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Abstract

Pricing firms’ environmental risk is central to ensuring that capital is e!ciently allocated in the
presence of environmental externalities. We examine whether an increase in the salience of pollution
information a"ects the beliefs and valuations of financially sophisticated agents—specifically, financial
analysts—regarding the environmental risks faced by firms they cover. Exploiting the staggered
rollout of China’s ambient air quality monitoring program, we find that when monitoring is introduced
in a city, analysts based there become substantially more likely to discuss air pollution in their reports
than analysts covering the same firm at the same time but located in cities yet to adopt the program,
even though both groups of analysts have access to the same pollution information. Further, analysts’
valuations and investment recommendations become systematically related to firms’ environmental
risk following treatment. Analysts issue more pessimistic earnings forecasts, set lower target prices, are
less likely to issue buy recommendations, and adopt a more negative tone when covering highly
polluting (“brown”) firms, while exhibiting the opposite pattern for environmentally friendly (“green”)
firms. Consistent with analysts transmitting these revised assessments to the market, stock prices
respond negatively to analyst reports on brown firms and positively to reports on green firms. The
initial price response does not reverse in the future, suggesting that treated analysts are correct in
their assessment of environmental risks. Taken together, our findings suggest that ambient
environmental monitoring can serve as a powerful policy tool for incorporating environmental risk into
asset prices by increasing the salience of such risk for key financial market participants.
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1. Introduction

Environmental risks such as climate change, driven largely by pollution, impose substantial

economic costs by damaging physical capital and disrupting productivity (Dell, Jones, and

Olken, 2012). Beyond these economic e!ects, air pollution remains the leading cause of

premature mortality worldwide (Kuehn, 2014), highlighting that its consequences extend

beyond environmental degradation and generate large social costs that are not borne by

individual emitters. Because these damages arise from classic negative externalities,

policymakers have increasingly sought interventions that reduce information frictions and

improve accountability, including expanded environmental monitoring.1 Such e!orts typically

take two forms. The first, ambient environmental monitoring, communicates real-time local

pollution levels to the public, enabling individuals to adapt their behavior. Prior research (e.g.,

Anderson, Hyun, and Lee, 2022; Barwick, Li, Lin, and Zou, 2024) finds that ambient

monitoring heightens the salience of pollution, prompting individuals to reduce exposure to the

outdoors and spend more on protective products (e.g., masks, air purifiers), ultimately

resulting in better health outcomes. The second approach, firm-specific environmental

disclosures, aims to enable improved capital allocation by allowing financial markets to

accurately price firms’ environmental risk. A natural question, then, is whether increased

pollution salience—such as that generated by ambient monitoring—a!ects not only individuals’

private, adaptive behaviors but also their professional behavior and economic decision-making.

In this paper, we examine whether ambient environmental monitoring influences market

participants’ perceptions of firms’ environmental risk. We focus on a set of financially

sophisticated agents whose beliefs directly a!ect stock prices—financial analysts—and study

how their outputs (e.g., earnings forecasts, target prices) and recommendations respond to a

large-scale expansion of China’s air pollution monitoring network. In 2012, China launched a
1A wide range of policies directly target emissions reduction—such as cap-and-trade programs, emission taxes,

and technology standards. Our focus, however, is on monitoring and disclosure policies that aim to enhance
information about environmental conditions rather than to directly constrain emissions.
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nationwide air quality monitoring program that established an extensive network of stations

reporting real-time concentrations of six major air pollutants, as well as a composite Air

Quality Index (AQI).2 Importantly, the network was rolled out gradually across cities,

generating plausibly exogenous variation in the salience of air pollution for analysts based on

their city of residence. We exploit this staggered rollout to identify how heightened pollution

salience a!ects analysts’ attention to, and valuation of, firms’ environmental risk.

The introduction of monitoring stations led to a sharp and persistent increase in public

awareness of air pollution in treated cities. For example, following the rollout, the average

number of newspaper articles covering air pollution rose by 160%, and internet searches for

terms such as “smog” and “air pollution” among residents of treated cities increased by 37%.

These patterns indicate that the program substantially increased the salience of environmental

risks and intensified demand for pollution-related information. Importantly, however, the rollout

of the monitoring program does not di!erentially change analysts’ access to information: air

quality data are publicly available to all analysts regardless of their location, and the program

does not reveal any new information about firms’ emissions or environmental performance.

We predict that financial analysts residing in treated cities, where pollution becomes more

salient in their daily environment, assign greater weight to publicly known environmental risks

when forming their professional judgments about the firms they cover, regardless of firm

location. This prediction follows from a large body of work in psychology and economics

showing that salient stimuli attract attention and receive disproportionate weight in judgment

and decision-making, even when they do not convey new information (Bordalo, Gennaioli, and

Shleifer, 2022). In these models, changes in the environment can alter which attributes or risks

are most salient, leading decision makers to overweight certain considerations while

underweighting others that are equally available but less attention-grabbing. Applied to

financial decision-making, this framework implies that heightened salience of environmental
2Six common pollutants are particulate matter (PM2.5), coarse particulate matter (PM10), ozone (O3), carbon

monoxide (CO), nitrogen dioxide (NO2), and sulfur dioxide (SO2).
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risks—such as that induced by ambient pollution monitoring—can a!ect how agents evaluate

risk by shifting the weights they place on publicly known information, rather than by changing

the information set itself. Consistent with this logic, we hypothesize that o!-the-job exposure

to ambient environmental conditions a!ects how analysts weigh public information when

assessing firms’ exposure to environmental risk.

To test this prediction, we employ a di!erence-in-di!erences (DiD) framework that exploits

variation along two dimensions: (1) the location of analysts covering the same firm at the same

time, and (2) the staggered timing of the monitoring program’s rollout across cities. Specifically,

our research design compares the change in an analyst’s output (e.g., earnings forecasts, stock

recommendations, discussion of a firm’s polluting activities) for a given firm-quarter before vs.

after the rollout of the monitoring program in the analyst’s city, to the contemporaneous change

in the same outputs of another analyst covering the same firm but located in a city where the

monitoring program has not yet been introduced. Because our unit of observation is at the

analyst report–firm–quarter level, we can control for all firm–quarter characteristics that jointly

a!ect the assessments of all analysts covering a firm, while isolating the e!ect of individual

analysts’ exposure to ambient environmental information in their city of residence.

Since the rollout is staggered, we follow De Chaisemartin and d’Haultfoeuille (2020) and

Baker, Larcker, and Wang (2022) and construct treatment cohorts based on the quarter in which

the program is implemented in a city. Specifically, we employ a stacked cohort DiD design that

includes Firm → Year-Quarter → Cohort and Analyst → Firm → Cohort fixed e!ects. The former

set of fixed e!ects controls for all time-varying and time-invariant firm-level factors, including

firm’s environmental risk, financial performance, disclosure policies, and the disclosure of ambient

environmental information in firms’ own cities, allowing us to exploit within-firm-year-quarter

variation across treated and not-yet-treated analysts to identify the e!ect of analysts’ local

exposure to the monitoring program.3 The latter set of fixed e!ects controls for the common
3China launched its “war on pollution” around 2010 (Greenstone, He, Li, and Zou, 2021), and the ambient

air quality monitoring program was one component of this broader strategy to address severe pollution concerns.
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characteristics in an analyst’s reports of a firm over time.

We first show that when the ambient air quality monitoring program is implemented in a

city, analysts based in that city become more than twice as likely to discuss air pollution in

their reports relative to analysts located in cities where the program has not yet been

introduced. In contrast, we find no corresponding change in analysts’ discussions of other

nonfinancial topics—such as human capital or social issues—suggesting that the increase in

pollution-related discussion does not reflect a broader rise in attention to nonfinancial factors,

but rather a targeted increase in attention to environmental risks driven by the heightened

salience of air pollution.

To better understand this result, we examine the content of analysts’ pollution-related

discussions. We find that these discussions primarily focus on regulatory risks faced by firms

and potential shifts in consumer preferences, as well as the associated implications for firm

sales. Analysts rarely mention physical risks or other environmental channels. Taken together,

these findings suggest that as pollution becomes more salient, analysts increasingly consider

how regulatory responses and consumer demand may a!ect firms’ cash flows.

We next examine how analysts’ discussions of air pollution vary with firms’ environmental

impact, which we measure using two complementary approaches. The first employs an LLM-

based classification that categorizes firms as green (e.g., producers of environmentally friendly

products or firms with low emissions), brown (e.g., firms with high emissions), or neutral. The

second relies on a government-designated classification of brown firms, defined as firms required

to report data on multiple pollutants because they rank among the top emitters in their county

As a result, increases in analysts’ attention to environmental risks could, in principle, reflect a nationwide
policy shift toward stricter environmental regulation and heightened market-wide awareness of environmental
issues, rather than the local increase in pollution salience induced by the monitoring program. Our research
design addresses this concern by including Firm → Year-Quarter → Cohort fixed e!ects, which ensure that
comparisons are made among analysts who are subject to the same national policy environment and the same
contemporaneous information about how environmental risks a!ect firms, but who di!er in their local exposure
to ambient environmental information. Specifically, this fixed e!ects structure contrasts analyst reports issued
for the same firm in the same quarter by analysts located in cities that adopted the monitoring program at
di!erent points in time.
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(He, Wang, and Zhang, 2020). Using the LLM-based classification, we find that the increase

in pollution-related discussion in treated analysts’ reports is significantly larger for both brown

and green firms than for neutral firms relative to the corresponding change in control analysts’

reports. Similarly, using the government-designated classification, we find that the probability

that a treated analyst discusses air pollution in her report increases nearly fourfold following

treatment for brown firms, compared with an increase of approximately 50% for other firms.

We then test whether and how the monitoring program a!ects analysts’ quantitative

outputs by exploiting heterogeneity in the environmental impact of firms. We find that for

brown firms, treated analysts’ forecasts are more pessimistic, target prices are lower, and buy

recommendations are less likely relative to the outputs issued by control analysts for the same

firm in the same period. The opposite holds true for green firms. Using the

government-designated classification, we find that results for brown firms are similar in sign

and magnitude to those for firms classified as brown by the LLM-based approach—i.e., treated

analysts’ earnings forecasts, stock recommendations, target prices, and report tone are more

pessimistic than those of control analysts covering the same firm in the same quarter.

To further probe the mechanism underlying these changes in analysts’ research outputs, we

examine whether treated analysts are more likely to conduct corporate site visit for green and

brown firms post-treatment relative to environmentally neutral firms. Prior research suggests

that corporate site visits are an important means through which analysts gather information

about the firms they cover (Cheng, Du, Wang, and Wang, 2016; Chen, Ma, Martin, and Michaely,

2022). In particular, interactions between managers and analysts during site visits help analysts

refine their valuation assumptions, obtain more detailed and contextual information about public

announcements, and better understand a firm’s strategy. If heightened pollution salience induces

treated analysts to collect or process additional information about a firm’s environmental risks,

we predict that treated analysts are more likely to visit green and brown firms in their coverage

universe. Consistent with our prediction, we find that treated analysts are three (1.5) times more
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likely to visit the green (brown) firms they cover but are no more likely than control analysts to

visit environmentally neural firms post-treatment.

Last, we examine whether the changes in analyst report outputs caused by the ambient

monitoring program impact the stock prices of the covered firms. We find that the signed

market reaction, measured as the three-day cumulative abnormal return in the window centered

on the analyst’s report, is indeed negative for brown and positive for green firms for reports

released by treated analysts post-treatment. These results indicate that the stock market moves

toward pricing the environmental risk identified by treated analysts. We find no evidence that the

announcement window market reaction reverses over the next three, six, or twelve month window,

suggesting that treated analysts are correct in their assessment of firms’ environmental risks.

Overall, our results indicate that the increased salience of air pollution resulting from the ambient

monitoring program a!ects how key participants in financial markets assess environmental risks,

leading to a positive return response for environmentally-friendly firms and a negative one for

firms with adverse environmental impacts.

We show that the results are robust to several alternative specifications and sample selection

criteria. For instance, our results are robust to (i) using a staggered DID design with two-

way fixed e!ects (rather than the stacked cohort design), (ii) including several time varying

controls at the analyst-firm level, (iii) excluding individual treatment cohorts, and (iv) using

di!erent approaches to cluster standard errors. In addition, we verify that the increase in air

pollution–related discussions by treated analysts post-treatment is robust to (i) excluding reports

issued for firms in cities that adopt the monitoring program and (ii) excluding reports issued

for firms in the same city as the treated analyst. We also show that our results are robust

to using a second identification strategy that focuses on Chinese firms cross-listed in the U.S.

or Hong Kong, which receive coverage not only from analysts residing in mainland China but

also from foreign analysts. Specifically, our alternative DID design compares the change in air

pollution-related discussions by analysts residing in mainland China around the implementation
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of the program to the contemporaneous change in air pollution-related discussion by analysts

residing outside mainland China following the same cross-listed firm at the same time. Similar to

our primary research design, our regressions include Firm → Year-Quarter and Firm → Analyst

fixed e!ects, enabling us to exploit variation within Firm-Quarter and across analyst-country.

We find that our inferences are robust to employing this alternative research design.

This paper makes several contributions. First, we contribute to the literature on the

environmental conditions and stock market outcomes. Prior research finds that exposure to

pollution and poor ambient conditions impairs the cognitive ability of market participants,

including analysts and mutual fund managers, leading to poor decision-making and a decline in

their performance on high-pollution and bad weather days (e.g., deHaan, Madsen, and

Piotroski, 2017; Huang, Xu, and Yu, 2020; Li, Luo, and Soderstrom, 2020; Dong, Fisman,

Wang, and Xu, 2021; Li, Massa, Zhang, and Zhang, 2021). This evidence is typically

interpreted as showing that adverse environmental conditions distort judgment and reduce

performance. We build on this literature by showing that ambient environmental

monitoring—holding constant underlying pollution and weather conditions—can instead

improve decision-making by financial analysts. Importantly, our evidence suggests that

ambient environmental monitoring leads even sophisticated market participants, such as

analysts, to produce higher-quality research outputs by more accurately incorporating

environmental risks into firm valuations.

Second, prior studies examine the impact of exposure to extreme or abnormal weather

events (e.g., hurricanes, floods, heat waves) on investor and manager behavior, arguing that

abnormal weather increases the salience of environmental risks and leads agents to overweight

climate risk in their decision-making (e.g., Bordalo, Gennaioli, and Shleifer, 2013; Dessaint and

Matray, 2017; Alok, Kumar, and Wermers, 2020; Choi, Gao, and Jiang, 2020; Cosemans and

Frehen, 2021; Cakici and Zaremba, 2022). While these studies highlight the role of salience in

shaping economic behavior, they primarily document distortions or overreactions in response
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to salient environmental signals. Our study di!ers along two key dimensions. First, we show

that pollution monitoring—unlike extreme realizations of environmental conditions—can serve

as a powerful policy lever through which regulators induce even sophisticated market

participants to incorporate environmental risks into their decisions. Second, unlike much of the

prior literature, our evidence suggests that analysts’ responses to heightened pollution salience

improve, rather than distort, their research outputs: analysts are correct in incorporating

environmental risks into their valuations in response to pollution information, whereas prior

studies often find that salient environmental events lead to biased or excessive reactions.

Third, our paper relates to the growing literature on the consequences of environmental

news and disclosures. Prior research examines how firm-level environmental disclosures

influence firms’ decisions and performance (e.g., Chen, Hung, and Wang, 2018; Downar,

Ernstberger, Reichelstein, Schwenen, and Zaklan, 2021; Tomar, 2023), as well as the

information set and investment decisions of investors (e.g., Ilhan, Krueger, Sautner, and

Starks, 2023). Prior work also examines the pricing of environmental risks (e.g., Bolton and

Kacperczyk, 2021; Lubos, Stambaugh, and Taylor, 2022; Bolton and Kacperczyk, 2023; Zhang,

2025; Derrien, Krueger, Landier, and Yao, 2025). Rather than focusing on firm-specific

environmental disclosures or the release of new environmental news, our analyses hold

firm-specific environmental disclosures and news constant and instead exploit variation in the

salience of publicly available pollution information to study how market participants’ beliefs

and valuations respond when the information set is held fixed.

Finally, this paper relates to prior studies exploring the consequences of China’s air pollution

monitoring program. Prior studies examine the program’s impact on individuals’ health and

adaptation responses to mitigate exposure to high pollution levels, including increasing defensive

expenditures such as purchasing health insurance, masks, and air purifiers (Chang, Huang,

and Wang, 2018; Xie, Yuan, and Zhang, 2023; Barwick et al., 2024). We contribute to this

literature by showing that ambient monitoring also a!ects financial markets by changing how
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environmental risks are priced: by increasing the salience of air pollution, monitoring leads to

positive return responses for green firms and negative return responses for brown firms.

In a more closely related study that also examines the e!ect of pollution monitoring in India

on stock market participants, Fisman, Ghosh, Sarkar, and Zhang (2026) find that retail investors’

investments in brown stocks are negatively related to local air pollution after the rollout of a

pollution monitoring station. We di!er from this study in two important respects. First, Fisman

et al. (2026) do not examine whether retail investor trading ultimately moves market prices.

Second, they do not assess whether retail investors’ responses reflect correct incorporation of

environmental risk or behavioral overreaction. By contrast, we show that analysts’ responses to

pollution monitoring are transmitted to prices and do not subsequently reverse, consistent with

improved pricing of environmental risk rather than transitory sentiment.

2. Background on Pollution Monitoring in China

China’s economic growth, together with its dependence on fossil fuels and lax

environmental regulation, made it the largest emitter of carbon dioxide (CO2) and sulfur

dioxide (SO2) by 2010. In the 2000s, daily average concentrations of fine particulate matter

(PM2.5) were estimated to be five times higher than the guidelines set by the World Health

Organization. As such, severe air pollution in large urban centers resulted in public outcry over

the absence of any meaningful government response and the lack of public information about

pollution. Consequently, China began to move away from prioritizing economic growth over

environmental concerns, and reducing air pollution became an important goal of the Chinese

central government (e.g., Greenstone et al., 2021).4

Prior to 2012, local environmental bureaus collected data on three pollutants: PM10, SO2,

and NO2, and submitted them to the Ministry of Environmental Protection (MEP) without

validation. The MEP then constructed a daily Air Pollution Index (API) and disseminated such

information. However, the environmental bureaus responsible for collecting these data were
4In March 2014, Premier Li Keqiang declared a “war on pollution” and called smog “nature’s warning against

ine"cient and blind development.”
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appointed by local governments, which created a conflict of interest. In particular, the strong

incentives for economic growth at the local level along with weak monitoring and enforcement

by the central government compromised data quality. Concerns about pollution data quality

became salient in 2008 when the U.S. Embassy in Beijing, and later in the U.S. Consulates in

Shanghai, Guangzhou, Chengdu, and Shenyang, started tweeting PM2.5 readings every hour,

and these readings turned out to be significantly higher than o"cial Chinese statistics. Indeed,

prior studies find that there was widespread manipulation of pollution data prior to 2012 (e.g.,

Greenstone, He, Jia, and Liu, 2022).

To e!ectively monitor local air pollution and gain public trust, the MEP implemented a

nationwide monitoring program in 2012. The program contains two major provisions. First,

the MEP installed more than 1,600 U.S. EPA-grade pollution monitoring stations across 337

cities, covering 98% of the population in China. Each station is equipped with automated, real-

time monitoring devices that continuously track concentrations of six major pollutants (PM2.5,

PM10, O3, CO, NO2, and SO2). Such automation reduced opportunities for manipulating air

quality data because readings from each station are sent to the central government in real time.

In addition, discrepancies between di!erent monitoring sites that are geographically proximate

would trigger alerts, allowing the central government to further investigate the causes. Prior

research finds that the program eliminated opportunities for local governments to misreport air

pollution data (Greenstone et al., 2022).

Second, the MEP established a real-time information dissemination system, which directly

controls pollution monitors and automatically transmits the pollution data collected to its

information center. These data are disseminated via the MEP’s website, providing public

access to real-time, hourly pollution levels on the six major pollutants for each individual

monitoring station. In addition, the MEP allows private parties to access data directly from its

website, which spurred a surge in media reports and mobile phone applications that display

real-time air quality information.
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Under the monitoring program rollout, cities are assigned to three waves based on

administrative hierarchies and pre-existing designations, with varying deadlines to implement

the program. The o"cial rollout dates specified in the MEP guidelines serve as “deadlines” to

implement the policy, but in practice many cities installed monitors prior to the o"cial rollout

dates. The exact rollout date for each city was largely determined by the logistical challenges

associated with installing monitoring stations and integrating the data-transmitting systems.

We manually searched news reports and city yearbooks to identify when pollution information

first became available in each of the 17 cities that is home to at least one financial analyst. We

define the rollout quarter as the first quarter in which at least one-and-a-half months of

pollution information became available.5 Table 1 reports the list of cities in our sample as well

as their respective rollout dates and quarters.

3. The e!ect of the program on awareness of air pollution

China’s real-time pollution monitoring program led to a sharp and abrupt increase in public

access to local air quality information, substantially enhancing public awareness of air pollution.

To document changes in individuals’ information consumption following the program’s rollout,

we examine its e!ect on two key outcomes: media coverage of air pollution and internet searches

related to air quality. We begin by analyzing changes in media coverage. Specifically, for each

city and quarter, we count the number of newspaper articles discussing air pollution in both

commercial and state-owned outlets (e.g., People’s Daily). Articles are identified based on the

presence of air pollution–related terms (e.g., “smog,” “air pollution”) and a reference to a city

name. We find that the average number of newspaper articles about air pollution increased

nearly ninefold after the program’s implementation—from roughly two to 18 articles per city-

quarter.

To formally examine the impact of the program’s implementation on the frequency of media
5Specifically, if the rollout occurs in the first half of a quarter, rollout quarter is coded as one beginning in that

quarter; if it occurs in the second half of the quarter, rollout quarter is coded as one beginning in the subsequent
quarter.
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coverage of air pollution, we employ a stacked di!erence-in-di!erences (DiD) design following

De Chaisemartin and d’Haultfoeuille (2020) and Baker et al. (2022). The monitoring program

was rolled out across 17 Chinese cities with financial analysts over six quarters, staggered between

2012Q1 and 2013Q4. For each adoption quarter, we define the treated group as cities that

adopted the program in that quarter, and use cities that adopted it in later quarters as the

control group. For instance, cities adopting the program in 2012Q1 constitute the treated group

for cohort 1, while cities adopting in quarters 2 through 6 serve as controls for that cohort until

their own adoption. Because no later-treated cities are available as controls for cities adopting

the system in quarter 6, these cities are excluded from the treated sample. The resulting dataset

stacks five cohorts into a single sample, and we estimate the following regression specification

using the stacked sample:

ycity,q,c = ω Treated Citycity,c → Postq,c + εcity,c + εq,c + ϑcity,q,c (1)

where, city, q, and c index cities, calendar year-quarters, and treatment cohort, respectively. In

our first analysis, y is News Coverage, defined as the number of newspaper articles in a given

city-quarter that contain air pollution–related keywords in the title and include a reference to

the city in the text. Because News Coverage is a non-negative count variable, we estimate the

regression using a Poisson specification following Cohn, Liu, and Wardlaw (2022) and Chen

and Roth (2024). Treated Citycity,c is an indicator variable that equals one for treated cities in

cohort c and zero for control cities in that cohort. Postq,c is an indicator variable that equals

one for both treated and control cities in cohort c for quarters following implementation of the

monitoring program for the treated cities. εcity,c and εq,c represent City → Cohort and Year-

Quarter → Cohort fixed e!ects, respectively. City-Cohort fixed e!ects absorb time-invariant

city-level variables that a!ect media coverage of air pollution, and Year-Quarter-Cohort fixed

e!ects control changes in media coverage that are common to all cities in a Year-Quarter. We

cluster standard errors at the City-Quarter level to correct for serial correlation among the
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sample periods.6

Column 1 of Table 2 shows that the coe"cient for Treated City → Post is positive and

significant at the 1% level; the coe"cient estimate implies that media mentions of pollution

increase by 160% on average after the implementation of the monitoring system in a city. Panel

A of Figure 1 provides an event-time plot of changes in media coverage in treated cities relative

to that in control cities during our sample period. We find no evidence of di!erential trends

in media coverage of pollution in treated and control cities prior to the program rollout but

a sharp increase in media coverage about treated cities in the quarters after the program’s

implementation. These results suggest that the monitoring program significantly increases the

frequency of articles related to air pollution in the media, thereby enhancing public awareness

of air pollution.

It is important to note that media coverage not only increases the salience of air quality issues

but also plays an essential educational role, informing the public about the sources, severity,

and health as well as regulatory consequences of air pollution. Moreover, such coverage often

stimulates broader public discourse on social media platforms and blogs, where individuals share,

interpret, and debate pollution-related content. For instance, on February 28, 2015, the Chinese

state newspaper People’s Daily released the environmental documentary Under the Dome by

journalist Chai Jing, which spotlighted China’s air pollution challenges. Within a week, the film

had been viewed over 300 million times and sparked widespread discussion on Chinese social

media platforms (Branigan, 2015; Shao, 2015), illustrating the capacity of traditional media to

catalyze large-scale public engagement and secondary online debate.

To provide further evidence that the monitoring program a!ects awareness about air

pollution, we examine whether internet searches for air pollution–related keywords increase

following the program’s implementation. We measure the number of searches for “smog” and
6We cluster at the City-Quarter level rather than the City-level because our sample includes only 17 cities,

which is potentially too few clusters to obtain unbiased standard errors (Petersen, 2008). However, our inferences
are robust to clustering standard errors at the City-level (untabulated).
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“air pollution” on Baidu, China’s most widely used search engine, at the city-day level. On

average, daily searches increased by 450%, rising from 48 pre-program to 264 post-program. To

formally test this e!ect, we change the dependent variable in Equation 1 to Internet Search,

defined as the average number of daily searches for air pollution–related keywords in each

city-quarter. Given that Internet Search is a count variable, we estimate the model using a

Poisson specification (Cohn et al., 2022).

Column 2 of Table 2 presents the results.7 We find that the coe"cient for Treated City →

Post is positive and significant at the 5% level, indicating that the introduction of the

monitoring program leads to an increase in internet searches for information about air

pollution—the coe"cient estimate implies a 37% increase in search volume on average. Panel

B of Figure 1 shows the event-time change in internet searches by individuals located in

treated cities relative to those by individuals located in control cities around the program’s

implementation. We find that internet searches by individuals in treated and control cities

trend similarly prior to the program implementation but sharply diverge in the quarters

following the program’s implementation. Overall, our findings demonstrate that individuals

seek more information about air pollution after the monitoring program is implemented in

their city. Our evidence is consistent with that in Barwick et al. (2024), who find that the

program’s implementation led to a nationwide increase in newly released mobile phone

applications that track air pollution, and increased concern about environmental issues among

Chinese families (using national surveys).

