 (60.0) 1,125 (59.5) 0.542 0.763

Current smoker, n (%) 110 (30.1) 230 (26.0) 477 (25.2) 3.817 0.148

Passive smoke exposure, n (%) 172 (47.1) 425 (48.0) 913 (48.3) 0.099 0.952

Any smoke exposure, n (%) 293 (80.2) 732 (82.6) 1,526 (80.7) 1.607 0.448

Age in years, mean (SD) 26.3 (3.6) 25.8 (3.6) 26.0 (3.7) 1.532 0.433

BMI (kg/m2), mean (SD) 59.8 (9.3) 61.0 (8.9) 62.1 (9.3) 11.718 0.000

Waist circumference (cm), mean (SD) 90.3 (9.8) 88.1 (10.2) 88.7 (10.2) 4.438 0.024

BMI = body mass index; SD = standard deviation.
a Chi-square test for categorical and F-test for continuous characteristics.

measurements were conducted, 443 (31%) individuals 
contributed 886 observations across two waves, and 365 
(25%) individuals participated in a single wave. We found 
no differences in sex or smoking across waves, but overall 
BMI and waist circumference increased over time. Table  4 
shows similar demographic and health characteristics of 
participants who contributed to a different number of waves, 
with some evidence that individuals contributing to more 
than one wave of data had slightly higher BMI and smaller 
waist circumference.

DESCRIPTION OF THE STUDY SAMPLE  
BY TREATMENT

Table  5 shows the distribution of selected demographic, 
health, and environmental characteristics from the baseline 
survey before any villages were enrolled in the CHP. We 
provide means and standard deviations separately for villages 
that eventually enter into the policy and those that never do 
so. As noted earlier, although our DiD identification strategy 
allows for fixed differences between treated and untreated 
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Table 5. Descriptive Statistics for Selected Demographic, Health, and Environmental Measures at Baseline by Treatment 
Status

Never Enrolled (n = 603) Ever Enrolled (n = 400)

Mean SD Mean SD Difference in Means SE

Demographics

Age (years) 59.9 9.4 60.4 9.2 0.5 0.6

Female (%) 59.5 49.1 60.0 49.1 0.5 3.2

No education (%) 11.5 31.9 12.3 32.9 0.9 2.1

Primary education (%) 75.5 43.0 77.6 41.7 2.1 2.8

Secondary+ education (%) 12.6 33.2 9.8 29.7 –2.9 2.0

Wealth index (bottom 25%) 26.9 44.4 22.3 41.7 –4.6 2.8

Wealth index (25%–50%) 23.6 42.5 27.0 44.5 3.4 2.9

Wealth index (50%–75%) 24.7 43.1 25.5 43.6 0.8 2.9

Wealth index (top 25%) 24.8 43.2 25.2 43.5 0.4 2.9

Health Measures

Never smoker (%) 21.8 41.3 19.1 39.4 –2.7 2.6

Former smoker (%) 11.9 32.4 15.1 35.8 3.2 2.2

Passive smoker (%) 39.6 49.0 40.2 49.1 0.6 3.2

Current smoker (%) 26.2 44.0 25.4 43.6 –0.8 2.8

Never drinker (%) 55.9 49.7 52.5 50.0 –3.4 3.2

Occasional drinker (%) 26.0 43.9 25.5 43.6 –0.5 2.8

Daily drinker (%) 17.8 38.3 21.9 41.4 4.1 2.6

Systolic (mm Hg) 131.4 16.8 128.7 14.3 –2.7 1.0

Diastolic (mm Hg) 82.7 11.6 82.1 11.3 –0.6 0.8

Waist circumference (cm) 87.7 10.5 85.4 9.5 –2.3 0.8

BMI (kg/m2) 26.3 3.7 25.8 3.6 –0.5 0.3

Frequency of coughing (%) 18.7 39.0 19.7 39.8 1.0 2.6

Frequency of phlegm (%) 27.6 44.7 23.7 42.6 –3.8 2.8

Frequency of wheezing (%) 6.2 24.2 6.6 24.8 0.3 1.6

Shortness of breath (%) 29.2 45.5 34.3 47.5 5.1 3.0

Chest trouble (%) 11.6 32.0 14.1 34.9 2.5 2.2

Any respiratory problem (%) 50.6 50.0 54.3 49.9 3.7 3.2

Environmental Measures

Temperature (°C) 13.8 3.6 13.5 3.3 –0.3 0.2

Personal PM2.5 (µg/m3) 127.1 145.3 102.3 105.5 –24.7 11.9

Black carbon (ug/m3) 4.4 5.3 3.3 3.4 –1.1 0.4

BMI = body mass index; PM2.5 = particulate matter ≤2.5 μm in aerodynamic diameter; SD = standard deviation; SE = standard error. 
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villages, overall, the differences at baseline are generally 
small, and the groups seem well balanced on most measures, 
except personal exposure to PM2.5, which was lower in vil-
lages that were eventually treated.

SUMMARY OF PARTICULATE MATTER AND BLACK 
CARBON MEASUREMENTS

At baseline, before the policy was rolled out in any 
study villages, PM2.5 and BC concentrations were higher, 
on average, for personal exposures compared with outdoor 
concentrations. From wave 2 onward, with the inclusion of 
indoor air pollution measurements, personal exposure air 
pollution concentrations were still higher than indoor or 
outdoor concentrations, with indoor levels being higher than 
outdoors (Table 6). This trend (personal > indoor > outdoor) 

was observed among households in treated and untreated 
villages. Personal, indoor, and outdoor geometric mean (GM) 
(95% confidence interval [CI]) concentrations of PM2.5 were 
72 (65, 80), 45 (39, 53), and 33 (29, 36) µg/m3, respectively, 
and elevated relative to health-based guidelines. The current 
World Health Organization (WHO) guidelines state that 
annual average exposures to PM2.5 should not exceed 5 µg/
m3, and 24-hour average exposures should not exceed 15 µg/
m3 for more than 3 to 4 days per year (WHO 2021). Interim 
targets have been set to support the planning of incremental 
milestones toward cleaner air, particularly for cities, regions, 
and countries with higher air pollution levels. For PM2.5, the 
four interim (IT) targets for annual and 24-hour means are 
IT-1: 35 and 75 µg/m3; IT-2: 25 and 50 µg/m3; IT-3: 15 and 37.5 
µg/m3; and IT-4: 10 and 25 µg/m3 (WHO 2021). The baseline 
personal exposures to PM2.5 in our study aligned with IT-1, 

Table 6. Arithmetic and Geometric Means for Air Pollutant Concentrations (micrograms per cubic meter) by Wave

Wave 1 Wave 2 Wave 3 Wave 4

Est. CI Est. CI Est. CI Est. CI

Personal Exposure Measurements

Filter-derived 24-h PM2.5 Mean 117 [105, 129] 97 [87, 107] 84 [72, 96]

GM 72 [65, 80] 60 [54, 66] 47 [42, 52]

24-h BC Mean 3.9 [3.5, 4.4] 3.6 [2.9, 4.2] 3.7 [2.9, 4.5]

GM 2.6 [2.4, 2.8] 1.9 [1.7, 2.1] 1.7 [1.5, 1.9]

Indoor Measurements

Sensor- 
derived

Seasonal PM2.5 Mean 94 [84, 103] 84 [75, 94] 67 [59, 75]

GM 71 [65, 77] 63 [57, 70] 47 [42, 52]

Filter-derived 24-h PM2.5 Mean 69 [59, 78] 58 [48, 68]

GM 45 [39, 53] 33 [27, 40]

24-h BC Mean 2.7 [2.1, 3.2] 2.9 [2.2, 3.5]

GM 1.6 [1.3, 2.0] 1.6 [1.3, 1.9]

Outdoor Measurements

Sensor- 
derived

Seasonal PM2.5 Mean 47 [45, 48] 55 [54, 56] 33 [32, 34] 33 [32, 34]

GM 36 [35, 37] 40 [39, 41] 23 [22, 23] 22 [22, 23]

Filter-derived Seasonal PM2.5 Mean 38 [34, 42] 38 [34, 41] 25 [23, 28] 26 [24, 28]

GM 33 [29, 36] 30 [28, 32] 21 [19, 23] 22 [21, 24]

Seasonal BC Mean 1.5 [1.3, 1.6] 1.4 [1.3, 1.5] 1.2 [1.1, 1.2]

GM 1.3 [1.1, 1.4] 1.1 [1.0, 1.2] 1.0 [0.9, 1.1]

BC = black carbon; CI = confidence interval; Est. = estimated; GM = geometric mean; PM2.5 = particulate matter ≤2.5 μm in aerodynamic  
diameter.
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indicating considerable opportunity for air quality exposure 
reduction with intervention.

We also present the geometric and arithmetic means 
(and 95% CIs) for PM2.5 and BC in each measurement wave 
(Table 6). Wave 3 (2020–2021) was a partial wave that took 
place over a period affected by the COVID-19 pandemic and 
did not involve filter-based air pollution sample collection.

POLICY UPTAKE

Each year of the study, participants reported the types 
of fuels and stoves and the amount of fuel used for space 
heating in winter. Based on these data, heating energy types 
were classified into four categories: exclusive use of a heat 
pump (“Heat pump exclusively”), use of a heat pump and a 
biomass-fueled kang (“Heat pump with biomass kang”), use 
of solid fuel heater with electric heating devices other than 
heat pumps (“Coal stove and biomass kang with other electric 
heater”), and exclusive use of solid fuel (“Coal stove and bio-
mass kang”). In villages treated by the policy, Figure 5 shows 
meaningful transitions from solid fuel to electric-powered 
heat pumps for all treatment cohorts. For example, the pro-
portion of households in the group treated in 2019 (wave 2) 
reporting any use of heat pumps increased from 3% in wave 
1 to 93% in wave 2 and 96% in wave 4. Conversely, any use 
of coal stoves decreased from 97% in wave 1 to 8% in wave 2 
and 3% in wave 4. We observed similar stove-use transitions 
for households in villages treated in 2020 (wave 3). In the 
three villages treated in 2021, we observed less exclusive use 
of the heat pump and a slightly larger proportion of house-
holds continuing to use coal.

We also observed a substantial decline in the amount 
of self-reported coal used in villages treated by the CHP 
(Figure  6), although the reduction in coal use was smaller 
with each subsequent treatment cohort (Appendix Table 5). 
Biomass (i.e., wood logs or twigs, charcoal), usually burned in 
kangs for both cooking and space heating, was not expressly 

targeted by the CHP. We observed declines in self-reported 
biomass use in villages treated in 2019 and 2020, but there 
was a small increase in biomass consumption in the cohort 
treated last (2021).

In never-treated villages, we also observed a transition 
from solid fuel to clean energy over the 4-year study, but it 
was much slower than in villages exposed to the CHP. The 
proportion of households that reported using electric heat 
pumps increased from 5% in wave 1 to 10% in wave 2 and 
25% in wave 4, and those who adopted heat pumps tended to 
use them exclusively. Commensurately, the reported expen-
ditures on electricity increased gradually over time in the 
untreated villages. The percentage of untreated households 
using solid fuel with other types of electric devices remained 
relatively stable, ranging from 64% to 70% across waves. 
Self-reported use of biomass also remained stable, at approx-
imately 1 ton of fuel each winter, whereas exclusive use of 
solid fuel decreased from 30% in wave 1 to 7% in wave 4.

To evaluate potential bias in self-reporting, we compared 
self-reported versus actual winter electricity use in a subsample 
(n = 37) of households with available electricity bills. Both 
untreated and treated households incorrectly reported their 
winter electricity expenses, although treated households were 
particularly prone to underestimating electricity use compared 
with untreated households (Appendix Figure 9).

AIM 1: POLICY IMPACTS AND POTENTIAL 
MEDIATION

Impact of Policy on Potential Mediators of Air Pollution 
and Indoor Temperature

The ATT from the basic ETWFE model (Table  7) shows 
that exposure to the CHP reduced 24-hour indoor PM2.5 by 
–18.9 µg/m3 (95% CI: –56.1, 18.4). After adjusting for outdoor 
temperature, outdoor dew point, smoking category, and the 
number of residents in each household, the ATT was –20.0 

Figure 5. Transitions to different energy sources across study waves 1, 2, and 4.
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Figure 6. Trends in self-reported coal and biomass consumption by treatment season.

Table 7. Treatment Effect on Outdoor and Indoor PM2.5, Personal Exposure to PM2.5 and Black Carbon, and Measures of 
Indoor Temperaturea

DiD Adjusted DiD

Obs ATT (95% CI) ATTb (95% CI)

Air pollution (µg/m3)

Personal PM2.5 1,270 –3.0 (–26.1, 20.1) 0.2 (–19.6, 19.9)

Black carbon 1,161 –0.6 (–1.7, 0.6) –0.4 (–1.5, 0.6)

Indoor 24-h PM2.5
c 399 –18.9 (–56.1, 18.4) –20.0 (–45.6, 5.5)

Seasonal PM2.5 366 –30.9 (–53.2, –8.7) –20.3 (–37.5, –3.0)

Outdoor 24-h PM2.5 11,174 –0.5 (–5.5, 4.4) –2.1 (–10.0, 5.8)

Seasonal PM2.5 139 1.7 (–3.4, 6.7) 0.5 (–4.8, 5.9)

Indoor temperature (°C)

Point Mean 2,999 1.9 (0.9, 2.9) 1.9 (0.9, 2.9)

Seasonal Mean (all) 1,350 0.7 (–0.1, 1.4) 0.7 (–0.1, 1.4)

Mean (daytime) 1,346 0.8 (0.0, 1.5) 0.8 (0.0, 1.5)

Mean (heating season) 1,350 1.8 (0.9, 2.7) 1.8 (0.9, 2.7)

Mean (daytime heating season) 1,346 2.0 (1.0, 2.9) 1.9 (1.0, 2.9)

Minimum (all) 1,350 4.2 (2.3, 6.0) 4.2 (2.4, 6.1)

Minimum (heating season) 1,350 4.2 (2.3, 6.0) 4.2 (2.4, 6.0)

ATT = average treatment effect on the treated; DiD = difference-in-differences; ETWFE = extended two-way fixed effects; PM2.5 = particulate 
matter ≤2.5 μm in aerodynamic diameter.

a Outdoor and indoor PM2.5 were derived from sensor measurements after being adjusted based on co-located gravimetric PM2.5 measurements. 
24 h indicates the mean PM2.5 concentrations during the 24 hours when personal exposure samples were collected in each village. “Sea-
sonal” indicates the seasonal mean PM2.5 concentrations in each village, from January 15th to March 15th.

b ETWFE models for air pollution outcomes were adjusted for household size, smoking category, outdoor temperature, and outdoor dew 
point. Temperature models adjusted for the number of rooms and wintertime occupants in the household, age of the primary respondent, 
and wealth index.

c The indoor 24-h PM2.5 concentration was determined over the time period concurrent with when the personal PM2.5 concentration was deter-
mined.
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µg/m3 (95% CI, –45.6, 5.5). The basic DiD impact was stronger 
on seasonal indoor PM2.5, with an average ATT of –30.9 µg/m3 
(95% CI: –53.2, –8.7). After adjustment, the average ATT on 
seasonal indoor PM2.5 was –20.3 µg/m3 (95% CI: –37.5, –3.0). 
This finding likely reflects the direct benefit of the policy in 
replacing coal stoves and improving air quality. We found 
little evidence of heterogeneity in ATTs across cohort and 
time (all P values >0.4 for tests of heterogeneity; see Appendix 
Table 7). Overall, we found little evidence of an impact of the 
CHP on different measures of outdoor (local, community-
level) PM2.5 or personal exposures to PM2.5 and BC. Adjusted 
ATTs were –2.1 µg/m3 and 0.5 µg/m3 for 24-hour and seasonal 
outdoor PM2.5, respectively. Adjusted estimates for personal 
PM2.5 and personal BC were 0.2 µg/m3 and –0.4 µg/m3, 
respectively, and generally, all of the estimates for outdoor 
and personal exposure impacts were imprecise (Table 7). We 
provide the full set of cohort-time ATTs for personal exposure 
in Appendix Table 6. Appendix Tables 19 and 20 show the 
impact of including wave 3 data on the estimates of the impact 
of the policy on indoor (seasonal) and outdoor (24-hour and 
seasonal) PM2.5, respectively. Generally, this improved preci-
sion but did not affect the magnitude of our estimates. Further 
adjustment for district of residence in the covariate-adjusted 
models had little impact on our results (Appendix Table 17).

