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Abstract

An emerging body of empirical work emphasizes the demand for effective mitiga-
tion measures against severe seasonal ambient air pollution in developing cities. Yet,
governments in developing countries often struggle to provide consistent and reliable
air quality information. In such an environment, private alternatives to government
services may improve citizens’ access to air quality information. However, the efficacy
of private alternatives may depend upon citizens’ preferences for and beliefs about
the accuracy of the information sources. We study how the source of environmental
information affects citizens’ beliefs about the level of air quality and their protection
measures against polluted air. In this field experiment, we vary the salience of informa-
tion sources—the government vs. a private citizens group—of air pollution forecasts
we provide in Lahore, Pakistan. We will measure the changes in people’s beliefs about
air pollution levels and preferences for government services on air quality information
through incentive-compatible elicitation games.
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1 Introduction

An emerging body of empirical work emphasizes the demand for effective mitigation measures
against severe seasonal ambient air pollution in developing cities (e.g. Freeman et al.[2019;
[to and Zhang 2020). One such measure that could yield considerable public benefit is
accessible and reliable air-quality information. Our previous experimental study conducted
in Lahore, Pakistan, revealed that citizens are willing to pay an average of PKR 91 per month
for day-ahead air pollution forecasts (Ahmad et al.[2022). Access to reliable information may
allow citizens to form accurate beliefs about air pollution and take mitigation measures. This
is evidenced by an increased demand for protective masks in our study (Ahmad et al.[|2022)).

Governments in developing countries, however, often struggle to provide consistent and
reliable air quality information]l] Consequently, various stakeholders, including citizens’
groups, international and bilateral agencies, and research institutions have begun providing
air quality information in the absence of reliable local government services.E] For example, in
Lahore, a citizens’ group called Pakistan Air Quality Initiative (PAQI) crowd-sources low-
cost monitors across the city and publishes their readings on Twitter and a mobile app, at
no charge to the users.

Private alternatives to government services may improve citizens’ access to air quality
information. However, the efficacy of private alternatives may depend upon citizens’ prefer-
ences for and beliefs about the accuracy of the information sources. First, there are signifi-
cant variations in the availability of air quality information and readings between sources, as
shown in Figure[l] Second, we document heterogeneity in citizens’ preferences for air quality
information sources in our baseline survey, as shown in Figure[2] It is, however, unclear how
much of this variation is driven by their beliefs about the accuracy of the sources or their
affinity toward each of the information sources. As such, we study how citizens in a develop-
ing city form beliefs about air quality and modify their behavior, as they infer the quality of
information from its attributed source. We conduct a randomized information intervention
to address the following research questions:

1. Are citizens willing to pay for air quality information, regardless of the sources to which
it is attributed?

2. Holding quality constant, are there differential willingness to pay for air quality infor-

!There are several reasons behind the unreliable government service provision. First, government agencies
may suffer from resource and capacity constraints that prevent them from providing consistent information,
as many of the high-quality air quality monitors require regular maintenance. In Lahore, data by the local
environmental regulator (Punjab Environment Protection Department, or EPD) are only made public as
reports on their website in PDF (URL: https://epd.punjab.gov.pk). Second, government agencies may
also face perverse incentives to obscure the true extent of environmental degradation by omitting unfavorable
information (e.g/Ghanem and Zhang|2014))

20ne notable example is AirNow by the U.S. Department of State, which has installed monitors at
U.S. embassies and consulates and provides readings via their website (URL: https://www.airnow.gov/
international/us-embassies-and-consulates/) and via Twitter.
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https://www.airnow.gov/international/us-embassies-and-consulates/

mation by the source?
3. What are the mechanisms behind differential willingness to pay?

3.1. Do citizens adjust their beliefs about air quality levels differentially by the source
of information they are exposed to?

3.2. Do they perceive signal quality differently by the source?

4. Does exposure to information of various sources induce differential policy preferences
for environmental services?

In our intervention, we send air quality forecasts via SMS to a sample of Lahore residents
in a working class neighborhood. We developed an ensemble forecast model of day-ahead air
pollution using data inputs from multiple sources, including government and private moni-
tors. We then experimentally vary the salience of information sources when we give forecasts
to the participants, holding constant the actual forecast. In one arm, respondents are told
that the forecasts are constructed using data from Punjab Environmental Protection De-
partment (EPD), a government agency responsible for reporting on air quality. In the other
arm, respondents are told that the forecasts are constructed using data from a citizens’ group
called Pakistan Air Quality Initiative (PAQI). We identify treatment effects on measures of
their beliefs over air quality and preferences via incentive-compatible elicitation.

We hope to make contributions to several strands of literature including environmental
public services in developing economies, public-private competition, and belief formation.
First, our work contributes to the emerging body of work on the demand for, and the
challenges with the public provision of, environmental services (e.g. |Ghanem and Zhang
2014| Freeman et al. 2019; Ito and Zhang|2020). We hope to understand the importance of
information source and consumers’ beliefs in shaping the demand for such services. Second,
we hope our findings will provide relevant insights to policymakers and stakeholders on the
supply side of environmental service markets, and contribute the literature on accountability
and competition for publicly provided services in developing economies (e.g. Muralidharan
and Sundararaman| 2015} Das et al.|2016; |Jha and Nauze2022). Third, our work relates to
the literature on news media, particularly around mechanisms behind polarization of beliefs
and trust in information sources (Gentzkow et al.[2023; |Baysan(2022; |Chopra et al.|2022). We
hope to understand a) the role of beliefs and trust in shaping the demand for environmental
information and b) the importance of prior beliefs and conditions under which beliefs about
the state of the world and preferences for information services might diverge.



