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Abstract

Middle income countries host the majority of the world’s population exposed to unhealthy

levels of air pollution and the majority of this population lives in urban environments. We study

the impact of information provision on household behavior regarding indoor and outdoor air

pollution in a middle income country’s major urban center – Tbilisi, Georgia. We implement a

randomized controlled trial (RCT) to assess whether providing households with different levels

of pollution information changes their knowledge of air pollution, their avoidance behavior

with respect to air pollution, and improves their health outcomes. We evaluate three different

treatments: a pamphlet with general information on pollution, the pamphlet combined with

daily text messages about local outdoor pollution, and the pamphlet with messages about both

indoor and outdoor pollution levels, supplemented with an indoor air pollution monitor. We

find that while the pamphlet alone does not lead to behavioral change, daily text messages

significantly enhance knowledge of pollution, lead to increased avoidance behaviors, and improve

health outcomes. We also examine infiltration rates throughout the city and document three

facts: indoor air pollution levels are generally higher than outdoor ones, infiltration rates are

high on average, and their variation is driven primarily by behaviors.
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1 Introduction

Air pollution is one of the leading causes of death worldwide (Weichenthal et al., 2022). Indoor and

outdoor air pollution contribute roughly equally to this mortality burden (Fuller et al., 2022). The

majority of these deaths, and the vast majority of future mortality from air pollution, will occur

in low- and middle-income countries (Shaddick et al., 2020). In these countries outdoor pollution

levels regularly exceed WHO recommended limits by as much as a factor of 10 and indoor pollution

levels can exceed them by a factor of 20 (Greenstone et al., 2021). Yet, our understanding of the

burden of indoor air pollution is mainly based on rural, lower income settings where households

rely on burning highly polluting fuels for cooking or illumination. Indoor air pollution sources are

likely to differ in more urban, wealthier settings where households often have access to modern

infrastructure and relatively-clean cooking and heating fuels.1. Indeed, data on indoor air pollution

faced by the more than one billion urban residents of middle income countries is sparse. As a result,

these settings are relatively understudied, even though our data reveals that air pollution levels are

high, particularly indoors. Overcoming this knowledge gap is essential to design policies addressing

barriers to adaptation in middle income countries.

A low awareness of exposure to unhealthy levels of pollution could prevent households from

reducing their exposure to air pollution. This knowledge gap is likely to be higher in middle

income countries than in developed countries due to sparse and/or poorly maintained monitoring

networks (Hasenkopf et al., 2023). Addressing this lack of accurate information on pollution levels

could yield high benefits in terms of individual welfare (Greenstone et al., 2022; Jha and Nauze,

2022). We assess the effectiveness of providing information about air pollution levels in the context

of an upper-middle-income country to see if it (1) leads households to engage in more avoidance

behavior and (2) whether this information is valued by households. We also examine the rate

of infiltration of outdoor pollution to indoor environments and the drivers of differences in this

infiltration rate across households.

1Much of the existing work on indoor air pollution has been focused on the role of cook stoves in low-income,
often (but not exclusively) in more rural settings (e.g. Hanna et al. (2016)). While it is a substantial challenge in
those areas our data suggest indoor air pollution is likely to be elevated for many individuals who live in settings that
are more urban, wealthier, and with more modern infrastructure. Cigarette smoking, a routine behavior for more
than one billion residents of low- and middle-income countries (WHO, 2021), is likely to be a major driver of indoor
pollution in these cases. This is precisely the setting we study. We show that in these settings, where indoor air
pollution is driven primarily by behavioral choices, information provision may be an effective approach to reducing
exposure.
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We conducted a randomized control trail (RCT) in Tbilisi, Georgia, to answer each of these

questions. The experiment compares the efficiency of three types of information treatments: (1)

receiving a pamphlet with information on pollution harms and avoidance behavior, (2) receiving a

pamphlet and daily text messages with information on outdoor air pollution in one’s neighborhood,

and (3) receiving a pamphlet, daily text messages on indoor and outdoor air pollution levels, and

an indoor air pollution monitor. We surveyed households twice before and approximately two

months after the treatment. The questionnaire contained questions about socioeconomic status,

knowledge about air pollution, avoidance behavior, a cognition exercise, self-reported health, and

willingness to pay for protective devices. To ensure that information on air pollution is as accurate

as possible, we installed outdoor pollution monitors throughout Tbilisi, multiplying the number of

outdoor monitors within the city by 10 for the duration of the intervention. Indoor air pollution

monitors were also distributed to nearly 150 randomly selected households. Data from these indoor

monitors provides insight into the extent of exposure of households that are representative of Tbilisi

inhabitants.

We find that providing information in a pamphlet has no significant impact on our measured

outcomes. Receiving daily text messages impacts knowledge of air pollution and the adoption of

avoidance behavior. However, only the most intensive information treatment - receiving information

about both indoor and outdoor pollution levels - leads to changes in avoidance behavior that result

in health improvements during the intervention. These improvements appear to be driven by the

fact that households who receive information about indoor air pollution levels reduce their level

of indoor cigarette smoking. Consistent with some existing work (Greenstone et al., 2021), but

contrary to others (Greenstone et al., 2023; Ahmad et al., 2023), we find that providing information

and access to indoor air quality monitors (IAQMs) does not change households’ willingness-to-pay

for either IAQMs or indoor air purifiers.

To examine the extent of infiltration in Tbilisi, we combine the data from the indoor air pollu-

tion monitors with the nearest outdoor monitors and estimate the rates of infiltration of outdoor

pollution indoors. Results show that infiltration rates in Tbilisi exceed estimates from the U.S. by

approximately 2-4 times (Lunderberg et al., 2023). Compared to the U.S very high infiltration is

more common, which may be due to a lower average quality of housing. However, variations in

infiltration rates seem to be mainly driven by short-term behavioral differences (e.g. length of time
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windows are left open) rather than differences in physical housing or long-term characteristics of

the household (e.g. size of the house or income level) (Burke et al., 2021; Greenstone et al., 2021).

Our work contributes to a growing body of literature identifying the impacts of providing real-

time information about air pollution on household behaviors. The conclusions from that literature

are mixed. Greenstone et al. (2022) and Barwick et al. (2024) study improvements in the provision of

information about ambient air pollution in China and find improving information provision results

in behavioral changes that improve welfare. Despite improvements in welfare, it is unclear whether

households are willing to pay for air pollution information. Ahmad et al. (2023) show households

in Lahore are willing to pay a substantial fraction of the monthly cost of mobile internet access to

receive air quality forecasts for three months. In contrast, Hanna et al. (2021) find that willingness

to pay (WTP) for air quality alerts in Mexico city is only slightly more than a tenth of the cost

of providing the alerts for the median respondent. However, once the households receive alerts,

they do change their behavior in ways that plausibly reduce their exposure. When looking at

willingness to pay for protection, Greenstone et al. (2023) find relatively low WTP for air quality

in Delhi - measured by demand for masks - but this WTP increases five-fold when households are

informed about the harms of poor air quality. However, Greenstone et al. (2021) find that providing

individuals with access to an indoor air quality monitor, also in Delhi, does little to change their

willingness-to-pay for an air purifier.