4. Research design and data

4.1. Research design

To examine whether exposure to ambient environmental information influences financial

analysts’ consideration of environmental risks in firm valuation, we employ a stacked cohort

di!erence-in-di!erences (DiD) design. Our approach leverages the staggered rollout of China’s
7The sample size in Column 2 of Table 2 is smaller than that in Column 1 because the internet search dataset

begins in 2011, while our News Coverage sample starts in 2010.
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pollution monitoring program across cities, combined with geographic variation in the

locations of financial analysts who cover the same firm at the same time. Analysts, regardless

of where they reside, ostensibly have access to the same information regarding a firm’s

earnings, operations, growth prospects, and environmental risks among other things.8

However, because the installation of pollution monitoring systems occurred at di!erent times

across cities, analysts were di!erentially exposed to local air quality information. Thus, even

for analysts covering the same firm, the timing of their first exposure to ambient environmental

data varied depending on when monitoring infrastructure became operational in their city of

residence. This variation enables us to identify the causal e!ect of ambient environmental

information—holding constant firm-level fundamentals—on analysts’ perceptions of the

covered firm’s environmental risk and value.

Our primary identifying assumption is that, conditional on firm and time fixed e!ects,

analysts located in di!erent cities have equivalent access to firm-specific information related to

their environmental risks, at least for firms not headquartered in the same city as the analyst.

Thus, any systematic di!erences in analysts’ outputs, such as the content of their reports,

earnings forecasts, or stock recommendations, can then be interpreted as reflecting

location-based heterogeneity in the availability of ambient environmental information, rather

than di!erences in the underlying information about the firm itself.

Our data comprise 17 unique cities in which at least one financial analyst resides. These

cities adopted the pollution monitoring program over six distinct quarters staggered between

2012Q1 and 2013Q4. Panel A of Figure 2 shows the distribution of analyst reports over time for

each adoption quarter. In each adoption quarter, we define treated analysts as those residing in

cities that adopt the program in that quarter, and use analysts in cities that adopt the program

in later quarters as the control group. For example, analysts in cities that adopt the program
8We recognize that proximity between analysts and the firms they cover can a!ect information acquisition

costs (e.g., Bae, Stulz, and Tan, 2008; Chen et al., 2022). Accordingly, in Table B15 in the Internet Appendix,
we verify that our results are not driven by di!erences in the distance between analysts and the covered firms.
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in 2012Q1 are designated as treated analysts in cohort 1, while analysts in later-adopting cities

(quarters 2 through 6) serve as controls for that cohort until their own adoption. Panels B

and C of Figure 2 present the distribution of analyst reports over time for treated and control

analysts in cohorts 1 and 2, respectively. We do not use analysts from the final cohort as treated

observations in our tests because no later-treated analysts remain to serve as controls. Thus,

our sample includes five cohorts stacked into a single dataset. By comparing treated analysts

only to not-yet-treated analysts at the time of adoption, our research design mitigates concerns

about heterogeneous dynamic treatment e!ects (e.g., De Chaisemartin and d’Haultfoeuille, 2020;

Baker et al., 2022).

We estimate regressions of the following form using the stacked dataset:

yi,j,q,c = ωTreatedi,c → Postq,c + εj,q,c + εi,j,c + ϑi,j,q,c (2)

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts,

respectively. y i,j,q,c is one of several outputs contained in analyst i ’s report issued for firm j in

quarter q (discussed in more detail below). Treatedi,c equals one for treated analysts in cohort c

and zero for control analysts. Postq,c equals one beginning in the first quarter in which treated

analysts in cohort c receive the treatment, i.e., when the monitoring program is implemented

in the treated analyst’s city, and remains one thereafter.9 Figure 2, Panels B and C, illustrates

the observations for which we set Treated and Post variables equal to one for cohorts 1 and 2,

respectively.

The terms εj,q,c and εi,j,c denote Firm → Year-Quarter → Cohort and Analyst → Firm →

Cohort fixed e!ects, respectively. Firm-Year-Quarter-Cohort fixed e!ects control for all

time-varying and time-invariant firm characteristics within a given quarter, including the firm’s

emission profile, financial performance, growth prospects, shareholder base, disclosure policies,

etc. These fixed e!ects also control for ambient environmental information disclosed in the

firm’s city as part of the monitoring program, and time-series variation in the discussion of air
9Our fixed e!ects subsume the main e!ects of Treated and Post.
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pollution that is common across all analysts covering the same firm during that period. As

such, our research design exploits within-firm-year-quarter and across-analyst variation in city

of residence to identify the causal e!ect of the monitoring program on analysts’ output.

Firm-Analyst-Cohort fixed e!ects control the potential matching between specific firms and

analysts as well as time-invariant analyst characteristics.10 The coe"cient of interest in Equation

2 is ω, which captures the changes in output and assessments of firm value by treated analysts

from before to after the implementation of the pollution monitoring program, relative to the

changes in the same outputs by control analysts covering the same firm around the same period.

We initially examine whether analysts discuss firms’ air-polluting activities in the text of

their reports. In particular, we instruct a generative large language model (DeepSeek-R1 ) to

identify whether these reports explicitly discuss air quality,11 as defined by the Sustainability

Accounting Standards Board (SASB), a former nonprofit organization that developed industry-

specific standards for sustainability-related financial disclosures to investors.12 We provide more

details on the performance of the large language model and analyses to validate our proxy in

Internet Appendix C and present several examples of air pollution discussions in analyst reports

in Internet Appendix D. We also verify that our inferences are robust to using an alternative

proxy based on the methodology developed by Lin, Shen, Wang, and Yu (2024), who employs a

word embedding model to create a dictionary for quantifying pollution disclosure. Specifically,
10Firm-Analyst-Cohort fixed e!ects also absorb the distance between the firm and the analyst. If an analyst

moves from one city to another during our sample period, we assign the analyst to the first city that implements
the monitoring program to avoid coding them as treated more than once, e!ectively assuming a single location.
Our results are robust to excluding analysts with more than one reported city during our sample period
(untabulated).

11We convert the analyst reports in our sample from PDF to plain text using PyMuPDF4LLM, a tool optimized
for large language models, that enables accurate extraction of textual content while preserving the original layout
and paragraph structure.

12In 2022, SASB standards and projects were integrated into the International Sustainability Standards Board
(ISSB), which is now responsible for their ongoing development within the global sustainability disclosure
ecosystem. The SASB defines air quality as addressing "management of air quality impacts resulting from
stationary (e.g., factories, power plants) and mobile sources (e.g., trucks, delivery vehicles, planes) as well as
industrial emissions. Relevant airborne pollutants include, but are not limited to, oxides of nitrogen (NOx), oxides
of sulfur (SOx), volatile organic compounds (VOCs), heavy metals, particulate matter, and chlorofluorocarbons.
The category does not include GHG emissions, which are addressed in a separate category." For more details,
see https://sasb.ifrs.org/standards/materiality-finder/.
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we construct an indicator variable, Air Pollution Discussed–Dict , that equals one if the analyst

report contains air pollution-related words and phrases from their pollution dictionary.13

We also examine several quantitative outputs produced by analysts, including their earnings

per share (EPS) forecast, stock recommendation, target price, and report tone. And last, we

examine the market reaction to the report to test whether changes in the content of analyst

reports translate into changes in investor perceptions of firm value.

4.2. Sample selection and descriptive statistics

Table B1 in the Internet Appendix outlines our sample selection process. We begin with

217,510 analyst reports issued between 2010Q1 and 2015Q4 for firms listed on the Shenzhen

and Shanghai Stock Exchanges, obtained from the CnOpenData database, which compiles the

textual content of analyst reports from brokerage firms across mainland China. This sample

period spans eight quarters before the first adoption quarter in 2012Q1 and eight quarters after

the final adoption quarter in 2013Q4. To obtain information on analysts’ EPS forecasts and

stock recommendations, as well as their characteristics (e.g., age), we merge each report with

data from the Chinese Research Data Services (CNRDS) platform using broker names, analyst

names, covered firm names, and report dates.14 Next, we manually identify analyst locations

using the area code from the phone number provided in each report and exclude any reports

lacking this information.15 To analyze changes in analysts’ discussions of pollution around the

program’s implementation, we restrict the sample to analyst–firm pairs with at least one report

both before and after the program’s adoption. We further limit the sample to periods up to
13Lin et al. (2024) develop a Pollution and Waste dictionary that captures air quality along with other topics

such as waste management and water treatment. Since our focus is specifically on air quality, we select a subset
of keywords from their dictionary that pertain to air quality. Specifically, we instruct DeepSeek-R1 to assess
the relevance of each keyword based on the SASB’s definition of air quality. We retain only keywords for which
DeepSeek-R1 assigns a 100% relevance score. All results are robust to using the full set of keywords from the
Pollution and Waste dictionary. We thank the authors of Lin et al. (2024) for generously sharing their code used
to measure the dictionary-based proxies of environmental and social disclosures.

14Specifically, we use the Chinese Broker and Financial Analysts System (CBAS) database accessed via
CNRDS. Prior studies often rely on the CSMAR database for financial analyst forecasts and characteristics.
We use CNRDS because it o!ers the most comprehensive coverage of financial analysts in China.

15If multiple analysts are listed, we use the phone number of the lead analyst, identified as the first-listed
analyst on the report.
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2013Q4, the final adoption quarter, as no untreated analysts remain to serve as valid controls

thereafter. These filters yield a final sample of 39,950 analyst reports issued by 715 unique

analysts covering 1,460 unique firms. Table 1 presents the distribution of analyst reports across

cities in our sample. Finally, we construct a stacked cohort–report–level dataset as described in

Section 4.1, resulting in a final sample of 67,389 reports.

We obtain firm-level emissions data from the Environmental Survey and Reporting (ESR)

database, stock returns from the CSMAR database, news coverage of air pollution from the

China National Knowledge Infrastructure (CNKI), and internet search activity from the Baidu

Index platform. Table 3 reports summary statistics for the key variables used in our analyses.

On average, 2.7% of analyst reports discuss air pollution, as identified using the SASB-based

definition (Air Pollution Discussed). The mean market reaction to an analyst report is 0.82%,

with the interquartile range spanning from –1.9% (first quartile) to 3.1% (third quartile). The

magnitudes of the market reaction suggest that analyst reports are informative to investors and

shape investor perception of firm value. In terms of firm characteristics, 10.9% and 10.6% of

the observations in our sample are associated with firms categorized as “green” and “brown,”

respectively, based on classifications obtained using the LLM DeepSeek-Reasoner applied to

firms’ 2011 MD&A business descriptions. In addition, 18.1% of the observations in our sample

correspond to firms classified as brown using the government-designated classification and thus

included within the monitoring scope of China’s Ministry of Environmental Protection in 2011.

5. Results

5.1. E!ect of the monitoring program on analyst discussions of air pollution

Table 4, Panel A reports our main results from estimating Equation 2. The coe"cient on

Treated → Post is positive and statistically significant (coef. = 0.022; t-stat. = 4.73). This result

indicates that, following the implementation of the monitoring program in the analyst’s city,

treated analysts are more likely to discuss air-polluting activities of the firms they cover in their

reports, relative to control analysts covering the same firm in the same quarter. Specifically,
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the coe"cient estimate on Treated → Post indicates that treated analysts are 2.2 percentage

points more likely to discuss such activities, an increase equal to about 105% of the mean of

Air Pollution Discussed during the pre-monitoring program (0.022/0.021). Overall, our findings

suggest that the monitoring program, which heightens the salience of local air pollution, increases

analysts’ motivation to collect, process, and discuss information about air-polluting activities of

the firms they cover.

5.2. Time trends around the monitoring program’s implementation

In this section, we examine the time trend of the monitoring program’s e!ect on analyst

discussions of air pollution. Specifically, we replace the Post variable in Equation 2 with a

series of quarter-since-program indicators (Pre[↑ 4], Pre[3], Pre[2], Pre[1], Post [1], Post [2], and

Post [↓ 3]), using the event quarter as the baseline. We plot the time trend of Air Pollution

Discussed in Figure 3. Two patterns emerge from this figure. First, the estimated coe"cients

are statistically insignificant prior to the program’s implementation, indicating no pre-treatment

trends, supporting the parallel trends assumption. Second, immediately following the program’s

implementation, we observe a sharp increase in analyst discussions of air-polluting activities.

5.3. Placebo tests: Evidence from analyst discussions of social topics

We find no evidence of significant pre-treatment trends in analyst discussions of air pollution,

which supports the parallel trends assumption. However, a potential concern is that the e!ect

of the monitoring program could be confounded by a hypothetical concurrent event that (i)

coincides with the city-level program’s rollout dates and (ii) causes treated and control analysts

to experience di!erent trends in their discussions following the adoption dates. For example,

such concurrent events might lead analysts to increase their discussions of a broader set of

environmental and social issues. We are not aware of any concurrent events that coincide with

the staggered timing of the monitoring program across cities. However, to address this potential

concern, we conduct a set of placebo tests using social topics, based on the intuition that the

monitoring program is unlikely to a!ect the salience of social issues.
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We replicate the results reported in Panel A of Table 4, replacing our air pollution

discussion proxy with social-topic-based proxies while retaining the same sample and research

design. Specifically, we develop two proxies for analyst discussions of social topics using

categories developed by the SASB. The SASB classifies social topics into two broad categories:

Human Capital and Social Capital. We instruct DeepSeek-R1 to create two indicator variables

indicating whether an analyst report explicitly discusses human capital and social capital, as

defined by the SASB. Next, we replace y in Equation 2 with these two measures of analyst

discussions of social topics. As shown in Panel B of Table 4, across both specifications, we find

no significant change in social-related discussions within reports of treated analysts.

6. Analyst discussions of di!erent types of environmental risks

In this section, we examine how analysts frame their pollution-related discussions by

classifying them into di!erent types of environmental risks. We distinguish three primary

categories of environmental risks. First, physical risks capture physical e!ects of climate

change or pollution on the firm’s operations or assets (e.g., damage to facilities from extreme

weather events such as storms). Second, regulatory risks capture costs imposed by, or

opportunities arising from, environmental policies (e.g., higher costs due to carbon taxes or

emission caps, opportunities to help other firms reduce their emissions and comply with

regulations). Third, preference-related factors capture changes in customer preference and

demand driven by pollution or climate concerns (e.g., reduced demand for pollution-intensive

products, increased demand for products that help customers mitigate pollution-related health

risks, such as air filters or masks). Throughout, we use “risk” as shorthand for the firm’s

exposure to pollution- and climate-related factors that can entail both adverse consequences

(e.g., higher costs, constraints, reduced market share) and positive consequences (e.g., new

markets, competitive advantages, policy support).

We use DeepSeek-R1 to classify analyst discussions of air pollution based solely on the text

of the analyst reports. A report can be assigned to more than one category. In addition to the
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three environmental risk categories above, we instruct DeepSeek-R1 to classify a report into an

other risks category if the analyst discusses air pollution but the discussion cannot reasonably be

assigned to any of the three primary categories. We present examples of air pollution discussions

in analyst reports for each of these categories in Internet Appendix D. Most reports that discuss

air pollution are classified into regulatory risks and/or preference-related factors: 77% of such

reports are classified as regulatory risks and 70% as preference-related factors, while each of the

remaining categories accounts for less than 10% of reports that discuss air pollution. We therefore

define four indicator variables: Physical Risks Discussed, Regulatory Risks Discussed, Preference-

related Factors Discussed, and Other Risks Discussed. Reports that contain no discussion of air

pollution are coded as zero for all four indicators.

Table 5 examines how the monitoring program a!ects analyst discussions of each category

of environmental risks. We find that the program leads to significant increases in discussions of

regulatory risks and preference-related factors, while the e!ects on the remaining two

categories are not statistically significant. In particular, Columns 2 and 3 indicate that treated

analysts are 1.7 and 1.0 percentage points more likely to discuss regulatory risks and

preference-related factors, respectively, which corresponds to increases of approximately 94%

and 67% relative to the pre-program means of these outcomes. We next examine how these

e!ects vary across firms. Table B3 in the Internet Appendix shows that the discussions of

regulatory risks and preference-related factors rise significantly among treated analysts

covering Brown–LLM classification and Green–LLM classification firms, whereas we find no

significant change for Neutral–LLM classification firms. Moreover, the increase in the

discussions of these risk types is significantly stronger for analysts covering Brown–Govt

classification firms, compared to those covering Not Brown–Govt classification firms. These

results suggest that analysts’ discussions of regulatory and preference-related environmental

risks are concentrated precisely where pollution risks are more likely to be financially material.

Overall, the evidence indicates that when pollution becomes more salient, analysts place
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greater emphasis on regulatory and preference-related environmental risks, particularly for

firms for which these risks are most likely to be economically important.

7. Heterogeneity tests

In this section, we conduct two sets of tests to explore potential mechanisms underlying the

increased discussion of air pollution in analyst reports. First, we examine whether the e!ect of

the monitoring program varies with the firms’ heterogeneity based on whether they are more

likely to face greater costs (i.e., Brown firms) or gain opportunities (Green firms) from heightened

attention to, concern about, and regulation of air quality issues. Second, we study whether the

e!ect is stronger for analysts covering more polluting firms that are more likely to face material

costs and risks associated with air pollution.

7.1. Heterogeneity in firms’ costs and opportunities from air pollution concerns

In this section, we examine whether the e!ect of the monitoring program varies with firms’

heterogeneity, depending on whether they are more likely to face greater costs (brown firms) or

gain opportunities (green firms) from heightened attention to air pollution issues. As regulators

and individuals become increasingly attentive to and concerned about air pollution, firms are

likely to face greater environmental risks and costs, including higher compliance expenditures,

regulatory and reputational risks, customer backlash, and heightened scrutiny from investors and

other stakeholders, especially if their products and production technology are major sources of

air pollution. At the same time, some firms may benefit from these developments. For example,

firms that produce cleaner technologies or products (e.g., renewable energy, electric vehicles)

as well as those manufacturing products that help other firms reduce emissions or comply with

environmental regulations (e.g., pollution control equipment, carbon capture technologies) or

help mitigate pollution exposure for individuals (e.g., air purifiers, protective masks) are likely

to gain advantages or new opportunities. Based on this distinction, we classify firms into three

groups: brown firms that experience net costs, green firms that experience net benefits, and

neutral firms for which the net e!ect is approximately zero.

23



We instruct DeepSeek-Reasoner to classify firms as brown if they face net costs and risks,

green if they gain net benefits or opportunities, and neutral otherwise, based on business

descriptions in the MD&A section of annual reports and the SASB definition of air quality. In

our sample, 149 firms are classified as Brown Firm-LLM classification, 184 as Green

Firm-LLM classification, and the remaining 1,127 firms as Neutral Firm-LLM classification.16

Using this classification, we estimate Equation 2 separately for analysts covering brown,

neutral, and green firms, and report the results in Panel B of Table 6. Our findings show that,

after the program, discussions of air pollution increase significantly among treated analysts,

relative to control analysts covering the same firms, across all three firm types. The increase

for brown and green firms is significantly larger than that for neutral firms. However, the

di!erence between brown and green firms is not statistically significant, suggesting that

analysts expand information collection for both groups of firms that are more likely to be

a!ected by heightened attention to air pollution.

Next, building on our findings in Section 6 that analysts increase their discussions of

regulatory risks and preference-related factors, we examine heterogeneity in the increase for

each of these two categories. Table B3 in the Internet Appendix shows that the discussions of

regulatory risks and preference-related factors rise significantly among treated analysts

covering Brown–LLM classification and Green–LLM classification firms, whereas we find no

significant change for Neutral–LLM classification firms. Overall, the evidence indicates that

when pollution becomes more salient, analysts’ discussions of air pollution, regulatory risks,

and preference-related environmental risks increase, particularly for brown and green firms, for

which these risks are most likely to be economically important.

7.2. Heterogeneity across firms’ air pollution levels

In this section, we explore the heterogeneity in the e!ect of the monitoring program using

an alternative proxy. Specifically, we use a proprietary dataset, the Environmental Survey and
16Internet Appendix C provides additional details on the performance of DeepSeek-Reasoner and the validation

of our classification.
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Reporting (ESR) database, managed by China’s Ministry of Environmental Protection

(MEP).17 The ESR is the most comprehensive environmental dataset in China, requiring

polluting establishments to report detailed emissions data for major pollutants.18 In each

county and year, pollution-emitting establishments are ranked by their emissions of chemical

oxygen demand (COD) and sulfur dioxide (SO2), and those jointly accounting for about 85%

of total emissions are included in the ESR database (He et al., 2020). We note that this

firm-level emissions dataset was not a feasible source to measure real-time local air pollution

information prior to the monitoring program, as the MEP does not provide real-time firm-level

emissions data; instead, it releases information several years after collection.

We define Brown Firm - Govt classification as those listed in the ESR dataset in the year

preceding the monitoring program, as the inclusion indicates they are among the top emitters in

their counties.19 In our sample, 353 firms appear in the ESR dataset prior to the program, while

1,107 do not. We then estimate Equation 2 separately for analysts covering ESR-listed firms

(Brown Firm - Govt classification) and those covering non-ESR-listed firms (not Brown Firm

- Govt classification), with results presented in Table 6, Panel A. Our findings show that the

monitoring program’s e!ect on analyst discussions of air pollution is significantly stronger for

analysts covering Brown Firm - Govt classification. In addition, the economic magnitude of the

increased air pollution discussions for these brown firms is sizable. Specifically, the coe"cient

estimate on Treated → Post is 0.084, corresponding to about 420% of the pre-program mean of

Air Pollution Discussed for brown firms (0.084/0.020).

Next, we explore heterogeneity in analysts’ discussions of the two types of environmental
17The MEP was reorganized and renamed the Ministry of Ecology and Environment in 2018.
18The reported information undergoes random verification by government auditors, and the individual

responsible for submitting it is legally accountable for its accuracy and reliability. To further ensure the quality
of data used for policy-making, the Environmental Protection Law stipulates that ESR data cannot serve as the
basis for penalizing or regulating polluting firms. Consequently, firms included in the ESR sample have little
incentive to misreport their emissions (He et al., 2020; Liu, Shen, Welker, Zhang, and Zhao, 2021).

19Table B2 in the Internet Appendix shows that our results reported in Panel A of Table 6 are robust to limiting
our sample to firms included in the ESR dataset and defining Brown Firm - Govt classification (Alternative)
(Not Brown Firm - Govt classification (Alternative) as those with emission intensities above (below) the median
during the pre-program period.
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risks for which Section 6 shows an increase: regulatory risks and preference-related factors.

Table B3 in the Internet Appendix shows that the increase in discussions of these risk types is

significantly stronger for analysts covering Brown–Govt classification firms, compared to those

covering Not Brown–Govt classification firms. Overall, our findings suggest that analysts’

discussions of firms’ air-polluting activities, regulatory risks, and preference-related

environmental risks are concentrated precisely where pollution risks are more likely to be

financially material.

8. Analyst report outputs

In this section, we explore the e!ect of the monitoring program on the analyst report outputs,

including earnings forecasts, stock recommendations, target prices, and the tone of the reports.20

While we show that the monitoring program increases analyst discussions of firms’ air-polluting

activities in their reports, it is ex-ante unclear whether analysts also adjust their outputs. On the

one hand, air pollution-related costs and risks (e.g., regulatory scrutiny, reputational damage)

as well as opportunities can be financially material, prompting analysts to reassess the covered

firm’s environmental risks and revise their outputs. On the other hand, air pollution may be

less financially material for many firms, in which case analysts may increase narrative discussion

without changing their outputs. To disentangle these possibilities, we examine the e!ect of

the monitoring program on analyst outputs. In addition, we study when such an e!ect occurs.

Specifically, to the extent that polluting activities pose meaningful financial risks, we expect

changes in quantitative outputs to be concentrated among high polluters, for whom these risks

are more likely to be significant. We also explore whether analyst outputs vary with the firms’
20The increased salience of air pollution and its health consequences can motivate analysts to devote greater

attention and information-collection e!ort to factors a!ecting the covered firm’s short-term and long-term cash
flows. First, for the covered firm’s short-term cash flows, relevant considerations include compliance with current
environmental regulations and immediate shifts in product demand induced by the monitoring program. For
example, Barwick et al. (2024) show that the monitoring program increases defensive expenditures such as
purchases of air purifiers and masks, implying an immediate increase in demand for such products. Second,
for the covered firm’s long-term cash flows, relevant considerations include expectations about future regulatory
and transition risks and the firm’s environmentally related growth prospects. Accordingly, we study analyst
outputs that capture expectations about short-term cash flows (e.g., EPS forecasts) and outputs that also embed
expectations about longer-run cash flows (e.g., target prices).
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heterogeneity based on whether they are more likely to face greater costs (i.e., Brown firms) or

gain opportunities (i.e., Green firms) from heightened attention to air pollution issues.

We estimate Equation 2 using analyst outputs as our dependent variable. Specifically, we

examine four measures: (i) EPS is measured as the analyst’s forecasted EPS, scaled by the

firm’s stock price at the beginning of the year, multiplied by 100, (ii) Recommendation is the

analyst’s stock recommendation coded as an ordinal variable ranging from 1 to 5, with higher

values indicating more favorable recommendations, (iii) Target Price defined as the ratio of the

analyst’s target price forecast to the firm’s actual stock price at the beginning of the fiscal year,

and (iv) Report Tone is defined as the number of positive words minus the number of negative

words in an analyst report, divided by the sum of positive and negative words.

As shown in Panel A of Table 7, we find no significant change in any of these report

outputs, relative to control analysts covering the same firms. Next, we examine the

heterogeneity in the e!ects of the monitoring program. Panel B of Table 7 reports the results

on whether the e!ect of the monitoring program di!ers across Brown–LLM classification,

Green–LLM classification, and Neutral–LLM classification firms. We find a sharp contrast

across all proxies. Treated analysts covering brown firms issue less favorable reports (i.e., lower

EPS forecasts, less favorable recommendations, lower target prices, and less favorable tone)

relative to control analysts covering the same brown firms. The estimated e!ects represent

14%, 28%, 20%, and 22% of the standard deviations of EPS forecasts, stock recommendations,

target prices, and report tone, respectively, during the pre-monitoring program period.21 In
21We calculate economic magnitudes of estimated coe"cients using the standard deviation, rather than the

mean, of the dependent variables for analyst outputs for two reasons. First, Mitton (2024) shows that, in
corporate finance studies, measuring economic significance by scaling coe"cients with the mean of the dependent
variable can be misleading when the dependent variable can take negative values. This concern is particularly
relevant in our setting because EPS forecasts and report tone can take negative values and have means close to
zero. Thus, dividing treatment e!ects by their means could yield unstable and hard-to-interpret magnitudes.
Second, financial analysts are known to be excessively optimistic because of conflicts of interest and inflate their
EPS forecasts, stock recommendations, and target prices (e.g., Hong and Kacperczyk, 2010). For instance, the
average stock recommendation in our sample is 4.3 on a 1-to-5 scale. Thus, scaling coe"cients by the biased
mean will yield economic magnitudes that are underestimated by an arbitrary optimism level. We note that such
optimism bias is unlikely to a!ect our estimated coe"cient, as it is absorbed by our fixed e!ects.
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contrast, treated analysts covering green firms issue more favorable reports relative to control

analysts covering the same green firms, with economic magnitudes of 10%, 26%, 26%, and 28%

of the standard deviations of these four report outputs. Finally, there is no significant

di!erence between treated and control analysts covering neutral firms across all four proxies.