2 Research design

2.1 Sampling

The intervention is conducted in lower-middle-class neighborhoods of National Assembly
(NA) constituencies 123 and 124, in northern Lahore. We divide the two constituencies
into 200mx200m blocks, and randomly select 100 of them, weighted by population density.
Figure [3| shows the selected blocks, plus 20 backups. We then sample 1,010 households from
the block centroids by following the left-hand rule: survey every 10 households by spiraling
out from the centroid counterclock-wise.

2.2 Randomization
2.2.1 Treatment arms

Figure {4] shows that the sampled households are divided into the following two treatment
arms:

e T1: SMS forecasts are attributed to a government agency (EPD)

e T2 SMS forecasts are attributed to a citizens’ group (PAQI)

2.2.2 Stratified randomization

We stratify the randomization process into the two treatment groups (T1 vs. T2) on the
following variables collected about respondents in the baseline survey:

1. absolute error of incentivized ¢ + 1 forecast of PM2.5 concentration (i.e., primary out-

come

2. share of donations to government vs. citizens’ group (i.e., primary outcome

3. time spent outdoors (i.e., secondary outcome

4. index: perceived accuracy and approval of government’s services on air quality

5. index: perceived accuracy and approval of citizens’ groups’ services on air quality

6. 1 if comprehended a mock-up of the SMS forecast message without further explanation
7. 1 if reported to have received air pollution information from the EPD

8. 1 if reported to have received air pollution information from AirVisual app (on which
PAQI posts air quality readings)



9. Indicators of respondents’ main TV news source

10. Asset index: a count of assets (electricity, appliances, vehicles, and number of rooms)

We conducted the blocking and randomization on R using blockTools, a package that al-
lows us to block observations on a large number of covariates and can accommodate continu-
ous variables without discretizing them. We use the optimal-greedy algorithm and generate
blocks using the Minimum Volume Elipsoid (MVE) estimator. We are primarily concerned
about balance on outcome variables at baseline, as well as the “take-up” in terms of exposure
and comprehension of our SMS forecast messages. As such, we weigh variables|[L] to[6.| twice
as heavily as the rest of the variables. We follow the advice from |Athey and Imbens| (2017)
that each block contains two units per treatment arm; we specified that a block contains
four subjects each (except for the last block, which contains 2). We then assign two subjects
per block to T1, and the rest to T2.

2.3 Forecast model

We designed an ensemble model to forecast PM2.5 concentration for the next day (t+1) by
building on Ahmad et al. (2022). In this subsection, we discuss (a) the sources of air quality
readings currently available for Lahore, (b) how we define and measure the ground “truth”
of air quality levels, and (c) how we construct the ensemble model.

2.3.1 Sources of air quality information

There are several sources of air quality information providing daily readings of PM2.5 con-
centration. The following are the four major on-the-ground sources that we believe are
exhaustive of all publicly available air quality information. We use all four sources, plus a
satellite-based measures (SPRINTARS) for our forecast model.

1. Environment Protection Department (EPD): EPD is a department operating
under the provincial government of Punjab, Pakistan. We collect their daily readings
data from their website. The daily PDF reports include readings from three to four
monitor locations, each reporting one of the scheduled pollutants. During our interven-
tion period in the first half of 2023, the reports include readings on carbon monoxide
(CO), particulate matter smaller than 2.5um (PM2.5), and particulate matter smaller
than 10pm (PM10). Each of these readings are reported in two different indices: (i)
pollutants’ concentration; and (ii) AQI (Air Quality Index). All of these indices are
reported as 24-hour averages uploaded on the EPD’s website everyday around 9-11am.
The reports also contain a disclaimer that “[any] other data from any source presenting
ambient air quality of any city of Punjab is neither verified nor approved by the EPA
Punjab.”


https://epd.punjab.gov.pk/air_quality

2. Pakistan Air Quality Initiative (PAQI): PAQI is a citizens’ initiative that crowd-
sources collection of air quality readings and provides it via social media and other
platforms. Started in 2016, PAQI crowd-sourced several low-cost air quality monitors
(IQAir and PurpleAir) that are originally designed for indoor use. PAQI, among other
operators, uploads their PM2.5 readings to an online platform named AirVisual. The
platform reports both monitor-level and city-level readings at the hourly and daily
concentration, going back as far as one month (e.g. Lahore and e.g. Lahore Ameri-
can School). Furthermore, PAQI reports city-level hourly readings from AirVisual on
Twitter (such as @LahoreSmog). As such, we take the latter readings posted on Twit-
ter as air quality measures provided by PAQI even though the reading is an average of
monitors including ones that do not belong to PAQIf]

3. U.S. Consulate: The U.S. Consulate General in Lahore hosts an air quality monitor
funded by U.S. EPA. The program, called AirNow International, places air quality
monitors at U.S. embassies and consulates in mostly developing countries and provides
hourly historical readings of PMs 5 concentration. The monitor is located within the
US Consulate’s compound in Shimla Hills, Lahore. The readings can be accessed via
the AirNow International’s website. The U.S. consular services in Pakistan also share
their readings from each consulates via Twitter (e.g. @Lahore_Air).

4. Urban Unit: The Urban Unit is a government-owned, yet privately operated entity
that addresses urban issues using data in Punjab Province. It was launched as part of
a unit in the Planning and Development Department of the provincial government of
Punjab in 2005, and was spun off to the private sector with full government ownership in
2012. The unit works on a range of issues pertaining to sustainable urban development,
primarily in the realm of environmental services and management. The department
owns a high-quality air quality monitor and had previously provided its readings on
the banner of their website, but had stopped providing this daily information publicly
prior to the beginning of our intervention in early 2023. They have an Environment
Dashboard that individuals can sign up for and gain access to historical data on PM2.5
readings but this data is updated at a lag of 10-15 days. We receive hourly average
readings of PM2.5 concentration from the Unit’s staff member on a daily basis.