With respect to the other potential mediator of the effect 
of the CHP, temperature, Table 7 shows that exposure to the 
CHP increased mean household point temperature by 1.9°C 
(95% CI: 0.9, 2.9) in the adjusted DiD model, with similar 
impacts on mean seasonal temperatures during the heating 
season. The CHP had considerably stronger impacts on 
average seasonal minimum temperatures, which increased by 
4.2°C (95% CI: 2.4, 6.0) in the adjusted DiD model. Notably, 
we observed little difference in the ATTs between the basic 
DiD and the models additionally adjusting for the number of 
rooms and wintertime occupants in the household, age of the 
primary respondent, and wealth index.

Impact of the Policy on Health Outcomes

Table  8 shows the impacts of the policy on BP in basic 
ETWFE models and models further adjusted for age, sex, 
waist circumference, smoking category, alcohol consump-
tion, and use of BP medication. Overall exposure to the CHP 
demonstrated reductions in BP of approximately 1.5 mm Hg 
for both SBP and DBP in adjusted DiD models, but we found 
little evidence of a meaningful impact on pulse pressure (PP) 
or BP amplification. The effects of the policy on brachial and 
central BPs were similar and were consistent when restricted 
to only those participants enrolled in wave 1 (i.e., excluding 
participants recruited in later waves; see Appendix Table 18). 
However, the average effects in Table 8 conceal a fair amount 
of heterogeneity in treatment effects for BP across treatment 
cohorts and time. Appendix Table  9 shows that treatment 
impacts were considerably stronger for the earlier compared 
to the later-treated cohorts. For example, the CHP reduced 

central DBP in the year of treatment by –2.7 mm Hg (95% CI: 
–4.6, –0.8) for the villages first treated in wave 2, but increased 
central DBP by 1.1 mm Hg (95% CI: –0.1, 2.2) for the villages 
treated in wave 4 (P value for heterogeneity <0.0001).

Table 8 shows the impacts on self-reported chronic respi-
ratory symptoms categorized as any symptoms and separately 
for each symptom type. Based on the covariate-adjusted 
ETWFE models, exposure to the CHP reduced self-report of 
any poor respiratory symptoms by 7.5 percentage points (95% 
CI: –12.7, –2.3). This overall effect was mostly due to reduc-
tions of roughly 3 percentage points in reports of coughing, 
having chest trouble, or difficulty breathing, respectively, on 
several or most days of the week. We found limited evidence 
that the CHP reduced self-reported symptoms of phlegm 
(–1.6, 95% CI: –5.6, 2.4) or wheezing (1.0, 95% CI: –1.9, 3.9). 
Appendix Tables 11–16 show limited evidence of systematic 
heterogeneity in the cohort-time treatment effects across the 
outcomes of any symptom, coughing, or trouble breathing, 
but we did observe heterogeneity in the overall ATTs for 
phlegm (Appendix Table 13), wheezing (Appendix Table 14), 
and chest trouble (Appendix Table 16). More specifically, we 
observed increases in phlegm and wheezing symptoms and 
stronger decreases in chest trouble in later cohorts treated in 
2020 and 2021. This heterogeneity may explain the reduced 
overall ATTs for these outcomes compared with the relatively 
larger group-time effects.

Table 8 also shows the impacts of the CHP on FeNO, which 
was conducted in a subsample of 511 participants, including 
274 participants with one measurement, 142 with two mea-
surements, and 95 participants with three measurements. 
Of these, 22 participants with 50 observations were missing 
covariate data, and thus, the adjusted DiD was based on 793 
observations from 489 participants. We found little evidence 
that the policy affected changes in FeNO in the covariate-
adjusted ETWFE model (0.3 ppb, 95% CI: –2.2, 2.8). There 
was some evidence of heterogeneity in the FeNO effects of 
the policy by treatment cohort Appendix Figure 10, although 
the CIs for each of the cohort-specific effects were wide and 
overlapping. Our results did not substantively change with 
sensitivity analyses that limited the analysis to participants 
with at least two repeated measurements (ATT: –0.6, 95% CI: 
–3.2, 2.0) and to those who participated in all three waves 
(adjusted ATT: 0.3, 95% CI; –2.9, 3.4), where all estimates 
remained close to zero and were statistically consistent with 
the adjusted DiD in the main analysis (Appendix Table 21).

We also found limited evidence of an impact of the CHP 
on markers of inflammation or oxidative stress. The basic 
DiD analyses showed an increase of 1.0 (95% CI: 0.1, 1.8) 
in TNF-a, but this estimate was reduced to 0.8 (–0.1, 1.7) 
after adjustment for waist circumference, occupation, wealth 
index quantile, frequency of drinking, smoking category, and 
frequency of farming. The adjusted estimates for the effect of 
the policy on IL-6, CRP, and MDA were also generally small 
and measured with limited precision.
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Table 8. Overall Impacts of the CHP on Blood Pressure, Respiratory Outcomes, Inflammatory Markers, and 
Malondialdehyde

DiD Adjusted DiD

Obs ATT (95% CI) ATTa (95% CI)

BPa

Systolic BP (mm Hg) Brachial 3,082 –0.8 (–2.6, 1.0) –1.4 (–3.3, 0.5)

Central 3,081 –1.0 (–2.8, 0.7) –1.6 (–3.4, 0.3)

Diastolic BP (mm Hg) Brachial 3,082 –1.3 (–2.6, 0.0) –1.6 (–3.0, –0.2)

Central 3,081 –1.4 (–2.7, –0.0) –1.7 (–3.0, –0.3)

Pulse pressure (mm Hg) Brachial 3,082 0.5 (–0.7, 1.7) 0.2 (–1.0, 1.4)

Central 3,081 0.3 (–0.8, 1.5) 0.1 (–1.0, 1.2)

BP amplification ×100 Pulse pressure 3,081 0.1 (–1.1, 1.4) –0.0 (–1.2, 1.2)

Systolic BP 3,081 0.2 (–0.2, 0.5) 0.1 (–0.2, 0.4)

Respiratory Outcomesb,c

Self-reported (pp)b Any symptom 3,076 –7.7 (–12.8, –2.5) –7.5 (–12.7, –2.3)

Coughing 3,076 –2.6 (–7.2, 2.0) –2.7 (–7.1, 1.7)

Phlegm 3,076 –1.3 (–5.5, 2.9) –1.6 (–5.6, 2.4)

Wheezing attacks 3,076 0.7 (–2.3, 3.8) 1.0 (–1.9, 3.9)

Trouble breathing 3,076 –4.4 (–9.9, 1.0) –3.4 (–9.2, 2.4)

Chest trouble 3,076 –4.2 (–8.8, 0.5) –3.4 (–8.1, 1.3)

Measured (ppb)c FeNO 793 0.2 (–2.3, 2.6) 0.3 (–2.2, 2.8)

Inflammatory Markers and MDAd

Measured IL-6 (pg/mL) 1,603 0.9 (–0.2, 1.9) 0.8 (–0.3, 2.0)

TNF-α (pg/mL) 1,603 1.0 (0.1, 1.8) 0.8 (–0.1, 1.7)

CRP (mg/L) 1,603 0.1 (–0.4, 0.6) 0.1 (–0.5, 0.6)

MDA (µM) 1,603 0.3 (–0.1, 0.8) 0.2 (–0.2, 0.6)

ATT = average treatment effect on the treated; BP = blood pressure; CRP = C-reactive protein; DiD = difference-in-differences; ETWFE = 
extended two-way fixed effects; FENO = fractional concentration of exhaled nitric oxide; IL-6 = interleukin-6; MDA = malondialdehyde; Obs 
= observations; pp = percentage points; ppb = parts per billion; TNF-a = tumor necrosis factor-alpha.

a ETWFE models for BP models adjusted for age, sex, waist circumference, smoking, alcohol consumption, and use of BP medication.
b Self-reported respiratory outcomes adjusted for age, sex, smoking, occupation, frequency of drinking, and frequency of farming.
c Measured respiratory outcome (FeNO) adjusted for age, sex, body mass index, frequency of drinking, smoking category, and frequency of 

exercise, occupation, and time of measurement.
d Inflammatory marker and MDA outcome models adjusted for age, waist circumference, occupation, wealth index quantile, frequency of 

drinking, smoking category, and frequency of farming.

Mediated Impact on Health Outcomes

As noted earlier, we aimed to assess whether any health 
impacts of the CHP may work specifically through pathways 
involving changes in PM2.5 and indoor temperature. Later, we 
show results from several mediation models. We focus the 
mediation analysis on the BP and respiratory outcomes for 
which we observed stronger evidence of total effects of the 
policy. We evaluated potential mediation for each mediator 

(indoor temperature and exposure to indoor PM2.5) separately 
and in a single model accounting for multiple mediators, and 
we set the values of both mediators to the mean value for 
untreated participants at baseline (wave 1).

In Table  9, we show estimates of the CDEs for different 
sets of potential mediators. The first column of the first panel 
shows the covariate-adjusted total ATT of the CHP on brachial 
SBP (i.e., a total effect of a 1.4 mm Hg decrease as seen in 
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Table 8). The second panel shows the CDE, that is, the effect 
of exposure (vs. no exposure) to the CHP on brachial SBP in 
a counterfactual population in which we intervene to fix the 
value of indoor PM2.5 to the average value for untreated partic-
ipants at baseline. The CDE is –0.8 mm Hg (95% CI: –2.9, 1.3), 
demonstrating that under the assumptions outlined in the 
section “Data Analysis: Mediation Analysis,” roughly 40% of 
the total effect of the CHP is mediated by the impact of the 
policy on indoor PM2.5. The third panel shows the estimated 
CDE when holding constant the value of indoor temperature 
(without simultaneous adjustment for PM2.5) to that of the 
untreated participants. This CDE is even smaller (–0.3  mm 
Hg, 95% CI: –2.2, 1.6), suggesting a somewhat stronger role 
for indoor temperature in mediating the total effect of the CHP 
on brachial SBP. Finally, the last panel shows a similar CDE 
of 0.3 mm Hg (95% CI: –1.9, 2.5) when setting both indoor 
PM2.5 and indoor temperature to their respective pretreatment 
means. Holding the values of PM2.5 and indoor temperature at 
preintervention values effectively eliminates these pathways 
by which the CHP can affect BP, so the small value of the 
CDE adjusting for both mediators suggests that the CHP effect 
on BP would be effectively null were it not for its effect on 
the mediators. Overall, the results in Table  9 indicate that 
conditioning on indoor PM2.5 and indoor temperature largely 
explains the entire total effect of the CHP on SBP because the 
CDE conditional on both mediators was reduced to 0.3 mm Hg 
for brachial SBP. The CDEs for brachial and central DBP were 
roughly half the value of the total effect. Appendix Table 10 
shows heterogeneous treatment effects for the mediation 
models for SBP and DBP, and are generally consistent with 
the patterns of mediation for the overall CDEs.

Table  10 shows estimates from similar analyses for the 
CDE of the policy on respiratory outcomes. For respiratory 
outcomes, we focus on mediation by personal exposure to 
PM2.5 and point temperature; therefore, these estimates are 
derived for the subset of individuals with measures of per-
sonal exposure. Thus, the total adjusted ATTs in Table 10 are 

not directly comparable with those in Table 8, which included 
all study participants. We estimate the CDEs holding the val-
ues of both mediators to the average levels for never-treated 
households at baseline. Overall, we find no evidence that any 
of the total effects we observed for self-reported respiratory 
outcomes in Table 8 were mediated by personal exposure to 
PM2.5 or indoor temperature. Generally, the CDEs for all the 
self-reported respiratory outcomes are statistically indistin-
guishable from the total effects estimated without controlling 
for mediators.

AIM 2: SOURCE CONTRIBUTIONS

Source analysis for this study was conducted using data 
from all eligible outdoor and personal exposure PM2.5 samples. 
Eligible samples were those for which both PM2.5 mass and 
chemical components were quantified. Individual chemical 
species concentrations (means and 95% CIs) for outdoor and 
personal samples by study wave are provided in Appendix 
Tables 24 and 25, respectively. We evaluated factors contrib-
uting to community-outdoor and personal exposure PM2.5 
using the US Environmental Protection Agency’s source 
apportionment model positive matrix factorization (PMF) 
5.0, which has been widely used for air pollution analyses 
in China (Gao et  al. 2018; Liu et  al. 2017; Tao et  al. 2017). 
Because an optimum PMF result depends on the appropriate 
number of input factors, sensitivity analysis using a range 
of factors (e.g., 3–7 based on a combination of the measured 
chemical species, field observations, and sources previously 
identified in our study region) was conducted to examine the 
impact of a different number of factors on the model results. 
Detailed information on the procedures of PMF analysis can 
be found elsewhere (Wang et  al. 2016; Zíková et  al. 2016). 
Briefly, the scree plot from our principal component analy-
sis indicated that solutions of between 3 and 5 factors (± 1) 
would be most appropriate, further supporting our evaluation 
of three- to six-factor solutions from PMF. Because there was 

Table 9. Controlled Direct Effects for the Clean Heating Policy on Blood Pressurea

Adjusted Total Effect CDE Mediated by

Indoor PM2.5 Indoor Temperature
Indoor PM2.5 and 

Indoor Temperature

ATTb (95% CI) ATTc (95% CI) ATTc (95% CI) ATTc (95% CI)

Brachial SBP (mm Hg) –1.4 (–3.3, 0.5) –0.8 (–2.9, 1.3) –0.3 (–2.2, 1.6) 0.3 (–1.9, 2.5)

Central SBP (mm Hg) –1.4 (–3.3, 0.4) –0.8 (–2.9, 1.3) –0.4 (–2.2, 1.3) 0.2 (–1.9, 2.4)

Brachial DBP (mm Hg) –1.6 (–2.9, –0.3) –1.1 (–2.7, 0.5) –1.1 (–2.3, 0.1) –0.6 (–2.1, 0.9)

Central DBP (mm Hg) –1.6 (–2.9, –0.3) –1.1 (–2.7, 0.6) –1.2 (–2.4, –0.0) –0.7 (–2.2, 0.9)

ATT = average treatment effect on the treated; CDE = controlled direct effect; CI = confidence interval; DBP = diastolic blood pressure; PM = 
particulate matter; SBP = systolic blood pressure.

a Results combined across 30 multiply imputed datasets (average of 3,082 observations per dataset).
b Adjusted for age, sex, waist circumference, smoking category, alcohol consumption, and use of blood pressure medication.
c Mediators were set to the mean value for untreated participants at baseline.
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no indication that even moving from five to six factors would 
improve our solution, we did not further investigate seven 
factors (Table 11).