Our analysis adds to this literature by providing evidence that intensive information treatments

- daily text messages - about both outdoor and indoor pollution leads to meaningful changes in

behavior. We show that providing information about indoor pollution leads to more consequential

behavioral change than information about outdoor pollution only. In particular, households receiv-

ing information about indoor pollution reduce indoor cigarette smoking, which is one of the main

drivers of indoor air pollution in Tbilisi. Our results suggest that providing information about pol-

lution that is more easily controlled by the household - indoor pollution - may have a larger impact

on behavior than information about outdoor pollution, which households may view as beyond their

control.

Turning to infiltration, there is broad agreement that behavioral factors (e.g. opening/closing

windows) are major drivers of infiltration (Burke et al., 2021; Lunderberg et al., 2023). We find

a similar result in our study, but also that providing information influences behaviors that are
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important drivers of infiltration. Much of the literature examining infiltration rates has focused

on the United States, where infiltration rates estimates are concentrated between 0.2 and 0.3

(Bi et al., 2021; Liang et al., 2021; Lunderberg et al., 2023).2 Understanding how infiltration

rates may differ in developing countries is critical as these are the parts of the world facing the

greatest threats from high levels of ambient air pollution (Shaddick et al., 2020; Fuller et al.,

2022). This also contributes to our understanding of how vulnerability to air pollution varies

across the income distribution (Behrer and Heft-Neal, 2024). There also remains disagreement

about the extent to which infiltration rates vary across SES status. Some studies show notable

inequality in infiltration rates during high pollution events (Krebs and Neidell, 2024) and others

find no meaningful relationship between infiltration rates and SES (Burke et al., 2021). However,

these studies often use crowd-sourced information from publicly available PurpleAir monitor data,

a non-random sample of households having bought PurpleAir monitors. In our experiment, we

randomly installed monitors in the city and provided them to households that are representative

of the broader population.

2 Context and Design

2.1 Air pollution in Tbilisi

Located between Armenia, the Russian Federation, and Azerbaijan, Tbilisi is the capital of the

Republic of Georgia and a city of roughly 1.1 million people. Like many cities in the former Soviet

Republics, Tbilisi suffers from elevated average levels of ambient air pollution. From 1998 to 2018,

average monthly PM2.5 levels were approximately 20 µg/m3 (Van Donkelaar et al., 2019) in Tbilisi,

4x the WHO recommended annual average of 5 µg/m3.3 While the level of ambient pollution in

Tbilisi is low relative the levels seen in the worst cities in the world (e.g. Delhi), it is similar to

levels seen in hundreds of medium and large cities around the world and are high enough to lead

to significant negative health consequences for residents.

In Tbilisi, levels of pollution are driven by the geography of the city. The center of Tbilisi sits

in a topographic bowl, with high mountains to the West, South and Northeast (Figure 1A). This

results in population, wealth, and pollution being concentrated in the central and lower elevation

2Although higher (0.4-0.6) (Krebs et al., 2021) and lower (0.14) rates (Burke et al., 2021) have also been estimated.
3In recent years this level has fallen, with average levels slightly more than 3x the WHO recommendation in 2023.
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part of the city (Figure 1B-D). The positive correlation between wealth and air pollution is similar

to many other cities in low- and middle-income countries (Behrer and Heft-Neal, 2024).

The Georgian Ministry of Environmental Protection and Agriculture (MEPA) maintains four

pollution monitors in Tbilisi, concentrated in the central part of the city. The location of these

monitors is shown in Figure 1E. The data from these monitors is publicly available on MEPA’s

website but does not seem to be regularly accessed by residents of Tbilisi.4 Despite not frequently

checking outdoor pollution levels, residents of Tbilisi regularly report that pollution is a major issue

for them. For instance, a 2017 survey found that 42% of the residents of Tbilisi named pollution

as the most important infrastructure issue facing the city (CRRC, 2017). A 2021 follow-up survey

found that air pollution followed only unemployment and traffic as the most important issue in

Tbilisi (CRRC, 2021).

Tbilisi’s built environment was established over three major modern phases of development:

the pre-Soviet period in the late 19th and early 20th century, the Soviet period from the 1920s

to the early 1990s, and the post-1990 period (Figure A1) (Salukvadze and Golubchikov, 2016).

Each period was associated with construction of unique housing types with quality, in particular

insulation from the outside environment, tending to increase over time.5 Housing built prior to 1920

is low rise, 2-3 story structures with large windows and 2nd story balconies. Housing built during

the Soviet era largely resembles the large apartment blocks common in most Post-Soviet Republics.

Post-1990s housing is similar to much of the modern high rise development throughout Europe with

mid-to-large towers that may or may not have small balconies for each unit. In general, housing

quality is lower than in the United States or Western Europe but higher than in many other low-

and middle- income countries. Our baseline survey indicates that most houses use natural gas for

cooking and gas or electric sources for heating and that less than 0.5% of households own an indoor

air quality monitor or an air purifier.

2.2 Experimental design

Our experiment was implemented in 3 stages: installation of outdoor air pollution monitors, baseline

household survey, and treatment followed by the end-line household survey (Figure A3 shows the

4Our household survey indicates that fewer than 5% of households in Tbilisi regularly check outdoor pollution
levels at baseline.

5We provide images of examples of each housing type in Figure A2.
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timeline).

First, we installed 41 outdoor air pollution monitoring devices throughout Tbilisi to improve the

monitoring network of the city. These PurpleAir monitors provided a reliable and low-cost way to

monitor PM2.5.
6 Another advantage is that they allow to have comparable results to other academic

studies of air pollution (e.g. Burke et al. (2021); Krebs et al. (2021); Liang et al. (2021)). Figure

1E shows the location of the installed monitoring devices. They were installed by the Caucasus

Research Resource Center (CRRC) in collaboration with MEPA and the Tbilisi City Hall. In most

cases, outdoor monitors were installed in public schools to ensure reliable access to power and an

internet connection. Installation took place during a two-week period at the beginning of January

2023.

The second phase of the intervention was a household survey that took place at the end of March

2023 and beginning of April following the installation of the outdoor monitors. CRRC surveyed

862 randomly selected households within 230 randomly selected census blocks in Tbilisi. Surveyed

census blocks are shown in navy in Figure 1 in the bottom portion of Panel E. We describe the

details of the selection of census blocks and households in Appendix 1.

Our information intervention was embedded in the survey design. The experiment contained a

control and three treatment arms:

Control - Households were surveyed, but no information about air pollution was pro-

vided by the survey team.

Treatment 1 (Leaflet) - At the end of the baseline survey, households were given a

leaflet with information about air pollution: what it is, how it impacts individuals’

health, actions that people can take to reduce exposure to air pollution - like using

ventilation while cooking or avoiding high traffic areas - and a scale explaining how

health effects increase as the level of pollution rises. The information and scale in the

leaflet were based on the U.S. EPA brochures on the dangers of air pollution. Households

also received a magnet with a QR code that linked to an online version of the leaflet.7

Treatment 2 (Outdoor pollution) - In addition to the information provided to households

6In Figure A5 we plot the readings from the four Ministry of Environment monitoring stations against the
readings from the nearest installed PurpleAir monitor. There is broad agreement in the readings, although the
PurpleAir monitors appear to have slightly higher readings at high levels of pollution.