5. SPRINTARS: Spectral Radiation-Transport Model for Aerosol Species (SPRINT-
ARS)) is a numerical model which estimates the effect of aerosols on the climatic system
via simulations based on an atmosphere-ocean general circulation model called MIROC.
The model and estimates have been developed by the Climate Change Science Section
at the Research Institute for Applied Mechanics, Kyushu University (Fukuoka, Japan).
SPRINTARS considers both natural and anthropogenic sources of aerosols and cate-
gorizes them into suspended particulate matter (SPM), PM2.5, and PM10. Through a
collaboration with the model’s developers at Kyushu University, we access the hourly
forecasts generated by SPRINTARS and construct the ¢t + 1 average forecast.

3This is because PAQI considers the city-level aggregate measure to be the most comprehensive of air
quality information in Lahore and associates itself with it.
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2.3.2 Defining the ground “truth”

For both the forecast model and the intervention, we first define the measure (which we refer
to as the “truth”) that the model predicts and how the readings are collected. The measure
of interest is the average concentration of PM2.5 (in pg/m?) between 12:00AM and 4:00PM
for the day on which it is reported. This is because we send out the daily readings and the
t+1 forecast between 6:00-8:00PM as we learned in our previous study, Ahmad et al.| (2022)),
that most respondents make plans for the next day in the evening.

The daily readings that we provide as the “truth” and on which the forecast model is
trained, are from the U.S. Consulate monitor, as it is presumably of highest quality using the
“reference method” in compliance with the U.S. EPA standardsf] On days where the U.S.
Consulate monitor is missing data, we use the Urban Unit readings, which are also based on
a high-quality monitor (BAM-1020 by MET). If both sources are missing, we use readings
from PAQI, which are consistently available. As of 24th May, 2023, the U.S. Consulate
monitor is missing readings for 16 out of the 97 intervention days. Out of 16 days where
U.S. Consulate is missing data, the Urban Unit is missing data on 4 days.

2.3.3 Constructing the ensemble forecast

We use an ensemble model that combines the following ¢ + 1 forecasts of the “truth”:

1. predictions using data from the U.S. Consulate data
2. predictions using data from the Urban Unit

3. predictions using data from EPD

4. predictions using data that PAQI posts on Twitter

5. t+1 predictions from the SPRINTARS air pollution model

Combining these prediction models into an ensemble achieves two goals; first it improves
our overall predictive ability, and second, it allows us to attribute our predictions to different
sources (i.e. EPD or PAQI) when the information is provided to the treatment households.

1. Constructing individual predictions
Each model, except for SPRINTARS uses the following inputs:
e the lagged readings from a given source on days t — 6 to ¢

o AccuWeather’s t+1 forecasts for minimum temperature, maximum temperature,
and precipitation in inches, as well as their squared values

‘https://www.epa.gov/system/files/documents/2022-12/List_of_FRM_and_FEM.pdf
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e Historical weather data on daily average, minimum, and maximum temperature,

dew point temperature, wind speed and direction, visibility, and relative humidity
from ASOS

e Historical weather data on pressure and precipitation from Weather Underground

Using the Adaptive Lasso model, we predict j+1 PM2.5 concentration (i.e., the “truth”)
using a model trained on data from Day 1 to Day j, for j going from Day 20 to t.

SPRINTARS gives a model-based forecast, so we do not construct our own forecasts.

2. Combining the forecasts to construct an ensemble model:
We estimate the root-mean-square error (RMSE) of each model over the period in

which we have forecasts. We then weight the forecast based on the sum of RMSE
S>> RMSE,
s€S

RASET for a source 7 in a set of sources S,

across five models to their own (i.e. w; =
and W is the sum of all w;’s).

The ensemble forecast is the weighted sum of the individual forecasts.

2.4 Intervention: SMS forecast messaging

The main element of our intervention is the daily provision of the day-ahead (i.e., t+1)
forecasts of PM 2.5 measures in p1g/m? via SMS. In these messages, one of the sources (EPD
or PAQI, chosen via the randomization procedure) are made salient. The daily messages also
contain the readings from time ¢. The subjects also received an introductory message before
the start of the daily SMS’s, and a reminder message every two weeks over the course of the
intervention. The daily messages are sent out around 6:00-8:00PM starting on 18th February
2023, and continue through to the end of the endline survey period (currently expected in
mid- to late June, 2023). All of these messages are sent out using OpenCodes, an API-based
system using a short-code service. All messages were in Urdu in the Urdu alphabet (Nastaliq
script).