The estimated e!ects di!er significantly across the three groups: the e!ect for green firms is

the largest and most positive, the e!ect for neutral firms is insignificant, and the e!ect for

brown firms is negative. All pairwise di!erences are statistically significant.

We also explore the heterogeneity in the e!ects of the monitoring program using government-

designated classification, described in Section 7.2. Specifically, we estimate Equation 2 separately

for analysts covering ESR-listed firms (Brown Firm–Govt classification) and those covering non-

ESR-listed firms (Not Brown Firm–Govt classification), with results presented in Panel C of

Table 7. The table shows that, after the implementation of the program, treated analysts

covering Brown–Govt classification firms issue (i) lower EPS forecasts, (ii) less favorable stock

recommendations, (iii) lower target prices, and (iv) reports with a less favorable tone, relative to

control analysts covering the same firms. The estimated coe"cients imply economic magnitudes

of approximately 5%, 21%, 26%, and 15% of the standard deviations of the dependent variables –

EPS forecasts, stock recommendations, target prices, and report tone, respectively – during the

pre-monitoring program period. In contrast, there is no significant di!erence between treated

and control analysts covering Not Brown–Govt classification firms. The di!erence across the two

groups is statistically significant for all analyst output measures. Overall, these results suggest

that the monitoring program a!ects analysts’ outputs, especially when environmental risks are

likely to have financially material implications.

Finally, we also examine one mechanism that can improve analysts’ information sets about

polluting activities of the covered firm: corporate site visits. Observing a firm’s operations,

factories, and business units allows analysts to collect soft information on production

processes, and environmental risks and compliance (e.g., Cheng et al., 2016). Consistent with
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this mechanism, Table 8 shows that treated analysts increase corporate site visits primarily for

high-polluting, Brown, and Green firms, indicating that additional on-the-ground information

collection is concentrated where pollution risks are most likely to be financially material.

9. Stock market reaction to analyst reports

In this section, we examine the e!ect of the monitoring program on investors’ reactions to

analyst reports. To the extent that the discussions of air pollution and analyst report outputs

(e.g., EPS forecasts, recommendations) convey new information to investors, they are expected

to react when analysts issue their reports. The sign of the market reaction depends on whether

analyst reports send a negative or positive signal to investors. If analysts’ reports highlight

higher environmental risks, we expect a more negative market reaction following these reports.

Conversely, if the reports emphasize pollution mitigation e!orts or opportunities arising from

heightened attention to air pollution issues, investors are likely to respond more positively.

To study these predictions, we measure Market Reaction, defined as the (signed) cumulative

abnormal return over a three-day window centered on the analyst report date, multiplied by

100, and use this measure as the outcome variable in Equation 2.

As shown in Column 1 of Table 9, we find no significant change in the average market

reaction to reports issued by treated analysts relative to those issued by control analysts. Next,

we examine whether the e!ect of the monitoring program on market reactions to analyst

reports varies across Brown–LLM classification, Green–LLM classification, and Neutral–LLM

classification firms. Columns 2–4 of Table 9 present the results. Investors react more

negatively to reports issued by treated analysts covering brown firms relative to control

analysts covering the same firms. The estimated e!ect corresponds to approximately 20.5% of

the pre-monitoring standard deviation of the Market Reaction.22 This pattern is consistent

with these reports conveying less favorable outputs documented in Panel B of Table 7 (i.e.,
22Following the reasoning provided in Footnote 21, we use the standard deviation, rather than the mean, of

Market Reaction because it can take negative values and often has a mean close to zero. Thus, dividing treatment
e!ects by the mean can yield unstable and hard-to-interpret magnitudes.
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lower EPS forecasts, less favorable recommendations, lower target prices, and less favorable

tone). In contrast, investors react more positively to reports issued by treated analysts

covering green firms relative to control analysts covering the same firms, with an estimated

magnitude of about 13.5% of the pre-monitoring standard deviation of the Market Reaction,

consistent with these reports containing more favorable outputs. Finally, there is no significant

di!erence in investors’ reactions between treated and control analysts covering neutral firms.

We also examine heterogeneity across firms based on our government-designated

classification proxy. Results in Columns 5 and 6 show that the signed market reaction to

reports issued by treated analysts covering Brown–Govt classification firms is lower relative to

control analysts covering the same firms. The estimated e!ect corresponds to approximately

12.2% of the standard deviation of the Market Reaction during the pre-monitoring program

period. In contrast, we find no significant di!erence between treated and control analysts

covering Not Brown–Govt classification firms. Overall, these results suggest that the

monitoring program influences how investors respond to analyst reports, particularly when air

pollution is likely to have financially material implications.

10. Additional and robustness tests

We conduct several additional tests, tabulated in the Internet Appendix, to further validate

our inferences. First, Table B5 and Figure B1 show that our results are robust to a second

identification strategy. Specifically, we implement an alternative DiD design that compares

changes in air pollution–related discussions by analysts residing in mainland China around the

implementation of the monitoring program with those by analysts covering the same cross-listed

firm at the same time but residing outside mainland China (e.g., in the United States or Hong

Kong), where the Chinese firm is cross-listed.

Second, we conduct three additional heterogeneity tests to further explore the potential

mechanisms underlying the increased discussion of air pollution in analyst reports. Table B6

reports the results. Columns 1 and 2 report the first heterogeneity test, which explores
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analysts’ potential access to other sources of city-level air pollution information during the

pre-program period. As discussed in Section 2, the U.S. Embassy in Beijing, and later the U.S.

Consulates, began reporting hourly PM2.5 levels on their Twitter accounts to inform U.S.

citizens traveling to China. Since Twitter was—and still is—inaccessible in China, most

analysts likely lacked easy access to this information before the monitoring program.

Additionally, the monitoring program boosted media coverage of air pollution, increasing

salience and awareness. However, for some analysts residing in cities with a U.S. Embassy or

Consulate, who may have already accessed air pollution data, the monitoring program provides

relatively less new information. Consistent with this access, we find that the e!ect of the

monitoring program on analyst discussions of air pollution is weaker for analysts residing in

cities with a U.S. Embassy or Consulate. Columns 3 and 4 of Table B6 report a heterogeneity

test based on analyst age. Survey evidence suggests that younger generations are more likely

to express concern about environmental issues, seek information on such topics, support

environmentally friendly policies, and engage in both individual and collective actions, such as

lifestyle changes and climate activism, to protect the environment (e.g., Tyson, Kennedy, and

Funk, 2021; Poortinga, Demski, and Steentjes, 2023). Consistent with this evidence, we find

that our results are stronger for analyst reports issued by younger analysts. Columns 5 and 6

report the results of our third heterogeneity test. We find that our results are stronger for

analyst reports issued by higher-quality analysts, measured using star analyst status.

Third, we explore the robustness of our results to using (i) an alternative proxy for air

pollution discussions (Table B7), and (ii) alternative specification for our heterogeneity tests

(Table B8). Fourth, we examine the robustness of our results to (i) excluding analysts located

in the same city as the covered firm (Table B9), and (ii) limiting our sample to analyst reports

issued for never-treated firms, i.e., firms in cities that adopt the monitoring program after the

end of the sample period in 2013Q3 (Table B10), (iii) sequentially excluding one cohort at a time

from the sample (Table B11), (v) alternative approaches to cluster standard errors (Table B12),
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and (vi) including control variables for the length of time (in quarters) that the analyst has been

following the firm and analyst experience (Table B13). Fifth, Table B14 examines the robustness

of our results using a staggered DiD design in which we compare changes in analyst outputs of

treated analysts around the implementation of the monitoring program in their cities relative to

control analysts residing in cities that (i) implemented the program in an earlier period and (ii)

subsequently implement the program in the future (i.e., early and late adopters).

11. Conclusion

This paper examines the e!ect of increased salience of air pollution on financial analysts’

motivation to collect, process, and discuss air-polluting activities of the firms they cover, their

report outputs, and stock market reaction to analyst reports. We study a 2012 air quality

monitoring program in China that heightened the salience of air pollution. Leveraging the

staggered implementation of the program across cities, we find that analysts residing in cities

that adopted the program earlier ("treated analysts") are more likely to discuss air pollution

in their reports after implementation, relative to analysts in cities that adopted the program in

later quarters ("control analysts").

In heterogeneity tests, we find that treated analysts are more likely to discuss air pollution

when they cover firms that face greater environmental risks (brown firms) or firms that are

more likely to gain an advantage or opportunity (green firms) from heightened attention to air

pollution issues, relative to firms that do not face increased risks or opportunities.

Next, we find evidence suggesting that analysts change their report outputs and are likely

to view pollution-related costs, risks, and opportunities as financially material. Specifically, we

show that treated analysts issue less favorable, including lower EPS forecasts, less favorable

recommendations, lower target prices, and less favorable tone, for brown firms after the

implementation of the program. In addition, the market reaction to reports issued on brown is

weaker. We also find that treated analysts issue more favorable reports for green firms after

the program’s implementation, with investors responding more positively to those reports.
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Taken together, these results suggest that the monitoring program influences both analysts’

outputs and investors’ reactions, particularly when pollution-related information has

financially material implications.

Our paper contributes to the literature on the environment and financial markets by

showing that ambient environmental monitoring, rather than changes in air pollution levels

and weather shocks, a!ects the beliefs and valuations of financially sophisticated agents, i.e.,

financial analysts. We also document that the introduction of air quality monitoring a!ects

stock prices. More broadly, our findings highlight that ambient monitoring can serve as a

mechanism a!ecting how financial markets price environmental risk.
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Appendix A. Variables Definitions

Variable Definition Data Source

Awareness of Air Pollution Tests [Table 2]

News Coverage

This is a city-quarter–level measure defined as the
number of news articles containing air pollution–related
keywords, including “smog” or “air pollution,” in the title
and referencing the city’s name in the text of the article,
regardless of where the newspaper is published or
distributed. The data include articles from both national
newspapers (including People’s Daily) and local
newspapers (including Beijing Daily).

China National
Knowledge
Infrastructure

Internet Search

The average daily frequency of internet searches for air
pollution-related keywords, including "smog" or "air
pollution" within a given city and quarter. The daily
search frequencies are obtained from Baidu, China’s
most widely used search engine.

Baidu Index
platform

Treated City An indicator variable that equals one for treated cities in
each cohort and zero for control cities in the cohort.

The program’s
rollout dates were
manually collected
from news media
and city yearbooks

Post

An indicator variable that equals one for both treated
and control cities in the cohort starting in the first
quarter when the city implements the monitoring
program and remains one for all subsequent quarters.

The program’s
rollout dates were
manually collected
from news media
and city yearbooks

Main Variables [Tables 4 – 10 ]

Treated

An indicator variable that equals one for treated analysts
in each treatment cohort and zero for control analysts in
the cohort.
In each adoption quarter (i.e., treatment cohort), treated
analysts are those residing in cities that adopt the
program in that quarter, and control analysts are those
in cities that adopt the program in subsequent quarters.

The program’s
rollout dates were
manually collected
from news media
and city yearbooks

Post

An indicator variable that equals one for both treated
and control analysts starting in the first quarter when
the treated analyst’s city implements the monitoring
program and remains one for all subsequent quarters.
The implementation quarter is defined as the quarter in
which the rollout date allows for at least one and a half
months of coverage. For example, if the rollout date is in
the earlier part of a quarter, Post equals one starting in
that quarter. However, if the rollout date is late in the
quarter (providing less than one and a half months of
coverage), Post equals one starting in the following
quarter.

The program’s
rollout dates were
manually collected
from news media
and city yearbooks

Air Pollution Discussed [Panel A of Table 4]
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Air Pollution Discussed

An indicator variable that equals one if the analyst’s
report discusses air quality. This variable is derived by
instructing a generative large language model
(DeepSeek-R1 ) to focus exclusively on the content of
analyst reports and classify whether they discuss air
quality issues as defined by the Sustainability
Accounting Standards Board (SASB).

CnOpenData &
DeepSeek-R1

Placebo Variables [Panel B of Table 4]

Human Capital Discussed

An indicator variable that equals one if the analyst’s
report discusses human capital. This variable is derived
by instructing a generative large language model
(DeepSeek-R1 ) to focus exclusively on the content of
analyst reports and classify whether they discuss human
capital issues as defined by the Sustainability Accounting
Standards Board (SASB).

CnOpenData &
DeepSeek-R1

Social Capital Discussed

An indicator variable that equals one if the analyst’s
report discusses social capital. This variable is derived
by instructing a generative large language model
(DeepSeek-R1 ) to focus exclusively on the content of
analyst reports and classify whether they discuss social
capital issues as defined by the Sustainability Accounting
Standards Board (SASB).

CnOpenData &
DeepSeek-R1

Di!erent Types of Environmental Risks [Table 5]

Physical Risks Discussed

An indicator variable that equals one if the analyst’s
report discusses physical risks arising from climate
change or pollution (e.g., damage to the firm’s assets
from extreme weather events). We use DeepSeek-R1 to
classify these discussions based solely on the text of the
analyst reports, instructing the model to interpret “risk”
broadly as the firm’s exposure to factors that may entail
adverse consequences (e.g., damage to assets, disruptions
to operations) or positive consequences (e.g., increased
demand for the firm’s products that help customers
manage physical risks).

CnOpenData &
DeepSeek-R1

Regulatory Risks
Discussed

An indicator variable that equals one if the analyst’s
report discusses regulatory risks arising from
environmental policies (e.g., carbon pricing, caps on total
emissions or energy use). We use DeepSeek-R1 to
classify these discussions based solely on the text of the
analyst reports, instructing the model to interpret “risk”
broadly as the firm’s exposure to factors that may entail
adverse consequences (e.g., higher costs due to carbon
taxes, environmental penalties) or positive consequences
(e.g., government environmental subsidies).

CnOpenData &
DeepSeek-R1
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Preference-related Factors
Discussed

An indicator variable that equals one if the analyst’s
report discusses changes in customer demand or
competitive dynamics driven by concerns about pollution
or climate change. We use DeepSeek-R1 to classify these
discussions based solely on the text of the analyst
reports, instructing the model to interpret “risk” broadly
as the firm’s exposure to factors that may entail adverse
consequences (e.g., reduced demand for the firm’s
pollution-intensive products) or positive consequences
(e.g., increased demand for the firm’s products that help
customers mitigate the negative health consequences of
pollution, such as air filters or masks).

CnOpenData &
DeepSeek-R1

Other Risks Discussed

An indicator variable that equals one if the analyst’s
report discusses air pollution but the discussion cannot
reasonably be classified into any other category. We use
DeepSeek-R1 to classify these discussions based solely on
the text of the analyst reports, instructing the model to
classify a report into this category if the analyst
discusses air pollution but DeepSeek-R1 does not assign
the discussion to any of Physical Risks, Regulatory Risks,
or Preference-related Factors.

CnOpenData &
DeepSeek-R1

Heterogeneity Variables [Table 6]

Green Firm - LLM
classification

An indicator variable that equals one if the firm is a
green firm. This variable is derived by instructing a
generative large language model (DeepSeek-Reasoner) to
focus exclusively on the firm’s business description in the
MD&A section of the annual reports of 2011 and to
classify the firm as green if the description indicates that
the firm gains an advantage or opportunity from
heightened attention to, concern about, and regulation of
air quality issues, as defined by the Sustainability
Accounting Standards Board (SASB).

Annual reports &
DeepSeek-Reasoner

Brown Firm - LLM
classification

An indicator variable that equals one if the firm is a
brown firm. This variable is derived by instructing a
generative large language model (DeepSeek-Reasoner) to
focus exclusively on the firm’s business description in the
MD&A section of the annual reports of 2011 and to
classify the firm as brown if the description indicates
that the firm faces costs or risks arising from heightened
attention to, concern about, and regulation of air quality
issues, as defined by the Sustainability Accounting
Standards Board (SASB).

Annual reports &
DeepSeek-Reasoner

Neutral Firm - LLM
classification

An indicator variable that equals one if the firm is
neither a Green Firm nor a Brown Firm.

Annual reports &
DeepSeek-Reasoner
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Brown Firm - Govt
classification

An indicator variable that equals one if a firm is
identified as the primary source of pollution and
consequently included within the monitoring scope of
China’s Ministry of Environmental Protection in 2011.
In each county and year, polluting establishments are
ranked by their emissions of chemical oxygen demand
(COD) and sulfur dioxide (SO2), and those jointly
accounting for about 85% of total emissions are included
in the ESR database (He et al., 2020). This inclusion
results in the availability of pollutant emission data in
the Environmental Survey and Reporting (ESR)
database.

ESR

Analyst Outputs [Tables 7]

EPS Forecast (%)
The analyst’s earnings per share (EPS) forecast, scaled
by the firm’s stock price at the beginning of the fiscal
year (multiplied by 100).

CNRDS &
CSMAR

Recommendation
The analyst’s stock recommendation is coded as an
ordinal variable ranging from 1 to 5, where 5 indicates a
strong buy and 1 indicates a strong sell.

CNRDS

Target Price
The ratio of the analyst’s target price forecast to the
firm’s actual stock price at the beginning of the fiscal
year.

CnOpenData &
CSMAR

Report Tone

ReportTone is calculated as
(Positive↔Negative)/(Positive+Negative), where
Negative (Positive) represents the word count
frequency of negative (positive) words in the text of the
analyst report. Negative and positive words are
identified using the Loughran-McDonald dictionary
(Loughran and McDonald, 2011).

CnOpenData

Site Visits [Table 8]

Site Visit

An indicator variable that equals one if the lead analyst
or any of their team members visits the covered firm
during the quarter, zero otherwise. The data on
analysts’ corporate site visits to firms are available for
firms listed on the Shenzhen Stock Exchange (SZSE).

CNRDS

Market Reaction [Tables 9]

Market Reaction (%)

The (signed) cumulative abnormal return over a
three-day window centered on the analyst report date,
multiplied by 100. Daily abnormal returns are measured
as the firm’s stock return minus the equally-weighted
market return. We exclude analyst reports issued on
firms’ annual earnings announcement dates to avoid
capturing market reactions driven by earnings
announcements rather than analyst reports.

CSMAR

Return Reversal [Tables 10]
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Post-Analyst-Report
BHAR (%)

Measured as the signed buy-and-hold abnormal return
(BHAR) of the covered firm over the window starting
from the second trading day after the analyst report date
and ending 12 months after the analyst report date,
multiplied by 100. BHAR is calculated as:

BHARi,t2,T =
T∏

ω=t2

(1 +Ri,ω )↔
T∏

ω=t2

(1 + E[Ri,ω ])

where Ri,ω is the daily stock return of firm i on day ω ,
E[Ri,ω ] is the equally-weighted market return on day ω ,
t2 is the second trading day after the analyst report
date, and T is the last trading day of the 12-calendar
month after the analyst report date. We exclude analyst
reports issued on firms’ annual earnings announcement
dates to avoid capturing market reactions driven by
earnings announcements rather than analyst reports.

CSMAR
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Figure 1. E!ect of the monitoring program on public access to air quality information

The model estimated using Poisson regressions:

ycity,q,c = ε1 Treated Citycity,c → PRE + ε2 Treated Citycity,c → POST + ϑcity,c + ϑq,c + ϖcity,q,c

where, city, q, and c index cities, calendar year-quarters, and treatment cohorts, respectively. PRE is a vector
that includes Pre[↑ 4]q,c, Pre[3]q,c, Pre[2]q,c, and Pre[1]q,c; and POST is a vector that includes Post [1]q,c and
Post [↓ 2]q,c.

Panel A: News Coverage Panel B: Internet Search

Notes: This figure presents evidence of the e!ect of the monitoring program on the awareness about air pollution
for quarters before and after the monitoring program’s implementation. The estimated coe"cients are obtained
from estimating Equation 1 modified by replacing Post with a set of indicator variables for quarters before and
after the program’s implementation (except implementation quarter q, which is the base quarter). In Panel A, we
use News Coverage, defined as the number of news articles containing air pollution-related keywords, including
"smog" or "air pollution," in the title and a reference to the city in the text during the quarter. In Panel B,
we use Internet Search, defined as the average daily frequency of internet searches on the Baidu platform for air
pollution-related keywords, including "smog" or "air pollution" within a given city and quarter. Both panels
are estimated using Poisson regressions. Vertical lines represent the 90% confidence intervals for each parameter
estimate using standard errors clustered at the City → Quarter level. Each shaded (unshaded) triangle on the
graph represents a significant (insignificant) regression coe"cient.
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Figure 2. Stacked cohort DiD design: Treated analyst reports vs. not-yet-treated analyst

reports

Panel A: Distribution of analyst reports across quarters in the final sample

Panel B: Cohort 1 (2012Q1 vs 2012Q2-2013Q4)

Panel C: Cohort 2 (2012Q2 2 vs 2012Q3-2013Q4)
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Figure 2 (Continued)

Notes: Panel A reports the total number of analyst reports by treatment quarter and calendar quarter, with
each cell showing the number for that treatment quarter and calendar quarter. Each row corresponds to one
treatment quarter, and each column represents a calendar quarter. For example, treatment quarter 2012Q1
includes all analyst reports issued by analysts in cities that adopted the monitoring program in 2012Q1, the first
adoption quarter. Blue cells denote quarters in which the corresponding calendar quarter is treated, while gray
cells represent pre-treatment quarters. Cities in the last treatment quarter are treated in 2013Q4. However, we
do not use analyst reports from that treatment quarter as treated observations in our stacked cohort DiD design
because no later-treated analyst reports remain to serve as controls.
Panels B and C illustrate the number of analyst reports across treatment quarters and calendar quarters for two
of the five cohorts used in our stacked DiD design. Panel B presents Cohort 1, where reports issued by analysts
in cities implementing the program in 2012Q1 form the treated group, and reports from analysts in other cities
serve as controls until their own adoption.
Panel C presents Cohort 2, where reports issued by analysts in cities that implemented the program in 2012Q2
serve as the treated group and reports from analysts in cities that implemented the program after 2012Q2 serve
as controls. To ensure valid comparisons, control observations are restricted to not-yet-treated reports; therefore,
analysts treated in 2012Q1 are excluded from Cohort 2. Our main sample includes five such cohorts, which we
stack into a single dataset for analysis.
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Figure 3. Air Pollution Discussed before and after the program’s implementation

The model estimated:
yi,j,q,c = ε1Treatedi,c → PRE + ε2Treatedi,c → POST + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.
PRE is a vector that includes Pre[↑ 4]q,c, Pre[3]q,c, Pre[2]q,c, and Pre[1]q,c; and POST is a vector that includes
Post [1]q,c andPost [↓ 2]q,c.

Notes: This figure presents proxies of analyst discussions of firms’ air-polluting activities before and after
the monitoring program’s implementation. The estimated coe"cients are obtained from estimating Equation
2 modified by replacing Post with a set of indicator variables for quarters before and after the program’s
implementation (except implementation quarter q, which is the base quarter). Air Pollution Discussed is an
indicator variable that equals one if the analyst’s report discusses air quality. Vertical lines represent the 90%
confidence intervals for each parameter estimate using standard errors clustered at the city → quarter level. Each
shaded (unshaded) triangle on the graph represents a significant (insignificant) regression coe"cient.
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Table 1. The distribution of analyst reports across cities

First quarter in which we set Post equal to one

City Rollout date 2012Q1 2012Q2 2012Q3 2012Q4 2013Q1 2013Q4 Total

Beijing 21-Jan-2012 10,688 10,688
Dongguan 8-Mar-2012 127 127
Guangzhou 8-Mar-2012 2,399 2,399
Shenzhen 8-Mar-2012 2,632 2,632
Hangzhou 25-Mar-2012 994 994
Suzhou 27-Mar-2012 9 9
Changzhou 30-Mar-2012 18 18
Wuxi 30-Mar-2012 259 259
Nanjing 30-Mar-2012 1,493 1,493
Tianjin 30-Apr-2012 4 4
Taiyuan 5-Jun-2012 34 34
Shanghai 27-Jun-2012 20,669 20,669
Fuzhou 31-Oct-2012 173 173
Wuhan 2-Nov-2012 433 433
Changsha 2-Dec-2012 12 12
Dalian 28-Dec-2012 2 2
Guilin 30-Oct-2013 4 4

Total 10,688 7,935 20,703 606 14 4 39,950

Notes: This table reports the rollout dates for cities in our sample ("Rollout date"), the number of analyst
reports for analysts residing in each city over our sample period, and the first quarter in which we set the
indicator variable Post equal to one ("implementation quarter"). We define the implementation quarter based
on the program’s rollout date, requiring at least one and a half months of coverage for Post to equal one in that
quarter. Accordingly, if the rollout occurs in the first half of a quarter, Post is set to one beginning in that
quarter; if it occurs in the second half, Post is coded as one starting in the following quarter.
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Table 2. E!ect of the monitoring program on public access and awareness of air quality

information

The model estimated using Poisson regressions:

ycity,q,c = ε Treated Citycity,c → Postq,c + ϑcity,c + ϑq,c + ϖcity,q,c

where, city, q, and c index cities, calendar year-quarters, and treatment cohorts, respectively.