Source Analysis Using Positive Matrix Factorization

The chemical analysis data used in the PMF model were 
dispersion-normalized before their inclusion. PMF uses the 
covariance of compositional variables to separate sources of 
PM. However, atmospheric dilution also induces covariance. 
Dilution can be quantified in terms of a ventilation coefficient 
(VC) and used to normalize the input chemical concentrations 
and uncertainties in the original data matrix on a sample-
by-sample basis. The dispersion normalized concentrations 
and uncertainties are used as the inputs to the PMF analysis. 
Dispersion normalization, as conducted in this study, is a 
relatively new application of this conceptual framework (Dai 
et al. 2020), developed to adjust for wind speed (dispersion 
in the x-y plane) and boundary layer height (dispersion in 
the z-axis). This process involves first calculating the sample-
specific VC by multiplying the average wind speed by the 
average boundary layer height over the sampling duration. 
The average VC is also calculated for the village by averaging 
all the VCs. The dispersion-normalized concentration for any 
species in any sample is equal to the species concentration in 
that sample multiplied by the VC for that sample and divided 
by the average VC for that village. Dividing by the average 
VC for that village helps curtail any extreme concentrations 
driven by an outlier in the sample VC.

The meteorological data included hourly boundary layer 
height, 2-m temperature, 2-m dew point temperature, and 
2-m horizontal wind speed components (u, v), which were 
obtained from the fifth generation of the European Center 
for Medium-Range Weather Forecasts global climate reanal-
ysis dataset (ERA5; 0.25° × 0.25° resolution). Values of these 
meteorological variables were determined at the village level 
by identifying the four surrounding grid points with values 
available from the ERA5 reanalysis and then applying inverse 
distance weighted interpolation from those four grid points to 
the village. Percent relative humidity was calculated from the 
2-m dew point temperature using the “weathermetrics” pack-
age (version 1.2.2) in R (Anderson et al. 2016). Total hourly 
wind speed and wind direction were calculated from the hor-
izontal wind speed components. A commonly accepted way 
to turn the two horizontal velocity components supplied by 
ERA5 ( u = east-west, v = north-south, both in m s−¹) into the 
scalar wind speed and the meteorological wind direction is to 
treat u-v as the x- and y-coordinates of a vector and then apply 
simple vector algebra plus a four-quadrant inverse-tangent. In 
practice, we did this hour-by-hour for each village after the 
inverse-distance interpolation step.

The model diagnostics for the 3- to 6-factor pooled PMF 
solutions, which combined outdoor and personal exposure 
samples, are shown in Table  11. Model fit was assessed 
using a ratio of our model fit (Q) divided by the expected fit 
(Qexp). Because the change in Q/Qexp decreased with more 
factors, the model may be fitting additional sources that do 

Table 10. Controlled Direct Effects of the Clean Heating Policy on Self-Reported Respiratory Outcomesa

Adjusted Total Effect CDE Mediated by

Personal PM2.5 Indoor Temperature
Personal PM2.5 + Indoor 

Temperature

ATT (pp)b (95% CI) ATT (pp)c (95% CI) ATT (pp)c (95% CI) ATT (pp)c (95% CI)

Any  
symptom

–13.0 (–20.5, –5.5) –12.7 (–20.7, –4.6) –15.1 (–23.3, –6.9) –15.0 (–23.7, –6.3)

Coughing –10.5 (–19.2, –1.8) –11.9 (–20.7, –3.1) –14.5 (–23.1, –5.8) –14.7 (–22.9, –6.6)

Phlegm –9.5 (–16.6, –2.4) –8.8 (–16.2, –1.4) –14.7 (–24.3, –5.1) –13.3 (–21.3, –5.4)

Wheezing 
attacks

–4.2 (–11.1, 2.6) –2.8 (–8.7, 3.1) –10.2 (–22.0, 1.6) –3.8 (–10.0, 2.4)

Trouble 
breathing

–9.5 (–19.3, 0.3) –9.6 (–19.6, 0.4) –13.8 (–26.3, –1.3) –13.1 (–25.2, –1.0)

Chest  
trouble

–5.0 (–12.2, 2.1) –4.9 (–11.2, 1.4) –4.6 (–11.8, 2.5) –3.0 (–8.9, 2.9)

ATT = average treatment effect on the treated; CDE = controlled direct effect; CI = confidence interval; PM = particulate matter; pp = percent-
age point

a Estimated for the subset of individuals with measured personal exposure (n = 1,270).
b Adjusted for age, sex, smoking category, occupation, frequency of drinking, and frequency of farming.
c Mediators were set to the mean value for untreated participants at baseline.
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not improve the overall fit. The largest change in Q/Qexp 
was from three to four sources (6.24 to 5.37), but the changes 
moving from four to five factors and five to six factors were 
similar, which suggests that four factors are sufficient and par-
simonious to explain the variation in our data. We assessed 
the random error in our model by randomly sampling blocks 
of data, fitting new models with the blocks, and comparing 
how the source profiles compared with the original model 
(bootstrap mapping). The three- and four-factor solutions 
had high bootstrap mapping (all factors identified in >96.5% 
of bootstrap runs). The additional sources identified in the 
five-factor (lead) and six-factor (chloride) solutions had low 
bootstrap mapping (>72%), indicating that these solutions are 
less consistent than the three- and four-factor solutions. The 
possibility that multiple solutions could result in the same 
Q value was assessed using displacement. The displacement 
approach takes the original factor profiles and modifies (±) 
the values for each species to maintain a small change in Q, 
reruns the solution with the new species values, and then 
compares the profiles of the new model with the original. Any 
swaps indicate that small changes to the species values could 
result in factor profiles that are different from the original 
solution, suggesting that the original solution is unstable. 
None of the factors in any of the solutions discussed were 

swapped during displacement, which indicates that all of the 
potential solutions are stable. Based on the Q/Qexp, bootstrap 
mapping, and interpretability of the factors, the four-factor 
solution was selected as most appropriate for the data.

The source profiles for the four-factor solution, which 
combined outdoor and personal exposure samples, are pre-
sented in Figure 7. We sought to develop a defensible source 
analysis solution, which we found to have four factors, and 
then identify and name those sources, jointly informed 
by our field observations, knowledge of local sources, and 
relevant previous studies. The pooled PMF analysis led 
to a more robust factor solution than personal or outdoor 
samples alone because of the increased number of samples. 
This pooled analysis determined that the optimum solution 
was a four-factor model, which identified the major sources 
as dust, transported dust, secondary sulfur, a combustion 
mixture of coal and biomass burning, and possibly some 
tobacco smoking. The pooled approach was found to be sta-
ble, with high bootstrap mapping and no factor swaps during 
the displacement tests, indicating the reliability of the factor 
solutions.

As sensitivity analyses, we additionally conducted a dis-
aggregated analysis (Appendix Figure 12) in which personal 

Table 11. Positive Matrix Factorization Error Estimation Diagnostics for Pooled Positive Matrix Factorization Analysis, 
Combining Outdoor and Personal Exposure Samples

Potential Factor Solution

Diagnostic 3 4 5 6

Qexp 27,936 26,052 24,168 22,284

Qtrue 187,681 147,796 123,236 100,316

Qrobust 174,407 139,910 117,082 95,932.5

Qr/Qexp 6.24 5.37 4.84 4.3

Q/Qexp >6 wi-Ca, ns-S, ws-Na, 
ws-Ca, Al, Cl, Pb

ns-S, Na, Al, Cl, Pb, Nitrate Nitrate, ws-Na, Al, 
Chloride

Nitrate, ws-Na, Al

DISP % dQ <0.1% <0.1% <0.1% <0.1%

DISP swaps 0 0 0 0

BS_mapping Dust: 98.5% Transported dust: 95%
Dust: 96.5%

Sulfur secondary: 97.5%, 
Mixed combustion: 96.5%

Transported dust: 86%
Mixed combustion: 

87%
Dust: 86%
Lead: 55%

Transported dust: 84%
Mixed combustion: 

87.5%
Dust: 81.5%
Lead: 72%

Chloride: 61.5%
Sulfur secondary: 98.5%

wi = water-insoluble species; ws = water-soluble species; Qexp = expected fit; Qtrue = raw goodness-of-fit statistic (Σ scaled residual²) calcu-
lated with all observations included; Qrobust = goodness-of-fit statistic recalculated after the algorithm automatically down-weights any 
data points whose uncertainty-scaled residual |e/σ| > 4; Qr/Qexp = ratio of the robust fit to the statistically expected Q (≈ number of valid 
observations – number of free parameters); Q/Qexp = model fit divided by expected fit; DISP = displacement; DISP % dQ = maximum per-
centage increase in Q that occurred while each element of the base-case source profiles was systematically “displaced’’ (perturbed) during 
the DISP error-estimation routine; BS_mapping = bootstrap mapping
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and outdoor samples were analyzed separately. We observed 
some differences in the number of factors and source attribu-
tions; however, the core findings remained largely consistent 
with the pooled results. For the personal exposure samples, 
whereas the three-factor solution identified dust, transported 
dust, and mixed combustion (a combination of biomass burn-
ing and secondary PM), the five-factor solution further split 
the mixed combustion factor into distinct coal combustion and 
sulfur secondary factors. Similarly, for outdoor samples, the 
three-factor solution identified mixed combustion, secondary 
PM, and dust, while the five-factor solution introduced trans-
ported dust and a refined characterization of secondary spe-
cies contributions. The primary sources of pollution — dust, 
secondary sulfur, and mixed combustion — were consistent 
across pooled and disaggregated analyses. Thus, although the 
disaggregated analysis does provide additional granularity, it 
does not fundamentally change the identification of the key 
pollution sources that we observed in the pooled analysis.

We also evaluated PMF results disaggregated by day and 
by month (Appendix Figures 13 and 14), and the results 

are further color-coded by district. Because of yearly field 
campaign schedules, the timing of sampling in villages and 
districts was correlated. Therefore, this approach to source 
analysis does not yield results that allow us to disentangle 
changes in sources over time within seasons because they 
also potentially embed changes in sources across villages and 
districts in this study.

Thus, we concluded that the pooled analysis was the 
most parsimonious and interpretable approach for explain-
ing the major sources of PM2.5 in our study. The pooled 
results are both representative and stable, making them 
the most appropriate for addressing the study’s primary 
research questions.

Description of PM2.5 Sources Identified

The first source identified in the pooled PMF analysis was 
dust, characterized by high percentages of crustal elements 
such as wi-Ca, Si, and wi-Mg. The second source contained 
ns-S and secondary inorganic ions (ammonium, nitrate, and 

Figure 7. Source profiles for the four-factor positive matrix factorization solution to the sum of elements, ions, elemental carbon, and 
organic carbon for outdoor and personal PM2.5 exposure measurements. Vertical lines separate the major contributing species to each 
source.
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sulfate). Whereas ns-S is a tracer for primary coal combustion, 
secondary inorganic ions indicate a secondary source. Given 
the industrial coal burning in our study area, the secondary 
source likely combines primary and secondary emissions 
from coal and other sulfurous fuel combustion. Additionally, 
the higher outdoor concentrations of the secondary source 
compared with personal exposures support its identification 
as “sulfur secondary” because of its sunlight-driven second-
ary formation. The factor named “sulfur secondary” was 
intended to reflect the contribution of sulfur, as measured by 
the XRF analysis, that was not associated with sulfate. Had 
this contribution been coupled with other species associated 
with direct air pollutant emissions from coal and had those 
species not clustered with any other factors, we may have 
named this source a “household coal combustion” source. 
Finally, the fourth source included some species that are typ-
ical of direct air emissions from coal combustion and are also 
clustered with species that are typical of direct air emissions 
from biomass burning, leading to the naming of the factor 
as “mixed combustion.” It is not surprising that residential 
coal and biomass emissions were difficult to fully separate 
because samples were not analyzed for organic tracers.

Factor 1, “dust,” and Factor 3, “transported dust,” repre-
sent different dust components. Northern China, including 
the Beijing region, regularly experiences large-scale dust 
storms that transport significant amounts of dust from distant 
desert regions such as the Gobi and Taklamakan Deserts, 
particularly in the spring. These dust storms, driven by strong 
winds from the northwest, often carry mineral dust high in 
silicon (Si) and iron (Fe) over thousands of kilometers. Sat-
ellite data and meteorological models consistently show that 
these dust storms result in the long-range transport of desert 
particles, which then settle over Beijing and surrounding 
areas, significantly impacting local air quality. For example, 
the 2021 dust storm (which overlapped with one of our 
field campaigns) was one of the strongest in recent memory, 
blanketing northern China with dust originating from the Tak-
lamakan Desert, and highlighted the magnitude and distinct 
nature of these transported dust events compared with local 
dust sources (NASA Earth Observatory 2021).

Our ground-based observations and sensor network data 
corroborate the occurrence of such transported dust events. 
During these periods, we observed that elevated levels of PM 
could be traced to these long-distance sources, as indicated 
by chemical analysis. These dust storms bring particles that 
are chemically and physically distinct from those generated 
locally because local dust tends to have higher contributions 
from anthropogenic activities and nearer-surface sources of 
crustal materials.

Although both local and transported dust can contain 
elements such as Si and Fe, the transported dust’s origin from 
vast desert regions gives it a unique composition and larger-
scale influence. Studies of these storms have shown that 
transported dust often contains different proportions of these 
elements, shaped by the arid conditions and long-distance 
transport (Zhang et al. 2024a).

Based on our data and ground-truth experience, we 
believe that distinguishing transported dust from local dust is 
valid and reflective of the processes impacting air quality in 
the region. Moreover, previous studies have highlighted the 
importance of transboundary dust transport in shaping PM 
compositions in northern China, lending further support to 
our interpretation (Zhang et al. 2024b). The third source had 
high percentages of ws-Ca and Al, which in our study region 
is indicative of transported dust from dust storms that can 
occur in the spring. Although our samples were collected 
during the winter months only, it is possible that transported 
dust from previous years remained.

The fourth source was characterized by high percentages 
of tracers for both coal (OC, wi-K, chloride, Pb) and biomass 
combustion (EC, ws-K). Coal and biomass combustion are 
anticipated sources of PM2.5 pollution in our study setting, 
particularly from domestic cooking and heating activities, so 
this source is likely a mixture of PM emitted from these two 
household combustion sources. We extend the source profiles 
across the different treatment cohorts in Figure 8.

Impact of Policy on Outdoor and Personal Exposure to 
the Mixed Combustion Source

Overall, Table 12 shows that the average treatment effect 
of the CHP on outdoor (community) levels and personal expo-
sure levels of the mixed combustion source was statistically 
indistinguishable from the null. Treatment was associated 
with lower, but statistically imprecise, personal exposures 
to the mixed combustion source. As with personal exposure 
to BC, an indicator of combustion pollution, this finding is 
consistent with the expectation that the policy contributed 
to reduced solid fuel emissions, as the “mixed combustion” 
source most likely reflects solid fuel combustion in our study 
setting. The results were consistent across the basic and 
covariate-adjusted models.

When the average treatment effects of the CHP policy 
on community outdoor levels and personal exposure levels 
of the mixed combustion source were allowed to vary by 
treatment year and time, the treatment effect for households 
most recently treated (i.e., treated in the final wave, wave 4) 
was associated with lower personal exposures to the mixed 
combustion source (Appendix Figure  11). In each wave, 
treatment by the CHP was associated with a reduction in the 
source contribution to personal PM2.5 mass from the mixed 
combustion source; however, for villages treated in waves 2 
and 3, the effect was statistically imprecise. Treatment was 
not associated with a reduction or an increase in the source 
contribution to community outdoor PM2.5 mass from the 
mixed combustion source. Personal exposure measures of 
this specific air pollution source were found to be more indic-
ative of treatment effect than community outdoor measures 
of the same source. This finding aligns with the expectation 
that the mixed pollution source, identified as a mixture of 
coal and biomass combustion, is characteristic of household 
use of solid fuels. These fuels, including coal and biomass, 
produce emissions that are likely to be closer to the people 
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using them rather than near the centrally located community 
outdoor air samplers.