2.4.1 Introductory message

The following messages were sent to the subjects, depending on the assigned treatment arm:

e T1: “Assalam u alaikum! We visited your residence last month and did a survey on
Air Pollution in Lahore where you agreed to receive air quality forecast information
messages. You will be receiving these messages every day for the next 2 months.
These messages are based on PM 2.5 data which is measured in micrograms per meter
cube. The data is collected from the Punjab government’s Environmental Protection

10



Department (EPD) which is tasked with collecting information on Air Pollution. If
you have any queries or questions about these messages, please contact the following
number [telephone number].”

e T2: “Assalam u alaikum! We visited your residence last month and did a survey on
Air Pollution in Lahore where you agreed to receive air quality forecast information
messages. You will be receiving these messages every day for the next 2 months.
These messages are based on PM 2.5 data which is measured in micrograms per me-
ter cube. The data is collected from a non-governmental organization (NGO) called
Pakistan Air Quality Initiative (PAQI [insert phonetic for PAQI in Urdu alphabet))
which collects data on air pollution. If you have any queries or questions about these
messages, please contact the following number [telephone number]|. ”

2.4.2 Daily forecast messages

The daily messages are sent around 6:00-8:00PM, after collecting the day’s data and esti-
mating the forecast for t+1. We use the shorthand “NGO” to refer to organizations of a
type, such as PAQI, for the purpose of familiarity with our subjects. The message on, for
instance, 18th February 2023 would look as follows:

e T1: “Actual Air Quality (PM 2.5) on 18-02-23: 179
Air Quality Forecast (PM 2.5) for 19-02-23 using data From Punjab Government
(EPD): 231

e T2: “Actual Air Quality (PM 2.5) on 18-02-23: 179
Air Quality Forecast (PM 2.5) for 19-02-23 using data From NGO (PAQI [insert pho-
netic for PAQI in Urdu alphabet]): 231

Figure [5| shows screenshots of the daily messages for T1 and T2. Because the text
messages are sent from the same number everyday, it is easy to compare the forecast values
for Day t provided on Day t-1 to the realized value provided on Day t.

2.4.3 Fortnightly reminder messages

Starting on Saturday, 4th March 2023, reminder messages are sent every two weeks on
Saturday about the source and the unit of measurement. The messages by the treatment
groups are as follows:

e T1: “The following messages on air pollution (PM 2.5) are based on data from the Pun-

jab Governments Environment Protection Department (EPD). The data is measured
in micrograms per meter cube.”

11



e T2: “The following messages on air pollution (PM 2.5) are based on data from a non-
government organization (NGO) named Pakistan Air Quality Initiative (PAQI [insert
phonetic for PAQI in Urdu alphabet]). The data is measured in micrograms per meter
cube.”

2.4.4 Eid holiday break

The SMS forecast services were suspended between 21st to 25th April 2023. On Saturday,
15th April 2023, we added the following line after the fortnightly reminder for both treatment
arms:

e “We would also like to inform you that this service will be temporarily stopped during
the Eid holidays and will be restored immediately after the Eid holidays.”

2.5 Power Calculations

We estimate the minimum detectable effect sizes on our primary outcomes at 80% probability,
with a = 0.05. We assume a 15-percent attrition on our sample of 1,010. We also make
conservative adjustments by dividing the « level by the number of tests for which we are
identifying minimum treatment effect sizes.

There are two iterations to our power calculations. First, we identified the number of
experimental arms and sample size based on the minimum detectable effect sizes during the
design phase in June 2022. Out of the five hypotheses we present in this pre-analysis plan,
we had only identified two of them during the design phase (and therefore divide o by 2).
We then take sample means and standard deviations from survey data used in Ahmad et al.
(2022). The outcomes, sample means and standard deviations in parentheses are as follows:

1. Willingness-to-pay (WTP) for SMS-based air quality forecasts: 89.6 (45.2)

2. Absolute error of incentivized t + 1 forecast of PM2.5 concentration: 43.4 (43.0)

We find that we are able to detect impacts of 0.27 standard deviations, which equal to PKR
12.3 in the willingness to pay, and 11.7 ug/m? for PM2.5 concentration.

Second, we re-estimate the minimum detectable effect sizes on the five hypotheses that
we pre-specify in this document, using new data from the baseline survey when available.
The outcomes, hypotheses, sample means, and standard deviations are:

1. Willingness-to-pay (WTP) for SMS-based air quality forecasts is greater than 0 re-
gardless of the source to which the information is attributed: 89.6 (45.2)

2. Willingness-to-pay (WTP) for SMS-based air quality forecasts is differentially affected
by treatment: 89.6 (45.2)

12



3. Absolute error of incentivized ¢ + 1 forecast of PM2.5 concentration, divided by the
truth, is differentially affected by treatment: 0.72 (0.42)

4. Perceived accuracy of air-quality information source as the absolute error of incen-
tivized guess of the SMS’s forecast is differentially affected by treatment: N/A

5. the amount out of PKR 100 donated to a government agency for an environmental
cause, as opposed to the citizen’s group, is differentially affected by treatment: 50.1

(15.0)

For hypotheses [1.| and 2. we use the sample statistics from Ahmad et al.| (2022) as we do
not collect these outcomes in the baseline of this study. We do not have relevant statistics
available from either the baseline or from [Ahmad et al| (2022) for hypothesis 3] but we
expect the outcome variable for it to have a similar distribution to the one for hypothesis 3]

We find that we are able to detect impacts of 0.43 standard deviations, which equals to

PKR 19.4 in the willingness to pay (for hypothesis , 0.18 for hypothesis , and 6.4 for
hypothesis[5] For the test of means for hypothesis [ we find that we are powered to detect
that willingness to pay is greater than PKR 3.6.

Although the minimum detectable impact is fairly large in terms of standard deviations,
the treatment effect sizes are relatively small in the outcomes’ units. Furthermore, there are
several reasons why our assumptions may not hold or statistical precision could be improved.
First, we plan to improve precision by including controls selected via a double-post-selection
method using LASSO. Assuming a 30-percent reduction in standard errors, the minimum
detectable effects would be 0.30 standard deviations. Second, the willingness-to-pay statistic
from |Ahmad et al. (2022) may be outdated after two years of high inflation.