(1) (2)
y ↗ News Coverage Internet Search

Treated City → Post 0.954*** 0.318**
(0.195) (0.136)

Observations (City-Quarter-Cohort level) 568 406
Number of Unique Cities 17 17
City → Cohort FE Yes Yes
Quarter → Cohort FE Yes Yes
Pseudo R2 83.6% 75.8%
Marginal E!ect 160% 37%

Notes: This table reports evidence of the e!ect of the monitoring program on the awareness about air pollution
using a stacked cohort DiD design. The program is implemented across Chinese cities in six quarters (six
treatment quarters) over a span of eight quarters, from the first quarter of 2012 to the fourth quarter of 2013.
For each adoption quarter, we define treated cities as those adopting the program in that quarter, and use cities
that adopt the program in later quarters as the control group. For example, cities that adopt the program in
2012Q1 (treatment quarter 1) are designated as treated cities in Cohort 1, while later-adopting cities (treatment
quarters 2 through 6) serve as controls for that cohort until their own adoption. We do not use cities from
treatment quarter 6 as treated observations because no later-treated cities remain to serve as controls. The final
sample includes five cohorts stacked into a single dataset. Treated City is an indicator variable that equals one
for treated cities in each cohort and zero for control cities in the cohort. Post is an indicator variable that equals
one for both treated and control cities in the cohort starting in the first quarter when the city implements the
monitoring program and remains one for all subsequent quarters. We measure awareness using two proxies. News
Coverage is defined as the number of news articles containing air pollution-related keywords, including “smog”
or “air pollution,” in the title and a reference to the city in the text during the quarter and Internet Search is
defined as the average daily frequency of internet searches on Baidu for air pollution-related keywords, including
“smog” or “air pollution” within a given city and quarter. Both columns are estimated using Poisson regressions.
All variables are defined in the Variable Appendix. Standard errors are clustered at the City → Quarter level and
reported in parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided),
respectively.
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Table 3. Summary Statistics

Variable N Mean SD Q1 Median Q3

Main Variables
Treated 67,389 0.593 0.491 0.000 1.000 1.000

Post 67,389 0.398 0.490 0.000 0.000 1.000

Air Pollution Discussed 67,389 0.027 0.161 0.000 0.000 0.000

Physical Risks Discussed 67,389 0.001 0.034 0.000 0.000 0.000

Regulatory Risks Discussed 67,389 0.021 0.142 0.000 0.000 0.000

Preference-related Factors Discussed 67,389 0.019 0.135 0.000 0.000 0.000

Other Risks Discussed 67,389 0.002 0.048 0.000 0.000 0.000

EPS Forecast (%) 67,071 5.138 3.349 2.844 4.305 6.407

Recommendation 65,389 4.329 0.595 4.000 4.000 5.000

Target Price 21,705 1.290 0.620 0.996 1.240 1.448

Report Tone 67,389 ↔0.011 0.289 ↔0.222 ↔0.014 0.200

Site Visit 63,747 0.039 0.193 0.000 0.000 0.000

Market Reaction (%) 56,705 0.859 4.632 ↔1.963 0.364 3.161

Post-Analyst-Report BHAR (%) 56,705 ↔3.346 34.047 ↔25.757 ↔8.244 12.583

Placebo Tests
Human Capital Discussed 67,389 0.096 0.295 0.000 0.000 0.000

Social Capital Discussed 67,389 0.081 0.272 0.000 0.000 0.000

Heterogeneity Tests
Green Firm - LLM classification 67,389 0.109 0.312 0.000 0.000 0.000

Brown Firm - LLM classification 67,389 0.106 0.308 0.000 0.000 0.000

Neutral Firm - LLM classification 67,389 0.785 0.411 0.000 0.000 0.000

Brown Firm - Govt classification 67,389 0.181 0.385 0.000 0.000 0.000

Awareness of Air Pollution Tests
News Coverage 568 4.063 21.659 0.000 1.000 3.000

Internet Search 406 61.190 58.110 27.000 44.000 72.000

Notes: This table reports summary statistics for variables used in our analyses. Treated is an indicator variable
that equals one for treated analysts in each cohort and zero for control analysts in the cohort. Post is an
indicator variable that equals one for both treated and control analysts in the cohort starting in the first quarter
when the treated analyst’s city implements the monitoring program and remains one for all subsequent quarters.
Air Pollution Discussed is an indicator variable that equals one if the analyst’s report discusses air quality as
defined by the SASB and measured using a large language model (DeepSeek-R1 ). EPS Forecast is defined as
the analyst’s EPS forecast, scaled by the firm’s stock price at the beginning of the fiscal year, multiplied by 100.
Recommendation is the analyst’s stock recommendation, coded as an ordinal variable ranging from 1 to 5, where
5 indicates a Strong Buy and 1 indicates a Strong Sell. Target Price is the ratio of the analyst’s target price
forecast to the firm’s actual stock price at the beginning of the fiscal year. Report Tone is calculated as (Positive
- Negative) / (Positive + Negative), where Negative (Positive) represents the word count frequency of negative
(positive) words in the analyst report as obtained from the CNRDS dataset. Negative and positive words are
identified using the Loughran-McDonald dictionary. Market Reaction (%) is the (signed) cumulative abnormal
return over a three-day window centered on the analyst report date, multiplied by 100. All continuous variables
are winsorized at the 1% and 99% levels. All variables are defined in the Variable Appendix.
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Table 4. Main analyses

The model estimated:
yi,j,q,c = ε Treatedi,c → Postq,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c are analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

Panel A. E!ect of monitoring program on analyst discussions of firms’ air-polluting activities

(1)
y ↗ Air Pollution Discussed

Treated → Post 0.022***
(0.005)

Observations (Analyst Report-Cohort Level) 67,389
Number of Unique Analysts 715
Number of Unique Firms 1,460
Firm → Year-Quarter → Cohort FE Yes
Analyst → Firm → Cohort FE Yes
Adj. R2 47.4%
Pre-program Mean of y 0.021
Pre-program Standard Deviation of y 0.145

Panel B. Placebo tests using analyst discussions of social topics

(1) (2)
y ↗ Human Capital Discussed Social Capital Discussed

Treated → Post 0.011 0.003

(0.016) (0.008)

Observations (Analyst Report-Cohort Level) 67,389 67,389
Number of Unique Analysts 715 715
Number of Unique Firms 1,460 1,460
Firm → Year-Quarter → Cohort FE Yes Yes
Analyst → Firm → Cohort FE Yes Yes
Adj. R2 16.5% 35.5%
Pre-program Mean of y 0.096 0.079
Pre-program Standard Deviation of y 0.294 0.270
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Table 4 (Continued)

Notes: This table reports results on the e!ect of the monitoring program on analyst discussions of firms’
activities in their reports. Panel A reports evidence on the e!ects of a monitoring program implemented in
China on analyst discussions of firms’ air-polluting activities in their reports using a stacked cohort DiD design.
The program is implemented across Chinese cities in six quarters (six treatment quarters) over a span of eight
quarters, from the first quarter of 2012 to the fourth quarter of 2013. For each adoption quarter, treated analysts
are defined as those in cities adopting the program in that quarter, and analysts in cities that adopt the program
in later quarters are used as the control group. For example, analysts in cities that adopt the program in 2012Q1
(treatment quarter 1) are designated as treated analysts in Cohort 1, while analysts in later-adopting cities
(treatment quarters 2 through 6) serve as controls for that cohort until their own adoption. We do not use
analysts located in cities in treatment quarter 6 as treated observations because no later-treated analysts remain
to serve as controls. The final sample includes five cohorts stacked into a single dataset. Air Pollution Discussed
is an indicator variable that equals one if the analyst’s report discusses air quality as defined by the SASB and
measured using a large language model (DeepSeek-R1 ). Panel B reports results of placebo tests using social topics
as placebo topics. Specifically, this panel reports evidence on the e!ects of the monitoring program on analyst
discussions of social topics in their reports using a stacked cohort DiD design. The dependent variable in Column
1 (Column 2) is Human Capital Discussed (Social Capital Discussed), defined as an indicator variable that equals
one if the analyst’s report discusses human capital (social capital) as defined by the SASB and measured using a
large language model (DeepSeek-R1 ). In both panels, Treated is an indicator variable that equals one for treated
analysts in each cohort and zero for control analysts in the cohort. Post is an indicator variable that equals one
for both treated and control analysts in the cohort starting in the first quarter when the treated analyst’s city
implements the monitoring program and remains one for all subsequent quarters. All variables are defined in the
Variable Appendix. Standard errors are clustered at the City → Quarter level and reported in parentheses. *,
**, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided), respectively.
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Table 5. Analyst discussions of di!erent types of environmental risks

The model estimated:

yi,j,q,c = εTreatedi,c → Postq,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2) (3) (4)
y ↗ Physical Risks

Discussed
Regulatory Risks

Discussed
Preference-

related Factors
Discussed

Other Risks
Discussed

Treated → Post 0.000 0.017*** 0.013*** 0.001

(0.000) (0.005) (0.003) (0.002)

Observations (Analyst Report-Cohort Level) 67,389 67,389 67,389 67,389
Number of Unique Analysts 715 715 715 715
Number of Unique Firms 1,460 1,460 1,460 1,460
Firm → Year-Quarter → Cohort FE Yes Yes Yes Yes
Analyst → Firm → Cohort FE Yes Yes Yes Yes
Adj. R2 23.5% 42.5% 46.2% 26.0%
Pre-program Mean of y 0.001 0.018 0.016 0.002
Pre-program Standard Deviation of y 0.031 0.133 0.124 0.047

Notes: This table reports the e!ects of the monitoring program on analyst discussions of di!erent types of
environmental risks. In Column 1, the dependent variable Physical Risk Discussed equals one if the analyst
discusses physical risks arising from climate change or air pollution. In Column 2, Regulatory Risks Discussed
equals one if the analyst discusses environmental regulatory risks. In Column 3, Preference-related Factors
Discussed equals one if the analyst discusses changes in customer preference and demand driven by pollution
or climate concerns. In Column 4, Other Risks Discussed equals one if the analyst discusses air pollution in
the report but the discussion cannot reasonably be classified into any of the three preceding categories. We
use DeepSeek-R1 to classify these discussions based solely on the text of the analyst reports, instructing the
model to interpret “risk” broadly as the firm’s exposure to pollution- or climate-related factors—such as past,
current, or anticipated regulation, physical conditions, or shifts in customer preferences—that may entail adverse
consequences (e.g., higher costs, constraints, reduced market share) or positive consequences (e.g., new markets,
competitive advantages, cost savings, policy support). Treated is an indicator variable that equals one for treated
analysts in each cohort and zero for control analysts in the cohort. Post is an indicator variable that equals one
for both treated and control analysts in the cohort starting in the first quarter when the treated analyst’s city
implements the monitoring program and remains one for all subsequent quarters. All variables are defined in the
Variable Appendix. Standard errors are clustered at the City → Quarter level and reported in parentheses. *,
**, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided), respectively.
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Table 6. Heterogeneity tests

The model estimated:

yi,j,q,c = εTreatedi,c → Postq,c + ϑi,q,c + ϑj,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

Panel A. LLM-based classification

(1) (2) (3)
y ↗ Air Pollution Discussed
LLM-based classification ↗ Green Neutral Brown

Treated → Post 0.061** 0.013*** 0.050***
(0.026) (0.003) (0.018)

p-value for εGreen ↔ εNeutral > 0 0.025
p-value for εBrown ↔ εNeutral > 0 0.014
p-value for εGreen ↔ εBrown > 0 0.360

Observations (Analyst Report-Cohort Level) 7,353 52,876 7,160
Number of Unique Analysts 292 684 257
Number of Unique Firms 184 1,127 149
Firm → Year-Quarter → Cohort FE Yes Yes Yes
Analyst → Firm → Cohort FE Yes Yes Yes
Adj. R2 45.4% 44.7% 39.2%
Pre-program Mean of y 0.083 0.012 0.027
Pre-program Standard Deviation of y 0.276 0.110 0.162

Panel B. Government-designated classification

(1) (2)
y ↗ Air Pollution Discussed
Government-designated classification ↗ Not Brown Brown

Treated → Post 0.011*** 0.084***
(0.004) (0.025)

p-value for εBrown ↔ εNot Brown > 0 0.002

Observations (Analyst Report-Cohort Level) 55,182 12,207
Number of Unique Analysts 690 462
Number of Unique Firms 1,107 353
Firm → Year-Quarter → Cohort FE Yes Yes
Analyst → Firm → Cohort FE Yes Yes
Adj. R2 44.8% 50.9%
Pre-program Mean of y 0.022 0.020
Pre-program Standard Deviation of y 0.146 0.139
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Table 6 (Continued)

Notes: This table reports results on the heterogeneity of the e!ect of the monitoring program on analyst
discussions of firms’ air-polluting activities in their reports. In Panel A, we partition analyst reports into three
groups: Brown, Neutral, and Green. We instruct DeepSeek-Reasoner to focus exclusively on the firm’s business
description in the MD&A section of the annual reports of 2011 and to classify a firm as Brown (Green) if
its business description indicates that the firm faces risks or costs (gains an advantage or opportunity) from
heightened attention to, concern about, and regulation of air quality issues, as defined by the SASB. Firms
not classified as Brown or Green are designated Neutral. We estimate Equation 2 separately for each of these
three groups. In Panel B, we partition analyst reports in our sample into two groups based on whether the
covered firm is included in the Environmental Survey and Reporting (ESR) database in 2011, the year before
the implementation of the monitoring program. ESR is the most comprehensive firm-level emissions database
and contains firms with the highest levels of emissions. We estimate Equation 2 separately for analyst reports
covering firms included in ESR (Brown firms) and those covering firms not included in ESR (Not Brown firms).
Air Pollution Discussed is an indicator variable that equals one if the analyst’s report discusses air quality as
defined by the SASB and measured using a large language model (DeepSeek-R1 ). Treated is an indicator variable
that equals one for treated analysts in each cohort and zero for control analysts in the cohort. Post is an indicator
variable that equals one for both treated and control analysts in the cohort starting in the first quarter when
the treated analyst’s city implements the monitoring program and remains one for all subsequent quarters. All
variables are defined in the Variable Appendix. Standard errors are clustered at the City → Quarter level and
reported in parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided),
respectively.
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Table 7. Analyst outputs

The model estimated:

yi,j,q,c = εTreatedi,c → Postq,c + ϱControls + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

Panel A. E!ect of the monitoring program on analyst outputs

(1) (2) (3) (4)
y ↗ EPS Forecast (%) Recommendation Target Price Report Tone

Treated → Post 0.018 0.000 0.008 0.001

(0.023) (0.018) (0.039) (0.010)

Observations (Analyst Report-Cohort Level) 67,071 65,389 21,705 67,389
Number of Unique Analysts 715 711 563 715
Number of Unique Firms 1,458 1,443 1,113 1,460
Firm → Year-Quarter → Cohort FE Yes Yes Yes Yes
Analyst → Firm → Cohort FE Yes Yes Yes Yes
Adj. R2 96.6% 78.6% 76.9% 47.3%
Pre-program Mean of y 4.612 4.331 1.241 ↔0.037

Pre-program Standard Deviation of y 3.077 0.599 0.602 0.290
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Table 7 (Continued)

Panel B. Heterogeneity tests - LLM-based classification

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

y → EPS Forecast (%) Recommendation Target Price Report Tone
LLM-based classification → Green Neutral Brown Green Neutral Brown Green Neutral Brown Green Neutral Brown

Treated ↑ Post 0.284*** 0.042 ↓0.440*** 0.152*** 0.002 ↓0.165*** 0.137** 0.007 ↓0.129** 0.081***↓0.001 ↓0.063**

(0.093) (0.027) (0.111) (0.056) (0.017) (0.038) (0.053) (0.042) (0.056) (0.031) (0.010) (0.025)

p-value for ωGreen ↓ ωNeutral > 0 0.006 0.002 0.014 0.004

p-value for ωNeutral ↓ ωBrown > 0 0.000 0.000 0.023 0.007

p-value for ωGreen ↓ ωBrown > 0 0.000 0.000 0.000 0.000

Obs. (Analyst Report-Cohort Level) 7,311 52,642 7,118 7,110 51,218 7,061 2,268 17,633 1,804 7,353 52,876 7,160

Number of Unique Analysts 291 684 257 291 680 257 198 520 170 292 684 257

Number of Unique Firms 183 1,127 148 183 1,112 148 135 864 114 184 1,127 149

Firm ↑ Year-Quarter ↑ Cohort FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Analyst ↑ Firm ↑ Cohort FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Adj. R
2

96.4% 97.3% 91.1% 75.0% 79.0% 79.4% 84.3% 74.9% 84.5% 45.0% 46.9% 51.5%

Pre-program Mean of y 4.459 4.491 5.609 4.355 4.328 4.333 1.200 1.239 1.309 ↓0.048 ↓0.042 0.008

Pre-program Standard Deviation of y 2.779 3.094 3.048 0.583 0.603 0.591 0.531 0.603 0.659 0.285 0.291 0.283
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Table 7 (Continued)

Panel C. Heterogeneity tests - Government-designated classification

(1) (2) (3) (4) (5) (6) (7) (8)
y ↗ EPS Forecast (%) Recommendation Target Price Report Tone
Government-designated classification ↗ Not Brown Brown Not Brown Brown Not Brown Brown Not Brown Brown

Treated → Post 0.040 ↔0.125** 0.021 ↔0.125*** 0.027 ↔0.147** 0.009 ↔0.043**
(0.027) (0.050) (0.019) (0.035) (0.047) (0.063) (0.010) (0.020)

p-value for εNot Brown - εBrown > 0 0.003 0.000 0.032 0.002

Observations (Analyst Report-Cohort Level) 54,949 12,122 53,663 11,726 17,958 3,747 55,182 12,207
Number of Unique Analysts 690 462 687 459 534 302 690 462
Number of Unique Firms 1,105 353 1,093 350 855 258 1,107 353
Firm → Year-Quarter → Cohort FE Yes Yes Yes Yes Yes Yes Yes Yes
Analyst → Firm → Cohort FE Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R2 96.8% 95.6% 79.1% 76.3% 76.6% 78.6% 47.5% 46.1%
Pre-program Mean of y 4.673 4.341 4.336 4.311 1.248 1.208 ↔0.031 ↔0.061

Pre-program Standard Deviation of y 3.171 2.609 0.600 0.598 0.609 0.565 0.292 0.283
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Table 7 (Continued)

Notes: This table reports the e!ect of the monitoring program on analyst outputs. Panel A reports evidence on the e!ects of the monitoring program on
analyst outputs using a stacked cohort DiD design. In Panel B, we partition analyst reports into three groups: Brown, Neutral, and Green. We instruct
DeepSeek-R1 to focus exclusively on the firm’s business description in the M&A section of the annual reports of 2011 and to classify a firm as Brown
(Green) if its description indicates that the firm faces risks or costs (gains an advantage or opportunity) from heightened attention to air quality issues, as
defined by the SASB. Firms not classified as Brown or Green are designated Neutral. We estimate Equation 2 separately for each of these three groups.
In Panel C, we partition analyst reports in our sample into two groups based on whether the covered firm is included in the Environmental Survey and
Reporting (ESR) database in 2011, the year before the implementation of the monitoring program. We estimate Equation 2 separately for analyst reports
covering firms included in ESR (Brown firms) and those covering firms not included in ESR (Not Brown firms). EPS Forecast is defined as the analyst’s
EPS forecast, scaled by the firm’s stock price at the beginning of the fiscal year, multiplied by 100. Recommendation is the analyst’s stock recommendation,
coded as an ordinal variable ranging from 1 to 5, where 5 indicates a Strong Buy and 1 indicates a Strong Sell. Target Price is the ratio of the analyst’s
target price to the firm’s actual stock price at the beginning of the fiscal year. Report Tone is calculated as (Positive - Negative) / (Positive + Negative),
where Negative (Positive) represents the word count frequency of negative (positive) words in the analyst report as obtained from the CNRDS dataset.
Negative and positive words are identified using the Loughran-McDonald dictionary. Market Reaction is the (signed) cumulative abnormal return over a
three-day window centered on the analyst report date, multiplied by 100. Treated is an indicator variable that equals one for treated analysts in each cohort
and zero for control analysts in the cohort. Post is an indicator variable that equals one for both treated and control analysts in the cohort starting in
the first quarter when the treated analyst’s city implements the monitoring program and remains one for all subsequent quarters. All variables are defined
in the Variable Appendix. Standard errors are are clustered at the City → Quarter level, and t-statistics and reported in parentheses. *, **, *** indicate
statistical significance at the 10%, 5%, and 1% levels (two-sided), respectively.
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Table 8. Site visits

The model estimated

yi,j,q,c = ε Treatedi,c → Postq,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2) (3) (4) (5) (6)
y ↗ Site Visit

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

Treated → Post 0.022*** 0.046*** 0.013 0.078** 0.014* 0.050**
(0.007) (0.015) (0.008) (0.034) (0.007) (0.023)

p-value for εGreen ↔ εNeutral > 0 0.025
p-value for εBrown ↔ εNeutral > 0 0.034
p-value for εBrown ↔ εGreen > 0 0.861
p-value for εBrown ↔ εNot Brown > 0 0.071

Obs. (Firm-Analyst-Quarter-Cohort) 63,747 7,643 50,938 5,166 49,496 14,251
Number of Unique Analysts 657 234 608 180 625 367
Number of Unique Firms 929 125 726 78 683 246
Firm → Year-Quarter → Cohort FE Yes Yes Yes Yes Yes Yes
Analyst → Firm → Cohort FE Yes Yes Yes Yes Yes Yes
Adj. R2 38.9% 31.5% 42.2% 20.1% 39.5% 36.3%
Pre-program Mean of y 0.017 0.015 0.014 0.051 0.014 0.029
Pre-program Standard Deviation of y 0.131 0.122 0.119 0.220 0.119 0.167

Notes: This table reports the e!ect of the monitoring program on analyst corporate site visits. Site Visit is
an indicator variable that equals one if the lead analyst or any of their team members visits the covered firm
during the quarter, zero otherwise. The sample is at the firm-analyst-quarter-cohort level. Column 1 reports
evidence on the e!ects of the monitoring program on corporate site visits using a stacked cohort DiD design. In
Columns 2–4, we partition analyst reports into three groups: Brown, Neutral, and Green. We instruct DeepSeek-
Reasoner to focus exclusively on the firm’s business description in the MD&A section of the annual reports of
2011 and to classify a firm as Brown (Green) if its description indicates that the firm faces risks or costs (gains
an advantage or opportunity) from heightened attention to air quality issues, as defined by the SASB. Firms not
classified as Brown or Green are designated Neutral. We estimate separate regressions for each of these three
groups. In Columns 5 and 6, we partition analyst reports in our sample into two groups based on whether the
covered firm is included in the Environmental Survey and Reporting (ESR) database in 2011, the year before
the implementation of the monitoring program. We estimate Equation 2 separately for analyst reports covering
firms included in ESR (Brown firms) and those covering firms not included in ESR (Not Brown firms). Treated
is an indicator variable that equals one for treated analysts in each cohort and zero for control analysts in the
cohort. Post is an indicator variable that equals one for both treated and control analysts in the cohort starting
in the first quarter when the treated analyst’s city implements the monitoring program and remains one for all
subsequent quarters. All variables are defined in the Variable Appendix. Standard errors are clustered at the
City → Quarter level and reported in parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and
1% levels (two-sided), respectively.
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Table 9. Market reaction to analyst reports

The model estimated:

yi,j,q,c = εTreatedi,c → Postq,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2) (3) (4) (5) (6)
y ↗ Market Reaction (%)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

Treated → Post ↔0.119 0.863* ↔0.119 ↔1.154*** 0.073 ↔1.348**
(0.189) (0.438) (0.203) (0.348) (0.180) (0.619)

p-value for εGreen ↔ εNeutral > 0 0.010
p-value for εNeutral ↔ εBrown > 0 0.003
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.006

Obs. (Analyst Report-Cohort Level) 56,705 6,296 44,467 5,942 46,414 10,291
Number of Unique Analysts 713 291 681 255 689 460
Number of Unique Firms 1,448 184 1,117 147 1,100 348
Firm → Year-Quarter → Cohort FE Yes Yes Yes Yes Yes Yes
Analyst → Firm → Cohort FE Yes Yes Yes Yes Yes Yes
Adj. R2 31.9% 26.5% 33.0% 28.9% 32.1% 30.5%
Pre-program Mean of y 0.967 0.826 1.002 0.853 0.943 1.070
Pre-program Standard Deviation of y 4.733 4.739 4.755 4.558 4.706 4.845

Notes: This table reports the e!ect of the monitoring program on market reaction to analyst reports. Market
Reaction (%) is the (signed) cumulative abnormal return over a three-day window centered on the analyst report
date, multiplied by 100. Column 1 reports evidence on the e!ects of the monitoring program on market reaction
to analyst reports using a stacked cohort DiD design. In Columns 2–4, we partition analyst reports into three
groups: Brown, Neutral, and Green. We instruct DeepSeek-Reasoner to focus exclusively on the firm’s business
description in the MD&A section of the annual reports of 2011 and to classify a firm as Brown (Green) if its
description indicates that the firm faces risks or costs (gains an advantage or opportunity) from heightened
attention to air quality issues, as defined by the SASB. Firms not classified as Brown or Green are designated
Neutral. We estimate Equation 2 separately for each of these three groups. In Columns 5 and 6, we partition
analyst reports in our sample into two groups based on whether the covered firm is included in the Environmental
Survey and Reporting (ESR) database in 2011, the year before the implementation of the monitoring program.
We estimate Equation 2 separately for analyst reports covering firms included in ESR (Brown firms) and those
covering firms not included in ESR (Not Brown firms). Treated is an indicator variable that equals one for treated
analysts in each cohort and zero for control analysts in the cohort. Post is an indicator variable that equals one
for both treated and control analysts in the cohort starting in the first quarter when the treated analyst’s city
implements the monitoring program and remains one for all subsequent quarters. All variables are defined in the
Variable Appendix. Standard errors are clustered at the City → Quarter level and reported in parentheses. *,
**, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided), respectively.
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Table 10. Stock return reversal

The model estimated:

yi,j,q,c = ε1 Treatedi,c → Postq,c → Market Reactioni,j,q,c + ε2 Treatedi,c → Postq,c
+ ε3 Treatedi,c → Market Reactioni,j,q,c + ε4 Postq,c → Market Reactioni,j,q,c

+ ε5 Market Reactioni,j,q,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2) (3) (4) (5) (6)
y ↗ Post-Analyst-Report BHAR (%)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

Treated → Post → Market Reaction (%) 0.108 ↔0.422 0.181 0.139 0.133 ↔0.023

(0.125) (0.313) (0.132) (0.370) (0.114) (0.289)

Treated → Post 0.033 ↔1.373 0.085 1.196 ↔0.140 1.032

(0.350) (0.904) (0.387) (0.792) (0.333) (0.921)

Treated → Market Reaction (%) ↔0.015 0.189 ↔0.034 ↔0.092 ↔0.024 0.032

(0.051) (0.151) (0.060) (0.120) (0.052) (0.114)

Post → Market Reaction (%) ↔0.165* 0.441 ↔0.266*** ↔0.002 ↔0.168** ↔0.150

(0.091) (0.306) (0.097) (0.273) (0.082) (0.269)

Market Reaction (%) ↔0.291*** ↔0.598** ↔0.267*** ↔0.136 ↔0.281*** ↔0.341**
(0.056) (0.236) (0.071) (0.186) (0.060) (0.159)

Obs. (Analyst Report-Cohort Level) 56,705 6,296 44,467 5,942 46,414 10,291
Number of Unique Analysts 713 291 681 255 689 460
Number of Unique Firms 1,448 184 1,117 147 1,100 348
Firm → Year-Quarter → Cohort FE Yes Yes Yes Yes Yes Yes
Analyst → Firm → Cohort FE Yes Yes Yes Yes Yes Yes
Adj. R2 94.0% 94.4% 93.9% 94.4% 94.2% 92.9%
Pre-program Mean of y ↔1.107 ↔2.005 ↔0.405 ↔5.234 ↔0.692 ↔2.903

Pre-program Standard Deviation of y 27.687 27.052 28.293 23.188 27.460 28.581
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Table 10 (Continued)

Notes: This table examines the return reversal of market reaction to analyst reports. A negative correlation
between the Market Reaction to a report and post-analyst-report long-term BHAR returns captures return
reversal. Market Reaction (%) is the signed cumulative abnormal return over a three-day window centered on
the analyst report date, multiplied by 100. We demean Market Reaction (%) to facilitate the interpretation of
the coe"cients on Treated → Post in this Table. Post-Analyst-Report BHAR (%) is the signed buy-and-hold
abnormal return of the covered firm over the window starting from the second trading day after the analyst
report date and ending 12 months after the analyst report date, multiplied by 100. Column 1 reports the results
from a test exploring the change in return reversal for treated analysts from before to after the rollout of the
monitoring program in their city, relative to control analysts. In Columns 2–4, we partition analyst reports into
three groups: Brown, Neutral, and Green. We instruct DeepSeek-Reasoner to focus exclusively on the firm’s
business description in the MD&A section of the annual reports of 2011 and to classify a firm as Brown (Green)
if its description indicates that the firm faces risks or costs (gains an advantage or opportunity) from heightened
attention to air quality issues, as defined by the SASB. Firms not classified as Brown or Green are designated
Neutral. We estimate separate regressions for analyst reports covering firms in each of these three groups. In
Columns 5 and 6, we partition analyst reports in our sample into two groups based on whether the covered firm is
included in the Environmental Survey and Reporting (ESR) database in 2011, the year before the implementation
of the monitoring program. We estimate Equation 2 separately for analyst reports covering firms included in
ESR (Brown firms) and those covering firms not included in ESR (Not Brown firms). Treated is an indicator
variable that equals one for treated analysts in each cohort and zero for control analysts in the cohort. Post is an
indicator variable that equals one for both treated and control analysts in the cohort starting in the first quarter
when the treated analyst’s city implements the monitoring program and remains one for all subsequent quarters.
All variables are defined in the Variable Appendix. Standard errors are clustered at the City → Quarter level and
reported in parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided),
respectively.
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Internet Appendix A Variables Definitions

Variable Definition Data Source

Heterogeneity Tests: Subsample Limited to Firms in the ESR Dataset [Tables B2]

Brown Firm - Govt
classification
(Alternative)

An indicator variable that equals one if the firm’s
emission intensity is above the median in 2011. The
firm’s emission intensity measure is calculated as the
average of the decile ranks of its NOx and SO2 emission
intensities within its industry, where these emission
intensities are measured as the ratios of the firm’s NOx
and SO2 emissions to sales. We focus on these two
pollutants because they are the only ones among the six
criteria pollutants covered by the monitoring program.