7An English version of the leaflet is shown in Appendix 7.
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in Treatment 1, households received daily text message for approximately two months

with information on the level of outdoor air pollution near their house. This information

was based on the readings from the nearest PurpleAir monitor to their house from 8am-

10am that day and was sent at 10am every day. We document, and report to the

household, that the pollution level from 8am-10am was positively correlated with the

pollution level for the rest of the day and could be used to inform their expectations

about those levels.

Treatment 3 (Outdoor and Indoor pollution) - In addition to the leaflet, households

received the same daily text message as Treatment 2 for approximately two months.

In the text message, they also received the average level of indoor air pollution over

the last 24 hours in their house. To provide this information, households in treatment

3 all received an indoor PurpleAir monitor that recorded the level of PM2.5 in their

house in real-time. These devices also indicate the quality of air in real-time using a

color-scale from green (good) to red (bad). If the household did not consent to host

an indoor air pollution monitor, the surveyor ended the survey and followed the same

random selection process to select another household. Installation occurred the week

following the survey and monitors were installed in a primary living space that was not

the kitchen.

The end-line survey was conducted two months later, in late May and early June. At this time, a

hundred percent of the surveyed households at baseline were revisited. At this time, all households

who completed both surveys received a payment for participation. The size of the payment varied

depending on the treatment. Households in the Control group and Treatment 1 received 30 GEL,

while the ones in Treatment 2 received 50 GEL and the ones in Treatment 3 received 70 GEL.8 The

survey measured outcomes to assess the effectiveness of the embedded information intervention,

such as self-reported health symptoms.

2.3 Balance test

We show in Table A1 that treatments are generally balanced across observables using data from

the baseline survey. We report the difference in means between each of the treatment groups and

8At the time of the payments, 1 GEL was approximately 0.38USD.
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the control and the t-statistic of this difference across 22 observables that summarize household

characteristics, behaviors, health outcomes and knowledge of pollution. Of the 66 comparisons we

make, five are significant at conventional levels. Households in treatments one and two live one

floor lower than those in the control or treatment 3. Of households in treatments two and three,

100% cook with natural gas, compared to 97% in the control and 98% in treatment one. The most

meaningful difference is that households in treatment three are slightly wealthier on average than

those in the control or other treatment groups. Controlling for wealth in our subsequent analysis

does not change any of our results.

3 Empirical strategy

3.1 Information treatment

Our main specification compares outcomes across treatment groups using OLS regressions of the

form:

∆Yi = β0 + β1Treatmenti + ϵi (1)

where i denotes households and ∆Y is the change from survey round one to survey round two in

the outcome of interest for that household. Treatment is an indicator for assignment to one of

the three treatment groups (Leaflet, Outdoor, Outdoor and Indoor). Our outcomes of interest are

three indices of household knowledge, actions, and health. These indices capture a household’s

performance in the related category across all questions related to this outcome. For example,

we ask households whether they experience a variety of health symptoms in the month prior to

the survey. Our health index is then the total number of symptoms the household experienced.

For more details on these calculations see Appendix 3. Because the health symptoms of pollution

exposure and the common cold are similar, to alleviate concerns that our results are driven by

seasonal respiratory disease (or COVID-19) we exclude households that have been diagnosed with

COVID-19 during our sample period and those that visit the doctor explicitly for a respiratory

disease from our analysis.9 In all analysis we cluster standard errors at the census block level.

9Including these households does not meaningfully change our results.
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3.2 Measuring infiltration

The random distribution of indoor air pollution monitors in our experiment offers a setting where

the ownership of an indoor monitor is not endogenous to household characteristics.10 To do so

we examine the relationship between the indoor pollution measured in the houses of households

in Treatment 3 Outdoor and Indoor and the level of outdoor pollution measured by the outdoor

monitors closest to the household.

To calculate infiltration rates, we estimate a lagged model with the level of indoor pollution

in a given household as a function of the previous six hours of outdoor pollution measured by the

nearest monitors (Burke et al., 2021). For each household for which we have indoor pollution data,

we run the following specification:

Indoor pollutionhdw =
6∑

l=0

βlOutdoor pollutionh−l;dw + ηh + γd +∆w + ϵhdw (2)

To absorb idiosyncratic variation in indoor pollution that may be due to factors unrelated to

infiltration (e.g. cooking), we include hour (ηh), day (γd), and week (∆w) fixed effects. These fixed

effects are specific to each individual household in the sample and capture household-specific details

like the typical times at which they return from work or cook meals.

Our measure of infiltration is the sum over all lags of βl. This provides an estimate of the change

in indoor air pollution for a 1µg/m3 cumulative increase in outdoor pollution over the previous six

hours. We include lags because it may take time for outdoor pollution to filter into homes. To

assess the sensitivity of our results to our choice of lag structure we estimate several alternative

lagged models as in Burke et al. (2021): Our preferred model with six lags of outdoor pollution, one

including six lags of indoor pollution and no outdoor lags, one with no lags of indoor or outdoor

pollution, and one with ten lags of outdoor pollution. Our estimates of average infiltration are

consistent across each of these different specifications (Figure A4).

To understand the drivers of variation in infiltration rates, we estimate the following equation:

Infiltration ratei = ϕXi + ϕZi + ϵi (3)

10For example, Burke et al. (2021) observe that households in high-income areas in their sample are much more
likely to own an indoor monitor than those in low-income areas.
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where Xi is a vector of long-term attributes of the household (i.e. size of the house or education

level of the survey respondent) and Zi is a vector of short-term behavioral measures (i.e. how

long they typically leave the windows open in a day). We run several versions of equation 3 that

separately estimate the impact of long-term and short-term characteristics on infiltration and we

also jointly estimate their effect. As in our previous analysis, we cluster errors at the census block

level. We detail the specific long-term and short-term characteristics that we examine when we

discuss the results of these regressions. In all cases we use the level of these characteristics that

households provided in response to the first round of our survey, prior to our intervention.

4 Results

4.1 Effectiveness of informational treatments

Existing work indicates that providing information about the negative health effects of air pollution

substantially increases willingness-to-pay for reductions in pollution exposure (Greenstone et al.,

2023). The Leaflet treatment tests this hypothesis by only providing information about the conse-

quences of air pollution exposure and how to avoid it. Table 1A reports the impact of the leaflet

treatment on our measure of knowledge of air pollution, avoidance behaviors, and health symp-

toms. All estimates are insignificant, indicating that we find no evidence that information provided

through a leaflet changes knowledge of air pollution or increases avoidance behavior (Columns 1

and 2).

Our Outdoor and Indoor and Outdoor treatments provided households with information about

indoor and outdoor pollution levels. Households appear to have consumed this information. In

the survey we asked households about the frequency with which they check information about air

pollution levels. Table A5 shows that no household checked indoor or outdoor pollution prior to

our intervention. However, after our intervention, 56% of households in the Outdoor treatment and

70% in the Indoor and Outdoor treatment reported checking outdoor air pollution levels. Similarly,

85% of households in the Indoor and Outdoor treatment reported checking indoor pollution levels.

In contrast, households in the Leaflet treatment did not change their behavior with respect to

checking pollution levels in between the survey rounds.