2.6 Project timelines

The project timelines are as follows:
1. Design Phase: -January 2023
2. Pilot baseline survey: December 2022 - January 2023
3. Baseline survey: January 2023 - February 2023

4. SMS intervention: February 2023 to May 2023

5. Endline survey: May 2023 to June 2023

13



3 Data

3.1 Survey data
3.1.1 Survey frequency

We conduct the following surveys:

e Baseline survey (11th to 31st January 2023)

e Endline survey (29th May to mid/late June 2023)

3.1.2 Survey modules

In the baseline survey, we ask for demographics, some of the outcome measures (i.e., out-
comes that are not contingent on the subjects’ having experienced the forecast service), and
dimensions of heterogeneity. Detailed survey instruments are included in the appendix. We
provide detailed descriptions on outcome and other variable definitions in Section [4]

The baseline survey modules are as follows:

e Identification of a decision maker in the household as the respondent and consent
e Household roster and their demographics

e Awareness about air pollution in Lahore and access to information

e Donation game between EPD and PAQI, and stated preferences for the sources
e Stated beliefs in their trust of government services

e Incentivized forecast of air pollution (PM 2.5) concentration tomorrow

e Attitudes and behaviors regarding air pollution

e Time use survey and outdoor activities

e Participation in local community and civil society

e Access to news sources and preferred channels

e Household assets
The endline survey modules are as follows:

e Identification of the same respondent as in the baseline and consent

14



e Incentivized forecast of air pollution (PM 2.5) levels tomorrow and incentivized guess
of the SMS’s forecast

e Value elicitation of the SMS forecast service through a bidding game using the BDM
method

e Access to information about air pollution, and stated satisfaction about the SMS fore-
cast service

e Donation game between EPD and PAQI, and stated preferences for the sources
e Preferences for air quality-related policies via hypothetical scenarios

e Attitudes and behaviors regarding air pollution

e Time use survey and outdoor activities

e Stated mask usage

e Interest in filing complaints about air pollution to government authorities

3.2 Air quality data

We collect air quality readings data from five different sources for the forecast model and for
the intervention. We provide further detail on each of the data sources in Section [2.3.1]

3.3 Weather Data

We also collect weather data as inputs for the forecast model, as described in further detail

in Section P.3.31

e AccuWeather: We scrape daily forecasts on maximum and minimum temperatures
and precipitation probability from AccuWeathern for Lahore at https://www.accuweather.
com/en/pk/lahore/260622/daily-weather-forecast/260622. AccuWeather uses
NOAA'’s (National Oceanic and Atmospheric Administration) data and construct its
own forecasts.

e ASOS: We also collect detailed meteorological data collected by weather stations at
airports. The data sources are called Automated Surface/Weather Observing Systems
(ASOS/AWOS), or more generically METeorological Aerodome Reports (METARS).
We use a web repository of these data sets hosted by Iowa State University’s lowa Envi-
ronmental Mesonet and collect data for a station named “{OPLA] LAHORE(CIV/MIL)”
via the following link: https://mesonet.agron.iastate.edu/request/download.
phtml?network=PK__ASOS.
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e Weather Underground: We also collect data on average and minimum atmospheric
pressure and daily total precipitation from Weather Underground (URL: https://
www . wunderground . com/weather/pk/lahore).

4 QOutcome variables

4.1 Primary outcomes

Following the hypotheses listed in Section I, we identify primary outcomes of interest. There
are four outcomes, over which we test five primary hypotheses. The primary outcomes are
constructed from incentivized games in the endline survey. They are defined as follows:

1. Demand for air quality information as the willingness-to-pay (WTP) for SMS-based
air quality forecasts

e The outcome is defined as the amount respondents’ are willing to pay in PKR.
We elicit respondents’ willingness to pay for the SMS forecast using the Becker-
DeGroot-Marshak (BDM) method (Becker et al.|[1964). In the endline survey, we
ask for the respondents’ willingness to pay for the SMS-based air quality forecast
messages. They have been receiving these messages for the past three months and
we ask for their willingness to pay for an additional two months. In the prompt,
we make the experimentally assigned source salient by reminding them that the
forecast is built using data from the said source. The bid’s ceiling is set at PKR
400.

2. Beliefs about air quality levels as the absolute error of incentivized ¢t 4+ 1 forecast of
PM2.5 concentration

e The outcome is defined as the absolute difference between the actual PM2.5 con-
centration and the respondent’s forecast, divided by the actual PM2.5 concen-
tration. In both baseline and endline surveys, we ask respondents to make an
incentivized guess of the air pollution level on day ¢t + 1. In the baseline survey,
we show respondents a table containing the average, minimum, and maximum of
the average daily PM2.5 concentration over the last calendar week. We then ask
them to forecast tomorrow’s average PM2.5 concentration. Respondents receive
PKR 250 if their guess falls within 5% of the actual levels, PKR 150 if within 10%,
and PKR 50 if within 20%. In the endline, we first elicit the forecast without the
table containing the information from the previous calendar week. We then allow
the respondents to revise their forecast after showing them the table.

3. Perceived accuracy of air-quality information source as the absolute error of incen-
tivized guess of the SMS’s forecast
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e The outcome is defined as the absolute difference between the respondent’s guess
of the PM2.5 forecast generated by our model and their own forecast for t + 1.
In the endline survey, we not only ask respondents to forecast the actual PM2.5
concentration for tomorrow, but also the value of our SMS forecast. The guess
is financially incentivized, as in the guess for the actual PM2.5 concentration for
tomorrow.

4. Preference for information source as the share of donations to government vs. citizens’
group

e The outcome is defined as the share of PKR 100 donated to a government agency
for an environmental cause, as opposed to the citizen’s group. We offer an op-
portunity to donate PKR 100 between two sources for environment protection
purposes: a government institution and PAQI.