ESR

Not Brown Firm - Govt
classification
(Alternative)

An indicator variable that equals one if the firm’s
emission intensity is below the median in 2011. The
firm’s emission intensity measure is calculated as the
average of the decile ranks of its NOx and SO2 emission
intensities within its industry, where these emission
intensities are measured as the ratios of the firm’s NOx
and SO2 emissions to sales. We focus on these two
pollutants because they are the only ones among the six
criteria pollutants covered by the monitoring program.

ESR

Stock return reversal over one month following the analyst report date [Tables B4]

Post-Analyst-Report
1-Month BHAR (%)

Measured as the signed buy-and-hold abnormal return
(BHAR) of the covered firm over the window starting
from the second trading day after the analyst report date
and ending 1 month after the analyst report date,
multiplied by 100. BHAR is calculated as:

BHARi,t2,T =
T∏

ω=t2

(1 +Ri,ω )↔
T∏

ω=t2

(1 + E[Ri,ω ])

where Ri,ω is the daily stock return of firm i on day ω ,
E[Ri,ω ] is the equally-weighted market return on day ω ,
t2 is the second trading day after the analyst report
date, and T is the last trading day of the 1-calendar
month after the analyst report date. We exclude analyst
reports issued on firms’ annual earnings announcement
dates to avoid capturing market reactions driven by
earnings announcements rather than analyst reports.

CSMAR

Cross-Listed Tests [Table B5]

Mainland China
An indicator variable that equals one if an analyst lives
in mainland China and zero if the analyst resides outside
mainland China (e.g., the U.S. or Hong Kong).

Alternative Post
An indicator variable that equals one for the quarters
after the fourth quarter of 2013, and zero for the
quarters before the first quarter of 2012.

Additional Heterogeneity Variables [Tables B6]
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City with a U.S. Embassy
or Consulate

An indicator variable equal to one if a city hosts a
United States embassy or consulate, and zero otherwise.
Cities hosting a U.S. embassy or consulate in our sample
include Beijing, Shanghai, and Guangzhou.

Below-Median Analyst
Age

An indicator variable that equals one if the analyst’s age
is below the median analyst’s age in 2011, before the
program is implemented. The analyst’s age is calculated
as 2011 minus the year of their college entrance plus 18,
i.e., assuming analysts enter college at the age of 18.

CNRDS

Star Analyst
An indicator variable that equals one if the analyst
receives the Best Analyst Award from the New Fortune
in 2011.

CNRDS

Alternative Proxy for Air Pollution and Social Discussions in Analyst Reports [Table B7]

Air Pollution
Discussed–Dict

An indicator variable that equals one if the analyst
report contains air pollution-related words and phrases
from a pollution dictionary developed by Lin et al.
(2024).
Lin et al. (2024) develop a Pollution and Waste
dictionary that captures air quality along with other
topics such as waste management and water treatment.
Since our focus is on air quality, we select a subset of
keywords from their dictionary that pertain to this topic.
Specifically, we instruct DeepSeek-R1 to evaluate the
relevance of each keyword based on the SASB’s
definition of air quality and retain the keywords for
which DeepSeek-R1 reports 100% relevance.

CnOpendata

Subsample limited to analyst reports issued for never-treated firms [Table B10]

Never-treated Firms
Covered firms located in cities that implemented the
monitoring program only after the end of our sample
period (2013Q3).

The program’s
rollout dates were
manually collected
from news media
and city yearbooks

Including control variables [Table B13]

Following History The natural logarithm of one plus the length of time (in
quarters) that the analyst has been following the firm. CNRDS

Experience
The natural logarithm of one plus the number of
quarters since the analyst issued their first report in the
CNRDS dataset.

CNRDS

Staggered DiD design [Table B14]

Post Staggered

An indicator variable that equals one starting from the
first quarter in which the monitoring program is
implemented in the city where the analyst resides and
remains one for all subsequent quarters.

Distance between the analyst’s city and the covered firm’s city [Table B15]

Above-Median
Firm-Analyst Distance

An indicator variable that equals one if the distance
between the analyst’s city and the covered firm’s city is
above the median.

CSMAR

2



References

Lin, Y., Shen, R., Wang, J., and Yu, Y. J. (2024). Global evolution of environmental and social disclosure
in annual reports. Journal of Accounting Research, 62(5):1941–1983.

3



Internet Appendix B Additional Analyses

B.1 Alternative research design: Cross-listed firms

Our research design, placebo tests, and heterogeneity analyses limit the plausibility that concurrent regulations
or events confound our results. Any alternative explanation based on concurrent events would need to
simultaneously account for several facts. First, because our models include firm-time fixed e!ects, any
explanation must account for why only some analysts, but not others covering the same firm at the same time,
change their reports. Second, the alternative explanation must explain the timing of the change in analyst
reports. That is, it needs to explain why analysts who change their reports are precisely those located in cities
adopting the monitoring program. Third, it must also explain our heterogeneity results. For instance, it must
explain why analysts issue less favorable reports for brown firms but more favorable reports for green firms.
Fourth, considering our placebo tests for Air Pollution Discussed proxy, the alternative explanation would need
to impact only air pollution discussions without a!ecting social topics. We are not aware of any concurrent
events that coincide with the staggered timing of the monitoring program across cities, let alone events that
meet the above-discussed criteria. However, to further raise the bar for any feasible alternative explanation, we
adopt a second identification strategy in this section.

Our main identification strategy exploits the staggered implementation of the monitoring program across
Chinese cities. Our second identification strategy complements our main identification strategy because it does
not rely on staggered timing. Specifically, we implement a static DiD design based on the geographic location of
analysts covering Chinese cross-listed firms. We define analysts based in mainland China as the treated group
and those based outside mainland China (e.g., in the U.S. or Hong Kong) who follow the same firm as the
control group. Unlike our main identification strategy that exploits later-treated analysts as the control group,
this research design uses never-treated analysts.

The sample used for this setting includes analyst reports issued between 2010 and 2015, excluding the eight
quarters spanning from the first adoption quarter (2012Q1) to the last adoption quarter (2013Q4). Using this
sample, we estimate the following regression:

yi,j,q = ε Mainland Chinai → Alternative Postq + ϑj,q + ϑi,j + ϖi,j,q (IA1)

where i, j, and q index analyst reports, firms, and calendar year-quarters, respectively. y i,j,q refers to one of
the two proxies of air pollution-related discussions in the analyst i ’s report issued for firm j in quarter q : Air
Pollution Discussed–Dict and Air Pollution Discussed , as defined in Section 4.1. Mainland Chinai is an indicator
variable that equals one for analysts residing in mainland China and zero for analysts residing outside mainland
China. Alternative Postq is an indicator variable that equals one for quarters in 2014 and 2015, and zero for
quarters in 2010 and 2011. The terms ϑj,q and ϑi,j represent Firm → Year-Quarter and Analyst → Firm fixed
e!ects, respectively. Similar to our main identification design, these fixed e!ects absorb all time-varying firm
characteristics and all time-invariant analyst-firm pair e!ects, allowing us to isolate variation within the same
firm and quarter across analysts.23 The coe"cient of interest, ε, measures the change in air pollution-related
discussions by analysts residing in mainland China around the time of implementation, relative to analysts
outside mainland China who cover the same firm during the same period.

Table B5, Column 1, presents the results from estimating Equation IA1 using analysts covering Chinese
cross-listed firms. The coe"cient on Mainland China → Alternative Post is positive and significant across
all three columns, each employing a di!erent proxy for air pollution discussions. These results indicate that
treated analysts residing in mainland China increased their air pollution-related discussions after the program’s
implementation, relative to analysts residing outside mainland China, further supporting our main findings.
Building on this, Figure B1 plots event-time coe"cient estimates for Air Pollution Discussed . Our estimated
coe"cients show no evidence of significant pre-treatment trends, supporting the parallel trends assumption.
Next, we examine the heterogeneity of the e!ects of the monitoring program, similar to those presented in

23Our fixed e!ects subsume the main e!ect of Mainland China and Alternative Post.
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Table 6. Columns 2-6 show that the treatment e!ects are stronger for (i) analysts covering either Brown–LLM
classification or Green–LLM classification firms, compared to Neutral–LLM classification firms, and (ii) analysts
covering Brown–Govt classification firms, compared to Not Brown–Govt classification firms.
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Figure B1. Time trend in Air Quality Discussed measure using cross-listed sample

The model estimated:

yi,j,q = ε1Mainland Chinai → Alternative PRE + ε2Mainland Chinai → Alternative POST + ϑj,q + ϑi,j + ϖi,j,q

where, i, j, and q index analyst reports, firms, and calendar year-quarters, respectively. Alternative PRE
is a vector that includes Alternative Pre[↑ 4]q,c, Alternative Pre[3]q,c, Alternative Pre[2]q,c, and Alternative
Pre[1]q,c; and Alternative POST is a vector that includes Alternative Post [1]q,c and Alternative Post [↓ 2]q,c.

Notes: This figure presents proxies of analyst discussions of firms’ air-polluting activities before and after
the monitoring program’s implementation. Our sample is at the analyst report level and includes analyst
reports issued over the period between 2011 and 2015, excluding the event quarters during which the monitoring
program is implemented in China (2012Q1 - 2013Q4). The estimated coe"cients are obtained from estimating
Equation IA1 modified by replacing Alternative Post with a set of indicator variables for quarters before the first
implementation quarter in 2012Q1 and after the last implementation quarter in 2013Q4, except the base quarter
(the base quarter is the fourth quarter in 2011, which is the quarter immediately before the first implementation
quarter). Air Pollution Discussed is an indicator variable that equals one if the analyst’s report discusses air
quality. Vertical lines represent the 90% confidence intervals for each parameter estimate using standard errors
clustered at the City → Quarter level. Each shaded (unshaded) triangle on the graph represents a significant
(insignificant) regression coe"cient.
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Table B1. Sample selection

Description Number
of

Reports

Number
of

Firms

Number
of

Analysts

Reports from CnOpendata issued from 2010Q1 through 2015Q4 217,510 2,777 4,384
Remove:

Reports for which analyst characteristics are missing (30,599) (58) (1,369)
Reports without a disclosed analyst location (25,287) (3) (321)
Analysts issuing reports on the firm only pre- or post- implementation (111,219) (1,256) (1,979)
Analysts issued in or after 2013Q4, the last adoption quarter (10,455) 0 0

Final report-level sample 39,950 1,460 715
Final stacked cohort-report-level sample 67,389 1,460 715

Notes: This table outlines the sample construction process.
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Table B2. Heterogeneity tests: Subsample limited to firms in the ESR dataset

The model estimated:

yi,j,q,c = εTreatedi,c → Postq,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

y → Air Pollution Discussed EPS Forecast (%) Recommendation Target Price Report Tone Market Reaction (%)

Govt-designated classification

(Alternative) → Not Brown Brown Not Brown Brown Not Brown Brown Not Brown Brown Not Brown Brown Not Brown Brown

Treated ↑ Post 0.058* 0.114*** 0.039 ↓0.318*** ↓0.025 ↓0.241*** ↓0.012 ↓0.316*** ↓0.019 ↓0.070*** ↓1.057 ↓1.684***

(0.030) (0.031) (0.056) (0.107) (0.042) (0.062) (0.034) (0.083) (0.027) (0.026) (0.839) (0.539)

p-value for ωBrown ↓ ωNot Brown > 0 0.045

p-value for ωNot Brown ↓ ωBrown > 0 0.004 0.004 0.001 0.072 0.216

Obs. (Analyst Report-Cohort Level) 6,281 5,926 6,239 5,883 6,005 5,721 1,976 1,771 6,281 5,926 5,284 5,007

Number of Unique Analysts 347 308 347 308 344 307 206 194 347 308 342 307

Number of Unique Firms 179 174 179 174 178 172 130 128 179 174 175 173

Firm ↑ Year-Quarter ↑ Cohort FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Analyst ↑ Firm ↑ Cohort FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Adj. R
2

60.3% 39.1% 96.9% 93.5% 75.9% 76.6% 83.4% 75.6% 45.1% 47.3% 35.1% 25.3%

Pre-program Mean of y 0.025 0.013 4.555 4.102 4.334 4.287 1.184 1.236 ↓0.060 ↓0.064 0.953 1.199

Pre-program Standard Deviation of y 0.157 0.114 2.728 2.447 0.586 0.611 0.495 0.637 0.284 0.281 4.795 4.897
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Table B2 (Continued)

Notes: This table reports results on whether the e!ect of the monitoring program varies with the firms’ pollution levels after limiting the sample to firms
included in the ESR dataset. We partition analyst reports in our sample into two groups based on whether a firm’s emission intensity is above or below
the median in 2011. We estimate Equation 2 separately for analyst reports covering firms with above-median emission intensity (Brown Firms - Govt
classification (Alternative)) and those covering firms with below-median emission intensity (Not Brown Firms - Govt classification (Alternative)). The
firm’s emission intensity measure is calculated as the average of the decile ranks of its NOx and SO2 emission intensities within its industry, where these
emission intensities are measured as the ratios of the firm’s NOx and SO2 emissions to sales. Air Pollution Discussed is an indicator variable that equals
one if the analyst’s report discusses air quality as defined by the SASB and measured using a large language model (DeepSeek-R1 ). EPS Forecast is defined
as the analyst’s EPS forecast, scaled by the firm’s stock price at the beginning of the fiscal year, multiplied by 100. Recommendation is the analyst’s stock
recommendation, coded as an ordinal variable ranging from 1 to 5, where 5 indicates a Strong Buy and 1 indicates a Strong Sell. Target Price is the ratio of
the analyst’s target price to the firm’s actual stock price at the beginning of the fiscal year. Report Tone is calculated as (Positive - Negative) / (Positive +
Negative), where Negative (Positive) represents the word count frequency of negative (positive) words in the analyst report as obtained from the CNRDS
dataset. Negative and positive words are identified using the Loughran-McDonald dictionary. Market Reaction (%) is the (signed) cumulative abnormal
return over a three-day window centered on the analyst report date, multiplied by 100. Treated is an indicator variable that equals one for treated analysts
in each cohort and zero for control analysts in the cohort. Post is an indicator variable that equals one for both treated and control analysts in the cohort
starting in the first quarter when the treated analyst’s city implements the monitoring program and remains one for all subsequent quarters. All variables
are defined in the Variable Appendix in the paper or in Table Internet Appendix A. Standard errors are clustered at the City → Quarter level and reported
in parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided), respectively.9



Table B3. Heterogeneity tests for di!erent types of environmental risks

The model estimated:

yi,j,q,c = εTreatedi,c → Postq,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

Panel A. Heterogeneity tests for regulatory risks discussed

(1) (2) (3) (4) (5)
y ↗ Regulatory Risks Discussed

Heterogeneity tests ↗ LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

Treated → Post 0.090*** 0.003 0.057*** 0.008** 0.071***
(0.024) (0.003) (0.017) (0.004) (0.021)

p-value for εGreen ↔ εNeutral > 0 0.000
p-value for εBrown ↔ εNeutral > 0 0.001
p-value for εGreen ↔ εBrown > 0 0.101
p-value for εBrown ↔ εNot Brown > 0 0.001

Observations (Analyst Report-Cohort Level) 7,353 52,876 7,160 55,182 12,207
Number of Unique Analysts 292 684 257 690 462
Number of Unique Firms 184 1,127 149 1,107 353
Firm → Year-Quarter → Cohort FE Yes Yes Yes Yes Yes
Analyst → Firm → Cohort FE Yes Yes Yes Yes Yes
Adj. R2 38.3% 41.1% 34.7% 40.4% 46.2%
Pre-program Mean of y 0.068 0.010 0.024 0.018 0.017
Pre-program Standard Deviation of y 0.252 0.100 0.154 0.134 0.129
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Table B3 (Continued)

Panel B. Heterogeneity tests for preference-related factors discussed

(1) (2) (3) (4) (5)
y ↗ Preference-related Factors Discussed

Heterogeneity tests ↗ LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

Treated → Post 0.054** 0.005** 0.033*** 0.008*** 0.043**
(0.024) (0.002) (0.012) (0.003) (0.019)

p-value for εGreen ↔ εNeutral > 0 0.018
p-value for εBrown ↔ εNeutral > 0 0.010
p-value for εGreen ↔ εBrown > 0 0.217
p-value for εBrown ↔ εNot Brown > 0 0.037

Observations (Analyst Report-Cohort Level) 7,353 52,876 7,160 55,182 12,207
Number of Unique Analysts 292 684 257 690 462
Number of Unique Firms 184 1,127 149 1,107 353
Firm → Year-Quarter → Cohort FE Yes Yes Yes Yes Yes
Analyst → Firm → Cohort FE Yes Yes Yes Yes Yes
Adj. R2 45.4% 45.7% 7.1% 50.2% 29.5%
Pre-program Mean of y 0.071 0.008 0.012 0.016 0.015
Pre-program Standard Deviation of y 0.258 0.092 0.108 0.124 0.122
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Table B3 (Continued)

Notes: This table reports on the heterogeneity of the e!ect of the monitoring program on analyst discussions
of di!erent types of environmental risks. The dependent variables in Panel A and Panel B are Regulatory
Risks Discussed and Preference-related Factors Discussed, respectively. Regulatory Risks Discussed equals one
if the analyst discusses environmental regulatory risks. Preference-related Factors Discussed equals one if the
analyst discusses changes in customer preference and demand driven by pollution or climate concerns. We
use DeepSeek-R1 to classify these discussions based solely on the text of the analyst reports, instructing the
model to interpret “risk” broadly as the firm’s exposure to pollution- or climate-related factors—such as past,
current, or anticipated regulation, physical conditions, or shifts in customer preferences—that may entail adverse
consequences (e.g., higher costs, constraints, reduced market share) or positive consequences (e.g., new markets,
competitive advantages, cost savings, policy support). In Columns 1–3 of each panel, we partition analyst reports
into three groups: Brown, Neutral, and Green. We instruct DeepSeek-Reasoner to focus exclusively on the firm’s
business description in the MD&A section of the annual reports of 2011 and to classify a firm as Brown (Green)
if its description indicates that the firm faces risks or costs (gains an advantage or opportunity) from heightened
attention to air quality issues, as defined by the SASB. Firms not classified as Brown or Green are designated
Neutral. We estimate separate regressions for each of these three groups. In Columns 4 and 5 of each panel,
we partition analyst reports in our sample into two groups based on whether the covered firm is included in
the Environmental Survey and Reporting (ESR) database in 2011, the year before the implementation of the
monitoring program. We estimate Equation 2 separately for analyst reports covering firms included in ESR
(Brown firms) and those covering firms not included in ESR (Not Brown firms). Treated is an indicator variable
that equals one for treated analysts in each cohort and zero for control analysts in the cohort. Post is an indicator
variable that equals one for both treated and control analysts in the cohort starting in the first quarter when
the treated analyst’s city implements the monitoring program and remains one for all subsequent quarters. All
variables are defined in the Variable Appendix. Standard errors are clustered at the City → Quarter level and
reported in parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided),
respectively.
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Table B4. Stock return reversal over one month following the analyst report date

The model estimated (only the relevant coe"cients are tabulated for brevity):

yi,j,q,c = ε1 Treatedi,c → Postq,c → Market Reactioni,j,q,c + ε2 Treatedi,c → Postq,c
+ ε3 Treatedi,c → Market Reactioni,j,q,c + ε4 Postq,c → Market Reactioni,j,q,c

+ ε5 Market Reactioni,j,q,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2) (3) (4) (5) (6)
y ↗ Post-Analyst-Report 1-Month BHAR (%)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

Treated → Post → Market Reaction (%) ↔0.049 ↔0.285 ↔0.047 0.144 ↔0.038 ↔0.109

(0.069) (0.300) (0.080) (0.259) (0.064) (0.195)

Treated → Post ↔0.294 ↔1.334* ↔0.203 ↔0.021 ↔0.104 ↔1.577**
(0.262) (0.760) (0.262) (0.840) (0.276) (0.617)

Treated → Market Reaction (%) 0.017 0.070 0.032 ↔0.148 0.010 0.048

(0.029) (0.130) (0.039) (0.109) (0.034) (0.060)

Post → Market Reaction (%) ↔0.028 0.425 ↔0.052 ↔0.332 ↔0.049 0.071

(0.066) (0.363) (0.080) (0.270) (0.071) (0.187)

Market Reaction (%) ↔0.149** ↔0.391 ↔0.128* ↔0.042 ↔0.128* ↔0.248**
(0.058) (0.252) (0.070) (0.200) (0.070) (0.112)

Obs. (Analyst Report-Cohort Level) 56,561 6,289 44,336 5,936 46,287 10,274
Number of Unique Analysts 713 291 681 255 689 460
Number of Unique Firms 1,448 184 1,117 147 1,100 348
Firm → Year-Quarter → Cohort FE Yes Yes Yes Yes Yes Yes
Analyst → Firm → Cohort FE Yes Yes Yes Yes Yes Yes
Adj. R2 42.5% 35.0% 43.3% 44.4% 43.2% 38.6%
Pre-program Mean of y ↔0.525 ↔0.316 ↔0.417 ↔1.509 ↔0.527 ↔0.521

Pre-program Standard Deviation of y 8.425 8.547 8.389 8.492 8.368 8.667
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Table B4 (Continued)

Notes: This table examines the return reversal of market reaction to analyst reports. A negative correlation
between the Market Reaction to a report and post-analyst-report long-term BHAR returns captures return
reversal. Market Reaction (%) is the signed cumulative abnormal return over a three-day window centered on
the analyst report date, multiplied by 100. We demean Market Reaction (%) to facilitate the interpretation of
the coe"cients on Treated → Post in this Table. Post-Analyst-Report 1-Month BHAR (%) is defined similarly
to Post-Analyst-Report BHAR (%) except that we use 1 month rather than 12 months to measure post-analyst-
report returns. Specifically, Post-Analyst-Report 1-Month BHAR (%) is the signed buy-and-hold abnormal return
of the covered firm over the window starting from the second trading day after the analyst report date and ending
one month after the analyst report date, multiplied by 100. Column 1 reports the results from a test exploring the
change in return reversal for treated analysts from before to after the rollout of the monitoring program in their
city, relative to control analysts. In Columns 2–4, we partition analyst reports into three groups: Brown, Neutral,
and Green. We instruct DeepSeek-Reasoner to focus exclusively on the firm’s business description in the MD&A
section of the annual reports of 2011 and to classify a firm as Brown (Green) if its description indicates that
the firm faces risks or costs (gains an advantage or opportunity) from heightened attention to air quality issues,
as defined by the SASB. Firms not classified as Brown or Green are designated Neutral. We estimate separate
regressions for analyst reports covering firms in each of these three groups. In Columns 5 and 6, we partition
analyst reports in our sample into two groups based on whether the covered firm is included in the Environmental
Survey and Reporting (ESR) database in 2011, the year before the implementation of the monitoring program.
We estimate Equation 2 separately for analyst reports covering firms included in ESR (Brown firms) and those
covering firms not included in ESR (Not Brown firms). Treated is an indicator variable that equals one for treated
analysts in each cohort and zero for control analysts in the cohort. Post is an indicator variable that equals one
for both treated and control analysts in the cohort starting in the first quarter when the treated analyst’s city
implements the monitoring program and remains one for all subsequent quarters. All variables are defined in the
Variable Appendix in the paper or in Table Internet Appendix A. Standard errors are clustered at the City →
Quarter level and reported in parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and 1%
levels (two-sided), respectively.
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Table B5. Cross-listed sample tests

The model estimated:

yi,j,q = εMainland Chinai → Alternative Postq + ϑi,q + ϑi,j + ϖi,j,q

where, i, j, and q index analyst reports, firms, and calendar year-quarters, respectively.