In contrast to the Leaflet treatment, the Outdoor treatment may have increased households’
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knowledge of air pollution and led to an increase in avoidance behavior (Table 1B). Receiving

daily text messages with information on outdoor air pollution leads to an estimated 5% increase

in knowledge about air pollution, although with wide confidence bounds. However, consistent

with some increase in knowledge, the second treatment group increases the number of avoidance

behaviors taken by 27%. These changes did not lead to significant improvements in health in

the two months separating the two survey rounds. Collectively, our results suggest that receiving

daily text messages induces behavioral change but not on actions that lead to significant health

improvements within the time period we study.

Our Indoor and Outdoor treatment provides daily texts with indoor and outdoor pollution

levels, as well as an indoor air pollution monitor and had positive impacts on each of the outcomes

we examine (Table 1).The additional information provided about indoor pollution levels appears

to make pollution substantially more salient for households. Their knowledge of air pollution

improves by 7% between the two survey rounds, and this results in a 21% increase in avoidance

behaviors. Notably, these changes translate into substantial improvements in self-reported health,

with households in the Indoor and Outdoor treatment arm reporting a 21% decline in health

symptoms between the two survey rounds.11

What drives the differential results for households in the Indoor and Outdoor treatment com-

pared to the Outdoor treatment? First, we find that households receiving indoor air pollution

information report taking weakly more indoor avoidance behaviors than Outdoor treated house-

holds (difference: 7%, t-stat:1.04). Second, and more importantly, households in the Indoor and

Outdoor treatment report a 30%-47% reduction in indoor smoking as a consequence of receiving

information about indoor air pollution levels in their home.12 Providing information about indoor

air pollution levels, including real-time information via the changing color of the indoor monitor,

induced individuals to smoke outside rather than indoors.

This small behavioral change appears to have large impacts on the health of all household

11We examine a variety of other outcomes related to exposure to air pollution and information. We report some
of these in Table A7. We do not find evidence that our treatments change households’ perceptions of the relative
importance of pollution as a policy issue in Tbilisi, the number of days they or other members of the household miss
school or work, or the amount of time they spend exercising outside.

12Unfortunately, only the households in the Indoor and Outdoor treatment were asked this question so we cannot
compare this magnitude to the change in other treatment arms. However, since no other treatment arm received
information about indoor pollution levels, households would have had no reason to reduce smoking. Our informational
leaflet did not mention smoking as a source of indoor pollution either.
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members. The magnitude of this change is consistent with the important influence that smoking

has on indoor air pollution levels. We find that indoor pollution levels are 163.4% (t-test: 4.77

) higher in households with at least one member smoking compared to those with none.13 When,

regressing indoor air pollution levels on the presence of a smoker and the vectors of long-term and

short-term household characteristics described in equation 3, we find that having a smoker is the

most predictive characteristic of levels of indoor air pollution. The presence of a smoker is associated

with a greater than one standard deviation increase in indoor pollution levels (≈ 60µg/m3 (t-stat:

5.47)).14 As such, information on indoor air pollution has a strong potential to improve public

health in Georgia, given that the country has one of the highest rates of smoking in Europe, with

more than 30% of the population smoking (Sturua et al., 2018) and more than 40% regularly

exposed to second-hand smoke at home (Foundation for a Smoke Free World, 2021).15

4.1.1 Willingness-to-pay

At the end of each survey, we conducted a willingness-to-pay (WTP) exercise with the participants

in which they were asked how much they would be willing to pay for an air pollution monitor and,

separately, for an air purifier.16 At baseline, WTP was low relative to the cost of the IAQMs used

in the RCT and the cost of air purifiers (Table 2). Households indicate that they are willing to

pay less than 25% of the IAQM price and less than 50% of the price of an air purifier. Since the

IAQMs have a price similar to low-end smartphones in Tbilisi, the WTP for IAQMs in Georgia is

substantially less than the market price of smartphones.

We find little evidence that any of our treatments had a meaningful impact on households’

WTP for either IAQMs or air purifiers. None of our point estimates (Table 2) are significant at

conventional levels for either the monitor or the purifier. This suggests that providing information,

and in some cases access to the technology in question, is not sufficient to change households’ WTP

for further access to monitoring technology or cleaner air.17 We offer two hypotheses for this.

13We find that outdoor pollution levels at the homes of those who smoke are -4.1% (t-test:1.47 ) lower compared
to those who do not smoke.

14Indoor pollution levels declined on average over our sample period for all households but, in households that
reported shifting the location of smoking outside, the downward trend was 1.6x larger than in those that did not shift
the location of smoking.

15In our overall sample 30% of surveyed individuals reported smoking. In the All treatment the reported smoking
rate is 31%.

16They had the option to indicate that they did not know how much they would be willing-to-pay. The specific
questions are provided in Appendix 2.

17Our results are similar to those of Greenstone et al. (2021) who find that providing individuals with an indoor
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First, there is a cognitive cost to knowing that one is living in areas with high levels of air pollution

that households may wish to avoid, or at least not pay to be reminded of (Allcott and Kessler,

2019). This could explain the low WTP for IAQMs. Second, households may have realized with

the intervention that they can reduce indoor air pollution by changing behavior around smoking,

using ventilation while cooking, and closing windows at other times. This knowledge may have

reduced their demand for costly technology - indoor air purifiers - that substitutes these actions.18

4.2 Infiltration Rates

Effective changes in individual behaviors to mitigate indoor air pollution depend on whether these

behaviors are a major source of pollution within their homes. If high levels of infiltration from out-

doors are predominant factors, altering individual behaviors may not suffice to protect households

effectively.

We estimate that infiltration rates in Tbilisi are substantially higher than those observed in the

United States. On average, infiltration rates are 0.6 , which is 4x higher than the lowest estimates

in the United States and roughly twice the typical estimates (Burke et al., 2021; Lunderberg et al.,

2023). Figure 2A shows the frequency of household specific infiltration rates, obtained by estimating

equation 2 individually for each of household with an indoor monitor in our sample.19 We observe

a fairly even distribution of infiltration rates across the full range from 0 to 1, with more mass at

the top of the distribution compared to estimates from the U.S. (Burke et al., 2021).

Households that have higher rates of infiltration do have systematically higher levels of indoor

air pollution compared to those that have lower levels of infiltration. Figure 2C presents the average

level of indoor air pollution during our sample period in households in the top 25% of infiltration

rates and those in the bottom 25%. There is a clear difference in the average levels of pollution

in high-infiltration households (dark blue line) compared to the level in low-infiltration households

air quality monitor does little to change their willingness-to-pay for a subsidized air purifier.
18It is also important to note that our WTP exercise is not incentivized due to limitations in our survey imple-

mentation. It is possible that the responses do not reflect households’ true WTP. However, even if this resulted in
systematically low WTP on average, we’d expect some households to have provided accurate responses. We find that
less than 3% of the sample would be willing to pay enough to cover the cost of an air purifier and less than 2% to
cover the cost of an IAQM (Figure A6). The qualitative result that WTP is below the cost of these technologies thus
appears robust.

19For all households where the sum of lags - our estimate of the infiltration rate - is above 1 or below 0 we top-
and bottom-code at 1 and 0. Our estimates of the average rate of infiltration do not vary meaningfully based on
different lag structures (Figure A4).
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(dark orange line) for nearly the entire duration of our measurement period. Indoor pollution levels

are 78.6% (t-test: 2.19 ) higher in high infiltration households compared to low. In contrast, there

is no difference in outdoor pollution levels across these two groups (Figure 2D). This is consistent

with the spatial distribution of these households in Figure 2B, with households in both quartiles

being relatively intermixed throughout Tbilisi.