4.2 Secondary outcomes

We present other variables that are of interest, but for which we do not correct for multiple
testing. We first present outcomes that are alternative definitions of, or otherwise related
to, the primary outcomes. We then list other complementary outcomes.

1. Demand for air quality information (related to Primary Outcome [L.)

1.1. Stated satisfaction of the SMS service

e The outcome is defined as the Likert scale, with 5 the most favorable. We ask
respondents to rank their overall satisfaction with the SMS forecast service
in the past three months.

1.2. Stated belief in the reliability of SMS forecast service

e The outcome is defined as the Likert scale, with 5 being “strongly agree.”
We ask respondents if they agree with the statement that the SMS forecasts
have been provided frequently and on time.

1.3. Approval of government and citizens’ groups air quality information service

e The outcome is defined as the Likert scale, with 5 being “strongly agree.”
We ask respondents if they agree with the statement that they approve of the
job EPD or PAQI, respectively, does to address air quality in Lahore.

1.4. Stated belief in the reliability of government and citizens’ groups air quality in-
formation

e The outcome is defined as the Likert scale, with 5 being “strongly agree.”
We ask respondents if they agree with the statement that EPD or PAQI,
respectively, provide air quality measurements frequently and on time.
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1.5. Access to other forms of air quality information
e The outcome is defined as the number of air quality information sources the
respondents have accessed in the past.

. Policy preferences and collective action for air quality (related to Primary Outcome
7)
2.1. Prefers the local government to invest in air quality vs. other policies

e The outcome is defined as 1 if they prefer the government invest in air quality
v.s. other policy goals. We ask a hypothetical scenario in which the local
government has PKR 100 million to allocate either towards improving air
quality or towards investing in one of three other goals (education, health,
and waste management, in three separate scenarios).

2.2. Takes a document on how to file a complaint to the local government

e The outcome is defined as 1 if the respondent takes a pamphlet. At the end
of the endline survey, we prompt the respondent that EPD is a government
agency responsible for addressing air quality issues in Lahore. We tell the
respondents that we have a document that shows them how to file a complaint
to the EPD, and ask if they would like a copy.

2.3. Plans to file a complaint to the local government about air quality
e The outcome is defined as 1 if a respondent intends to file a complaint to the
EPD about air quality.
. Beliefs about air quality levels (related to Primary Outcome

3.1. Unincentivized guesses of air quality in comparison (endline only)

e 1 if correctly guesses that yesterday’s air quality is better than the day before
yesterday.

e 1 if correctly guesses that today’s air quality is better than yesterday:.
3.2. Number of days with satisfactory air quality

e The outcome is defined as the number of days in the last week with satisfac-
tory air quality. What would constitute “satisfactory” air quality is subjective
and is left to the respondents’ interpretation.

3.3. Concern about air quality

e The outcome is defined as the Likert scale, with 5 being “strongly agree”. We
ask respondents if they agree with the statement that they are “concerned
about air quality in general” in the last week.

. Perceived accuracy of air-quality information source (related to Primary Outcome

4.1. Weight put on a government reading in a hypothetical scenario
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e The outcome is a continuous value between 0 and 1, indicating the weight the
respondents put on an EPD reading as opposed to a PAQI one. We present a
hypothetical scenario in which there are readings of the PM2.5 concentration
from two sources: government (EPD) and citizens’ group (PAQI). One of the
sources (chosen at random) is 50pg/m?, and the other is 100ug/m?3. We then
ask the respondent what they think the true concentration level is, between
50 and 100. We then construct (|V"5_OVT|), where Vj is the value assigned to
EPD and V, is the respondent’s guess on the truth. This is a hypothetical

scenario and the game is not incentivized.

4.2. Stated belief in the accuracy of the SMS forecasts

e The outcome is defined as the Likert scale, with 5 being “strongly agree”. We
ask respondents if they agree with the statement that the SMS forecasts we
have provided in the past three months are accurate. We make the experi-
mentally assigned source salient by reminding them that the forecast is built
using data from the said source.

4.3. Stated belief in the accuracy of government and citizens’ group’s air quality in-
formation

e The outcome is defined as the Likert scale, with 5 being “strongly agree”.
Aside from their beliefs in the accuracy of the SMS forecasts, we ask re-
spondents if they agree with the statement that air quality measurements
published by EPD or PAQI, respectively, are accurate.

5. Avoidance behaviors

5.1. Outdoor time use

e The outcome is defined as the number of hours spent outside. We ask re-
spondents the type of activity (sleep, paid work, home work, leisure, travel,
and other) they conducted for each hour of the previous day, and whether it
was indoors or outdoors. We aggregate the number of hours the respondent
engaged in any outdoor activity.

e We also plan to estimate impact by the type of outdoor activities (sleep,
paid work, home work, and leisure), as well as the share of each type of
activity spent outdoors. We conduct analysis on these outcomes to identify
mechanisms, but do not adjust for multiple testing.

5.2. Access to high-quality masks

e The outcome is 1 if the respondent shows a high-quality mask to the enumer-
ator. We ask if the respondents have been given or purchased any masks for
air pollution, and if so, to show one to the enumerator. We identify respon-
dents who show a N90/95 mask. We also collect information on what other
types of masks (e.g. surgical masks, cloth) the respondents show.

5.3. Adjust their time use because of air pollution
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e The outcome is defined as the Likert scale, with 5 being “strongly agree.”
We ask respondents if they agree with the statement that they reduced the
number of hours worked significantly in response to poor air quality.

e We also ask respondents how many hours they would have spent outdoors if
the pollution level was, hypothetically, 150 on average. This is asked after we
measure how many hours they usually spend outdoors on a typical day and
is meant to capture behavior changes, if any, due to poor pollution levels.