(1) (2) (3) (4) (5) (6)
y ↗ Air Pollution Discussed

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

Mainland China → Alternative Post 0.044*** 0.099*** 0.023 0.079* 0.034** 0.075**
(0.015) (0.076) (0.014) (0.034) (0.016) (0.032)

p-value for εGreen ↔ εNeutral > 0 0.002
p-value for εBrown ↔ εNeutral > 0 0.057
p-value for εGreen ↔ εBrown > 0 0.321
p-value for εBrown ↔ εNot Brown > 0 0.054

Observations (Analyst Report Level) 3,356 352 2,456 548 2,813 543
Number of Unique Analysts 183 45 157 37 165 56
Number of Unique Firms 66 8 50 8 58 8
Firm → Year-Quarter FE Yes Yes Yes Yes Yes Yes
Analyst → Firm FE Yes Yes Yes Yes Yes Yes
Adj. R2 16.0% 23.8% 14.4% 4.8% 17.0% 15.3%
Pre-program Mean of y 0.017 0.045 0.011 0.031 0.017 0.014
Pre-program Standard Deviation of y 0.129 0.208 0.103 0.173 0.131 0.118

Notes: This table reports evidence of the e!ects of the monitoring program on analyst discussions of firms’ air-
polluting activities using an alternative identification strategy based on a sample of cross-listed Chinese firms.
Our sample is at the analyst report level and includes analyst reports issued over the period between 2011 and
2015, excluding the event quarters during which the monitoring program is implemented in China. For each
cross-listed firm, we identify two groups of analysts covering the firm: those based in mainland China and those
based outside mainland China (e.g., the U.S.). Mainland China is an indicator variable that equals one for
analysts residing in mainland China and zero for analysts residing outside mainland China. Alternative Post
is an indicator variable that equals one for quarters in 2014 and 2015 and zero for quarters in 2010 and 2011.
Column 1 reports the main results from estimating Equation IA1. In Columns 2–4, we partition analyst reports
into three groups: Brown, Neutral, and Green. We instruct DeepSeek-Reasoner to focus exclusively on the firm’s
business description in the M&A section of the annual reports of 2011 and to classify a firm as Brown (Green)
if its description indicates that the firm faces risks or costs (gains an advantage or opportunity) from heightened
attention to air quality issues, as defined by the SASB. Firms not classified as Brown or Green are designated
Neutral. We estimate Equation IA1 separately for each of these three groups. In Columns 5 and 6, we partition
analyst reports in our sample into two groups based on whether the covered firm is included in the Environmental
Survey and Reporting (ESR) database in 2011, the year before the implementation of the monitoring program.
We estimate Equation IA1 separately for analyst reports covering firms included in ESR (Brown firms) and those
covering firms not included in ESR (Not Brown firms). All variables are defined in the Variable Appendix in
the paper or in Table Internet Appendix A. Standard errors are clustered at the Analyst and Firm levels and
reported in parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided),
respectively.
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Table B6. Additional heterogeneity tests

The model estimated:

yi,j,q,c = εTreatedi,c → Postq,c + ϑi,q,c + ϑj,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2) (3) (4) (5) (6)
y ↗ Air Pollution Discussed

Heterogeneity tests ↗
City with a US

Embassy or Consulate
Below-Median Analyst

Age
Star Analyst

No Yes No Yes No Yes

Treated → Post 0.091 0.019*** ↔0.002 0.044*** 0.020*** 0.088***
(0.065) (0.005) (0.014) (0.016) (0.005) (0.026)

p-value for εNo ↔ εY es > 0 0.088
p-value for εY es ↔ εNo > 0 0.030 0.006

Observations (Analyst Report-Cohort Level) 10,139 57,250 21,619 21,569 50,266 17,123
Number of Unique Analysts 145 570 205 220 632 83
Number of Unique Firms 687 1,403 971 963 1,399 732
Firm → Year-Quarter → Cohort FE Yes Yes Yes Yes Yes Yes
Analyst → Firm → Cohort FE Yes Yes Yes Yes Yes Yes
Adj. R2 46.1% 47.0% 50.5% 52.4% 46.9% 46.6%
Pre-program Mean of y 0.016 0.022 0.025 0.020 0.022 0.021
Pre-program Standard Deviation of y 0.126 0.148 0.157 0.140 0.145 0.143

Notes: This table reports results on whether the e!ect of the monitoring program on analyst discussions of
firms’ air-pollution activities in their reports varies with three variables: City with a U.S. Embassy or Consulate,
Below-Median Analyst Age, and Star Analyst. In Columns 1 and 2, we partition analyst reports in our sample
into two groups based on whether an analyst is located in a city with a U.S. Embassy or Consulate, including
Beijing, Shanghai, and Guangzhou, and estimate Equations 2 separately for these two groups of reports. In
Columns 3 and 4, we use analyst age as of 2011, the year before the implementation of the monitoring program,
and partition analyst reports in our sample into two groups based on whether the analyst age is below or above
the median analyst age. We estimate Equation 2 separately for these groups. In Columns 5 and 6, we partition
analyst reports in our sample into two groups based on whether the analyst received the Star Analyst Award
from the New Fortune in 2011, and estimate Equation 2 separately for these groups. We estimate Equation
2 separately for these groups. Air Pollution Discussed is an indicator variable that equals one if the analyst’s
report discusses air quality as defined by the SASB and measured using a large language model (DeepSeek-R1 ).
Treated is an indicator variable that equals one for treated analysts in each cohort and zero for control analysts
in the cohort. Post is an indicator variable that equals one for both treated and control analysts in the cohort
starting in the first quarter when the treated analyst’s city implements the monitoring program and remains one
for all subsequent quarters. All variables are defined in the Variable Appendix in the paper or in Table Internet
Appendix A. Standard errors are clustered at the City → Quarter level and reported in parentheses. *, **, ***
indicate statistical significance at the 10%, 5%, and 1% levels (two-sided), respectively.
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Table B7. Alternative proxy for air pollution discussion

The model estimated:
yi,j,q,c = ε Treatedi,c → Postq,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2) (3) (4) (5) (6)
y ↗ Air Pollution Discussed–Dict

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

Treated → Post 0.030*** 0.064** 0.019** 0.075*** 0.007 0.163**
(0.009) (0.029) (0.007) (0.027) (0.005) (0.066)

p-value for εGreen ↔ εNeutral > 0 0.055
p-value for εBrown ↔ εNeutral > 0 0.009
p-value for εBrown ↔ εGreen > 0 0.618
p-value for εBrown ↔ εNot Brown > 0 0.007

Obs. (Analyst Report-Cohort Level) 67,389 7,353 52,876 7,160 55,182 12,207
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353
Firm → Year-Quarter → Cohort FE Yes Yes Yes Yes Yes Yes
Analyst → Firm → Cohort FE Yes Yes Yes Yes Yes Yes
Adj. R2 39.5% 46.9% 34.4% 15.4% 42.6% 26.6%
Pre-program Mean of y 0.023 0.080 0.014 0.029 0.020 0.034
Pre-program Standard Deviation of y 0.148 0.272 0.116 0.168 0.140 0.180

Notes: This table reports results on the e!ect of the monitoring program using an alternative measure of analyst
discussions of firms’ activities in their reports. The dependent variable is Air Pollution Discussed–Dict , defined
as an indicator variable that equals one if the analyst report contains air pollution-related words and phrases from
a pollution dictionary developed by Lin et al. (2024). Column 1 reports evidence on the e!ects of the monitoring
program on the alternative measure of analyst discussions of firms’ activities in their reports using a stacked
cohort DiD design. In Columns 2–4, we partition analyst reports into three groups: Brown, Neutral, and Green.
We instruct DeepSeek-Reasoner to focus exclusively on the firm’s business description in the MD&A section of
the annual reports of 2011 and to classify a firm as Brown (Green) if its description indicates that the firm faces
risks or costs (gains an advantage or opportunity) from heightened attention to air quality issues, as defined by
the SASB. Firms not classified as Brown or Green are designated Neutral. We estimate separate regressions for
each of these three groups. In Columns 5 and 6, we partition analyst reports in our sample into two groups
based on whether the covered firm is included in the Environmental Survey and Reporting (ESR) database in
2011, the year before the implementation of the monitoring program. We estimate Equation 2 separately for
analyst reports covering firms included in ESR (Brown firms) and those covering firms not included in ESR (Not
Brown firms). Treated is an indicator variable that equals one for treated analysts in each cohort and zero for
control analysts in the cohort. Post is an indicator variable that equals one for both treated and control analysts
in the cohort starting in the first quarter when the treated analyst’s city implements the monitoring program
and remains one for all subsequent quarters. All variables are defined in the Variable Appendix in the paper
or in Table Internet Appendix A. Standard errors are clustered at the City → Quarter level and reported in
parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided), respectively.
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Table B8. Alternative specification for heterogeneity tests: Triple interaction

The model estimated in odd-numbered columns:

yi,j,q,c = ε Treatedi,c → Postq,c + ςTreatedi,c → Postq,c → Green-LLM classificationi,c + φTreatedi,c → Postq,c → Brown-LLM classificationi,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

The model estimated in even-numbered columns:

yi,j,q,c = ε Treatedi,c → Postq,c + ςTreatedi,c → Postq,c → Brown-Govt classificationi,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where i, j, q, and c index analyst reports, firms, calendar year-quarters, and cohorts, respectively.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

y →
Air Pollution

Discussed
EPS Forecast (%) Recommendation Target Price Report Tone

Market Reaction
(%)

Treated↑Post 0.013*** 0.011*** 0.042 0.040 0.002 0.021 0.007 0.027 ↓0.001 0.009 ↓0.119 0.073

(0.003) (0.004) (0.028) (0.027) (0.018) (0.019) (0.042) (0.048) (0.010) (0.010) (0.205) (0.182)

Treated↑Post↑Green-LLM classification 0.048* 0.243** 0.150*** 0.130** 0.082*** 0.983**

(0.024) (0.094) (0.051) (0.058) (0.030) (0.418)

Treated↑Post↑Brown-LLM classification 0.037** ↓0.482*** ↓0.167*** ↓0.136** ↓0.062** ↓1.035***

(0.017) (0.120) (0.039) (0.068) (0.025) (0.364)

Treated↑Post↑Brown-Govt classification 0.073*** ↓0.166*** ↓0.146*** ↓0.174* ↓0.052*** ↓1.420**

(0.024) (0.058) (0.035) (0.093) (0.017) (0.555)

Obs. (Analyst Report-Cohort Level) 67,389 67,389 67,071 67,071 65,389 65,389 21,705 21,705 67,389 67,389 56,705 56,705

Number of Unique Analysts 715 715 715 715 711 711 563 563 715 715 713 713

Number of Unique Firms 1,460 1,460 1,458 1,458 1,443 1,443 1,113 1,113 1,460 1,460 1,448 1,448

Firm ↑ Year-Quarter ↑ Cohort FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Analyst ↑ Firm ↑ Cohort FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Adj. R
2

47.4% 47.5% 96.7% 96.6% 78.7% 78.6% 76.9% 76.9% 47.3% 47.3% 31.9% 31.9%

Pre-program Mean of y 0.021 0.021 4.612 4.612 4.331 4.331 1.241 1.241 ↓0.037 ↓0.037 0.967 0.967

Pre-program Standard Deviation of y 0.145 0.145 3.077 3.077 0.599 0.599 0.602 0.602 0.290 0.290 4.733 4.733
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Table B8 (Continued)

Notes: This table reports the results on the heterogeneity of the e!ect of the monitoring program on analyst discussions of firms’ air-polluting activities
in their reports using an alternative specification. In odd-numbered columns, we estimate an augmented Equation 2 by adding the interaction term among
Green-LLM classification, Treat, and Post as well as the interaction term among Brown-LLM classification, Treat, and Post. In even-numbered columns,
we estimate an augmented Equation 2 by adding the interaction term among Brown-Govt classification, Treat, and Post. Green-LLM classification (Brown-
LLM classification) is an indicator variable that equals one if the firm is a green (brown) firm. This variable is derived by instructing a generative large
language model (DeepSeek-Reasoner) to focus exclusively on the firm’s business description in the MD&A section of the annual reports of 2011 and to
classify the firm as green if the description indicates that the firm gains an advantage or opportunity (faces risks or costs) from heightened attention to
air quality issues, as defined by the Sustainability Accounting Standards Board (SASB). Firms not classified as Brown or Green are designated Neutral,
which serve as our base group in even-numbered columns. Brown-Govt classification is an indicator variable that equals one if a firm is included in the
Environmental Survey and Reporting (ESR) database in 2011, and zero otherwise. Air Pollution Discussed is an indicator variable that equals one if
the analyst’s report discusses air quality as defined by the SASB and measured using a large language model (DeepSeek-R1 ). EPS Forecast is defined as
the analyst’s EPS forecast, scaled by the firm’s stock price at the beginning of the fiscal year, multiplied by 100. Recommendation is the analyst’s stock
recommendation, coded as an ordinal variable ranging from 1 to 5, where 5 indicates a Strong Buy and 1 indicates a Strong Sell. Target Price is the ratio of
the analyst’s target price to the firm’s actual stock price at the beginning of the fiscal year. Report Tone is calculated as (Positive - Negative) / (Positive +
Negative), where Negative (Positive) represents the word count frequency of negative (positive) words in the analyst report as obtained from the CNRDS
dataset. Negative and positive words are identified using the Loughran-McDonald dictionary. Market Reaction (%) is the (signed) cumulative abnormal
return over a three-day window centered on the analyst report date, multiplied by 100. Treated is an indicator variable that equals one for treated analysts
in each cohort and zero for control analysts in the cohort. Post is an indicator variable that equals one for both treated and control analysts in the cohort
starting in the first quarter when the treated analyst’s city implements the monitoring program and remains one for all subsequent quarters. All variables
are defined in the Variable Appendix in the paper or in Table Internet Appendix A. Standard errors are clustered at the City → Quarter level and reported
in parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided), respectively.
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Table B9. Subsample limited to analysts located in cities di!erent from the covered

firm’s city

The model estimated
yi,j,q,c = ε Treatedi,c → Postq,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Air Pollution Discussed

Treated → Post 0.024*** 0.068** 0.014*** 0.055*** 0.011*** 0.093***
(0.005) (0.032) (0.004) (0.020) (0.004) (0.028)

p-value for εGreen ↔ εNeutral > 0 0.040
p-value for εBrown ↔ εNeutral > 0 0.014
p-value for εGreen ↔ εBrown > 0 0.345
p-value for εBrown ↔ εNot Brown > 0 0.001
Obs. (Analyst Report-Cohort Level) 59,992 6,761 46,925 6,306 48,584 11,408
Number of Unique Analysts 698 273 662 239 672 439
Number of Unique Firms 1,387 174 1,069 144 1,048 339

y ↗ EPS Forecast (%)

Treated → Post 0.030 0.276** 0.032 ↔0.232* 0.053 ↔0.105*
(0.031) (0.116) (0.030) (0.118) (0.036) (0.053)

p-value for εGreen ↔ εNeutral > 0 0.020
p-value for εNeutral ↔ εBrown > 0 0.011
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.011
Obs. (Analyst Report-Cohort Level) 59,703 6,723 46,713 6,267 48,375 11,328
Number of Unique Analysts 698 272 662 239 672 439
Number of Unique Firms 1,385 173 1,069 143 1,046 339

y ↗ Recommendation

Treated → Post 0.013 0.181*** 0.020 ↔0.194*** 0.040** ↔0.132**
(0.022) (0.064) (0.021) (0.048) (0.020) (0.051)

p-value for εGreen ↔ εNeutral > 0 0.004
p-value for εNeutral ↔ εBrown > 0 0.000
p-value for εGreen ↔ εBrown > 0 0.000

p-value for εNot Brown ↔ εBrown > 0 0.000
Obs. (Analyst Report-Cohort Level) 58,150 6,537 45,398 6,215 47,201 10,949
Number of Unique Analysts 696 272 660 239 671 435
Number of Unique Firms 1,369 173 1,054 142 1,034 335
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Table B9 (Continued)

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Target Price

Treated → Post 0.023 0.114* 0.026 ↔0.129** 0.046 ↔0.162**
(0.047) (0.064) (0.051) (0.057) (0.058) (0.066)

p-value for εGreen ↔ εNeutral > 0 0.111
p-value for εNeutral ↔ εBrown > 0 0.020
p-value for εGreen ↔ εBrown > 0 0.001
p-value for εNot Brown ↔ εBrown > 0 0.026
Obs. (Analyst Report-Cohort Level) 19,373 2,061 15,706 1,606 15,869 3,504
Number of Unique Analysts 546 183 499 159 515 291
Number of Unique Firms 1,052 126 820 106 804 248

y ↗ Report Tone

Treated → Post 0.003 0.066** 0.004 ↔0.062** 0.011 ↔0.038*
(0.010) (0.033) (0.011) (0.030) (0.010) (0.022)

p-value for εGreen ↔ εNeutral > 0 0.039
p-value for εNeutral ↔ εBrown > 0 0.021
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.011
Obs. (Analyst Report-Cohort Level) 59,992 6,761 46,925 6,306 48,584 11,408
Number of Unique Analysts 698 273 662 239 672 439
Number of Unique Firms 1,387 174 1,069 144 1,048 339

y ↗ Market Reaction (%)

Treated → Post ↔0.183 0.849* ↔0.175 ↔1.351*** 0.043 ↔1.499**
(0.191) (0.474) (0.204) (0.460) (0.177) (0.705)

p-value for εGreen ↔ εNeutral > 0 0.016
p-value for εNeutral ↔ εBrown > 0 0.007
p-value for εGreen ↔ εBrown > 0 0.001
p-value for εNot Brown ↔ εBrown > 0 0.010
Obs. (Analyst Report-Cohort Level) 50,493 5,794 39,486 5,213 40,853 9,640
Number of Unique Analysts 696 272 660 237 671 438
Number of Unique Firms 1,377 174 1,061 142 1,042 335
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Table B9 (Continued)

Notes: This table reports the results from replicating our main findings (i.e., Tables 4, 6, 7, and 9) using a
subsample limited to analyst reports issued by analysts who reside in the same city as the covered firm. We
examine six dependent variables, y, each reported in a separate table: Air Pollution Discussed , EPS Forecast,
Recommendation, Target Price, Report Tone, and Market Reaction (%). In each table, Column 1 reports the
results from estimating Equation 2 using the full sample to explore the change in the dependent variable (y)
for treated analysts from before to after the rollout of the monitoring program in their city, relative to control
analysts. In Columns 2–4, we partition analyst reports into three groups: Brown, Neutral, and Green. We
instruct DeepSeek-Reasoner to focus exclusively on the firm’s business description in the MD&A section of the
annual reports of 2011 and to classify a firm as Brown (Green) if its description indicates that the firm faces
risks or costs (gains an advantage or opportunity) from heightened attention to air quality issues, as defined by
the SASB. Firms not classified as Brown or Green are designated Neutral. We estimate Equation 2 separately
for analyst reports covering firms in each of these three groups. In Columns 5 and 6, we partition analyst reports
in our sample into two groups based on whether the covered firm is included in the Environmental Survey and
Reporting (ESR) database in 2011, the year before the implementation of the monitoring program. We estimate
Equation 2 separately for analyst reports covering firms included in ESR (Brown firms) and those covering firms
not included in ESR (Not Brown firms). Treated is an indicator variable that equals one for treated analysts in
each cohort and zero for control analysts in the cohort. Post is an indicator variable that equals one for both
treated and control analysts in the cohort starting in the first quarter when the treated analyst’s city implements
the monitoring program and remains one for all subsequent quarters. Air Pollution Discussed is an indicator
variable that equals one if the analyst’s report discusses air quality as defined by the SASB and measured using
a large language model (DeepSeek-R1 ). EPS Forecast is defined as the analyst’s EPS forecast, scaled by the
firm’s stock price at the beginning of the fiscal year, multiplied by 100. Recommendation is the analyst’s stock
recommendation, coded as an ordinal variable ranging from 1 to 5, where 5 indicates a Strong Buy and 1 indicates
a Strong Sell. Target Price is the ratio of the analyst’s target price to the firm’s actual stock price at the beginning
of the fiscal year. Report Tone is calculated as (Positive - Negative) / (Positive + Negative), where Negative
(Positive) represents the word count frequency of negative (positive) words in the analyst report as obtained
from the CNRDS dataset. Negative and positive words are identified using the Loughran-McDonald dictionary.
Market Reaction (%) is the (signed) cumulative abnormal return over a three-day window centered on the analyst
report date, multiplied by 100. All variables are defined in the Variable Appendix in the paper. Standard errors
are clustered at the City → Quarter level and reported in parentheses. *, **, *** indicate statistical significance
at the 10%, 5%, and 1% levels (two-sided), respectively.
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Table B10. Subsample limited to analyst reports issued for never-treated firms

The model estimated
yi,j,q,c = ε Treatedi,c → Postq,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Air Pollution Discussed

Treated → Post 0.032** 0.055 0.008 0.116*** ↔0.009 0.207***
(0.013) (0.044) (0.014) (0.039) (0.009) (0.057)

p-value for εGreen ↔ εNeutral > 0 0.151
p-value for εBrown ↔ εNeutral > 0 0.004
p-value for εBrown ↔ εGreen > 0 0.136
p-value for εBrown ↔ εNot Brown > 0 0.000
Obs. (Analyst Report-Cohort Level) 7,904 843 5,525 1,536 5,883 2,021
Number of Unique Analysts 339 79 287 90 264 173
Number of Unique Firms 168 24 117 27 98 70

y ↗ EPS Forecast (%)

Treated → Post 0.150 1.134** 0.134 ↔0.428 0.200* ↔0.095

(0.105) (0.436) (0.085) (0.393) (0.109) (0.178)

p-value for εGreen ↔ εNeutral > 0 0.006
p-value for εNeutral ↔ εBrown > 0 0.073
p-value for εGreen ↔ εBrown > 0 0.003
p-value for εNot Brown ↔ εBrown > 0 0.049
Obs. (Analyst Report–Cohort Level) 7,850 840 5,500 1,510 5,856 1,994
Number of Unique Analysts 339 79 287 90 264 173
Number of Unique Firms 167 24 117 26 97 70

y ↗ Recommendation

Treated → Post 0.017 0.396** 0.029 ↔0.256* 0.101* ↔0.343***
(0.059) (0.158) (0.046) (0.152) (0.053) (0.119)

p-value for εGreen ↔ εNeutral > 0 0.005
p-value for εNeutral ↔ εBrown > 0 0.014
p-value for εGreen ↔ εBrown > 0 0.001

p-value for εNot Brown ↔ εBrown > 0 0.000
Obs. (Analyst Report–Cohort Level) 7,741 818 5,405 1,518 5,794 1,947
Number of Unique Analysts 338 79 286 90 263 173
Number of Unique Firms 167 24 117 26 97 70
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Table B10 (Continued)

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Target Price

Treated → Post ↔0.013 0.312*** ↔0.026 ↔0.389 0.042 ↔0.194*
(0.094) (0.084) (0.100) SE not

estimated
(small N)

(0.120) (0.111)

p-value for εGreen ↔ εNeutral > 0 0.003
p-value for εNeutral ↔ εBrown > 0 0.001
p-value for εGreen ↔ εBrown > 0 p-value not estimated (small N)
p-value for εNot Brown ↔ εBrown > 0 0.087
Obs. (Analyst Report–Cohort Level) 2,286 242 1,717 327 1,726 560
Number of Unique Analysts 203 40 163 43 154 84
Number of Unique Firms 124 17 87 20 77 47

y ↗ Report Tone

Treated → Post 0.018 0.091 0.003 0.034 0.027 ↔0.021

(0.026) (0.073) (0.031) (0.045) (0.025) (0.059)

p-value for εGreen ↔ εNeutral > 0 0.099
p-value for εNeutral ↔ εBrown > 0 0.738
p-value for εGreen ↔ εBrown > 0 0.267
p-value for εNot Brown ↔ εBrown > 0 0.178
Obs. (Analyst Report–Cohort Level) 7,904 843 5,525 1,536 5,883 2,021
Number of Unique Analysts 339 79 287 90 264 173
Number of Unique Firms 168 24 117 27 98 70

y ↗ Market Reaction (%)

Treated → Post 0.243 1.134 0.241 ↔0.249 0.471 ↔0.684

(0.487) (1.475) (0.532) (1.311) (0.398) (1.374)

p-value for εGreen ↔ εNeutral > 0 0.257
p-value for εNeutral ↔ εBrown > 0 0.346
p-value for εGreen ↔ εBrown > 0 0.259
p-value for εNot Brown ↔ εBrown > 0 0.150
Obs. (Analyst Report–Cohort Level) 6,674 719 4,678 1,277 4,945 1,729
Number of Unique Analysts 337 79 284 90 264 171
Number of Unique Firms 166 24 115 27 98 68
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Table B10 (Continued)

Notes: This table reports the results from replicating our main findings (i.e., Tables 4, 6, 7, and 9) using
a subsample limited to analyst reports covering never-treated firms, defined as firms located in cities that
implemented the monitoring program after the end of our sample period (2013Q3). We examine six dependent
variables, y, each reported in a separate table: Air Pollution Discussed , EPS Forecast, Recommendation, Target
Price, Report Tone, and Market Reaction (%). In each table, Column 1 reports the results from estimating
Equation 2 using the full sample to explore the change in the dependent variable (y) for treated analysts from
before to after the rollout of the monitoring program in their city, relative to control analysts. In Columns 2–4,
we partition analyst reports into three groups: Brown, Neutral, and Green. We instruct DeepSeek-Reasoner to
focus exclusively on the firm’s business description in the MD&A section of the annual reports of 2011 and to
classify a firm as Brown (Green) if its description indicates that the firm faces risks or costs (gains an advantage
or opportunity) from heightened attention to air quality issues, as defined by the SASB. Firms not classified as
Brown or Green are designated Neutral. We estimate Equation 2 separately for analyst reports covering firms
in each of these three groups. In Columns 5 and 6, we partition analyst reports in our sample into two groups
based on whether the covered firm is included in the Environmental Survey and Reporting (ESR) database in
2011, the year before the implementation of the monitoring program. We estimate Equation 2 separately for
analyst reports covering firms included in ESR (Brown firms) and those covering firms not included in ESR (Not
Brown firms). Treated is an indicator variable that equals one for treated analysts in each cohort and zero for
control analysts in the cohort. Post is an indicator variable that equals one for both treated and control analysts
in the cohort starting in the first quarter when the treated analyst’s city implements the monitoring program
and remains one for all subsequent quarters. Air Pollution Discussed is an indicator variable that equals one
if the analyst’s report discusses air quality as defined by the SASB and measured using a large language model
(DeepSeek-R1 ). EPS Forecast is defined as the analyst’s EPS forecast, scaled by the firm’s stock price at the
beginning of the fiscal year, multiplied by 100. Recommendation is the analyst’s stock recommendation, coded
as an ordinal variable ranging from 1 to 5, where 5 indicates a Strong Buy and 1 indicates a Strong Sell. Target
Price is the ratio of the analyst’s target price to the firm’s actual stock price at the beginning of the fiscal year.
Report Tone is calculated as (Positive - Negative) / (Positive + Negative), where Negative (Positive) represents
the word count frequency of negative (positive) words in the analyst report as obtained from the CNRDS dataset.
Negative and positive words are identified using the Loughran-McDonald dictionary. Market Reaction (%) is the
(signed) cumulative abnormal return over a three-day window centered on the analyst report date, multiplied by
100. All variables are defined in the Variable Appendix in the paper or in Table Internet Appendix A. Standard
errors are clustered at the City → Quarter level and reported in parentheses. *, **, *** indicate statistical
significance at the 10%, 5%, and 1% levels (two-sided), respectively.
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Table B11. Excluding cohorts