AIM 3: MEDIATION BY SOURCE CONTRIBUTION

Table  13 shows results from the mediation analysis by 
personal exposure to the mixed combustion source (coal 
and biomass), estimated for the subset of participants with 
personal exposure measurements. The CDE in this model 
estimates the impact of exposure to the CHP on central SBP 
and central DBP while holding constant values of mixed com-
bustion source at the mean baseline values for the untreated 
population. The marginal policy effects (ATTs) from the 
adjusted ETWFE models for this subset of participants were 
the same as with the full sample for central SBP (–1.6 mm Hg) 

but slightly smaller for central DBP (–1.6 mm Hg in the full 
sample vs. –0.9 mm Hg in the subset with personal exposure 
measurements) and were estimated with greater imprecision 
in the smaller sample with personal exposure measurements. 
We found little evidence that these treatment effects were 
meaningfully mediated by exposure to the mixed combustion 
source because the controlled direct effects were generally of 
similar magnitude to the adjusted total effects.

DISCUSSION AND CONCLUSIONS

Air pollution emitted from residential space heating with 
coal has historically been a major contributor to cardiorespi-
ratory disease burden in northern China (Archer-Nicholls 

Figure 8. Arithmetic mean dispersion normalized source contributions found from the four-factor positive matrix factorization 
solution for (A) outdoor and (B) personal PM2.5 exposure samples by year the group received treatment.

Table 12. Average Treatment Effect (µg/m3) for Outdoor and Personal Exposure to the Mixed Combustion Source

DiD Adjusted DiD

Obs ATT (95% CI)a ATT (95% CI)

Outdoor 717 1.07 (–4.90, 7.04) 1.53 (–4.19, 7.26)

Personal exposure 1,158 –5.60 (–13.70, 2.54) –5.39 (–13.1, 2.35)

ATT = average treatment effect on the treated; CI = confidence interval; DiD = difference-in-differences; Obs = observations.
a Personal exposure model adjusted for temperature (represented by a spline with 2 degrees of freedom), participant smoking category, and 

whether the household reported using biomass fuel. Outdoor model adjusted for the total number of households in the village, total village 
population, and ambient relative humidity (represented by a spline with 2 degrees of freedom).
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et  al. 2016; Yun et  al. 2020). Since the introduction of 
its 13th 5-Year-Plan (2016–2020), China has successfully 
implemented numerous large-scale measures to improve air 
quality, including programs that incentivize rural household 
transition from solid fuels to clean energy sources (Young 
et al. 2015). The CHP is among the largest and most ambitious 
household energy policies implemented anywhere in the 
world in recent decades, and its staggered rollout provided a 
unique opportunity to prospectively evaluate this real-world 
experiment and its effects on air quality and health.

ADOPTION OF THE HEAT PUMP TECHNOLOGY AND 
ADHERENCE TO THE POLICY

The CHP was successful in driving a rapid household 
heating energy transition from coal stoves to electric heat 
pumps in the treated study villages, with little difference in 
coal stove suspension or heat pump adoption for those treated 
before versus during the COVID-19 pandemic. There was high 
uptake and consistent use of the new heat pump technology, 
as well as large reductions in coal use in treated villages 
starting in the first year post-treatment and continuing into 
the third year of treatment for the villages first treated in 
2019. We enrolled rural and peri-urban villages across a wide 
geographic area and socioeconomic spectrum in Beijing and 
observed near-universal adoption of the heat pump technol-
ogies and suspension of coal stove use across the different 
treatment groups and waves. This contrasts with many previ-
ous household energy intervention studies, including several 
randomized trials, in which low fidelity and compliance with 
the intervention stoves were considered major limitations to 
achieving their intended air quality or health benefits (Ezzati 
and Baumgartner 2017; Lai et al. 2024; Rosenthal et al. 2018).

Several factors contributed to the successful uptake of 
the new technology and adherence to the policy. The initial 
uptake of the heat pump technology was influenced by broad 
support and perceived benefits of village and household par-
ticipation in the policy. At baseline assessment, 49 of 50 vil-
lage committee interviewees indicated a desire to participate 
in the policy by the committee members and their constitu-
ents, for reasons including the ease of use of the heat pump, 

the convenience of no longer having to add coal throughout 
the day and especially the night, the desire for a cleaner local 
environment, and a perceived lower risk of carbon monoxide 
poisoning without coal stoves (data not reported). Although 
the availability and cost of clean fuels are well-established 
barriers to their adoption and sustained use over time (Reh-
fuess et al. 2014), in our study, both the upfront costs of the 
heat pump technology and a portion of electricity use were 
subsidized by the government, which limited the financial 
burden of clean energy transition for households. Further-
more, after policy implementation, treated villages no longer 
had access to government-subsidized coal, and household 
coal burning was further discouraged with possible punitive 
measures (e.g., potential loss of electricity subsidies).

IMPACTS OF THE POLICY ON HEALTH

One of the key findings from our comprehensive evalua-
tion of the CHP was that exposure to the policy reduced SBP 
and DBP by approximately 1.5 mm Hg and that most of the 
observed BP effects were mediated by improvements in the 
indoor environment, specifically reductions in indoor PM2.5 
and increases in indoor temperature. The total effects of the 
policy are consistent with a small number of randomized 
trials of gas cookstoves or more efficient biomass cookstoves 
showing reductions in BP of similar magnitudes (Kumar et al. 
2021). In contrast, recent randomized trials of LPG stoves in 
multiple countries observed no effect or a small (~0.6 mm Hg) 
increase in BP (Checkley et al. 2021; Ye et al. 2022) despite 
large decreases in personal exposures to PM2.5 and BC. The 
inconsistency between our results and the LPG stove trial 
may stem from large age differences (mean ages 25 years and 
48 years in the trials vs. 61 years in our sample) and the fact 
that gas stoves can still emit health-damaging air pollutants, 
including benzene and volatile organic compounds (Kashtan 
et  al. 2023), especially in contrast with the zero-emission 
electric-powered heat pumps introduced to our study vil-
lages. Our findings of temperature- and air quality–mediated 
impacts of the policy on BP are also supported by observa-
tional studies showing that increased exposure to household 
air pollution (Baumgartner et al. 2018, 2011; Dong et al. 2013; 
Kanagasabai et  al. 2022) and to colder indoor temperatures  

Table 13. Average Treatment Effects and Controlled Direct Effect (mm Hg) of the Clean Heating Policy on Central 
Systolic and Diastolic Blood Pressure with Mixed Combustion Source as the Potential Mediator

DiD Adjusted DiD Adjusted CDE

Obs ATT (95% CI)a ATT (95% CI)b ATT (95% CI)

Central SBP 942 –1.6 (–5.3, 2.2) –1.5 (–5.0, 2.0) –1.5 (–5.0, 2.1)

Central DBP 942 –0.9 (–3.3, 1.5) –1.1 (–3.2, 0.9) –1.3 (–3.6, 0.9)

ATT = average treatment effect on the treated; CI = confidence interval; DiD = difference-in-differences; CDE = controlled direct effect; DBP = 
diastolic blood pressure; Obs = observations; SBP = systolic blood pressure.

a Adjusted for age, sex, waist circumference, smoking category, alcohol consumption, and use of blood pressure medication.
b Further adjusted for mediation by mixed combustion source (coal and biomass).
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(Lv et  al. 2022; Sternbach et  al. 2022) are associated with 
higher BP in rural and peri-urban areas of China, with 
exposure-response estimates that reasonably align with our 
estimates of the policy impact on BP after conditioning on 
temperature and PM2.5 in the mediation analysis.

We did not observe effects of the policy on measures of 
PP or SBP amplification. PP is measured as the difference 
between SBP and DBP and represents the pulsatile compo-
nent of blood flow (Dart and Kingwell 2001). Thus, increases 
in PP can result from increases in SBP, decreases in DBP, or 
both. The lack of effect on PP in our study is attributed to the 
similar reductions in SBP and DBP from the policy. Similarly, 
PP and SBP amplification are measured as a ratio of periph-
eral to central pressures, and the decreases in central and 
brachial pressures with the policy were also nearly identical 
in our study. Although the duration of our study was nearly 
twice as long as most previous household stove intervention 
studies conducted over 2 years or less, it is still possible that 
even longer-term reductions in BP are required to observe any 
structural changes in the caliber or elasticity of arterial walls 
that would subsequently be reflected in differences in PP or 
SBP and PP amplification (Dart and Kingwell 2001).

Our study also contributes to the limited evidence that 
a transition from solid fuel to clean energy can reduce the 
self-report of symptoms consistent with chronic respiratory 
tract irritation. Exposure to the CHP reduced self-report of 
any chronic respiratory symptoms by roughly 7 percentage 
points, with most of these effects driven by reductions in 
self-reported chest trouble or difficulty breathing on several 
or most days of the week. These findings align with previous 
randomized trials in Guatemala and Mexico, where biomass 
chimney stove interventions lowered indoor carbon mon-
oxide and reduced the self-reported prevalence of chronic 
respiratory symptoms, especially coughing and wheezing, 
in younger women after 12 and 18 months of intervention 
(Romieu et al. 2009; Smith-Sivertsen et al. 2009). In contrast 
to our findings, the introduction of a solar cooker in Senegal 
provided no benefit to air pollution or self-reported respi-
ratory symptoms (Beltramo and Levine 2013), and a recent 
trial of gas stoves in Peru similarly found no reduction in 
self-reported respiratory symptoms within the year of inter-
vention despite very large reductions in PM2.5 (Checkley 
et al. 2021).

We did not, however, find evidence that the reductions in 
chronic respiratory symptoms were mediated by changes in 
personal exposure to PM2.5 or indoor temperature. This is not 
particularly unexpected because we did not observe an effect 
of the policy on personal exposure to PM2.5, and any effects 
of temperature on chronic respiratory symptoms would more 
likely arise from large, rapid changes in temperature (D’Am-
ato et  al. 2018), but we observed small, gradual changes in 
our study. Future work will consider mediation by seasonal 
indoor PM2.5, which is a longer-term measure of “usual” air 
pollution than 24-hour personal exposure and was shown to 
be reduced by the policy in our study homes.

We found some evidence of heterogeneity in the health 
benefits of the policy by treatment cohort. Generally, the policy 
showed strong reductions for the villages treated early and weak 
or null increases in BP for the last three villages exposed to 
the policy in 2021. We found less evidence for heterogeneity 
for self-reported respiratory symptoms, but did note potential 
evidence for increases in self-reported phlegm and wheezing 
attacks with the policy in the three villages treated in 2021. 
Notably, this was also the treatment cohort with the smallest 
improvement in point temperature at the time of BP measure-
ment and an increase in self-reported biomass use. Paradoxi-
cally, we observed a larger decrease in PM2.5 and mixed solid 
fuel use in this group. It is possible that the composition of PM 
and mixed solid fuel was different in this cohort, with a greater 
contribution of biomass smoke; however, we are unable to dif-
ferentiate between biomass and coal in our “mixed combustion” 
category. Notably, this group of villages was also treated during 
the COVID-19 pandemic, which could have impacted how the 
policy was introduced in unpredictable and difficult-to-measure 
ways and could have also changed other health risk factors that 
we did not evaluate in our study (e.g., dietary intake).

We also found little evidence of an impact of the policy on 
blood biomarkers of inflammation and oxidative stress in the 
subsample of participants with blood collection in waves 1 and 
2, but these were estimated with imprecision. Our results con-
trast with a natural experiment in urban Beijing that showed 
large regional and local air quality reductions during the 2008 
Beijing Olympics and observed benefits to airway inflamma-
tion (Huang et  al. 2012) and blood markers of inflammation 
and oxidative stress in healthy urban Beijing residents during 
the Olympics compared with before and after (Rich et al. 2012). 
Our mediation analysis indicated that the BP effects of the 
policy were mediated through both indoor temperature and air 
pollution, and the effects of the policy on SBP were mediated 
more through indoor temperature than air pollution. Although 
observational studies from rural northern China show impacts 
of exposure to temperature on inflammation and oxidative 
stress (Wang et  al. 2020; Xu et  al. 2019), it is possible that 
the relatively small increases in mean indoor temperature in 
treated households that we observed were not sufficiently large 
to capture measurable changes in these biomarkers.

IMPACTS OF THE POLICY ON AIR POLLUTION AND 
ITS SOURCES

The primary aim of the CHP was to reduce air pollution 
emissions and improve regional air quality, and it specifically 
targeted coal-burning stoves in northern China. Our evalua-
tion of the CHP indicates a substantial improvement in indoor 
air quality, with a reduction of roughly –20.3 µg/m3 (95% CI: 
–37.5,–3.0) in wintertime indoor PM2.5 levels (Table 7). There 
is still considerable room for indoor air quality improvement, 
given that the seasonal indoor PM2.5 levels in treated house-
holds in wave 4 (GM = 47 µg/m3, 95% CI: 42, 52; Table 6) were 
still approximately 10 times higher than the annual WHO 
annual air quality guideline (5 µg/m3) (WHO 2021).
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Similar to our indoor results, several recent randomized 
trials with high compliance (exclusive or near exclusive) in 
the use of LPG stoves in rural settings with low outdoor pol-
lution in Peru, Ghana, Guatemala, India, and Rwanda found 
lower exposures to PM2.5 (32%–69%) in the intervention 
group compared with the control group using traditional solid 
fuel stoves (Checkley et  al. 2021; Chillrud et  al. 2021; Katz 
et al. 2020; Johnson et al. 2022), but even in these relatively 
low-pollution settings, postintervention mean exposures 
(range: 24–52 µg/m3) were still well above the WHO’s annual 
air quality guideline (5 µg/m3). A trial in urban and peri-urban 
Nigeria, a high-pollution setting more similar to our Beijing 
sites, did not observe an air pollution benefit of ethanol stoves 
but did observe improved birth and pregnancy outcomes and 
BP (Alexander et al. 2017, 2018).

Nonetheless, comparisons of the indoor PM2.5 benefits of 
the CHP in our study with previous assessments of household 
energy interventions in China suggest that the CHP performed 
well. In a separate study, homes with the NISP biomass chim-
ney stoves had modestly lower indoor PM4 than traditional 
open fire stoves (223 vs. 293 µg/m3), although postintervention 
air pollution levels were still an order of magnitude higher 
than the current health-motivated WHO (24-hour) guideline 
(Sinton et  al. 2004). The NISPs’ so-called “improved” coal 
heating stoves unexpectedly emitted higher concentrations 
of PM4 and carbon monoxide than the traditional coal stoves 
(Edwards et  al. 2004). In southwestern China (Sichuan), a 
DiD analysis of an government-supported household energy 
package pilot (semigasifier cookstove, water heater, pelletized 
biomass fuel) observed decreased indoor PM2.5 (24%–67%) in 
women treated by the energy package, but greater reductions 
(48%–70%) were observed in untreated women, a result 
likely influenced by an unexpectedly large transition in 
gas cookstoves in untreated homes during the study period 
(Baumgartner et al. 2019).