Table 3 presents evidence on the drivers of differences in infiltration rates across households.

The only measure of physical housing characteristics or socioeconomic status that significantly

explains variation in infiltration rates is housing size.20 Larger homes, measured by the size of

the home in square meters, tend to have lower levels of infiltration (column 1). This may be due

to the fact that there is more space for pollution to disperse in larger homes, which weakens the

relationship between changes in outdoor and indoor pollution levels. Other physical features of

housing, or the wealth or education level of the household, do not explain variation in infiltration

rates.

In contrast, behaviors are significantly correlated with infiltration rates. Ownership of IAQMs

and use of ventilation during cooking are both associated with substantially lower infiltration rates

(column 2, Table 3). The sign on the relationship between infiltration and both of these behaviors

is robust to including our full-set of physical characteristics and SES measures (column 3, Table 3),

though owning an IAQM is much less precisely estimated.21 The correlation between these behav-

iors and infiltration rates is substantial, with both associated with reductions in infiltration rates of

approximately 25%.22 Opening windows is also associated with substantial increases in infiltration

rates. Each additional hour with open windows is associated with an increase in infiltration rates

of approximately 5%.23

20Our other measures include measures of the age of the house, the wealth of the household and the education
level of the household.

21Curiously we find that owning an air purifier is also associated with higher levels of infiltration in the fully
controlled model. This could be a consequence of households with high levels of infiltration, and thus high indoor
pollution, seeking to reduce exposure. Only two households in the sample had an indoor air purifier at the beginning of
our intervention. Our results are robust to dropping these households from the analysis. We also run this regression
controlling for whether anyone in the household smokes. Our results remain unchanged and we do not find that
smoking is predictive of infiltration rates.

22This is roughly equivalent, in terms of the change in infiltration rates, to owning a home in the 75th percentile
of size.

23That leaving windows open increases infiltration in an environment with high levels of indoor air pollution may
seem strange as it might be expected to reduce indoor pollution. We note that our measure of infiltration is how
quickly indoor pollution responds to changes in outdoor pollution, not the level of indoor pollution per se, and because
opening windows is likely to make indoor pollution much more responsive to changes in outdoor pollution this result
makes sense.
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Collectively our results suggest that behaviors, and not the physical characteristics of houses or

SES, are the primary drivers of differences in infiltration rates, consistent with evidence from the

U.S. (Burke et al., 2021). They suggest that there may be substantial scope for reducing indoor

pollution exposure through information provision that do not require substantial investments in

changing the built infrastructure.

5 Conclusion

This study provides an analysis of the impact of information provision on knowledge, avoidance

behavior and health outcomes related to air pollution in Tbilisi, Georgia, a middle-income country.

Our findings indicate that while informational leaflets do not significantly change knowledge or

avoidance behaviors, additional information on pollution levels, delivered with high frequency,

leads to substantive changes. Households that receive information on both indoor and outdoor

pollution levels, coupled with an indoor air pollution monitor, not only increased knowledge and

avoidance behaviors by 7% and 21% , respectively, but saw a significant 21% reduction in self-

reported health symptoms within two months. The major driver is likely a reduction in indoor

cigarette smoking, triggered by increased awareness of indoor air quality. This results highlights

the potential of tailored, real-time information in improving public health.

Our study also highlights a persistent challenge, the low willingness-to-pay (WTP) for air qual-

ity information or protective devices, even among those who experience the benefits of reduced

pollution. Increased awareness of air pollution does not necessarily translate into higher WTP,

possibly due to the psychological burden of acknowledging one’s pollution exposure or the cost

barrier.

We also document that infiltration rates in Tbilisi are higher than those typically recorded in

the United States, and that behaviors, rather than the physical characteristics of homes or socioeco-

nomic status, appear to be the primary drivers of high rates of infiltration. The overall high rate of

infiltration suggests that regardless of their wealth or education, those living in neighborhoods with

high levels of ambient pollution are not substantially more protected from outdoor pollution by

their homes than those with lower income or education levels. Our findings emphasize the potential

of information provision to enable households to manage their exposure to pollution. Opening win-
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dows less and using ventilation while cooking - relatively simple behavioral interventions - are both

associated with lower infiltration rates. That suggests that simple behavioral interventions may

present an opportunity to reduce exposure to indoor pollution in some settings. Our results show

that the adoption of behaviors impacting infiltration, for instance, closing the window when outdoor

air pollution levels are high, is increased by information provision through daily text messages.

Overall, this research demonstrates the effectiveness of specific, real-time information in reduc-

ing exposure to indoor air pollution and improving health outcomes. But our results leave several

important questions unanswered. How long do households remain responsive to information about

pollution levels? Existing evidence suggests that the effectiveness of informational and behavioral

interventions may decline over time (Allcott and Rogers, 2014). It is unclear if our effects would

persist or decline if the intervention had continued for a longer period. It is also unclear whether the

behavioral changes we observe in either the Outdoor or Outdoor and Indoor treatments would lead

to long-term improvements in health. It may be the case the behavioral changes households in the

Outdoor treatment engaged in were not substantial enough to generate short-run improvements

in health but would lead to longer-term benefits. Finally, while we demonstrate that behavior

seems to matter more than housing characteristics or SES for infiltration rates, our analysis is still

able to explain only a small part of the variation in infiltration rates. Work that increases our

understanding of the residual variation in infiltration rates would be a valuable contribution.
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6 Figures

Figure 1: Intervention summary information: Panels A-D show the elevation (Abrams,
2000), population distribution (Lloyd et al., 2017), wealth distribution (measured using the RWI
(Chi et al., 2022)), and average ambient PM2.5 concentrations (Van Donkelaar et al., 2019) through-
out Tbilisi. Panel E shows the location of the Ministry of Environment monitors, the only pollution
monitors in the city prior to our intervention, in the top half and the location of the monitors in-
stalled as part of the intervention in the lower half. In the lower half of Panel E we also show
the census districts that were sampled in the intervention. In Panels F and G we show the indoor
PM2.5 levels recorded by the installed monitors and the outdoor levels. The indoor monitors were
installed slightly later than the outdoor monitors and so have a shorter period of observation.
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Figure 2: Pollution in high and low infiltration homes: Panel A shows the frequency of
home specific infiltration rates estimated with Equation 2. We top- and bottom-code estimates
outside of the 0-1 range at 0 and 1. Panel B shows the distribution of houses across Tbilisi in the
bottom quartile of infiltration rates (in orange) and those in the top quartile (in blue). There is no
meaningful difference in the spatial distribution of homes across these two quartiles. Panel C and
D show the indoor and outdoor pollution levels recorded by the monitors during our experiments
in the same set of homes. Panel C clearly shows that indoor pollution levels in high infiltration
homes (blue line) are systematically higher than those in low infiltration homes (orange line) while
there is no such difference in outdoor levels in Panel D. In both figures the dark lines show the
average across all households while the lighter lines plot the data from individual monitors.
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7 Tables