The model estimated
yi,j,q,c = ε Treatedi,c → Postq,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

Panel A. Excluding Cohort 2013Q1

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Air Pollution Discussed

Treated → Post 0.022*** 0.061** 0.013*** 0.050*** 0.011*** 0.084***
(0.005) (0.026) (0.003) (0.018) (0.004) (0.025)

p-value for εGreen ↔ εNeutral > 0 0.025
p-value for εBrown ↔ εNeutral > 0 0.014
p-value for εGreen ↔ εBrown > 0 0.360
p-value for εBrown ↔ εNot Brown > 0 0.002
Obs. (Analyst Report–Cohort Level) 67,371 7,349 52,864 7,158 55,169 12,202
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ EPS Forecast (%)

Treated → Post 0.018 0.284*** 0.042 ↔0.440*** 0.040 ↔0.125**
(0.023) (0.093) (0.027) (0.110) (0.027) (0.050)

p-value for εGreen ↔ εNeutral > 0 0.006
p-value for εNeutral ↔ εBrown > 0 0.000
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.003
Obs. (Analyst Report–Cohort Level) 67,054 7,307 52,631 7,116 54,936 12,118
Number of Unique Analysts 715 291 684 257 690 462
Number of Unique Firms 1,458 183 1,127 148 1,105 353

y ↗ Recommendation

Treated → Post 0.000 0.152*** 0.002 ↔0.165*** 0.021 ↔0.125***
(0.018) (0.056) (0.017) (0.038) (0.019) (0.035)

p-value for εGreen ↔ εNeutral > 0 0.002
p-value for εNeutral ↔ εBrown > 0 0.000
p-value for εGreen ↔ εBrown > 0 0.000

p-value for εNot Brown ↔ εBrown > 0 0.000
Obs. (Analyst Report–Cohort Level) 65,372 7,106 51,206 7,060 53,651 11,721
Number of Unique Analysts 711 291 680 257 687 459
Number of Unique Firms 1,443 183 1,112 148 1,093 350
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Table B11 (Continued)

Panel A. Excluding Cohort 2013Q1 (Continued)

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Target Price

Treated → Post 0.008 0.137** 0.007 ↔0.129** 0.027 ↔0.147**
(0.039) (0.053) (0.042) (0.056) (0.047) (0.063)

p-value for εGreen ↔ εNeutral > 0 0.014
p-value for εNeutral ↔ εBrown > 0 0.023
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.032
Obs. (Analyst Report–Cohort Level) 21,694 2,265 17,626 1,803 17,951 3,743
Number of Unique Analysts 562 198 520 169 533 302
Number of Unique Firms 1,112 135 864 113 854 258

y ↗ Report Tone

Treated → Post 0.001 0.081*** ↔0.001 ↔0.063** 0.009 ↔0.043**
(0.010) (0.031) (0.010) (0.025) (0.010) (0.020)

p-value for εGreen ↔ εNeutral > 0 0.004
p-value for εNeutral ↔ εBrown > 0 0.007
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.002
Obs. (Analyst Report–Cohort Level) 67,371 7,349 52,864 7,158 55,169 12,202
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ Market Reaction (%)

Treated → Post ↔0.119 0.864* ↔0.119 ↔1.154*** 0.073 ↔1.348**
(0.189) (0.438) (0.203) (0.348) (0.180) (0.619)

p-value for εGreen ↔ εNeutral > 0 0.010
p-value for εNeutral ↔ εBrown > 0 0.003
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.006
Obs. (Analyst Report–Cohort Level) 56,688 6,292 44,456 5,940 46,401 10,287
Number of Unique Analysts 713 291 681 255 689 460
Number of Unique Firms 1,448 184 1,117 147 1,100 348
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Table B11 (Continued)

Panel B. Excluding Cohort 2012Q4

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Air Pollution Discussed

Treated → Post 0.022*** 0.061** 0.013*** 0.050*** 0.011*** 0.084***
(0.005) (0.026) (0.003) (0.018) (0.004) (0.025)

p-value for εGreen ↔ εNeutral > 0 0.025
p-value for εBrown ↔ εNeutral > 0 0.014
p-value for εGreen ↔ εBrown > 0 0.359
p-value for εBrown ↔ εNot Brown > 0 0.002
Obs. (Analyst Report–Cohort Level) 66,766 7,253 52,443 7,070 54,664 12,102
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ EPS Forecast (%)

Treated → Post 0.018 0.284*** 0.042 ↔0.440*** 0.040 ↔0.125**
(0.023) (0.093) (0.027) (0.110) (0.026) (0.050)

p-value for εGreen ↔ εNeutral > 0 0.005
p-value for εNeutral ↔ εBrown > 0 0.000
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.003
Obs. (Analyst Report–Cohort Level) 66,453 7,211 52,213 7,029 54,431 12,022
Number of Unique Analysts 715 291 684 257 690 462
Number of Unique Firms 1,458 183 1,127 148 1,105 353

y ↗ Recommendation

Treated → Post 0.000 0.152*** 0.002 ↔0.165*** 0.021 ↔0.125***
(0.018) (0.056) (0.017) (0.037) (0.019) (0.035)

p-value for εGreen ↔ εNeutral > 0 0.002
p-value for εNeutral ↔ εBrown > 0 0.000
p-value for εGreen ↔ εBrown > 0 0.000

p-value for εNot Brown ↔ εBrown > 0 0.000
Obs. (Analyst Report–Cohort Level) 64,774 7,013 50,790 6,971 53,151 11,623
Number of Unique Analysts 711 291 680 257 687 459
Number of Unique Firms 1,443 183 1,112 148 1,093 350
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Table B11 (Continued)

Panel B. Excluding Cohort 2012Q4 (Continued)

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Target Price

Treated → Post 0.008 0.137** 0.007 ↔0.129** 0.027 ↔0.147**
(0.039) (0.053) (0.042) (0.056) (0.047) (0.063)

p-value for εGreen ↔ εNeutral > 0 0.013
p-value for εNeutral ↔ εBrown > 0 0.023
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.032
Obs. (Analyst Report–Cohort Level) 21,680 2,262 17,619 1,799 17,940 3,740
Number of Unique Analysts 562 198 520 169 534 301
Number of Unique Firms 1,113 135 864 114 855 258

y ↗ Report Tone

Treated → Post 0.001 0.081*** ↔0.001 ↔0.063** 0.009 ↔0.043**
(0.010) (0.030) (0.010) (0.025) (0.010) (0.020)

p-value for εGreen ↔ εNeutral > 0 0.004
p-value for εNeutral ↔ εBrown > 0 0.007
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.002
Obs. (Analyst Report–Cohort Level) 66,766 7,253 52,443 7,070 54,664 12,102
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ Market Reaction (%)

Treated → Post ↔0.119 0.864** ↔0.119 ↔1.154*** 0.073 ↔1.348**
(0.189) (0.437) (0.202) (0.347) (0.179) (0.617)

p-value for εGreen ↔ εNeutral > 0 0.010
p-value for εNeutral ↔ εBrown > 0 0.003
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.006
Obs. (Analyst Report–Cohort Level) 56,182 6,208 44,109 5,865 45,975 10,207
Number of Unique Analysts 713 291 681 255 689 460
Number of Unique Firms 1,448 184 1,117 147 1,100 348
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Table B11 (Continued)

Panel C. Excluding Cohort 2012Q3

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Air Pollution Discussed

Treated → Post 0.023*** 0.066** 0.013*** 0.052*** 0.012*** 0.090***
(0.005) (0.029) (0.003) (0.019) (0.004) (0.028)

p-value for εGreen ↔ εNeutral > 0 0.026
p-value for εBrown ↔ εNeutral > 0 0.016
p-value for εGreen ↔ εBrown > 0 0.328
p-value for εBrown ↔ εNot Brown > 0 0.002
Obs. (Analyst Report–Cohort Level) 46,287 5,042 36,268 4,977 37,919 8,368
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ EPS Forecast (%)

Treated → Post 0.019 0.292*** 0.043 ↔0.435*** 0.041 ↔0.128**
(0.024) (0.091) (0.028) (0.113) (0.027) (0.053)

p-value for εGreen ↔ εNeutral > 0 0.004
p-value for εNeutral ↔ εBrown > 0 0.000
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.003
Obs. (Analyst Report–Cohort Level) 46,052 5,010 36,094 4,948 37,750 8,302
Number of Unique Analysts 715 291 684 257 690 462
Number of Unique Firms 1,458 183 1,127 148 1,105 353

y ↗ Recommendation

Treated → Post 0.006 0.184*** 0.006 ↔0.153*** 0.028 ↔0.122***
(0.019) (0.050) (0.018) (0.039) (0.019) (0.039)

p-value for εGreen ↔ εNeutral > 0 0.000
p-value for εNeutral ↔ εBrown > 0 0.000
p-value for εGreen ↔ εBrown > 0 0.000

p-value for εNot Brown ↔ εBrown > 0 0.000
Obs. (Analyst Report–Cohort Level) 44,816 4,860 35,055 4,901 36,798 8,018
Number of Unique Analysts 711 289 680 257 687 457
Number of Unique Firms 1,408 178 1,082 148 1,062 346
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Table B11 (Continued)

Panel C. Excluding Cohort 2012Q3 (Continued)

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Target Price

Treated → Post 0.008 0.137** 0.007 ↔0.129** 0.027 ↔0.147**
(0.039) (0.055) (0.042) (0.056) (0.048) (0.065)

p-value for εGreen ↔ εNeutral > 0 0.015
p-value for εNeutral ↔ εBrown > 0 0.024
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.034
Obs. (Analyst Report–Cohort Level) 15,500 1,619 12,525 1,356 12,866 2,634
Number of Unique Analysts 548 191 504 164 519 290
Number of Unique Firms 1,100 135 853 112 844 256

y ↗ Report Tone

Treated → Post ↔0.001 0.075** ↔0.002 ↔0.065** 0.007 ↔0.047**
(0.011) (0.031) (0.011) (0.027) (0.010) (0.021)

p-value for εGreen ↔ εNeutral > 0 0.007
p-value for εNeutral ↔ εBrown > 0 0.009
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.002
Obs. (Analyst Report–Cohort Level) 46,287 5,042 36,268 4,977 37,919 8,368
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ Market Reaction (%)

Treated → Post ↔0.182 0.724 ↔0.167 ↔1.155*** 0.022 ↔1.524**
(0.198) (0.474) (0.209) (0.372) (0.186) (0.663)

p-value for εGreen ↔ εNeutral > 0 0.022
p-value for εNeutral ↔ εBrown > 0 0.005
p-value for εGreen ↔ εBrown > 0 0.001
p-value for εNot Brown ↔ εBrown > 0 0.005
Obs. (Analyst Report–Cohort Level) 38,572 4,291 30,191 4,090 31,605 6,967
Number of Unique Analysts 712 288 680 252 688 453
Number of Unique Firms 1,436 184 1,106 146 1,088 348
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Table B11 (Continued)

Panel D. Excluding Cohort 2012Q2

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Air Pollution Discussed

Treated → Post 0.016*** 0.024 0.011*** 0.045** 0.010** 0.048***
(0.004) (0.022) (0.003) (0.018) (0.004) (0.017)

p-value for εGreen ↔ εNeutral > 0 0.271
p-value for εBrown ↔ εNeutral > 0 0.026
p-value for εBrown ↔ εGreen > 0 0.253
p-value for εBrown ↔ εNot Brown > 0 0.015
Obs. (Analyst Report–Cohort Level) 47,928 5,212 37,562 5,154 39,201 8,727
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ EPS Forecast (%)

Treated → Post 0.028 0.305*** 0.057** ↔0.463*** 0.055* ↔0.138***
(0.026) (0.103) (0.028) (0.099) (0.029) (0.049)

p-value for εGreen ↔ εNeutral > 0 0.008
p-value for εNeutral ↔ εBrown > 0 0.000
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.001
Obs. (Analyst Report–Cohort Level) 47,712 5,182 37,409 5,121 39,048 8,664
Number of Unique Analysts 715 291 684 257 690 462
Number of Unique Firms 1,457 182 1,127 148 1,104 353

y ↗ Recommendation

Treated → Post ↔0.019 0.115** ↔0.013 ↔0.189*** 0.004 ↔0.153***
(0.020) (0.056) (0.020) (0.045) (0.022) (0.037)

p-value for εGreen ↔ εNeutral > 0 0.010
p-value for εNeutral ↔ εBrown > 0 0.000
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.000
Obs. (Analyst Report–Cohort Level) 46,552 5,051 36,411 5,090 38,158 8,394
Number of Unique Analysts 711 290 680 257 687 459
Number of Unique Firms 1,438 182 1,108 148 1,088 350
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Table B11 (Continued)

Panel D. Excluding Cohort 2012Q2 (Continued)

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Target Price

Treated → Post 0.075 0.117* 0.085 ↔0.157** 0.127* ↔0.230***
(0.065) (0.069) (0.071) (0.073) (0.076) (0.057)

p-value for εGreen ↔ εNeutral > 0 0.358
p-value for εNeutral ↔ εBrown > 0 0.005
p-value for εGreen ↔ εBrown > 0 0.002
p-value for εNot Brown ↔ εBrown > 0 0.001
Obs. (Analyst Report–Cohort Level) 14,672 1,525 11,862 1,285 12,080 2,592
Number of Unique Analysts 549 187 506 160 522 288
Number of Unique Firms 1,088 130 848 110 836 252

y ↗ Report Tone

Treated → Post 0.004 0.081** 0.005 ↔0.075*** 0.009 ↔0.020

(0.011) (0.038) (0.010) (0.025) (0.011) (0.019)

p-value for εGreen ↔ εNeutral > 0 0.022
p-value for εNeutral ↔ εBrown > 0 0.001
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.043
Obs. (Analyst Report–Cohort Level) 47,928 5,212 37,562 5,154 39,201 8,727
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ Market Reaction (%)

Treated → Post 0.103 1.143** 0.109 ↔1.005** 0.342* ↔1.352

(0.229) (0.462) (0.237) (0.402) (0.175) (0.841)

p-value for εGreen ↔ εNeutral > 0 0.006
p-value for εNeutral ↔ εBrown > 0 0.007
p-value for εGreen ↔ εBrown > 0 0.001
p-value for εNot Brown ↔ εBrown > 0 0.009
Obs. (Analyst Report–Cohort Level) 40,404 4,463 31,658 4,283 33,039 7,365
Number of Unique Analysts 710 287 678 252 686 454
Number of Unique Firms 1,443 184 1,114 145 1,097 346
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Table B11 (Continued)

Panel E. Excluding Cohort 2012Q1

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Air Pollution Discussed

Treated → Post 0.033*** 0.113*** 0.016** 0.060* 0.014** 0.153***
(0.008) (0.041) (0.006) (0.036) (0.007) (0.047)

p-value for εGreen ↔ εNeutral > 0 0.006
p-value for εBrown ↔ εNeutral > 0 0.092
p-value for εGreen ↔ εBrown > 0 0.152
p-value for εBrown ↔ εNot Brown > 0 0.001
Obs. (Analyst Report–Cohort Level) 41,204 4,556 32,367 4,281 33,775 7,429
Number of Unique Analysts 494 207 473 181 475 331
Number of Unique Firms 1,246 155 955 136 964 282

y ↗ EPS Forecast (%)

Treated → Post ↔0.004 0.233 0.002 ↔0.399 0.006 ↔0.082

(0.046) (0.155) (0.052) (0.268) (0.051) (0.106)

p-value for εGreen ↔ εNeutral > 0 0.079
p-value for εNeutral ↔ εBrown > 0 0.076
p-value for εGreen ↔ εBrown > 0 0.005
p-value for εNot Brown ↔ εBrown > 0 0.224
Obs. (Analyst Report–Cohort Level) 41,013 4,534 32,221 4,258 33,631 7,382
Number of Unique Analysts 494 207 473 181 475 331
Number of Unique Firms 1,245 155 955 135 963 282

y ↗ Recommendation

Treated → Post 0.021 0.145 0.020 ↔0.141** 0.035 ↔0.068

(0.028) (0.100) (0.027) (0.062) (0.027) (0.055)

p-value for εGreen ↔ εNeutral > 0 0.068
p-value for εNeutral ↔ εBrown > 0 0.012
p-value for εGreen ↔ εBrown > 0 0.008
p-value for εNot Brown ↔ εBrown > 0 0.022
Obs. (Analyst Report–Cohort Level) 40,042 4,410 31,410 4,222 32,894 7,148
Number of Unique Analysts 492 207 471 181 474 328
Number of Unique Firms 1,229 155 939 135 949 280
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Table B11 (Continued)

Panel E. Excluding Cohort 2012Q1 (Continued)

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Target Price

Treated → Post ↔0.046 0.160** ↔0.053 ↔0.087 ↔0.047 ↔0.028

(0.036) (0.075) (0.035) (0.074) (0.038) (0.037)

p-value for εGreen ↔ εNeutral > 0 0.000

p-value for εNeutral ↔ εBrown > 0 0.317

p-value for εGreen ↔ εBrown > 0 0.008

p-value for εNotBrown ↔ εBrown > 0 0.642
Obs. (Analyst Report–Cohort Level) 13,274 1,401 10,900 973 10,995 2,279
Number of Unique Analysts 393 141 363 122 372 214
Number of Unique Firms 981 123 756 102 766 215

y ↗ Report Tone

Treated → Post 0.000 0.096** ↔0.013 ↔0.024 0.014 ↔0.085**
(0.018) (0.041) (0.017) (0.048) (0.018) (0.034)

p-value for εGreen ↔ εNeutral > 0 0.004

p-value for εNeutral ↔ εBrown > 0 0.400

p-value for εGreen ↔ εBrown > 0 0.025

p-value for εNot Brown ↔ εBrown > 0 0.000

Obs. (Analyst Report–Cohort Level) 41,204 4,556 32,367 4,281 33,775 7,429
Number of Unique Analysts 494 207 473 181 475 331
Number of Unique Firms 1,246 155 955 136 964 282

y ↗ Market Reaction (%)

Treated → Post ↔0.354 0.718 ↔0.404 ↔1.440** ↔0.270 ↔0.902

(0.319) (0.676) (0.350) (0.578) (0.318) (0.708)

p-value for εGreen ↔ εNeutral > 0 0.058
p-value for εNeutral ↔ εBrown > 0 0.039
p-value for εGreen ↔ εBrown > 0 0.009
p-value for εNot Brown ↔ εBrown > 0 0.153
Obs. (Analyst Report–Cohort Level) 34,974 3,930 27,454 3,590 28,636 6,338
Number of Unique Analysts 492 206 470 180 474 329
Number of Unique Firms 1,240 155 949 136 961 279
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Table B11 (Continued)

Notes: This table reports the results after sequentially excluding one cohort at a time from the sample. Each
Panel corresponds to a specification that omits one of the five cohorts. In Panel A, we exclude cohort 2013Q1.
In Panel B, we exclude cohort 2012Q4. In Panel C, we exclude cohort 2012Q3. In Panel D, we exclude cohort
2012Q2. In Panel E, we exclude cohort 2012Q1. We examine six dependent variables, y, each reported in a
separate table: Air Pollution Discussed , EPS Forecast, Recommendation, Target Price, Report Tone, and Market
Reaction (%). In each table, Column 1 reports the results from estimating Equation 2 using the full sample
to explore the change in the dependent variable (y) for treated analysts from before to after the rollout of the
monitoring program in their city, relative to control analysts. In Columns 2–4, we partition analyst reports into
three groups: Brown, Neutral, and Green. We instruct DeepSeek-Reasoner to focus exclusively on the firm’s
business description in the MD&A section of the annual reports of 2011 and to classify a firm as Brown (Green)
if its description indicates that the firm faces risks or costs (gains an advantage or opportunity) from heightened
attention to air quality issues, as defined by the SASB. Firms not classified as Brown or Green are designated
Neutral. We estimate Equation 2 separately for analyst reports covering firms in each of these three groups. In
Columns 5 and 6, we partition analyst reports in our sample into two groups based on whether the covered firm is
included in the Environmental Survey and Reporting (ESR) database in 2011, the year before the implementation
of the monitoring program. We estimate Equation 2 separately for analyst reports covering firms included in
ESR (Brown firms) and those covering firms not included in ESR (Not Brown firms). Treated is an indicator
variable that equals one for treated analysts in each cohort and zero for control analysts in the cohort. Post is an
indicator variable that equals one for both treated and control analysts in the cohort starting in the first quarter
when the treated analyst’s city implements the monitoring program and remains one for all subsequent quarters.
Air Pollution Discussed is an indicator variable that equals one if the analyst’s report discusses air quality as
defined by the SASB and measured using a large language model (DeepSeek-R1 ). EPS Forecast is defined as
the analyst’s EPS forecast, scaled by the firm’s stock price at the beginning of the fiscal year, multiplied by
100. Recommendation is the analyst’s stock recommendation, coded as an ordinal variable ranging from 1 to 5,
where 5 indicates a Strong Buy and 1 indicates a Strong Sell. Target Price is the ratio of the analyst’s target
price to the firm’s actual stock price at the beginning of the fiscal year. Report Tone is calculated as (Positive
- Negative) / (Positive + Negative), where Negative (Positive) represents the word count frequency of negative
(positive) words in the analyst report as obtained from the CNRDS dataset. Negative and positive words are
identified using the Loughran-McDonald dictionary. Market Reaction (%) is the (signed) cumulative abnormal
return over a three-day window centered on the analyst report date, multiplied by 100. All variables are defined
in the Variable Appendix in the paper. Standard errors are clustered at the City → Quarter level and reported in
parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided), respectively.
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Table B12. Clustering standard errors at the city-level

The model estimated
yi,j,q,c = ε Treatedi,c → Postq,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Air Pollution Discussed

Treated → Post 0.022*** 0.061** 0.013*** 0.050*** 0.011*** 0.084***
[0.000] [0.014] [0.000] [0.008] [0.000] [0.001]

p-value for εGreen ↔ εNeutral > 0 0.017
p-value for εBrown ↔ εNeutral > 0 0.034
p-value for εGreen ↔ εBrown > 0 0.363
p-value for εBrown ↔ εNot Brown > 0 0.011
Obs. (Analyst Report–Cohort Level) 67,389 7,353 52,876 7,160 55,182 12,207
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ EPS Forecast (%)

Treated → Post 0.018 0.284*** 0.042 ↔0.440*** 0.040* ↔0.125***
[0.290] [0.000] [0.212] [0.000] [0.086] [0.000]

p-value for εGreen ↔ εNeutral > 0 0.018
p-value for εNeutral ↔ εBrown > 0 0.002
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.001
Obs. (Analyst Report–Cohort Level) 67,071 7,311 52,642 7,118 54,949 12,122
Number of Unique Analysts 715 291 684 257 690 462
Number of Unique Firms 1,458 183 1,127 148 1,105 353

y ↗ Recommendation

Treated → Post 0.000 0.152*** 0.002 ↔0.165*** 0.021 ↔0.125***
[0.991] [0.000] [0.871] [0.000] [0.194] [0.000]

p-value for εGreen ↔ εNeutral > 0 0.002
p-value for εNeutral ↔ εBrown > 0 0.000
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.000
Obs. (Analyst Report–Cohort Level) 65,389 7,110 51,218 7,061 53,663 11,726
Number of Unique Analysts 711 291 680 257 687 459
Number of Unique Firms 1,443 183 1,112 148 1,093 350

37



Table B12 (Continued)

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Target Price

Treated → Post 0.008 0.137*** 0.007 ↔0.129* 0.027 ↔0.147**
[0.772] [0.000] [0.832] [0.054] [0.548] [0.024]

p-value for εGreen ↔ εNeutral > 0 0.003
p-value for εNeutral ↔ εBrown > 0 0.010
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.060
Obs. (Analyst Report–Cohort Level) 21,705 2,268 17,633 1,804 17,958 3,747
Number of Unique Analysts 563 198 520 170 534 302
Number of Unique Firms 1,113 135 864 114 855 258

y ↗ Report Tone

Treated → Post 0.001 0.081*** ↔0.001 ↔0.063*** 0.009** ↔0.043***
[0.800] [0.000] [0.871] [0.000] [0.039] [0.000]

p-value for εGreen ↔ εNeutral > 0 0.003
p-value for εNeutral ↔ εBrown > 0 0.001
p-value for εGreen ↔ εBrown > 0 0.001
p-value for εNot Brown ↔ εBrown > 0 0.000
Obs. (Analyst Report–Cohort Level) 67,389 7,353 52,876 7,160 55,182 12,207
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ Market Reaction (%)

Treated → Post ↔0.119 0.864*** ↔0.119 ↔1.154*** 0.073 ↔1.348***
[0.382] [0.000] [0.410] [0.000] [0.636] [0.000]

p-value for εGreen ↔ εNeutral > 0 0.003
p-value for εNeutral ↔ εBrown > 0 0.001
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.000
Obs. (Analyst Report–Cohort Level) 56,705 6,296 44,467 5,942 46,414 10,291
Number of Unique Analysts 713 291 681 255 689 460
Number of Unique Firms 1,448 184 1,117 147 1,100 348
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Table B12 (Continued)