5 Empirical Analysis

5.1 Exogenous variable

Our main exogenous variable is treatment assignment between the arm where the government
(EPD) was made salient as the source, as opposed to the citizens’ group (PAQI). We refer
to being in the citizens’ group arm as being in the “treatment,” and the government arm as
being in the “control” for the rest of this document. Let Z,; denote treatment assignment as
a vector, whose inputs equal to 1 if the respondent is assigned to the government arm and
0 if assigned to the citizens’ group arm.

5.2 Checks on balance

We test balance between the two treatment arms denoted by Z,. There are two groups of
baseline measures: covariates W, which were used for blocking, and others X which were
not. We report a standard balance table for each of the covariate groups. The statistics we
present include means for the two treatment arms, differences between the two treatment
arms, and t-tests of the null hypothesis of zero difference. If we find that one of the covariates
in X is not balanced across treatment, we include it as a control in all regressions for analysis.
We also test for balance across the alignment variable A, on the same sets of covariates, but
exclude those who reported to prefer EPD and PAQI equally at baseline.

In addition, we run a regression of the following form, and estimate the F statistic and
the p-value with heterogeneity-robust standard errors.

Zgi = X;T’l + Wil772 + €

Table [1] shows balance on the variables used in the blocking procedure.

In the working paper, we will also evaluate balance on attrition by assessing if attritors
and non-attritors differ on observables, when interacted with treatment assignment. First,
we report attrition rates by the two experimental arms. We will then compare attritors and
non-attritors on observables as follows, where D is an attrition dummy;

20



Di = Zyk1 + ZgZ.X;f-cz + ZgiWi'ng + X;ml + Wi'k;g, + w;

Again, we estimate the F statistic and the p-value obtained with heterogeneity-robust
standard errors.

5.3 Pre-specified hypotheses

The following are the five hypotheses that we test and for which we correct for multiple
testing.

1. The demand for air quality information is greater than zero regardless of the treatment
assignment group (tested on outcome

2. The demand for air quality information is different between the treatment (citizen’s
group) and control (government) groups (tested on outcome

3. Treatment affects beliefs about air quality differentially relative to control (tested on

outcome

4. Treatment affects the perceived accuracy of air-quality information source relative to
control (tested on outcome |3.)

5. Treatment affects policy preferences for air quality relative to control (tested on out-

come

The above hypotheses correspond, in order, to the research questions specified in Section [I}

5.4 Test of positive willingness to pay for air quality information

To test for hypothesis|1.| we simply use a t-test to see if the willingness to pay for the SMS
forecasts is higher than 0. We pool the two treatment arms and conduct a one-tail test.

5.5 Treatment Effects
5.5.1 Intent to treat
We estimate the treatment effects between subjects as follows;

}/;:O‘+Zgi,ﬂ+X;’7+5i
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The matrix X includes control variables selected through a double-post-selection method
using LASSO, as in [Belloni et al.| (2014)). Given that we are agnostic as to which informa-
tion source is more likely to shift beliefs, preferences, and beliefs related to air quality, our
hypothesis tests are two-tailed: [ # 0.

With the above estimating equation, we test hypotheses 2] and [4]

We estimate the treatment effects within subjects as follows;
Yi=Zy8+ 7Y+ X;6 + &

We denote Y| as the baseline measure of the outcome variable Y. Much of the details about
the specification and inference is the same as in the between-subject model; we select the
vector of controls X via a double-post-selection method with LASSO, and estimate p-values
using randomization inference. Our hypothesis tests are also two-sided, i.e., 5 # 0.

With the above estimating equation, we test hypotheses 3] and [5]

5.5.2 Treatment on the treated

We define take-up of our intervention as looking at our forecasts via the SMS, which we
do not observe. Instead, we construct a proxy of this measure from the endline survey,
where we ask, “[during] the service period, how many days out of the week did you read the
message?” This question is asked to everyone in the sample, as we send SMS forecasts to
both treatment arms (i.e. no pure control group). We denote the number of days a subject
1 reports to have seen the SMS as R;. We code “not sure” and “refused to respond” as
R; = 0. A subject’s takeup is P; = %, i.e. the fraction of forecasts respondents report to
have seen. We acknowledge that R; is likely measured with error, and that the reported value
may depends on salience of the SMS forecasts and other factors that may be influenced by
treatment. As such, we interpret R; as a measure of attention to the SMS forecasts, which

we exogenously vary.

The treatment-on-the-treated (TOT) effects is estimated using 2SLS, with Z; or A in-
strumenting for P. We present the following first and second-stage specifications for a
within-subject model with Z, as an instrument.

Pri =nr + Z,é7 + vrYy + X, 01 + vry

Y=o+ PB+9Yo+ X0+

P is the instrumented “takeup.” Much of the rest of the specification and testing remain
the same as in the ITT; we include the same set of controls in the first- and second-stage
regressions and carry out two-sided tests on the same set of outcomes. The between-subject
models are analogous to the equations above, except for the latter in which we omit v7Yp;
and vYy;.

22



5.6 Heterogeneous effects

We consider dimensions of heterogeneity that we expect to drive the preferences for air
quality information sources. We are primarily interested in (a) baseline beliefs about, and
preferences for, information sources, and (b) baseline beliefs about air quality levels and its
deviation from the truth.