Table 1: Impact of RCT treatments

Knowledge of
pollution

Actions to avoid
pollution

Health
symptoms

Leaflet Treatment

Treatment effect -0.3493 -0.0262 -0.0571
(0.3254) (0.1350) (0.1518)

N 458 458 375

Outdoor Treatment

Treatment effect 0.4912 0.3107∗∗ 0.2468
(0.3258) (0.1427) (0.1575)

N 457 457 368

Outdoor and Indoor Treatment

Treatment effect 0.7597∗∗ 0.3079∗ -0.3692∗∗

(0.3057) (0.1566) (0.1752)
N 375 375 309

Pre-period outcome means:
Leaflet treatment: 10.90 1.35 1.49
Outdoor treatment: 10.75 1.23 1.30
Outdoor & Indoor treatment: 11.23 1.49 1.77

Notes: The outcome in all columns is the difference in the count of self-reported knowledge, adaptive behaviors,
or health symptoms of pollution exposure from each household in the survey. The omitted group is the control
group. The survey asked about adaptive actions and health symptoms during the 30 days prior to each survey round.
The actions we ask about are: avoiding busy traffic areas, avoiding high levels of outdoor activity on high pollution
days, using a ventilation fan while cooking, opening windows to vent the house. The symptoms we ask about are:
eye irritation, sore throat, headache, cough, wheezing, sinus pain, or shortness of breath. Heteroskedasticity robust
standard errors clustered by census block - the sampling unit- are in parentheses (* p<.10 ** p<.05 *** p<.01). We
report results controlling for household wealth and housing age in Table A2.
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Table 2: Impact of treatment on willingness-to-pay

WTP for air monitor (GEL) WTP for air purifier (GEL)

Leaflet treatment -11.19 -103.47
(20.93) (135.06)

Outdoor treatment -33.28 -178.79
(21.07) (148.75)

Outdoor & Indoor treatment -1.37 -84.80
(15.96) (126.42)

N 300 314

Pre-period outcome mean (GEL): 80.61 204.11

Notes: The outcome in all columns is the difference in the household’s reported willingness-to-pay to pay for the
item between the two rounds measured in Georgian Lahi. We drop all households that answered I don’t know in
either round or didn’t answer the question. In results available upon request we show that these results are robust
to alternative measures of dealing with these non-responses. Heteroskedasticity robust standard errors clustered by
census district - the sampling block - are in parentheses (* p<.10 ** p<.05 *** p<.01).
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Table 3: Characteristics predictive of infiltration rates

Physical attributes Actions Combined

Seperate kitchen 0.002 0.033
(0.066) (0.069)

Size of house (m2) -0.001∗ -0.002∗∗

(0.001) (0.001)
After 2010 -0.012 0.093

(0.168) (0.218)
1990 -2009 -0.016 -0.035

(0.135) (0.135)
1960-1989 -0.041 -0.052

(0.090) (0.095)
1930-1959 -0.132 -0.117

(0.125) (0.126)
Before 1920

Floor of dwelling -0.005 -0.005
(0.008) (0.008)

Consumption index 0.006 0.009
(0.025) (0.024)

Has fireplace 0.026 0.014
(0.408) (0.367)

Greater than secondary schooling -0.091 -0.092
(0.068) (0.066)

Windows open (Hrs) 0.016 0.027∗∗

(0.011) (0.012)
Cooks with ventilation -0.140∗ -0.139∗

(0.081) (0.076)
Owns air purifier -0.014 0.180∗

(0.037) (0.098)
Owns indoor monitor -0.162∗∗∗ -0.192

(0.041) (0.233)
N 129 129 129
Adjusted R2 -0.009 0.007 0.022
Total SS 12.94 12.94 12.94
Residual SS 11.94 12.46 11.17

Pre-period outcome mean: 0.57 0.57 0.57

Notes: The outcome in all columns the outcome is the household specific infiltration rate, calculated as described
in the text, top-coded at 0 and 1. We use the base estimation of the household infiltration rate in this table. The
sample includes all households that received an indoor monitor and whose cleaned indoor data resulted in non-zero
indoor measurements. The omitted category for date dwelling was built was pre-1920. The omitted category for
education is Windows open indicates the typical number of hours the household leaves the windows open in a day.
Heteroskedasticity robust standard errors clustered by census district - the sampling block - are in parentheses (*
p<.10 ** p<.05 *** p<.01).
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Appendix 1 Census block & household selection process

Census blocks were randomly selected to be surveyed after stratifying census blocks in Tbilisi based
on average block elevation above sea level and average household consumption in the block in the
last reported census. We stratified census blocks into above and below median of each of these
categories to ensure that surveyed blocks were balanced across high and low consumption and high
and low elevation blocks. After randomization we selected 56 or 59 blocks in each of the four strata.
The location of the outdoor monitors was chosen such that the average distance between a selected
census block and the nearest outdoor monitor was less than 1 kilometer.

To select households within census blocks, interviewers followed a random walk process. Starting
points were marked on all maps and trainers instructed enumerators on the direction of the random
walk. Depending on the number of apartment blocks and houses to be sampled, interviewers
were instructed to conduct interviews in different buildings or, if there were only one building
in the sampled block, they were asked to use different entrances. All enumerators had to follow
instructions provided by CRRC and a randomized post-survey back check was conducted to ensure
quality. Households were assigned to control or treatment groups based on the order they were
encountered. The first household encountered was assigned to control and subsequent households
were selected for each of the treatment groups. Because of limits on the size of treatment group
three not all surveyed census blocks had four households contacted. Those that were limited to
three household contacts were selected randomly within strata.

Appendix 2 Survey implementation details

The survey was collected through face-to-face interviews using Computer Assisted Personal Inter-
viewing (CAPI). The interview lasted approximately 20 minutes. CRRC Georgia coordinated the
survey implementation. They recruited 22 enumerators, two supervisors and one technical assistant
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for installing indoor air monitors. CRRC conducted two four-hour trainings before the start of the
fieldwork. During the trainings, interviewers practiced the questionnaire, sampling instructions,
familiarized themselves with the maps and recording air quality with the help of the portable air
monitors. They also discussed possible problems or challenges that might arise during the fieldwork.

The training covered the following topics:

• Sampling instructions

• Becoming familiarized with maps

• Indoor monitor installment procedure

• Usage of portable air monitors

• Respondent selection

• Overview of the questionnaire with special attention to problematic questions

• Conducting test interviews

Trainings were provided by CRRC staff. Before the actual fieldwork, all enumerators were
provided with tablets, maps for every cluster, letter to the respondent explaining the aim of the
project, name tags and portable air monitors that they had to carry with them during the whole
fieldwork. The technical assistant received indoor monitors and a detailed manual on installation.

Appendix 3 Creation of outcome indices

The survey included three questions intended to elicit households understanding of their ability
to reduce their exposure to air pollution by changing their behavior, the extent to which they
engaged in these behaviors, and the health symptoms related to pollution that they experienced
in the month prior to each round of the survey. The exact wording of these questions was as follows:

Knowledge question:

Do you think that the following behavior can impact someone’s health (Yes/no/not sure
for each)?

1. Avoid going out on high air pollution hours and days?

2. Avoid opening windows during high air pollution hours?

3. Avoid busy roads when walking, running, or cycling?

4. Increase ventilation at home?

Behavior question:

In the last 30 days, have you taken any of the following actions more than twice?