The relatively high post-policy indoor air pollution levels 
and the limited benefit to personal exposures and outdoor 
PM2.5 in treated villages in our study — despite excellent 
compliance with the policy — is likely due to three key fac-
tors. First, a quarter of our study households had at least one 
tobacco smoker, which is a large contributor to personal expo-
sures to PM2.5 in our study settings, especially during winter-
time, when people tend to spend more time indoors (Li et al. 
2022). Second, although Beijing has rapidly and impressively 
reduced outdoor PM2.5 over the past decade (annual mean 
of 89 µg/m3 in 2013 decreased to 30 µg/m3 in 2022) (Zhang 
et al. 2023), the wintertime outdoor PM2.5 levels in the treated 
study villages remained high enough across the study waves 
(range of means: 26–38 µg/m3 in treated villages) to limit the 
minimum exposure achievable with an indoor stove. The 
contribution of outdoor sources to personal exposures is fur-
ther supported by our source apportionment analyses, which 
showed a clear contribution of regional sources (secondary 
sulfur, transported dust) to personal exposures. Finally, 
the continued use of biomass-burning kangs likely also 
contributed to indoor PM2.5 and personal exposures. Kangs 

are a relatively simple and culturally entrenched combined 
cooking and space heating technique that has been used in 
China for more than 2,000 years (Zhuang et al. 2009). Kangs 
are mostly fueled by wood or other biomass that is freely and 
widely available in our study villages. The CHP did not ban 
biomass burning, and we observed persistent self-reported 
use of kangs after heat pump installation. Continued use of 
traditional solid fuel stoves alongside cleaner stoves and 
fuels (i.e., stove stacking) has long been a barrier to achiev-
ing large reductions in indoor and personal exposures after 
intervention (Shankar et al. 2020). A notable exception is the 
Household Air Pollution Intervention Network (HAPIN) trial, 
which attained near exclusive use of LPG stoves and dramatic 
reductions in personal exposures to PM2.5 (lowered by 66% 
compared with control participants, 70 vs. 24 µg/m3) (Johnson 
et al. 2022), although the impressive air quality improvements 
were not accompanied by any health benefits across a range 
of neonatal, child, and maternal outcomes (Lai et al. 2024).

To comprehensively evaluate a large-scale policy such as 
the CHP, our study’s measurement approach required exten-
sive long-term measurements in more than 1,000 households 
in multiple waves using more than 500 air pollution moni-
tors that collected thousands of hours of measurements. The 
scale and duration of air pollution measurement achieved in 
this study would not have been possible without low-cost air 
pollution sensors that have proliferated in the past decade. 
Our use of low-cost sensors to capture long-term (5–6 
months) indoor air quality data in rural settings places it at 
the forefront of applying innovative technology to under-
stand and mitigate household air pollution. This approach is 
somewhat unique for China because most studies, including 
those using lower-cost air pollution sensing networks (Chao 
et  al. 2021; Mei et  al. 2020), focus on urban air quality, 
driven by consideration for urban population demographic 
changes and industrial, power generation, and vehicular 
emissions (Shen et  al. 2017). By focusing on rural indoor 
environments, our study addresses a crucial gap, offering 
insights into the effectiveness of a specific policy (CHP) on 
a microscale. Future evaluations of household energy inter-
ventions might also consider longitudinal measures of air 
pollution that track changes over longer periods to capture 
delayed effects. Estimating the causal effects of the CHP 
required a multifaceted approach to evaluation that incorpo-
rated a study design (DiD) and analytical methods (ETWFE, 
causal mediation) that are less common for evaluating air 
quality interventions. By incorporating a broader array of 
metrics and considering the systemic nature of air pollution 
and its health impacts, we sought to provide a more nuanced 
understanding of an intervention’s effectiveness and how it 
may need to be augmented or restructured to achieve desired 
health outcomes.

ASSUMPTIONS, STRENGTHS, AND LIMITATIONS

The validity of our DiD approach is subject to two key 
assumptions (Callaway and Sant’Anna 2021; Wooldridge 
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2021). First, no anticipation: we assume that anticipation of 
the CHP did not affect outcomes before policy implementa-
tion and did not differ between treated and untreated villages. 
We selected villages that were eligible for the policy but not 
currently treated. It was generally understood that the policy 
would first be implemented in the plains areas with more 
updated electric grids and then gradually expand into more 
remote and mountainous areas of Beijing, although most 
of our study villages were far from Beijing’s urban core. In 
addition to these geographical parameters, some of our study 
villages were assigned to the policy, whereas others applied 
to the local government, but they were generally unaware of 
if or when they would be treated at the time of enrollment. 
Second, parallel trends: our analysis assumes that in the 
absence of the policy, the trends in air quality and health in 
treated and untreated villages would have remained the same 
over time. Because the parallel trends assumption is based 
on a counterfactual, it cannot be empirically verified (similar 
to the assumption of no unmeasured confounding). However, 
given that we had two preintervention periods before the 
2020 and 2021 cohorts were treated, we assessed the simi-
larity of preintervention trends between waves 1 and 2 for 
the never-treated group and the cohorts eventually treated in 
2020 and 2021. Estimates and 95% CIs for the difference in 
prepolicy trends are given in the Appendix for BP outcomes 
(Appendix Figure  15), personal exposure to PM2.5 and BC 
(Appendix Figure 16), and self-reported respiratory outcomes 
(Appendix Figure  17). We did not find strong evidence 
for systematic differences in the prepolicy trends for any 
outcome, but some estimates were imprecise, and tests for 
prepolicy trends are generally considered to have low power 
(Roth 2022). In particular, we found some evidence that 
prepolicy trends in personal PM2.5 were decreasing for never-
treated villages but (imprecisely) increasing for the cohorts 
treated in 2020 and 2021. However, given that the (imprecise) 
cohort-specific ATTs for these two cohorts were in opposing 
directions (Appendix Table  6), diverging prepolicy trends 
seem an unlikely explanation for the (imprecisely) estimated 
heterogeneous treatment effects. Similarly, we found some 
evidence for differences in prepolicy trends for self-reported 
symptoms of coughing and chest trouble. In both cases, these 
symptoms appeared to be increasing between 2018 and 2019 
somewhat faster for the cohort treated in 2021 relative to the 
never-treated group. This would lead to increases in the prob-
ability of these outcomes among the treated group, a pattern 
that is inconsistent with the negative cohort-specific ATTs 
reported in the Appendix. In addition, we adjusted for rele-
vant time-varying confounders in estimating total effects and 
in mediation analyses, which aims to improve the credibility 
of the parallel trends assumption.

We also note that, in general, the addition of covariates 
to our “basic” ETWFE models did not meaningfully change 
our estimates. Nevertheless, we cannot entirely rule out 
the possibility that other programs or policies differentially 
affected air quality or health in treated and untreated villages, 
which could lead to over- or underestimation of their effects. 

To investigate this possibility, we surveyed a member of each 
village committee about other rural development or health 
policies and programs in their villages throughout our 4-year 
study period and did not identify any co-implemented pro-
grams that would differentially impact villages by treatment 
status and affect outcomes or mediators. Although some 
municipality- and district-level COVID-19–related preventive 
measures were implemented during the pandemic (e.g., lock-
downs, travel restrictions), our study villages were not differ-
entially exposed to any such measures. Finally, our media-
tion analysis assumes no residual time-varying confounding 
between our mediators (air pollution and temperature) and 
our health outcomes. Although we measured and evaluated 
a large number of time-varying risk factors for BP, we cannot 
eliminate the possibility of potential residual confounding, 
which could over- or underestimate the mediating effects of 
indoor environmental factors.

Strengths of this comprehensive, field-based assessment of 
the CHP include our quasi-experimental design to evaluate 
a clean energy intervention that would be near impossible 
to experimentally manipulate at the scale of our study. Our 
study design controlled for secular changes in health, and 
we additionally collected data on and adjusted for important 
time-varying covariates. It’s perhaps worth noting that control 
for secular trends was important in our context. For personal 
exposure, supplementary analyses that dropped the time 
fixed effects or compared treated versus untreated villages 
with covariate adjustment would have suggested a substantial 
overestimate of the impact of the policy (Appendix Table 26). 
Our numerous sensitivity analyses showed the robustness 
of our findings to various analytic decisions. Most previous 
field-based household energy intervention studies were less 
than 2 years in duration with a single post-treatment wave 
(Lai et al. 2024; Quansah et al. 2017), and our 4-year study 
enabled longer-term evaluation of compliance with the coal 
ban and heat pump adoption and use, and their impacts on 
air pollution and health. Despite the logistical challenges of 
the COVID-19 pandemic shutdowns and related government 
restrictions that occurred throughout half of our study period, 
we were able to continue the study and successfully retain 
participants in all 50 study villages over 4 years. Our large 
sample size of 1,438 participants in 50 villages across multi-
ple study waves enabled us to evaluate both the total effects 
of the policy and separately for different treatment cohorts. 
By comparison, the few previous field-based assessments of 
household energy interventions (trials and pre-post designs 
with controls) and BP ranged in size from 44 to 324 partic-
ipants (Kumar et al. 2021; Lai et al. 2024; Onakomaiya et al. 
2019), except the HAPIN trial, which enrolled approximately 
3,000 pregnant women (Ye et al. 2022).

This study also has several limitations to consider when 
interpreting our results. First, the COVID-19 pandemic 
began in the middle of our study. Although there were no 
recorded COVID-19 infections in our study villages during 
the study period, Beijing’s municipality-wide preventive 
measures impacted all study villages at the same time (e.g., 
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travel restrictions, closure of public spaces, lockdowns, and 
quarantines). Roughly half of our treated villages entered into 
the policy during the pandemic, which likely had some influ-
ence on its rollout. We observed the largest benefits in BP and 
several respiratory outcomes in villages treated before the 
pandemic compared with those treated after it started. How-
ever, we cannot differentiate between treatment cohort effects 
attributable to treatment during the COVID-19 pandemic 
versus other factors that differed between treatment cohorts 
(i.e., geographic location, access to biomass, fuel prices).

Second, the CHP rollout began in 2016, but we did not 
begin enrolling villages into our study until 2018. Thus, 
many of our study villages are farther from the urban core and 
generally of lower socioeconomic status than many villages 
treated in the first 3 years of the policy. Previous studies of 
the CHP suggest that treated villages of all socioeconomic 
levels benefited from less-polluted and warmer indoor envi-
ronments, but that the benefits were larger in wealthier vil-
lages that were more likely to use the heat pumps more often 
and set to a higher indoor temperature (Barrington-Leigh 
et  al. 2019; Meng et  al. 2023). Furthermore, most of our 
study villages had relatively easy access to (free) biomass 
fuel and may be more likely to use biomass-burning kangs 
than villages near the urban core, where biomass fuel is less 
readily available. Thus, our results may not be generalizable 
to all of rural and peri-urban Beijing, especially to the more 
urbanized, wealthier villages treated between 2016 and 2018, 
and may underestimate the impacts of the policy on indoor 
environmental factors that were important cardiorespiratory 
health mediators in our study.

Third, like any field-based study, we had a number of 
constraints with data collection. We were unable to measure 
indoor air quality in wave 1 because of logistical and budget 
constraints, and thus cannot directly estimate the effects of 
the policy on indoor PM2.5 for the 10 villages treated in 2019, 
which is also the treatment cohort that experienced the great-
est health benefits. Similarly, we were unable to collect blood 
samples in the last wave because all of our measurements 
were conducted in participants’ homes rather than in clinics 
to avoid group contact during the pandemic. In addition, our 
study logistics required visiting 50 villages over a period of 
just several months. Thus, we were unable to return to villages 
if a previously enrolled participant was not at home at the 
time that staff visited the village. In such instances, we either 
randomly selected another eligible participant in the same 
home or randomly selected another household with eligible 
participants from the village roster, so our study participants 
differed slightly across waves. However, this is unlikely to 
impact our findings because our village-level study and 
analysis are designed to be robust to the participation of a 
random sample of participants in each wave, and there were 
few notable differences in key demographic characteristics 
or health behaviors between participants who contributed 
to a different number of waves or between participants 
across each of the three waves that included individual-level 
measurements.

Fourth, respiratory symptoms were self-reported, and thus, 
our estimated effects on respiratory symptoms must be inter-
preted with caution. Participants in our study were aware of 
their treatment status, and knowledge of being treated by a 
policy expected to reduce local air pollution may have affected 
their reporting of the perceived health benefits of intervention 
(Peel et al. 2015). Previous trials of improved biomass stoves, 
for example, noted a tendency of participants to report a 
favorable response to the stove regardless of its physiological 
efficacy (Burwen and Levine 2012; Smith-Sivertsen et  al. 
2009). Such reporting bias could have inaccurately increased 
the estimated effect of the policy, although we did not observe 
consistent effects across all respiratory outcomes or treatment 
cohorts, which one might expect if treated participants were 
inclined to give more favorable responses. Our study also ben-
efited from the co-measurement of BP, an objective measure 
that is less likely to be biased by participant or staff awareness 
of treatment status, because our staff consistently followed 
strict quality control guidelines for measurement across all 
study villages and homes, regardless of treatment status.

Finally, some remarks concerning power and uncertainty. 
We do not distinguish our results based on traditional 
notions of “statistical significance” (Wasserstein et al. 2019), 
but given the large number of outcomes and wide range of 
reported estimates and uncertainties, questions about the 
power of our design are relevant. Using observed effect sizes 
to ask questions about power (sometimes called “post-hoc 
power calculations”) is illogical given the direct relation-
ship between power and observed P values or confidence 
limits (Hoenig and Heisey 2001). Instead, we aim to put our 
estimates in context using a retrospective design analysis 
(Gelman and Carlin 2014). Retrospective design analyses 
use plausible values for hypothetical effect sizes to ask about 
the strength of evidence a replicated study with our design 
and level of precision would be likely to provide. The main 
quantities for a design analysis include the probability that 
the replicated estimate would be “statistically significant” 
(power), the probability that the replicated estimate would 
have the wrong sign (“S-bias”), and the ratio of the replicated 
estimate divided by the true effect size (the “exaggeration 
ratio” or “M-bias”). We report these values for a range of 
conservative but plausible effect sizes.

For BP, we used a value of a 2.5-mm Hg decrease in SBP or 
a 2-mm Hg decrease in DBP (Baumgartner et al. 2011; Steen-
land et al. 2018). For self-reported respiratory outcomes, we 
assumed hypothetical effects on the order of a 10% decline 
for each outcome (translated into absolute percentage point 
declines), and for inflammatory markers, we hypothesized 
true effects of a roughly 5% decline (Pope et al. 2004; Tang 
et al. 2020), again translated into absolute terms.

The full results for all health outcomes are shown in 
Appendix Table 27. As an example, consider our estimate of 
the 7.5 percentage point decrease in any respiratory symptom 
(95% CI: 2.3, 12.7) (Table 8). Assuming that the true effect of 
the policy was a reduction of 5 percentage points, a replicated 
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estimate with our design features and precision would have 
47% power, virtually no chance of reporting the wrong sign 
(S-bias = 0), and an expectation that the estimated effect 
would be only 1.4 times too high. Similarly, if the true effect 
of the policy on brachial SBP was a reduction of 2.5 mm Hg, 
a replication of our study design would have roughly 73% 
power, a 2% chance of having the wrong sign, and an average 
exaggeration ratio of just 0.5, meaning it would be unlikely to 
exaggerate the true effect.