The first dimension is informed by an emerging body of work on media bias, trust for
information sources, and polarization. Theoretical and empirical work in this literature
shows that agents may place heavier weights on information from a source that align with
their priors, leading to polarization in preferences and beliefs (e.g. (Gentzkow et al. 2023}
Chopra et al. 2022)E] If, on the other hand, agents do not exhibit belief confirmation or do
not hold strong priors about the sources’ quality, they may shift their priors more strongly
to information from a source that they are less exposed to at baseline. As such, it is a
priori unclear how the demand for the sources evolve based on their baseline preferences
and beliefs. The second dimension is of more standard Bayesian concern, in that individuals
who are less well-informed about air quality levels may hold priors with more deviations
from the truth. Those individuals may therefore update their beliefs more strongly toward
the truth based on the signals they receive and value the SMS forecasts more.

5.6.1 Dimensions of heterogeneity

For the dimension of heterogeneity on baseline preferences for, and beliefs about, the sources
of air quality information, we use the following proxies:

1. donation share of PKR 100 between government’s environmental agency vs. citizens’
group that tackles air pollution

2. categorical variable of overall approval: “Government-leaning” if the respondents’
Likert-scale approval measure for the government is greater than that for the citizens’
group, “Citizens’ group-leaning” if vice versa, and “neutral” if they equally approve
the two sources

3. categorical variable of accuracy: same as above, except the Likert-scale measure cap-
tures respondents’ beliefs about accuracy of the sources’ air quality information ser-
vices.

For robustness, we also consider other definitions of baseline preferences and beliefs, such
as the original Likert scales used to construct the proxies above, as well as the respondents’
primary news sources’ political leanings.

5This may be driven by “belief confirmation,” i.e. they prefer sources that distort information toward
their prior beliefs (Mullainathan and Shleifer||2005)), or driven by uncertainty about accuracy of information
sources, inducing an individual to put heavier weights on their preferred source (Gentzkow and Shapiro
2006).
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For the dimension of heterogeneity on baseline beliefs about air quality and its deviation
from the truth, we use the following proxy:

e baseline outcome variable 2.} absolute error of incentivized t + 1 forecast of PM2.5
levels.

We also use several other definitions of baseline beliefs to test, for instance, for asymmetry
based on the direction of the error.

5.6.2 Estimating equations

For brevity, we present the specification for within-subject analysis of the I'TT effects. The
between-subject analysis and TOT effects follows a similar structure. The estimating equa-
tion is as follows:

Yi=a+ Z,HB+ X +&

H; is the relevant dimension of heterogeneity, coded as a matrix consisting of vectors of
dummies that may represent bins of an underlying continuous or categorical variable. We
include all bins so that we separately estimate treatment effects treatments for each bin (i.e.
(3 is a vector) and Z does not enter the equation separately.

We also estimate specifications where the underlying dimension of heterogeneity is a con-
tinuous variable (such as the donation share and the absolute forecast error). The estimation
equation in such case would be as follows:

Y, = a+ Zy,H, B+ Hifp + Xiy + &

In this specification, H also enters separately to control for baseline level of the dimension
of heterogeneity.
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6 Figures

Daily PM2.5 levels by source

o T T T T
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eventdate
American consulate =~ --------- PAQI

Figure 1: This figure shows the daily average PM2.5 concentration (in pg/m? ) levels by
sources. “American consulate” refers to readings from the air quality monitor at the Amer-
ican consulate in Lahore. We treat this reading as the ground truth. “PAQI” refers to
readings from the average of lower-cost air quality monitors managed by Pakistan Air Qual-
ity Initiative (PAQI) in Lahore. “EPD” refers to readings from air quality monitors managed
by the Environmental Protection Department (EPD) of the Government of Punjab Province.
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Figure 2: This figure shows the result from the donation game in our baseline survey, in

which we asked respondents to split PKR 100 between the government (EPD) and private
(PAQI) sources.
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Figure 3: Sampling coordinates in NA-123 and NA-124 constituencies in Lahore, Pakistan
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Figure 4: Treatment Groups
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Figure 5: Sample messages to respondents
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7 Tables
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Table 1: Balance Table

(1) (2) (1)-(2)
No Yes Pairwise t-test

Variable Mean/(SE)  Mean/(SE)  Mean difference

Absolute Difference of PM 2.5 Truth and Forecast 96.014 93.812 2.202
(2.092) (2.183)

Ratio of Absolute Difference and Truth for PM 2.5 0.724 0.713 0.011
(0.019) (0.019)

Share (%) of Rs. 100 donated to EPD 50.139 50.059 0.079
(0.681) (0.655)

Hours Spent Outdoors 7.414 7.446 -0.032
(0.204) (0.197)

Stated preference for citizens group 0.009 -0.008 0.017
(0.042) (0.043)

Stated preference for government -0.013 -0.008 -0.005
(0.043) (0.043)

Comprehended the text message without explanation 0.768 0.766 0.002
(0.019) (0.019)

Received air pollution info from: EPD 0.087 0.083 0.004
(0.013) (0.012)

Received air pollution info from: AirVisual App 0.097 0.089 0.008
(0.013) (0.013)

Index: Sentiment on air quality -0.022 0.008 -0.029
(0.032) (0.032)

Main TV channel: Geo News 0.428 0.457 -0.030
(0.022) (0.022)

Main TV channel: ARY News 0.156 0.139 0.018
(0.016) (0.015)

Main TV channel: City 42 0.081 0.095 -0.014
(0.012) (0.013)

Main TV channel: Express News 0.081 0.081 0.000
(0.012) (0.012)

Index: Household asset ownership 0.022 -0.022 0.043
(0.046) (0.043)

F-test of joint significance (F-stat) 0.359

Number of observations 505 505 1010

Significance: ***=.01, **=.05, *=.1. Errors are robust.
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