1. Avoided going out on high air pollution hours and days?

2. Avoided opening windows during high air pollution hours?

3. Avoided busy roads when walking, running, or cycling?

4. You increased ventilation at home?
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These questions were specifically worded to focus on the actions that the informational leaflet that
all households received highlighted as potential ways for households to reduce their exposure to air
pollution. We asked the following about health symptoms:

Have you had any asthma attacks during the last month?

and

Have you had any of the following symptoms in the last month? (Specify which)

1. Eye irritation

2. Sore throat

3. Headaches

4. Coughing

5. Wheezing

6. Sinus irritation

7. Shortness of breath during physical activity

For each category - knowledge, behavior, and health - we count the number of affirmative answers
the household gives and sum these to create the index. So a household that indicated they did not
think that any of the actions could improve health but had avoided going out on high pollution
days would have scores of 0 and 1 in the knowledge and behavior indices respectively. If they then
indicated they had suffered an asthma attack and headaches but no other symptoms they would
receive a score of 2 in the health index.

In Table A7 we examine how treatment impacts households’ ranking air pollution in a list of
issues facing Tbilisi, whether treatment reduces missed school or work due to illness and whether
households have exercised outside. To measure these we ask the following questions. // For exercise:

In the last week, how many hours have you spent practicing outdoor physical activity?

For health concerns impacting work or school:

Did a health concern affect your normal work pattern in the last month?

or:

Have you or anyone in the household missed school due to health concerns in the last
month?

For the importance of air pollution:

How important do you think the following issues are in Tbilisi? Please scale from 1
(least important) to 5 (most important)

1. Prices

2. Poverty

3. Air pollution

4. Crime

5. Immigration
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Appendix 4 PurpleAir data cleaning

We follow both Burke et al. (2021) and Krebs et al. (2021) and filter the data from our PurpleAir
monitors to eliminate data that is likely to have been generated by errors in the monitors. To do
so we use the following steps:

1. For indoor monitors we require that a monitor report data for at least 30% of the sample
period to be included. All outdoor monitors are included because they report over this
threshold.

2. For both indoor and outdoor monitors we replace with missing all observations, after the
first, where the value is the same for five periods in a row. Pollution levels are unlikely to be
stable enough to generate that consistency in readings and these are likely due to monitors
experiencing momentary losses of connectivity.

3. For both indoor and outdoor monitors we top-code pollution levels at 1000 µg/m3. This is
the accuracy threshold reported by PurpleAir.

Appendix 5 Additional tables
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Table A1: Balance table

Control T1 T2 T3
Mean T1-Con. t-stat T2-Con. t-stat T3-Con. t-stat

House & Neighborhood characteristics
District elevation (m) 500.74 0.00 0.00 -0.17 -0.02 1.98 0.20
Lives in apartment. (Y/N) 0.72 -0.00 -0.10 0.02 0.50 -0.04 -0.78
Lives in house. (Y/N) 0.17 0.01 0.25 -0.00 -0.11 0.03 0.80
Apt. floor (#) 5.18 -0.75 -1.97 -1.05 -2.84 -0.23 -0.53
Seperate kitchen. (Y/N) 0.84 -0.03 -0.86 0.03 0.92 -0.02 -0.53
House built prior to 1959. (Y/N) 0.17 -0.02 -0.51 0.02 0.51 0.06 1.49
House built 1960-1989. (Y/N) 0.48 0.02 0.47 -0.02 -0.52 0.02 0.45
House build post-1989. (Y/N) 0.06 0.00 0.00 -0.03 -1.36 0.03 0.96
Consumption in 000s GEL 19.45 0.00 0.00 0.61 0.45 3.20 2.00
Level of education 0.58 -0.01 -0.19 0.06 1.21 0.07 1.35
Knowledge index 10.82 0.07 0.32 -0.08 -0.32 0.41 1.70
Avg. outdoor PM 2.5 21.95 0.00 0.00 -0.01 -0.04 -0.02 -0.07

Behaviors
Cook with natural gas 0.97 0.01 0.91 0.03 2.14 0.03 2.14
Do you use ventilation when cooking 0.83 0.02 0.63 -0.00 -0.02 0.04 0.97
Does anyone smoke inside? (Y/N) 0.22 -0.03 -0.93 0.02 0.58 0.01 0.33
Use air monitor at home 0.01 0.01 1.01 0.00 0.01 -0.01 -0.57
Adaptive actions index 1.28 0.04 0.32 -0.11 -0.81 0.15 0.96

Health outcomes
Health index 1.62 -0.14 -0.87 -0.32 -2.09 0.15 0.81
Has anyone missed school for health? (Y/N) 0.11 -0.00 -0.15 -0.00 -0.12 -0.02 -0.76
Have health concerns impacted your work? (Y/N) 0.10 -0.01 -0.33 -0.03 -0.68 0.05 1.00

Knowledge of pollution
Knowledge of air purifier. (Y/N) 0.41 0.00 0.02 0.02 0.48 0.05 0.93
Knowledge of air monitor. (Y/N) 0.35 -0.02 -0.44 0.02 0.39 -0.01 -0.16
Checked outdoor pollution? (Y/N) 0.01 -0.00 -0.58 -0.00 -0.57 0.01 0.46
Checked indoor pollution? (Y/N) 0.00 -0.00 -1.00 0.00 0.01 -0.00 -0.80

Notes: Means of each variable for the control group are reported as labeled in column 1. Columns 2, 4, and 6
report the difference in the means between the control and treatment groups. Columns 3, 5, and 7 report the t-stat
of the difference in means. For all Y/N questions, 1 indicates Yes. Each of the health questions was asked about the
previous 2 weeks. Education is an index measuring the level of education completed wtih 1 indicating completion
of at least college.
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Table A2: Impact of Leaflet treatment

Knowledge of
pollution

Actions to avoid
pollution

Health
symptoms

Leaflet treatment -0.3330 -0.0602 -0.0602
(0.3269) (0.1364) (0.1517)

N 458 458 375

Pre-period outcome mean: 10.90 1.32 1.49
Controls for wealth & building age: Yes Yes Yes

Notes: The outcome in all columns is the difference in the count of self-reported knowledge, adaptive behaviors,
or health symptoms of pollution exposure from each household in the survey. The omitted group is the control
group. The survey asked about adaptive actions and health symptoms during the 30 days prior to each survey round.
The actions we ask about are: avoiding busy traffic areas, avoiding high levels of outdoor activity on high pollution
days, using a ventilation fan while cooking, opening windows to vent the house. The symptoms we ask about are:
eye irritation, sore throat, headache, cough, wheezing, sinus pain, or shortness of breath. Heteroskedasticity robust
standard errors clustered by census block - the sampling unit- are in parentheses (* p<.10 ** p<.05 *** p<.01).