The greater precision for BP and respiratory outcomes 
lends greater confidence to these estimated impacts. On the 
other hand, our estimates of the impact on inflammatory 
markers contain greater uncertainty (larger standard errors), 
largely because of logistical constraints that prevented data 
collection in the last wave. For example, our adjusted ATT 
for the effect of the CHP on IL-6 was an increase of 0.8 pg/mL, 
but our data are compatible with effects as small as a 0.3-pg/
mL decrease and as large as a 2.0-pg/mL increase. Appendix 
Table 27 shows that if the true effect of the CHP on IL-6 is 
a modest 0.2-pg/mL decline, a replication using our design 
and level of precision will have roughly 6% power, a 39% 
chance of having the wrong sign, and the estimated effect 
will, on average, be nearly 2.5 times too high. Because we 
chose generally conservative values for hypothetical effects, 
design analyses with larger hypothetical true effects would 
tend to show greater power, lower likelihood of reporting the 
wrong sign, and less exaggerated effects.

Because of the inherent uncertainty surrounding 
hypothesized “true” effects, it often makes sense to conduct 
retrospective design analyses for a range of effect sizes. We 
show estimates for BP reductions of 0–4 mm Hg in Appendix 
Figure  18. The HEI-funded objectives of this study were 
designed based on prestudy power calculations for BP 
reductions of roughly 0.25 standard deviations (~4  mm Hg 
for older rural population with an average SD of 16 mm Hg). 
Appendix Figure 18 shows that if the true effect of the policy 
were similar to our prestudy estimates of a 0.25 SD difference 
in SBP, a study with our level of precision would have greater 
than 90% power, virtually no chance of reporting an estimate 
with the wrong sign, and an average exaggeration ratio of just 
1.04. This suggests that our design was well powered to detect 
clinically meaningful effects (Rahimi et al. 2021) on BP.

IMPLICATIONS OF FINDINGS

In this comprehensive field-based assessment of the rural 
CHP in Beijing, we observed high fidelity and compliance 
with the policy in our study villages and households, where 
nearly all households in treated villages stopped using coal 
and shifted to electric-powered heaters. Exposure to the pol-
icy reduced BP and self-reported chronic respiratory symp-
toms, and these health benefits were mediated by reductions 
in indoor PM2.5 and improvements in home temperature. We 
did not observe the same benefits of the policy on outdoor air 
quality or personal exposures, likely because the relatively 
high contribution of other regional and local air pollution 

sources to outdoor and personal exposures may have masked 
the benefits from a single source reduction. We also did not 
observe the benefits of the policy on different measures of 
inflammation and oxidative stress in the subsample of par-
ticipants with biomarker assessment, although we observed 
respiratory symptoms and BP benefits of the policy in a 
sensitivity analysis limited to the same participants. Still, our 
overall findings indicate that this ambitious policy achieved 
its goals in dramatically reducing residential coal burning 
and improving indoor air quality and temperature, which 
provided modest benefits to health.

Our results showing an indoor environment and cardio-
respiratory health benefit of a real-world, large-scale clean 
energy policy are timely because they are synchronous with 
ongoing and planned clean energy policies in China and other 
countries in a global effort to “ensure access to affordable, 
reliable, sustainable, and modern energy for all” (Sustainable 
Development Goal-7) and directly respond to a recent call to 
action from global cardiovascular societies that emphasized 
the urgent need for interventional studies that inform targeted 
pollution-reducing strategies to reduce cardiovascular disease 
(Brauer et al. 2021).
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INTRODUCTION

Protecting environmental quality and human health 
through air pollution actions or interventions typically incurs 
an economic cost. It is therefore important to understand 
whether environmental policies result in the intended 
improvements. This area of study, known as environmental 
accountability research (sometimes also referred to as inter-
vention studies), evaluates the extent to which air quality 
actions or interventions have reduced air pollutant emissions 
and concentrations and improved public health. A major 
challenge in this research field is isolating changes that can 
be attributed to the actions in question from improvements 
that might be due to other actions or long-term trends. This 
challenge is of particular concern for actions that target 
numerous pollutant sources over large geographic regions 
and are implemented over several years.

Over the past two decades, HEI has played a prominent 
role as a leader in accountability research, contributing to 
research design, funding, study oversight, and evaluation 
of such research (see Preface). Through a series of Requests 
for Applications (RFAs),* HEI has now funded many studies 
that have assessed a wide variety of actions that have targeted 
both point and mobile sources of air pollution. Earlier studies 
tended to focus on local-level actions that were implemented 
over a relatively short time frame. HEI later solicited research 
that evaluated actions with a larger geographical scope or that 
were implemented over longer time frames.

In its 2018 research solicitation, RFA 18-1 Assessing 
Improved Air Quality and Health from National, Regional, 
and Local Air Quality Actions, HEI aimed to fund empirical 
studies to assess the health effects of air quality actions or 
to develop methods required for, and specifically suited to, 
conducting such research and make them accessible and 

available to other researchers. Areas of interest included 
national- or regional-scale actions implemented over mul-
tiple years, local actions targeted at improving air quality 
in urban areas with well-documented air quality problems, 
and programs to improve air quality around major ports and 
transportation hubs and corridors.

In response, Baumgartner, Harper, and colleagues proposed 
to assess the effects of a household clean heating policy that 
mandated and subsidized 3,700 villages in the Beijing region 
of China to switch from highly polluting residential heaters 
fueled by coal to efficient electric- or gas-powered heat pumps 
between 2017 and 2021. They also proposed to assess poten-
tial behavioral, environmental, and chemical mechanisms 
that might explain how the policy affects health outcomes. 
The HEI Research Committee recommended the proposal for 
funding because it applies a strong study design to address an 
important policy and because it builds on an ongoing study.

This Commentary provides the HEI Review Committee’s 
independent evaluation of the study. It is intended to aid 
the sponsors of HEI and the public by highlighting both the 
strengths and limitations of the study and by placing the 
results presented in the Investigators’ Report into a broader 
scientific and regulatory context.

SCIENTIFIC AND REGULATORY BACKGROUND

EVALUATING THE EFFECTIVENESS OF HOUSEHOLD 
AIR POLLUTION INTERVENTIONS

It is well established that household air pollution from 
the combustion of solid fuels (e.g., coal and biomass) contrib-
utes to cardiorespiratory diseases and other adverse health 
effects (Chowdhury et  al. 2023; HEI 2025; HEI Household 
Air Pollution Working Group 2018; Lai et  al. 2024; WHO 
2014). However, the extent to which household air pollution 
levels and health are improved by relevant interventions (e.g., 
replacing solid fuel stoves with more efficient electric or gas 
heaters) is unclear (HEI Household Air Pollution Working 
Group 2018; Lai et al. 2024). Given that as recently as 2022, 
about a quarter of the world’s population (1.8 billion) relied 
on high-emission fuel sources for heating, there is a pressing 
need to understand how to effectively reduce exposures and 
improve health (IEA et al. 2025).

The effectiveness of household air pollution interventions 
is typically evaluated by intervention studies that compare 
measurements of air quality and health before and after an 
intervention, using randomized controlled trials or observa-
tional study designs. Most intervention studies of household 

https://www.healtheffects.org/research/funding/rfa/assessing-improved-air-quality-and-health-18-1
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air pollution to date have focused on more efficient biomass 
cookstoves or changes to fuels, including liquified petroleum 
gas for cooking. These studies often measure fine particulate 
matter (PM2.5; sometimes supplemented with measurements 
of black carbon or other major chemical constituents of PM2.5) 
or carbon monoxide, and sometimes measure nitrogen dioxide 
(HEI Household Air Pollution Working Group 2018; Lai et al. 
2024; Lee et  al. 2020). The mixed results in the published 
literature about the effectiveness of these interventions have 
been attributed to study design choices, such as which health 
outcomes are assessed, the length of follow-up, and small 
sample sizes in some studies. Other issues have included 
that the adaptation and use of the interventions were context 
dependent and often limited (e.g., because the interventions 
were hard to use or broke), and that reductions in emissions 
from the intervention might be small relative to other sources 
of air pollution (HEI Household Air Pollution Working Group 
2018; Lai et al. 2024).

Given the heterogeneous results of cookstove interven-
tions and the more limited information on exposure to 
household air pollution from heating, studies are needed to 
provide credible and convincing estimates of the potential 
health benefits and the costs of interventions intended to 
accelerate transitions to clean household energy sources (HEI 
Household Air Pollution Working Group 2018). Such studies 
should address some of the limitations of the earlier cookstove 
studies by including other sources of household air pollution 
(e.g., home heating), evaluating the extent to which the new 
household energy technology has been adopted, and using 
prospective study designs to capture important pre-policy 
information (HEI Household Air Pollution Working Group 
2018; Lai et  al. 2024). Additionally, evidence on the mech-
anisms of how interventions produce changes in outcomes 
— a research question that can be assessed using a statistical 
approach known as mediation analysis — could be important 
to evaluate past interventions and design future interventions 
that are more effective (Keele et al. 2015).

HOUSEHOLD COAL COMBUSTION IN BEIJING

In suburban and rural parts of Beijing, fuel for heating 
during the cold winter season has historically consisted 
predominantly of coal and biomass. Households traditionally 
burned these fuels in standalone heating stoves and tradi-
tional kangs (i.e., raised platforms for both heating and cook-
ing). Residential space heating in northern China required 
more than 200 million tons of coal in 2017 (Dispersed Coal 
Management Research Group 2023). The Global Burden of 
Disease — Major Air Pollution Sources (GBD MAPS) Working 
Group found that coal burning from residential, industrial, 
and power-generating sources contributed just over one-third 
of the total ambient wintertime PM2.5 across China in 2013 
(GBD MAPS Working Group 2016). According to GBD MAPS, 
emissions from residential coal combustion in Beijing alone 
were responsible for about 4.4 µg/m3 of the annual average 
PM2.5 concentrations in Beijing, accounting for 5.9% of the 
overall contributions to population-weighted PM2.5 exposures 

and about 770 annual deaths related to air pollution in 2013. 
Separately, it has been estimated that residential coal com-
bustion across the Beijing-Tianjin-Hebei region was respon-
sible for about half of the wintertime PM2.5 concentrations in 
Beijing before implementation of the clean heating policy, 
with lower contributions in other seasons (Zhang et al. 2013, 
2017).

CHINA’S CLEAN HEATING POLICY

To reduce ambient air pollution concentrations, the 
Chinese government issued an Air Pollution Prevention and 
Control Action Plan in 2013 (China State Council 2013). 
Among other things, the Plan mandated (and subsidized) that 
over 1.5 million residents (up to 70% of all households) in 
rural areas of northern China, including the Beijing region, 
switch from highly polluting coal heaters to efficient electric 
or gas-powered heat pumps between 2017 and 2021. The 
government simultaneously designated coal-restricted areas 
and offered subsidies for electricity and electric-powered 
heaters, including electric heat pumps, to replace traditional 
coal-heating stoves. The clean heating policy included a pilot 
phase in 2015 and was rolled out on a village-by-village basis 
based on various factors related to policy priorities and local 
capacity starting in 2016.

EARLIER STUDIES EVALUATING CHINA’S CLEAN 
HEATING POLICY

Air quality and health improvements have been reported 
following the sweeping air pollution control policies that 
began in 2013, including the transition of cooking and heating 
fuels in the residential sector (e.g., Ding et al. 2019; Li et al. 
2024; Zhang et al. 2019). The causal links between these air 
pollution regulations, emissions, ambient air pollution, and 
mortality have been assessed in a study led by Dr. Patrick Kin-
ney with funding from HEI RFA 18-1 (Kinney et al. in press).

Because reducing the use of household coal was a major 
part of the air pollution control plan, researchers quickly 
initiated studies to evaluate the effectiveness of the clean 
heating policy in northern China. In a cross-sectional pilot 
study conducted in the winter of 2017, the investigators of 
the current study enrolled 302 households from three Beijing 
districts. Half of the households were located in three villages 
that had participated in the first wave of the clean heating 
policy, and the other half were located in three geographically 
contiguous villages in the same district that had not yet par-
ticipated (Barrington-Leigh et al. 2019). They found that clean 
heating technologies completely replaced coal heaters in two 
of the villages with the policy, and partially replaced them in 
one of the villages with the policy. Indoor PM2.5 concentra-
tions were 67% lower and indoor temperatures were 1.4°C 
higher in villages participating in the policy compared with 
neighboring villages that were not participating. Additionally, 
in parallel with the current study, the investigators conducted 
a study that showed reductions in acute myocardial infarc-
tion in Beijing townships after roll-out of the clean heating 
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policy (Lee et al. 2024). A separate study conducted by other 
investigators at the same time evaluated the clean heating 
policy in a multicity cohort of Chinese adults and found small 
decreases in the risk of chronic lung diseases (1.1% to 3.0%), 
but no change in cardiovascular disease risk after a one-year 
post-policy evaluation period (Wen et al. 2023).

MOTIVATION FOR THE CURRENT STUDY

The current HEI study builds on the ongoing Beijing 
Household Energy Transitions (BHET) study, which was 
intended to evaluate the effect of the clean heating policy 
on health. The observed differences in PM2.5 concentrations 
and indoor wintertime temperatures in their earlier cross-
sectional study motivated the investigators to delve deeper 
with difference-in-differences analyses that could account for 
stable characteristics that differ between the villages with and 
without the clean heating policy, as well as for shared trends 
in air pollution, health, and related factors over time. They 
therefore identified 50 suburban and rural Beijing villages that 
were eligible for the clean heating policy, but where the policy 
had not yet been implemented (Commentary Figure 1). The 
investigators expected about half the villages to implement 
the policy over the course of the BHET study. In December 
2018, they enrolled 1,003 participants (about 20 per village) 
in 977 different households in the 50 participating villages. 
Trained staff collected information on socio-demographic 
characteristics, indoor temperature, outdoor and personal 
PM2.5 exposures, and health starting in winter 2018–2019. 
They observed early indications of improved wintertime 
indoor PM2.5 concentrations and indoor temperature after 
implementation of the policy.

STUDY OBJECTIVES AND APPROACH

Baumgartner, Harper, and colleagues used HEI funding to 
extend the BHET study to assess the effects of the clean heating 
policy on outdoor and indoor air quality, personal exposures to 
air pollution, and cardiovascular and respiratory health. They 
also evaluated whether any changes in health outcomes observed 
after the implementation of the policy could be explained (i.e., 
were mediated) by changes in PM2.5 concentrations and indoor 
temperature. Specific study aims were as follows:

1.	 Estimate the effect of the policy on outdoor, indoor, and 
personal PM2.5 concentrations, and specifically estimate 
the source contribution from household coal burning to 
indoor and outdoor PM2.5.

2.	 Estimate the overall effect of the policy on health, includ-
ing respiratory symptoms and cardiovascular outcomes.

3.	 Assess the proportion of the observed effect of the policy 
on health that can be attributed to changes in PM2.5, 
indoor temperature, and household coal burning.

To address these aims, the investigators measured many 
parameters related to air quality, temperature, and health in 
four consecutive winters from 2018 to 2022 (Commentary 
Table 1). They also collected information on household fuel 
use and self-reported respiratory health through participant 
questionnaires. To identify the contribution of household 
coal combustion to the PM2.5 exposures, they conducted 
source apportionment of outdoor and personal measurements 
of PM2.5 chemical composition.

To estimate the effects of the clean heating policy, the 
investigators conducted difference-in-differences analyses, 

Commentary Figure 1. Map of village implementation of the clean heating policy. Each circle represents one recruited village. The 
colors of the circles indicate the year the clean heating policy was implemented in the villages. (Source: Adapted from Investigators’ 
Report Figure 1.)
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a statistical approach used to compare changes over time in 
villages that had implemented the policy versus those that 
might implement it in the future. For health outcomes where 
they detected changes associated with the policy, the investi-
gators then used mediation analysis to assess what proportion 
of the observed changes in health were caused by changes in 
air quality or temperature inside the home.