Table A3: Impact of Outdoor treatment

Knowledge of
pollution

Actions to avoid
pollution

Health
symptoms

Outdoor treatment 0.5046 0.3232∗∗ 0.2588
(0.3226) (0.1450) (0.1591)

N 457 457 368

Pre-period outcome mean: 10.75 1.16 1.30
Controls for wealth & building age: Yes Yes Yes

Notes: The outcome in all columns is the difference in the count of self-reported knowledge, adaptive behaviors,
or health symptoms of pollution exposure from each household in the survey. The omitted group is the control
group. The survey asked about adaptive actions and health symptoms during the 30 days prior to each survey round.
The actions we ask about are: avoiding busy traffic areas, avoiding high levels of outdoor activity on high pollution
days, using a ventilation fan while cooking, opening windows to vent the house. The symptoms we ask about are:
eye irritation, sore throat, headache, cough, wheezing, sinus pain, or shortness of breath. Heteroskedasticity robust
standard errors clustered by census block - the sampling unit- are in parentheses (* p<.10 ** p<.05 *** p<.01).

Table A4: Impact of All treatment

Knowledge of
pollution

Actions to avoid
pollution

Health
symptoms

All treatment 0.8116∗∗∗ 0.2844∗ -0.3308∗

(0.3037) (0.1582) (0.1785)
N 375 375 309

Pre-period outcome mean: 11.23 1.49 1.77
Controls for wealth & building age: Yes Yes Yes

Notes: The outcome in all columns is the difference in the count of self-reported knowledge, adaptive behaviors,
or health symptoms of pollution exposure from each household in the survey. The omitted group is the control
group. The survey asked about adaptive actions and health symptoms during the 30 days prior to each survey round.
The actions we ask about are: avoiding busy traffic areas, avoiding high levels of outdoor activity on high pollution
days, using a ventilation fan while cooking, opening windows to vent the house. The symptoms we ask about are:
eye irritation, sore throat, headache, cough, wheezing, sinus pain, or shortness of breath. Heteroskedasticity robust
standard errors clustered by census block - the sampling unit- are in parentheses (* p<.10 ** p<.05 *** p<.01).
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Table A5: Impact of treatment on whether HH checked pollution levels

Checked outdoor Checked indoor

Leaflet treatment 0.0175 0.0044
(0.0107) (0.0044)

Outdoor treatment 0.5638∗∗∗ -0.0000
(0.0336) (0.0062)

All treatment 0.6984∗∗∗ 0.8526∗∗∗

(0.0380) (0.0310)
N 830 829
Within adjusted R2 0.45 0.81

Pre-period outcome mean: 0.01 0.00

Notes: The outcome in all columns is the difference in whether the household reports checking either the indoor or
outdoor pollution level in the 30 days before the survey. Heteroskedasticity robust standard errors clustered by census
district - the sampling block - are in parentheses (* p<.10 ** p<.05 *** p<.01).
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Table A6: Impact of average pollution levels

Without controls

Knowledge of pollution Actions to avoid pollution Health symptoms

Avg. outdoor PM2.5 -0.008 0.038∗ -0.046∗∗∗

(0.042) (0.020) (0.017)
Avg. indoor PM2.5 0.007∗ 0.004∗ 0.002

(0.004) (0.002) (0.002)
N 832 131 832 131 688 113

With controls for wealth & building age

Pre-period outcome mean: 10.89 11.24 1.28 1.39 1.27 1.51

Notes: The outcome in all columns is the difference in the count of self-reported knowledge, adaptive behaviors, or health symptoms of pollution exposure from each household
in the survey. The survey asked about adaptive actions and health symptoms during the 30 days prior to each survey round. The actions we ask about are: avoiding busy traffic
areas, avoiding high levels of outdoor activity on high pollution days, using a ventilation fan while cooking, opening windows to vent the house. The symptoms we ask about
are: eye irritation, sore throat, headache, cough, wheezing, sinus pain, or shortness of breath. We measure average outdoor pollution based on the average level of pollution over
the full sample period from the nearest installed PurpleAir monitors. Avearage indoor pollution is measured as the average from the household’s indidivual indoor PurpleAir
monitor over the full period that it was installed. Heteroskedasticity robust standard errors clustered by census block - the sampling unit- are in parentheses (* p<.10 ** p<.05
*** p<.01).
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Table A7: Impact of treatment on other outcomes

Importance of
pollution

Missed
work

Missed
school

Exercised
outside

Treatment group 1 0.045 -0.059 0.000 0.047
(0.066) (0.045) (0.030) (0.042)

Treatment group 2 -0.002 -0.019 -0.009 0.001
(0.063) (0.045) (0.032) (0.041)

Treatment group 3 -0.025 -0.076 0.040 -0.032
(0.081) (0.053) (0.035) (0.044)

N 783 318 832 832

Pre-period outcome mean: 4.88 0.10 0.11 0.16
Controls for wealth & building age: Yes Yes Yes Yes

Notes: The outcome in all columns is the change in the measured named in the column heading. “Importance“ is
the ranking of air pollution by the household on a list of items (i.e. inflation, crime, etc.) facing Tbilisi. Lower ranks
indicate the issue was more important. “Missed work“ and “Missed school“ indicate someone in the household missed
work or school due to a health concern in the previous 30 days. “Exercised outside“ indicates the surveyed individual
exercised outside in the previous week. Details of the constructin of these measures are provided in Appendix Appendix
3. The omitted group is the control group. Heteroskedasticity robust standard errors clustered by census block - the
sampling unit- are in parentheses (* p<.10 ** p<.05 *** p<.01).

Appendix 6 Additional figures
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Figure A1: Map of housing vintages in Tbilisi. Reproduced from Salukvadze and Gol-
ubchikov (2016).

(a) (b) (c)

Figure A2: Examples of housing types in Tbilisi. Panel A shows a second story single family
home above commercial real estate. Panel B is an example of the Soviet era apartment blocks still
found throughout Tbilisi. Panel C is an example of the new, more modern towers constructed since
the early 1900s.
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Figure A3: RCT Timeline Overview of the timing of survey rounds and monitor installation.

Figure A4: Alternative lag specifications for infiltration estimates: We show the mean
infiltration rate and 95% confidence interval of the mean over all the households for which we can
estimate infiltration in our sample. We estimate infiltration as described in Equation 2 in the main
text. The “Base” estimates are from a specification exactly as described in Equation 2. “Only
indoor lags” includes six lags of indoor pollution and no outdoor lags. “Both lags” includes six lags
of both indoor and outdoor pollution. “10 outdoor lags” includes ten lags of outdoor pollution.
“No lags” includes only contemporaneous indoor and outdoor pollution.
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Figure A5: PurpleAir and MoE monitor comparison For each of the four Ministry of
Environment run monitors in Tbilisi we plot the daily pollution readings against the corresponding
closest PurpleAir monitor. The names of the four MoE monitors are taken from the MoE reporting
website.
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Figure A6: WTP for IAQMs or purifiers These figures show the frequency of WTP amounts
for indoor air quality monitors (a) and air purifiers (b) prior to our experimental intervention. In
both figures we show the actual price of the devices with a dashed vertical line. The price for air
monitors is the price for the PurpleAir monitors used in our intervention. For the air purifiers we
use the price of a market leading air purifier. In both figures we omit households that said they
did not know how much they would be willing to pay or did not answer the question.
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Appendix 7 Air pollution informational leaflet

Figure A7: Information leaflet A copy of the English translation of the leaflet that was provided
to treated households. The leaflet was translated into Georgian by the survey firm. The QR code
magnet is shown in the center of the figure.
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