The investigators were forced to make some changes 
during the study because of the COVID-19 pandemic. Among 
the main changes were a partial campaign in winter 2020–
2021 and the addition of a fourth full winter data collection 
campaign (including surveys, personal exposure, and health 
measurements) in winter 2021–2022.

SUMMARY OF METHODS AND STUDY DESIGN

STUDY AREA AND POPULATION

Local guides developed rosters of households that could 
be recruited into the study and recruited participants from 
about 20 randomly selected households in each of the 50 
BHET villages for each study wave. About three-quarters of 
the recruited households remained in the study across all 
waves. Forty-three percent of individuals from the recruited 
households contributed observations across all three waves, 

and 31% of individuals participated in two waves. Individu-
als were eligible to participate if they were over 40 years old, 
lived in the study villages, were not planning to move out of 
the village in the next year, and were not currently receiving 
immunotherapy or corticosteroid treatments.

ENVIRONMENTAL EXPOSURE MEASUREMENTS

The study team performed detailed measurements for 
outdoor, indoor, and personal exposure to PM2.5, along with 
outdoor and indoor temperatures. They measured PM2.5 
using both real-time sensors (one measurement per minute; 
Plantower) and gravimetric analysis of filters collected with 
Ultrasonic Personal Aerosol Samplers or Personal Exposure 
Monitors. All air pollution measurements followed estab-
lished standard operating procedures with detailed quality 
assurance.

Community-level outdoor measurements of PM2.5 were 
made using co-located sensors and filter samplers at one loca-
tion near the center of each village and one or two locations 
at least 500 m away from the first measurement location. All 
outdoor measurement locations were distant from visible 
sources of PM2.5. Co-located weekly filter samples were used 
to calibrate sensors and to measure the chemical composition 

Commentary Table 1. Data Collection Across Waves in Four Consecutive Wintersa

Wave 1 Wave 2 Wave 3 Wave 4

Winter 2018–2019 2019–2020 2020–2021 2021–2022

Enrolled villages 50 50 50 50

Cumulative villages where the policy had 
been implemented

0 10 17 20

Household questionnaire ✓ ✓ ✓

Health measurements (blood pressure and 
cardiovascular biomarkers)

(✓) (✓) (✓)

Outdoor village-level PM2.5
✓ ✓ ✓ ✓

Indoor household PM2.5 (✓) (✓) (✓)

Personal exposure to PM2.5 and black  
carbon

(✓) (✓) (✓)

Chemical speciation of outdoor and  
personal PM2.5

(✓) (✓) (✓)

Indoor temperature ✓ ✓ ✓ ✓

Outdoor temperature ✓ ✓ ✓ ✓

Confirmation of heating device use (✓) (✓) (✓)

a ✓ indicates that the data were collected for the full population, and (✓) indicates that the data were collected for a subsample of the pop-
ulation as part of the study design. Numbers of measurements for each parameter and wave are included in the Investigators’ Report. HEI 
funded Waves 3 and 4, and parts of Wave 2 (measurement of indoor PM2.5, chemical speciation of outdoor and personal PM2.5, and confir-
mation of heating device use using sensors).
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of particles on the filters (i.e., elemental carbon, organic car-
bon, individual elements, and water-soluble ions).

Indoor measurements of PM2.5 were made in six randomly 
selected households from each village starting with Wave 
2. Sensors were deployed between late November and mid-
January in the rooms where participants reported spending 
most of their time. The sensors made continuous measure-
ments until they were collected in late April. Filter-based 
samplers were co-located with a subset of the indoor sensors 
during the first 24 hours of sensor-based measurements to 
aid in sensor calibration.

Personal exposures to PM2.5 and black carbon were 
assessed for about 500 participants in each wave (10 ran-
domly selected study participants in each village) who each 
carried a filter sampler for 24 hours. Outdoor temperature and 
relative humidity were obtained from the Beijing meteorolog-
ical network. Additional meteorological data (e.g., boundary 
layer height) were obtained from the fifth generation of the 
European Center for Medium-Range Weather Forecasting 
Forecasts global climate reanalysis dataset (ERA5).

The investigators also measured indoor air temperature 
in a centrally located room in each house for the 5 minutes 
before blood pressure measurements and, for 75% of house-
holds, every 125 minutes for up to 4 months in the winter 
and early spring to check which heating and cooking devices 
were in use.

PM2.5 SOURCE APPORTIONMENT

The investigators used a source apportionment approach 
to determine the contribution of household coal burning to 
the combined set of outdoor and personal PM2.5 samples from 
which both PM2.5 mass and chemical components were quan-
tified. The investigators used the United States Environmental 
Protection Agency’s source apportionment model, positive 
matrix factorization (PMF) 5.0, which has been widely used 
for air pollution analyses in China. They accounted for 
differences in wind speed and boundary layer height in the 
chemical analysis data prior to their use in the PMF model.

They conducted sensitivity analyses using source apportion-
ment models with different measurement subsets and three to 
six source factors and evaluated the fit of the final PMF model 
using standard PMF model diagnostics. Factors identified from 
the PMF analyses were interpreted and named based on the 
field observations, investigators’ knowledge of local sources, 
and relevant previous studies.

HEALTH OUTCOMES

The investigators focused on various cardiovascular out-
comes and respiratory symptoms that have well-established 
links to PM2.5. Blood pressure (brachial systolic, brachial 
diastolic, central systolic, and central diastolic) and chronic 
airway symptoms were assessed at the participants’ homes at 
the time of the questionnaire visits (see below). Blood pres-

sure was measured by trained staff using factory-calibrated 
devices with standard protocols and following detailed qual-
ity control procedures that included an appropriately sized 
cuff, correct positioning of the arm, and having both feet on 
the ground. Self-reported airway symptoms were assessed 
using a questionnaire (details below) with standard validated 
questions about chronic airway symptoms, including cough, 
phlegm, wheeze, and tightness in the chest. Additionally, 
the study team measured airway inflammation (as the frac-
tional concentration of exhaled nitric oxide [FeNO]) in about 
one-quarter of participants.

Within 1 month of the researchers’ visit, participants 
visited a village clinic where the study team collected fasting 
blood samples. Samples were tested for glucose, a complete 
lipid profile, and biomarkers of systemic inflammation or 
oxidative stress (C-reactive protein, interleukin-6, tumor 
necrosis factor alpha, and malondialdehyde) that are associ-
ated with both exposure to air pollution and the development 
of cardiovascular disease and events. Body weight, height, 
and waist circumference were also measured.

QUESTIONNAIRES

In addition to the respiratory symptoms described above, 
the study team collected information on households and 
individual participants by administering structured ques-
tionnaires in Mandarin Chinese. They gathered information 
on the types of fuels and stoves present, patterns of fuel and 
stove use, and the amount of fuel used for space heating 
in winter. They also collected supporting information on 
socio-demographic factors, house structure, and individual 
lifestyle factors (e.g., smoking). One representative from each 
village completed a survey about the policy implementation 
and the level of village interest in the policy, as well as 
information about any other policies being implemented 
simultaneously.

STATISTICAL ANALYSES

Measuring Effects of the Clean Heating Policy

To estimate the effects of the policy, the investigators con-
ducted difference-in-differences analyses using multivariable 
“extended” two-way fixed effects models to account for the 
staggered roll-out of the policy, as described by Wooldridge 
(2021). This design compared changes in outcomes among 
villages that had the policy implemented in the same year, 
different years, or not at all. The villages where the policy was 
not implemented by the end of the study period provided an 
estimate of what changes in the health and exposure outcomes 
would have been expected to happen in the other villages if 
they had not implemented the policy (a “counterfactual”). 
By comparing changes in outcomes among villages with and 
without the policy, the difference-in-differences approach 
accounts for both time-invariant characteristics of each village 
as well as trends in air quality and health over time that are 
unrelated to the policy. As a result, these analyses produce 
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estimates of the total effect of the policy on air quality and 
health (Commentary Figure 2, top).

Comparing Direct and Indirect Effects of the Clean 
Heating Policy

An important part of the study was to evaluate whether the 
clean heating policy influenced health directly, or indirectly 
through its effects on other factors (known as mediators), 
which then affect health. To do this, the investigators applied 
an approach for mediation analysis in the causal inference 
framework (Hernán and Robins 2020; Keele et al. 2015).

For those outcomes where they found a total effect, the 
investigators estimated the contributions of potential medi-
ators of those associations (Commentary Figure  2, bottom). 
The potential mediators they considered were indoor or 
personal PM2.5 concentrations and indoor temperature. The 
investigators tested the influence of these potential mediators 
by repeating the initial models, but with the potential media-
tor being tested held constant for the entire study population. 
This analysis produced the “direct effect” of the policy to 
describe the relationship between the policy and health out-
comes independent of the potential mediators. Finding that 
the estimated direct effect was smaller than the total effect 
would suggest that the effect of the clean heating policy on 
health was at least partly because of its effect on the mediating 
factor being tested (in other words, that there was mediation). 
Conversely, finding that the direct and total effects were simi-

lar would suggest that the health benefits of the clean heating 
policy were related to factors other than changes in measured 
indoor PM2.5 concentrations or measured temperatures, such 
as residents going outside less frequently to refuel the heaters 
or more even heating within the homes.

Adjustment for Potential Confounders and Imputation  
of Missing Data

The investigators identified potential confounders using 
directed acyclic graphs (DAGs) and included different sets of 
adjustments for potential confounding in the models for each 
outcome. To obtain valid results, they adjusted the total effect 
and direct effect models for confounding by factors such as 
participant age, sex, exposure to tobacco smoke, height, and 
weight. They also considered potential confounders related to 
the size of the villages and homes, and related to other factors 
that might vary over time and differ among villages.

Several key covariates for blood pressure models (e.g., 
waist circumference, height, and weight) were missing from 
15% of participants in Waves 1 and 2 because those individ-
uals did not participate in the clinic visits. Also, indoor PM2.5 
concentrations were measured at only about one-fifth of the 
homes in each wave by design, so 80% of the participants 
had no matching indoor PM2.5 concentrations. There was 
little overlap between participants with blood pressure mea-
surements and participants whose homes had been sampled 
for indoor PM2.5. The investigators therefore used multiple 

Commentary Figure 2. Simplified diagrams of the main models in the study. Top: The total effect of the policy, including all 
mechanisms by which the policy might work. Bottom: Separating indirect effects through changes in two potential mediators 
(particulate matter and indoor temperature; dotted lines) from the direct effect of the policy (dashed line), which includes all other 
possible mechanisms.
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imputation with chained equations to replace the missing 
covariates and indoor PM2.5 concentrations so that they could 
make full use of the blood pressure data.

SUMMARY OF KEY RESULTS

STUDY POPULATION

The investigators enrolled 1,438 participants over the 
study period (Box 1: A Comprehensive Study). Demographic 
characteristics, health, PM2.5 concentrations, and indoor tem-
perature were similar at baseline for participants in villages 
where the policy was implemented by the end of the study 
and where it was not. The average age of study participants 
at baseline (i.e., in Wave 1) was 60 years. About 60% of par-
ticipants were female and about 80% were current or former 
smokers or lived with someone who smoked. On average, the 
participants had slightly elevated blood pressure (130  mm 
Hg systolic blood pressure and 82  mm Hg diastolic blood 

pressure), and just over half of the participants reported at 
least one respiratory problem, usually shortness of breath or 
phlegm. There was little missing data, and the investigators 
did not find a relationship between the implementation of the 
policy and missing data.

POLICY UPTAKE

During the study, villages where the policy was implemented 
had almost complete uptake and adherence to the policy, as 
shown by the shift to heat pumps as the primary heating device 
(Commentary Figure  3, top). About one-third of households 
from treated villages that previously used coal stoves replaced 
the coal stoves with exclusive heat pump usage, and the rest 
used a mixture of heat pumps with biomass kangs.

Among villages where the policy was not implemented 
by the end of the study, the proportion of households that 
reported using electric heat pumps increased from 3% at the 
start of the study to 16% at the end of the study, and most of 
those households that used heat pumps reported using them 
exclusively.

Implementation of the policy corresponded with steep 
declines in the use of self-reported coal use (Commentary 
Figure  3, center). Self-reported electricity expenditures 
increased over time, regardless of whether the villages had 
implemented the policy. At the same time, self-reported 
use of biomass — which was not targeted by the policy — 
remained mostly stable.

EFFECTS OF THE POLICY ON AIR QUALITY AND 
TEMPERATURE

Measured personal concentrations of PM2.5 and black car-
bon were higher than measured indoor concentrations, which 
were higher than measured outdoor concentrations. This 
was the case both for villages where the clean heating policy 
was implemented and where it was not. Generally, personal, 
indoor, and outdoor concentrations decreased over the four 
winters of the study period, regardless of policy implementa-
tion. For example, seasonal average PM2.5 concentrations over 
all villages decreased from 38 µg/m3 in Wave 1 to 26 µg/m3 
in Wave 4. Baseline personal exposures to PM2.5 and black 
carbon were 20% and 2% lower, respectively, in villages 
where the policy was eventually implemented than in other 
villages, which could mask any effects of the policy. How-
ever, the investigators were able to account for this difference 
at baseline using the difference-in-differences approach.

Implementation of the policy reduced indoor PM2.5 con-
centrations by about 20 µg/m3 but had no effect on outdoor 
and personal PM2.5 concentrations (Commentary Figure  3, 
bottom). The effect on indoor PM2.5 concentrations was 
roughly one quarter of the baseline Wave 1 concentrations 
in 2018–2019 and about the same as the average change in 
indoor PM2.5 concentrations across all residences between 
Wave 2 (2019–2020) and Wave 4 (2021–2022).

Box 1: A Comprehensive Study

Large Sample Size
	● 1,438 participants from 1,236 households in 50 villages visited 

over four winters

Detailed Characterization of  
Environmental Exposures

	● 11,174 outdoor, 399 indoor, and 1,270 personal sensor-based 
24-hour PM2.5 measurements

	● 968 outdoor, 288 indoor, and 1,295 personal PM2.5 filter sam-
ples (a subset of which were also used to quantify chemical 
constituents of PM2.5)

	● 1,161 personal measurements of black carbon on filters

	● 717 outdoor and 1,158 personal estimates of exposure to 
“mixed combustion” from source apportionment

	● 2,999 measurements of 5-minute indoor temperature

Individual Health Outcomes
	● 3,082 measurements of blood pressure

	● 3,076 measurements of self-reported respiratory effects 
(coughing, phlegm, wheezing attacks, trouble breathing, and 
chest trouble)

	● 793 measurements of exhaled nitric oxide (FeNO)

	● 1,603 measurements of inflammatory markers (C-reactive 
protein [CRP], interleukin-6 [IL-6], tumor necrosis factor-
alpha [TNF-α]), and an oxidative stress marker (malondialde-
hyde [MDA]) in blood
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Commentary Figure 3. Effects of the policy on heat 
pump availability, coal consumption, and air quality. 
Top: Percentage of households using heat pumps 
as primary heating device. Center: Self-reported 
household coal consumption in kg. Darker colors 
represent villages where the clean heating policy 
was implemented earlier. Points indicate when the 
questionnaires were completed; effects on villages 
where the policy was implemented in 2019 or 2020 
were first observed in the 2021 data collection because 
no questionnaires were collected in Wave 3. Bottom: 
Effect of the clean heating policy on personal, indoor, 
and outdoor PM2.5 concentrations with 95% confidence 
intervals, adjusted for household size, tobacco smoking 
category, outdoor temperature, and outdoor dew point 
(negative values mean that the policy reduced PM2.5). 
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From their source apportionment analyses, the investiga-
tors identified a factor that they called “mixed combustion” 
because it included chemical species typical of direct emis-
sions from coal combustion, biomass burning, and possibly 
tobacco smoking. Over the study period, “mixed combustion” 
accounted for about 5–10 µg/m3 of the outdoor PM2.5 and 
about 20–30 µg/m3 of the personal PM2.5. Implementation of 
the policy had statistically insignificant and imprecise effects 
on “mixed combustion” exposures.

Households in villages that had implemented the policy 
had about 2°C higher mean and 4°C higher minimum winter 
indoor temperatures than households in villages without the 
policy, even though both groups of households had similar 
winter indoor temperatures at baseline. The investigators did 
not report any systematic heterogeneity by the year of policy 
implementation in the effect of the policy on PM2.5 concentra-
tions or temperature.

TOTAL EFFECTS OF THE POLICY ON HEALTH 
OUTCOMES

Individuals who lived in households in villages where the 
policy had been implemented had improved blood pressure 
and self-reported chronic respiratory symptoms. In adjusted 
models, both systolic and diastolic blood pressure decreased 
by about 1.5 mm Hg after villages implemented the policy, 
although there was no meaningful change in pulse pressure 
or blood pressure amplification. For comparison, the litera-
ture suggests that each 5 mm Hg reduction in systolic blood 
pressure reduces the risk of developing cardiovascular events 
by 10% (Canoy et al. 2022).

Implementation of the policy was associated with a 7.5% 
reduction in self-reported respiratory symptoms. This finding 
was largely driven by reductions in reports of coughing, having 
chest trouble, or difficulty breathing on several or most days of 
the week. The investigators did not find evidence that exposure 
to the policy affected phlegm, wheezing symptoms, levels of 
biomarkers in blood, or levels of FeNO in exhaled air.

Effects of the policy on blood pressure and phlegm were 
strongest in the villages where the policy was implemented 
earliest and were weaker in later years. The investigators did 
not report systematic patterns related to when the policy was 
implemented for other respiratory symptoms.

DIRECT AND INDIRECT EFFECTS OF THE POLICY ON 
HEALTH OUTCOMES

Because the overall models provided evidence that the pol-
icy had affected blood pressure and self-reported respiratory 
symptoms, the investigators conducted mediation analyses on 
whether changes to these health outcomes could be attributed 
to changes in PM2.5 and temperature (Commentary Table 2). 
In the mediation analyses, the estimates of direct effects of 
the policy on all four measures of blood pressure decreased, 
suggesting that the policy had its effects on health mediated 
through changes in air quality and temperature. When the 
mediation of the effect of the policy on blood pressure by PM2.5 

and indoor temperature together was tested, the direct effect 
of the policy almost completely disappeared, suggesting that 
the effect of the policy on blood pressure could be explained 
almost completely by the policy-related reductions in indoor 
PM2.5 concentrations and indoor temperature.

The direct effects for the self-reported respiratory out-
comes were statistically indistinguishable from the total 
effects, so the investigators concluded that changes in PM2.5 
and temperature were not contributing factors to the policy-
related changes in respiratory outcomes.

HEI REVIEW COMMITTEE EVALUATION

Baumgartner, Harper, and colleagues evaluated the air 
quality and health effects of China’s policy to replace coal 
heaters with heat pumps in 50 villages that did not have the 
clean heating policy at the start of the study. By the end of the 
study, the policy had been implemented in 20 of the villages, 
and there was nearly complete compliance with the policy. 
Implementation of the policy reduced indoor PM2.5 by about 
20 µg/m3, with smaller or negligible changes in outdoor PM2.5, 
personal PM2.5, and personal black carbon. At the same time, 
indoor temperatures during winter increased after implemen-
tation of the policy. The policy also slightly improved blood 
pressure and respiratory symptoms. Almost all the effects 
of the policy on blood pressure could be explained by the 
imputed improvements in indoor or personal PM2.5 concentra-
tions and indoor temperature, and the improvements in respi-
ratory symptoms were most likely because of other factors.

In its independent evaluation of the study, the Review 
Committee thought that Baumgartner, Harper, and col-
leagues had completed an important study to evaluate the 
benefits of a clean energy policy on air quality and health. 
The study design and the causal framework in which they 
applied DAGs, staggered difference-in-differences analyses, 
and mediation analyses were strong. The Committee was 
impressed with the efforts to adapt the study design to the 
least extent necessary during the COVID-19 pandemic. Other 
strengths of the study included the use of sensors alongside 
filter samplers to measure PM2.5 and long-term sampling in 
rural areas. Additionally, the statistical analysis methods 
were well described, and the extended two-way fixed effects 
model was well justified with details on the model and the 
DAG. The Committee agreed with the overall conclusion 
that the clean heating policy achieved its intended goals by 
dramatically reducing residential coal burning and improving 
indoor environmental quality, which provided some benefits 
to blood pressure and respiratory symptoms.

DIFFERENCE-IN-DIFFERENCES MODELING

The Review Committee highlighted that the staggered 
difference-in-differences modeling was generally a strong 
approach because it accounted for several key sources of 
potential confounding. First, this design removed all tem-
porally fixed differences in the study populations in villages 
where the policy was implemented and where it was not. It 
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also accounted for background trends in air pollution and 
health during the study that might have occurred across the 
area regardless of whether the policy had been implemented. 
Nonetheless, some limitations in the difference-in-differences 
models and how they were used by the investigators bear 
discussion.

The key assumption for the difference-in-differences 
approach was that the time trends in the villages without the 
policy are an accurate reflection of the time trends that would 
have occurred in the villages with the policy had they, counter-
factually, not implemented the policy. Because this policy was 
implemented over a period spanning years before, during, and 
after the COVID-19 pandemic, one must consider if the study 
conduct, the intervention implementation, or the outcomes 
could have been affected differently in the villages with and 
without the policy. There are several assurances that this is not 
the case. First, the investigators held to the original study plan 
wherever possible while also adjusting as needed. For exam-
ple, they continued village-level tracking of the policies even 
when they were unable to recruit new participants or collect 
individual-level data. Second, the investigators also confirmed, 
to the extent possible, that all villages experienced similar 
COVID-19 burdens. In fact, according to the best available data, 
there were no COVID-19 cases in any of the suburban and rural 
villages of the investigation during the study period. Addition-
ally, the investigators report that the villages all had similar 
requirements to prevent the spread of COVID-19. Collectively, 
these factors provided confidence to the investigators and the 
Committee that there should be similar trends in the health 

outcomes and exposures across villages with and without 
interventions during the pandemic period.

The investigators also explored the possibility of other 
unexplained differences in the trends of air pollution exposure 
and health outcomes by comparing pre-policy trends in the vil-
lages that implemented the policy at different times during the 
study period versus those that did not implement the policy. 
Largely, they observed no differences in trends between the 
villages before the policy implementation. The only exposure 
with different trends between villages with and without the 
policy was personal PM2.5, which was found to have higher 
baseline concentrations and to be initially declining more 
steeply in villages where the policy was never implemented, 
as compared to those where the policy was eventually imple-
mented. Similarly, there was a greater development of the 
probability of cough and chest complaints in the villages that 
received the intervention in 2021 as compared to other groups. 
For all situations, however, these trends suggest that the effect 
of the policy, if anything, would be underestimated.

Overall, the Committee thought that the investigators had 
carefully applied difference-in-differences modeling, that 
they addressed the limitations of the approach in a real-world 
accountability study, and that the results were robust.

CHALLENGES FOR MEDIATION ANALYSIS USING 
IMPUTED DATA

The use of causal mediation analysis was also felt to be 
a constructive addition to the study. At the same time, a 

Commentary Table 2. Summary of Mediation Analysis Resultsa

Was this factor found to substantially mediate the effect of the policy? (Percentage of the total 
effect that could be explained by mediation, ranges for different health outcomes in this group)

Health Outcome or 
Effect

Indoor or Personal 
PM2.5

b Indoor Temperaturec

Indoor or Personal 
PM2.5 and Indoor 

Temperatureb,c “Mixed Combustion”

Measured brachial 
blood pressure  
(systolic or diastolic)

YES
(31% to 43%)

YES
(31% to 79%)

YES
(63% to 121%)

Not tested

Measured central 
blood pressure  
(systolic or diastolic)

YES
(31% to 43%)

YES
(25% to 71%)

YES
(56% to 114%)

NO
(–44% to 6%)

Self-reported 
respiratory outcomes 
(any symptom, 
coughing, phlegm, 
wheezing attacks, 
trouble breathing, or 
chest trouble)

NO
(–13% to 33%)

NO
(–143% to 8%)

NO
(–40% to 15%)

Not tested

a Only those outcomes where mediation analyses were conducted are included in the table. No mediation analyses were conducted for pulse 
pressure, blood pressure amplification, FeNO, or inflammatory blood markers because there was no overall effect of the policy on these out-
comes.

b Indoor PM2.5 concentrations from about one-third of the participants in Waves 2–4 were used for blood pressure, and personal PM2.5 concen-
trations from half of the participants in Waves 1, 2, and 4 were used for respiratory effects.

c Seasonal average temperatures were used for blood pressure, and 5-minute average temperatures were used for respiratory outcomes.
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major challenge for the mediation analysis was that data were 
needed on parameters that had little overlap in availability, 
thus leading the investigators to impute data for parameters 
that were not measured. In particular, it should be noted that 
imputation was used to account for missing indoor PM2.5 
measurements for the majority of participants, which adds 
uncertainty to analyses that involved indoor PM2.5. The use 
of imputation might have made it difficult to detect true 
mediation or introduced measurement error or noise to the 
analyses. As a result, the Committee thought that the results 
of analyses using imputed data, especially the mediation 
analyses for blood pressure, should be treated as exploratory 
and interpreted with caution.

OPPORTUNITIES FOR FUTURE ANALYSES

Some of the surprising results in this study suggest the 
opportunity for future analyses that were out of the scope of 
the current study but might provide additional insight into 
the effects of the clean heating policy and the mediating 
factors through which it works.

Surprisingly, the investigators did not find that the clean 
heating policy had significant effects on personal or outdoor 
seasonal PM2.5. It is possible that some of this difference had 
to do with averaging across an entire season when the inten-
sity of heating (and thus fuel combustion) might have varied 
throughout the season. Therefore, it is possible that the policy 
did affect personal and outdoor PM2.5 even though no effect 
was found over the entire winter season. Future analyses 
making use of heating-degree-days might be able to test for 
potential effects of the policy on PM2.5 on the days where the 
policy would be expected to affect emissions the most.

Because less than one-third of the total effect of the policy 
on respiratory symptoms was mediated by indoor PM2.5, a 
more complete understanding of the effect of the policy on 
respiratory health might be obtained if different potential 
mediators were tested, such as other pollutants, time spent 
cooking, heating days, and thermal comfort.

PUTTING THE AIR POLLUTANT EXPOSURES INTO 
GLOBAL CONTEXT

To put the air pollution exposures measured in the study 
into context, the investigators compared the measured base-
line personal PM2.5 concentrations to WHO air quality guide-
lines, which are recommendations for health-protective con-
centrations of ambient air pollution (WHO 2021). Assuming 
that the measured wintertime personal concentrations were 
similar to annual average ambient concentrations, which is 
a large assumption, the investigators stated that the observed 
personal PM2.5 concentrations were aligned with WHO’s 
Interim Target 1. The Committee observed that the seasonal 
average outdoor PM2.5 concentrations were also of similar 
magnitude. They agreed with the investigators that PM2.5 
concentrations — whether personal, indoor, or outdoor — in 
this region were high. It was therefore valuable to evaluate 

the effect of China’s clean heating policy on air pollution and 
health, and reassuring to see that the policy had some effects.

SUMMARY AND CONCLUSIONS

Baumgartner, Harper, and colleagues conducted a thor-
ough accountability study of the air quality and health effects 
of China’s clean heating policy. They evaluated more than 
1,400 participants from more than 1,200 households in 50 
suburban and rural villages of Beijing over four consecutive 
winters between 2018 and 2022. By the end of the study 
period, 20 villages had implemented the policy, which led 
to improved air quality and some health improvements in 
individuals living in those villages. The improvements in 
blood pressure were linked to improvements in air quality 
and indoor temperature.

The HEI Review Committee members were impressed with 
the strong study design and causal framework, showing that 
the policy was linked to some improvements in air quality 
that were in turn linked to some health improvements. They 
appreciated the difference-in-differences approach, which 
allowed the study team to account for many factors other than 
the clean heating policy that could have resulted in differ-
ences between the villages or changes in air pollution and 
health over time. They also acknowledged the effort involved 
for the investigators to follow the original study plan wher-
ever possible, including through the COVID-19 pandemic.

Overall, the study demonstrated that the clean heating pol-
icy achieved its intended goals to electrify household heating 
in the villages where it was implemented and that it dramat-
ically reduced residential coal burning and improved indoor 
environmental quality in the first years after implementation. 
The policy provided some benefits to heart and lung health, 
some of which (systolic and diastolic blood pressure) were 
related to decreases in air pollution exposure.

Although there is an abundance of evidence on associa-
tions of negative health outcomes with exposure to PM2.5, it is 
important to quantify (rather than assume) the effects of specific 
actions on air quality and health. This study provides evidence 
that replacing coal-fueled heaters with heat pumps reduces 
indoor air pollution and improves health. These results are 
encouraging for other countries seeking to implement policies 
to replace highly polluting residential heating sources.
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ABBREVIATIONS AND OTHER TERMS

	 ATT	 average treatment effect on the treated

	 BC	 black carbon

	 BP	 blood pressure

	 BS_mapping	 bootstrap mapping

	 CI	 confidence interval

	 CIE	 International Commission on Illumination

	 CHP	 Clean Heating Policy

	 cDBP	 central diastolic blood pressure

	 CRP	 C-reactive protein

	 cSBP	 central systolic blood pressure

	 DAG	 directed acyclic graph

	 DiD	 difference-in-differences

	 DISP	 displacement of factor elements

	 DISP%	 displacement percentage

	 EC	 elemental carbon

	 EDXRF	 evo energy-dispersive x-ray fluorescence

	 ETWFE	 extended two-way fixed effects

	 FEM	 federal equivalent method

	 FID	 flame ionization detector

	 FeNO	 fractional exhaled nitric oxide

	 GBD MAPS	 The Global Burden of Disease — Major Air 
Pollution Sources

	 HAPIN	 Household Air Pollution Intervention 
Network

	 HPLC	 high-performance liquid chromatography

	 IL-6	 interleukin-6

	 MDA	 malondialdehyde

	 NIOSH	 National Institute for Occupational Safety 
and Health

	 NISP	 National Improved Stove Program

	 NIST	 National Institute of Standards and 
Technology

	 ns-S	 nonsulfate sulfur

	 OC	 organic carbon

	 OD	 optic densities

	 PM2.5	 particulate matter ≤2.5 μm in aerodynamic 
diameter

	 Qexp	 expected fit

	 Qtrue	 raw goodness-of-fit statistic (Σ scaled 
residual²) calculated with all observations 
included

	 Qrobust	 goodness-of-fit statistic recalculated after 
the algorithm automatically down-weights 
any data points whose uncertainty-scaled 
residual |e/σ| > 4

	 Qr/Qexp	 ratio of the robust fit to the statistically 
expected Q (≈ number of valid observations 
– number of free parameters)

	 Q/Qexp	 model fit divided by expected fit

	 RMSE	 root mean square error

	 SRM	 standard reference material

	 TNF-α	 tumor necrosis factor-alpha

	 UPAS	 ultrasonic personal aerosol samplers

	 wi	 water-insoluble species

	 ws	 water-soluble species
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