Notes: This table reports the results from replicating our main findings (i.e., Tables 4, 6, 7, with standard
errors clustered at the city level. Wild bootstrap p-values are reported in square brackets. Bootstrap p-values
are computed using Webb weights with 999 replications. Following Davidson and MacKinnon (2004), the number
of replications is chosen so that the significance level times the sum of the number of replications plus one is
an integer. We examine six dependent variables, y, each reported in a separate table: Air Pollution Discussed ,
EPS Forecast, Recommendation, Target Price, Report Tone, and Market Reaction (%). In each table, Column
1 reports the results from estimating Equation 2 using the full sample to explore the change in the dependent
variable (y) for treated analysts from before to after the rollout of the monitoring program in their city, relative
to control analysts. In Columns 2–4, we partition analyst reports into three groups: Brown, Neutral, and Green.
We instruct DeepSeek-Reasoner to focus exclusively on the firm’s business description in the MD&A section of
the annual reports of 2011 and to classify a firm as Brown (Green) if its description indicates that the firm faces
risks or costs (gains an advantage or opportunity) from heightened attention to air quality issues, as defined by
the SASB. Firms not classified as Brown or Green are designated Neutral. We estimate Equation 2 separately
for analyst reports covering firms in each of these three groups. In Columns 5 and 6, we partition analyst reports
in our sample into two groups based on whether the covered firm is included in the Environmental Survey and
Reporting (ESR) database in 2011, the year before the implementation of the monitoring program. We estimate
Equation 2 separately for analyst reports covering firms included in ESR (Brown firms) and those covering firms
not included in ESR (Not Brown firms). Treated is an indicator variable that equals one for treated analysts in
each cohort and zero for control analysts in the cohort. Post is an indicator variable that equals one for both
treated and control analysts in the cohort starting in the first quarter when the treated analyst’s city implements
the monitoring program and remains one for all subsequent quarters. Air Pollution Discussed is an indicator
variable that equals one if the analyst’s report discusses air quality as defined by the SASB and measured using
a large language model (DeepSeek-R1 ). EPS Forecast is defined as the analyst’s EPS forecast, scaled by the
firm’s stock price at the beginning of the fiscal year, multiplied by 100. Recommendation is the analyst’s stock
recommendation, coded as an ordinal variable ranging from 1 to 5, where 5 indicates a Strong Buy and 1 indicates
a Strong Sell. Target Price is the ratio of the analyst’s target price to the firm’s actual stock price at the beginning
of the fiscal year. Report Tone is calculated as (Positive - Negative) / (Positive + Negative), where Negative
(Positive) represents the word count frequency of negative (positive) words in the analyst report as obtained
from the CNRDS dataset. Negative and positive words are identified using the Loughran-McDonald dictionary.
Market Reaction (%) is the (signed) cumulative abnormal return over a three-day window centered on the analyst
report date, multiplied by 100. All variables are defined in the Variable Appendix. Wild bootstrap p-values are
reported in square brackets. *, **, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided),
respectively.
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Table B13. Including control variables

The model estimated

yi,j,q,c = ε Treatedi,c → Postq,c + ϱ Controls+ ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Air Pollution Discussed

Treated → Post 0.023*** 0.060** 0.014*** 0.056*** 0.012*** 0.085***
(0.005) (0.028) (0.003) (0.018) (0.004) (0.026)

Following History ↔0.010 ↔0.011 ↔0.007 ↔0.032** ↔0.009 ↔0.015

(0.008) (0.056) (0.005) (0.015) (0.008) (0.015)

Experience 0.013 0.076 0.005 0.017 0.012 0.016

(0.009) (0.083) (0.006) (0.041) (0.008) (0.042)

p-value for εGreen ↔ εNeutral > 0 0.039
p-value for εBrown ↔ εNeutral > 0 0.008
p-value for εGreen ↔ εBrown > 0 0.450
p-value for εBrown ↔ εNot Brown > 0 0.002

Obs. (Analyst Report–Cohort Level) 67,389 7,353 52,876 7,160 55,182 12,207
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ EPS Forecast (%)

Treated → Post 0.020 0.265*** 0.047* ↔0.450*** 0.043 ↔0.127**
(0.023) (0.092) (0.028) (0.115) (0.027) (0.050)

Following History ↔0.003 0.170** ↔0.032 0.059 ↔0.010 0.034

(0.024) (0.076) (0.028) (0.121) (0.028) (0.054)

Experience ↔0.043 ↔0.055 ↔0.036 ↔0.103 ↔0.045 ↔0.019

(0.052) (0.124) (0.059) (0.320) (0.055) (0.109)

p-value for εGreen ↔ εNeutral > 0 0.010
p-value for εNeutral ↔ εBrown > 0 0.000
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.002

Obs. (Analyst Report–Cohort Level) 67,071 7,311 52,642 7,118 54,949 12,122
Number of Unique Analysts 715 291 684 257 690 462
Number of Unique Firms 1,458 183 1,127 148 1,105 353
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Table B13 (Continued)

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Recommendation

Treated → Post ↔0.005 0.144** ↔0.002 ↔0.166*** 0.018 ↔0.136***
(0.019) (0.056) (0.017) (0.039) (0.019) (0.036)

Following History 0.035** 0.079 0.034* 0.010 0.022 0.102**
(0.015) (0.059) (0.018) (0.049) (0.017) (0.050)

Experience ↔0.019 ↔0.046 ↔0.020 0.005 ↔0.021 0.006

(0.020) (0.100) (0.023) (0.063) (0.024) (0.074)

p-value for εGreen ↔ εNeutral > 0 0.003
p-value for εNeutral ↔ εBrown > 0 0.000
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.000

Obs. (Analyst Report–Cohort Level) 65,389 7,110 51,218 7,061 53,663 11,726
Number of Unique Analysts 711 291 680 257 687 459
Number of Unique Firms 1,443 183 1,112 148 1,093 350

y ↗ Target Price

Treated → Post 0.002 0.095 ↔0.002 ↔0.126** 0.020 ↔0.142**
(0.038) (0.070) (0.041) (0.061) (0.046) (0.062)

Following History 0.063 ↔0.146 0.086 0.010 0.063 0.046

(0.052) (0.125) (0.059) (0.143) (0.053) (0.118)

Experience ↔0.028 ↔0.057 ↔0.040 0.103 ↔0.034 0.048

(0.085) (0.075) (0.110) (0.172) (0.086) (0.218)

p-value for εGreen ↔ εNeutral > 0 0.081
p-value for εNeutral ↔ εBrown > 0 0.044
p-value for εGreen ↔ εBrown > 0 0.005
p-value for εNot Brown ↔ εBrown > 0 0.038

Obs. (Analyst Report–Cohort Level) 21,705 2,268 17,633 1,804 17,958 3,747
Number of Unique Analysts 563 198 520 170 534 302
Number of Unique Firms 1,113 135 864 114 855 258
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Table B13 (Continued)

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Report Tone

Treated → Post ↔0.003 0.077** ↔0.005 ↔0.066*** 0.004 ↔0.043**
(0.010) (0.031) (0.010) (0.025) (0.010) (0.020)

Following History 0.031** 0.031 0.033* 0.019 0.035** 0.010

(0.014) (0.037) (0.017) (0.030) (0.013) (0.030)

Experience ↔0.009 0.034 ↔0.019 0.041 ↔0.005 ↔0.038

(0.015) (0.045) (0.015) (0.057) (0.014) (0.042)

p-value for εGreen ↔ εNeutral > 0 0.005
p-value for εNeutral ↔ εBrown > 0 0.008
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.004

Obs. (Analyst Report–Cohort Level) 67,389 7,353 52,876 7,160 55,182 12,207
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ Market Reaction (%)

Treated → Post ↔0.135 0.849* ↔0.126 ↔1.246*** 0.057 ↔1.355**
(0.189) (0.439) (0.202) (0.381) (0.180) (0.621)

Following History 0.117 0.148 0.082 0.294 0.128 0.031

(0.123) (0.491) (0.137) (0.499) (0.150) (0.365)

Experience 0.050 0.715 ↔0.092 0.939 ↔0.013 0.502

(0.261) (0.734) (0.295) (1.041) (0.302) (0.521)

p-value for εGreen ↔ εNeutral > 0 0.011
p-value for εNeutral ↔ εBrown > 0 0.003
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.006

Obs. (Analyst Report–Cohort Level) 56,705 6,296 44,467 5,942 46,414 10,291
Number of Unique Analysts 713 291 681 255 689 460
Number of Unique Firms 1,448 184 1,117 147 1,100 348
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Table B13 (Continued)

Notes: This table reports the results from replicating our main findings (i.e., Tables 4, 6, 7, and 9) after adding
control variables. Controls is a vector of control variables, including Following History and Experience. Following
History is the natural logarithm of one plus the length of time (in quarters) that the analyst has been following
the firm. Experience is the natural logarithm of one plus the number of quarters since the analyst issued their
first report in the CNRDS dataset. We examine six dependent variables, y, each reported in a separate table: Air
Pollution Discussed , EPS Forecast, Recommendation, Target Price, Report Tone, and Market Reaction (%). In
each table, Column 1 reports the results from estimating Equation 2 using the full sample to explore the change
in the dependent variable (y) for treated analysts from before to after the rollout of the monitoring program in
their city, relative to control analysts. In Columns 2–4, we partition analyst reports into three groups: Brown,
Neutral, and Green. We instruct DeepSeek-Reasoner to focus exclusively on the firm’s business description in the
MD&A section of the annual reports of 2011 and to classify a firm as Brown (Green) if its description indicates
that the firm faces risks or costs (gains an advantage or opportunity) from heightened attention to air quality
issues, as defined by the SASB. Firms not classified as Brown or Green are designated Neutral. We estimate
Equation 2 separately for analyst reports covering firms in each of these three groups. In Columns 5 and 6,
we partition analyst reports in our sample into two groups based on whether the covered firm is included in
the Environmental Survey and Reporting (ESR) database in 2011, the year before the implementation of the
monitoring program. We estimate Equation 2 separately for analyst reports covering firms included in ESR
(Brown firms) and those covering firms not included in ESR (Not Brown firms). Treated is an indicator variable
that equals one for treated analysts in each cohort and zero for control analysts in the cohort. Post is an
indicator variable that equals one for both treated and control analysts in the cohort starting in the first quarter
when the treated analyst’s city implements the monitoring program and remains one for all subsequent quarters.
Air Pollution Discussed is an indicator variable that equals one if the analyst’s report discusses air quality as
defined by the SASB and measured using a large language model (DeepSeek-R1 ). EPS Forecast is defined as
the analyst’s EPS forecast, scaled by the firm’s stock price at the beginning of the fiscal year, multiplied by
100. Recommendation is the analyst’s stock recommendation, coded as an ordinal variable ranging from 1 to 5,
where 5 indicates a Strong Buy and 1 indicates a Strong Sell. Target Price is the ratio of the analyst’s target
price to the firm’s actual stock price at the beginning of the fiscal year. Report Tone is calculated as (Positive
- Negative) / (Positive + Negative), where Negative (Positive) represents the word count frequency of negative
(positive) words in the analyst report as obtained from the CNRDS dataset. Negative and positive words are
identified using the Loughran-McDonald dictionary. Market Reaction (%) is the (signed) cumulative abnormal
return over a three-day window centered on the analyst report date, multiplied by 100. All variables are defined
in the Variable Appendix in the paper. Standard errors are clustered at the City → Quarter level and reported in
parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and 1% levels (two-sided), respectively.
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Table B14. Staggered DiD design

The model estimated

yi,j,q = ε Post Staggeredi,q + ϑj,q + ϑi,j + ϖi,j,q

where, i, j, and q index analyst reports, firms, and calendar year-quarters, respectively.

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Air Pollution Discussed

Post Staggered 0.022*** 0.040 0.015*** 0.051** 0.010* 0.088***
(0.007) (0.030) (0.004) (0.021) (0.006) (0.029)

p-value for εGreen ↔ εNeutral > 0 0.178
p-value for εBrown ↔ εNeutral > 0 0.033
p-value for εBrown ↔ εGreen > 0 0.368
p-value for εBrown ↔ εNot Brown > 0 0.002
Obs. (Analyst Report Level) 50,405 5,466 39,738 5,201 41,533 8,872
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ EPS Forecast (%)

Post Staggered 0.028 0.274*** 0.038* ↔0.295*** 0.036 ↔0.018

(0.023) (0.076) (0.022) (0.101) (0.027) (0.047)

p-value for εGreen ↔ εNeutral > 0 0.002
p-value for εNeutral ↔ εBrown > 0 0.001
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.177
Obs. (Analyst Report Level) 50,192 5,441 39,580 5,171 41,369 8,823
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ Recommendation

Post Staggered ↔0.015 0.051 ↔0.016 ↔0.074* 0.001 ↔0.110***
(0.015) (0.047) (0.014) (0.037) (0.017) (0.027)

p-value for εGreen ↔ εNeutral > 0 0.056
p-value for εNeutral ↔ εBrown > 0 0.063
p-value for εGreen ↔ εBrown > 0 0.006
p-value for εNot Brown ↔ εBrown > 0 0.000
Obs. (Analyst Report Level) 49,473 5,363 38,959 5,151 40,813 8,660
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,458 184 1,125 149 1,105 353

44



Table B14 (Continued)

(1) (2) (3) (4) (5) (6)

Heterogeneity tests ↗ Full Sample LLM-based classification
Government-designated

classification
Green Neutral Brown Not Brown Brown

y ↗ Target Price

Post Staggered ↔0.029 ↔0.142 0.000 ↔0.415 ↔0.050 0.140

(0.064) (0.202) (0.055) (0.732) (0.071) (0.119)

p-value for εGreen ↔ εNeutral > 0 0.773
p-value for εNeutral ↔ εBrown > 0 0.275
p-value for εGreen ↔ εBrown > 0 0.354
p-value for εNotBrown ↔ εBrown > 0 0.916
Obs. (Analyst Report Level) 15,934 1,780 12,765 1,389 13,287 2,647
Number of Unique Analysts 575 206 529 178 547 313
Number of Unique Firms 1,145 139 890 116 882 263

y ↗ Report Tone

Post Staggered 0.011 0.044* 0.006 0.013 0.011 0.012

(0.007) (0.024) (0.008) (0.022) (0.007) (0.017)

p-value for εGreen ↔ εNeutral > 0 0.074
p-value for εNeutral ↔ εBrown > 0 0.612
p-value for εGreen ↔ εBrown > 0 0.122
p-value for εNot Brown ↔ εBrown > 0 0.544
Obs. (Analyst Report Level) 50,405 5,466 39,738 5,201 41,533 8,872
Number of Unique Analysts 715 292 684 257 690 462
Number of Unique Firms 1,460 184 1,127 149 1,107 353

y ↗ Market Reaction (%)

Post Staggered ↔0.083 0.908** ↔0.107 ↔0.867*** 0.093 ↔1.128*
(0.171) (0.358) (0.162) (0.291) (0.143) (0.661)

p-value for εGreen ↔ εNeutral > 0 0.001
p-value for εNeutral ↔ εBrown > 0 0.003
p-value for εGreen ↔ εBrown > 0 0.000
p-value for εNot Brown ↔ εBrown > 0 0.020
Obs. (Analyst Report Level) 43,225 4,748 34,077 4,400 35,615 7,610
Number of Unique Analysts 714 292 683 256 690 461
Number of Unique Firms 1,452 184 1,121 147 1,101 351
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Table B14 (Continued)

Notes: This table reports the results from replicating our main findings (i.e., Tables 4, 6, 7, and 9) using an
alternative research design: a staggered DiD regression. Post Staggered is an indicator variable that equals one
starting from the first quarter in which the monitoring program is implemented in the city where the analyst
resides and remains one for all subsequent quarters. We examine six dependent variables, y, each reported in a
separate table: Air Pollution Discussed , EPS Forecast, Recommendation, Target Price, Report Tone, and Market
Reaction (%). In each table, Column 1 reports the results using the full sample to explore the change in the
dependent variable (y) for treated analysts from before to after the rollout of the monitoring program in their
city, relative to control analysts. In Columns 2–4, we partition analyst reports into three groups: Brown, Neutral,
and Green. We instruct DeepSeek-Reasoner to focus exclusively on the firm’s business description in the MD&A
section of the annual reports of 2011 and to classify a firm as Brown (Green) if its description indicates that
the firm faces risks or costs (gains an advantage or opportunity) from heightened attention to air quality issues,
as defined by the SASB. Firms not classified as Brown or Green are designated Neutral. We estimate separate
regressions for analyst reports covering firms in each of these three groups. In Columns 5 and 6, we partition
analyst reports in our sample into two groups based on whether the covered firm is included in the Environmental
Survey and Reporting (ESR) database in 2011, the year before the implementation of the monitoring program.
We estimate separate regressions for analyst reports covering firms included in ESR (Brown firms) and those
covering firms not included in ESR (Not Brown firms). Air Pollution Discussed is an indicator variable that
equals one if the analyst’s report discusses air quality as defined by the SASB and measured using a large language
model (DeepSeek-R1 ). EPS Forecast is defined as the analyst’s EPS forecast, scaled by the firm’s stock price
at the beginning of the fiscal year, multiplied by 100. Recommendation is the analyst’s stock recommendation,
coded as an ordinal variable ranging from 1 to 5, where 5 indicates a Strong Buy and 1 indicates a Strong Sell.
Target Price is the ratio of the analyst’s target price to the firm’s actual stock price at the beginning of the
fiscal year. Report Tone is calculated as (Positive - Negative) / (Positive + Negative), where Negative (Positive)
represents the word count frequency of negative (positive) words in the analyst report as obtained from the
CNRDS dataset. Negative and positive words are identified using the Loughran-McDonald dictionary. Market
Reaction (%) is the (signed) cumulative abnormal return over a three-day window centered on the analyst report
date, multiplied by 100. All variables are defined in the Variable Appendix in the paper. Standard errors are
clustered at the City → Quarter level and reported in parentheses. *, **, *** indicate statistical significance at
the 10%, 5%, and 1% levels (two-sided), respectively.
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Table B15. Distance between the analyst’s city and the covered firm’s city

The model estimated

yi,j,q,c = ε Treatedi,c → Postq,c + ϑj,q,c + ϑi,j,c + ϖi,j,q,c

where, i, j, q, and c index analyst reports, firms, calendar year-quarters, and treatment cohorts, respectively.

(1) (2)
y ↗ Air Pollution Discussed
Above-Median Firm-Analyst Distance ↗ No Yes

Treated → Post 0.020* 0.010***
(0.011) (0.003)

p-value for εY es ↔ εNo = 0 0.610

Observations (Analyst Report-Cohort Level) 35,369 32,020
Number of Unique Analysts 656 621
Number of Unique Firms 1,073 1,056
Firm → Year-Quarter → Cohort FE Yes Yes
Analyst → Firm → Cohort FE Yes Yes
Adj. R2 45.9% 50.6%
Pre-program Mean of y 0.026 0.017
Pre-program Standard Deviation of y 0.159 0.128

Notes: This table reports results on whether the e!ect of the monitoring program on analyst discussions of
firms’ air-pollution activities in their reports varies with the distance between the analyst’s city and the covered
firm’s city. We partition analyst reports in our sample into two groups based on whether the distance between
the analyst’s city and the covered firm’s city is above sample-median, and estimate Equation 2 separately for
these groups. Air Pollution Discussed is an indicator variable that equals one if the analyst’s report discusses
air quality as defined by the SASB and measured using a large language model (DeepSeek-R1 ). Treated is an
indicator variable that equals one for treated analysts in each cohort and zero for control analysts in the cohort.
Post is an indicator variable that equals one for both treated and control analysts in the cohort starting in the first
quarter when the treated analyst’s city implements the monitoring program and remains one for all subsequent
quarters. All variables are defined in the Variable Appendix in the paper. Standard errors are clustered at the
City → Quarter level and reported in parentheses. *, **, *** indicate statistical significance at the 10%, 5%, and
1% levels (two-sided), respectively.
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Internet Appendix C Large Language Model

C.1 Model performance

C.1.1. Air Pollution Discussed

In this section, we evaluate the performance of the large language model DeepSeek-R1, which we use to identify
whether an analyst report discusses air quality—our Air Quality Discussed variable. We randomly selected 500
analyst reports and hired two research assistants (RAs) to manually and independently classify whether each
report discusses air quality, following the SASB definition. For the small number of reports where the two RAs
disagreed (fewer than 1%), one of the coauthors reviewed the report and made the final determination. We then
assessed the model’s performance against this benchmark. Table C1, Panel A, reports the confusion matrix for
the model. Out of 500 reports, the model correctly classifies 495: 35 reports identified as discussing air quality
(true positives) and 460 identified as not discussing air quality (true negatives). The model misclassifies 2 reports
as discussing air quality when they do not (false positives) and 3 reports as not discussing air quality when they
actually do (false negatives).

Column 1 of Panel D reports several standard classification metrics to evaluate the model’s performance.
The results indicate that DeepSeek-R1 is highly reliable, accurately classifying 99% of the reports. These
findings demonstrate the model’s e!ectiveness in identifying discussions of air quality in analyst reports. The
precision—defined as the proportion of true positives among all reports the model classified as discussing air
quality—is 94.6%. The recall—defined as the proportion of actual air quality-related reports correctly identified
by the model—is 92.1%. The resulting F1-score, the harmonic mean of precision and recall, is 93.3%. These
metrics suggest that DeepSeek-R1 performs well in identifying relevant reports while maintaining a low rate of
both false positives and false negatives. These performance metrics are comparable to those reported in prior
studies that apply large language models in various contexts (e.g., Li et al., 2025).

C.1.2. Brown, Neutral, Green

In this section, we evaluate the performance of DeepSeek-Reasoner for classifying firms into brown, neutral, or
green. We randomly selected 100 annual reports issued by firms covered by analyst reports in our sample. Two
research assistants (RAs) manually and independently classify a firm as Brown (Green) if its business description
indicates that the firm faces risks or costs (gains an advantage or opportunity) from heightened attention to,
concern about, and regulation of air quality issues, as defined by the SASB. Firms not classified as Brown or
Green are designated Neutral. We then assessed the model’s performance against this benchmark.

Table C1, Panel B, reports the confusion matrix for the model focusing on brown firms. Out of 100 firms,
the model correctly classifies 98: 14 firms identified as brown (true positives) and 84 firms identified as non-
brown (true negatives). The model misclassifies 1 firm as brown, but it is neutral (false positives) and 1 firm
as neutral but it is brown (false negatives). Table C1, Panel C, reports the confusion matrix focusing on green
firms. Column 2 of Panel D reports several standard classification metrics to evaluate the model’s performance,
focusing on brown firms. The results indicate that DeepSeek-Reasoner is highly reliable, accurately classifying
99% of the firms. The precision, recall, and F1-score are 93%. Column 3 of Panel D reports similar performance
for green firms.

C.2 Choice of language model

We choose DeepSeek-R1 over other large language models (e.g., GPT-4o) for three reasons.

Data confidentiality: Our analyst reports are proprietary. DeepSeek can be deployed and run locally on our
own machines, ensuring that all data remains on our internal systems. In contrast, most proprietary models (e.g.,
GPT-4, Claude) are only accessible via paid APIs, which require transmitting data to external servers—raising
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confidentiality and compliance concerns.

Comparable performance to proprietary models: In our setting, DeepSeek performs as well as GPT-4o.
When evaluated using the same prompt, GPT-4o yields the exact same performance metrics as DeepSeek in
our setting. Although the two models misclassify di!erent individual reports, the number and type of errors are
identical. This indicates that DeepSeek matches GPT-4o’s e!ectiveness in classifying analyst reports, despite
being open-source, locally deployable, and free of per-token costs.

Cost: The cost of using DeepSeek is limited to computational infrastructure, as the model is open-source
and can be run locally. In contrast, proprietary models are typically accessed via paid APIs, where charges
accumulate based on the number of tokens processed. Our estimates suggest that these per-token costs can be
substantial—particularly in our setting, where we generate multiple outputs from each report, including measures
for whether air quality and social capital are discussed.

References

Li, K., Mai, F., Shen, R., Yang, C., and Zhang, T. (2025). Dissecting corporate culture using generative
ai. Technical report, Working paper, https://papers. ssrn. com/sol3/papers. cfm.
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Figure C1. Time trend in Air Quality Discussed measure

Notes: This figure presents the trend in the average of our Air Quality Discussed measure. Air Quality Discussed
is an indicator variable that equals one if the analyst’s report discusses air quality as defined by the SASB and
measured using a large language model (DeepSeek-R1 ).
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Table C1. DeepSeek-R1 classification performance: Air quality discussions in analyst

reports

Panel A. Air Pollution Discussed

Panel B. Brown vs Others

Panel C. Green vs Others
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Table C1 (Continued)

Panel D. Model performance metrics

Metric Air Pollution
Discussed

Brown vs Others Green vs Others

Accuracy 99.0% 98.0% 99.0%
Precision 94.6% 93.3% 100.0%
Recall 92.1% 93.3% 95.2%
F1 Score 93.3% 93.3% 97.6%

Notes: This table presents the performance of the large language model DeepSeek-R1, which we use to identify
whether an analyst report discusses air quality—our Air Quality Discussed variable. We randomly selected 500
analyst reports and hired two research assistants (RAs) to manually and independently classify whether each
report discusses air quality, following the SASB definition. We then assessed the model’s performance against
this benchmark. Similarly, we randomly selected 100 annual reports issued by firms covered by analyst reports
in our sample. Two research RAs manually and independently classify a firm as Brown (Green) if its business
description indicates that the firm faces risks or costs (gains an advantage or opportunity) from heightened
attention to, concern about, and regulation of air quality issues, as defined by the SASB. Firms not classified as
Brown or Green are designated Neutral. We then assessed the model’s performance against this benchmark.

Panels A-C report the confusion matrix for the model. Panel D presents the performance metrics for the model.

Accuracy =
TP + TN

TP + TN + FP + FN

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 Score = 2→ Precision → Recall
Precision + Recall

where,

For Air Quality Discussed :
TP (True Positives) occur when the model predicts that a report discusses air quality and the report actually
does. TN (True Negatives) occur when the model predicts that a report does not discuss air quality and this
is correct. FP (False Positives) refer to cases where the model incorrectly predicts that a report discusses air
quality when it does not. FN (False Negatives) occur when the model fails to identify a report that does discuss
air quality, instead predicting that it does not.

For Brown group: TP (True Positives) occur when the model predicts that a firm belongs to the Brown group
and it actually does. TN (True Negatives) occur when the model predicts that a firm does not belong to the
Brown group and this is correct. FP (False Positives) refer to cases where the model incorrectly predicts that a
firm belongs to the Brown group when it does not. FN (False Negatives) occur when the model fails to identify
a firm that belongs to the Brown group, instead predicting that it does not.

For Green group: TP (True Positives) occur when the model predicts that a firm belongs to the Green group
and it actually does. TN (True Negatives) occur when the model predicts that a firm does not belong to the
Green group and this is correct. FP (False Positives) refer to cases where the model incorrectly predicts that a
firm belongs to the Green group when it does not. FN (False Negatives) occur when the model fails to identify
a firm that belongs to the Green group, instead predicting that it does not.
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Internet Appendix D Examples of air pollution discussions in analyst reports

Example D1. Regulatory Risks and Preference-related Factors
Environmental regulations increase demand for the firm’s low-emission solutions

• Report date: 17-May-2013
• Firm: Weichai Heavy Machinery Co., Ltd
• Business Description: The company develops, manufactures, and sells powertrain systems and engine

products (e.g., for marine propulsion and commercial vehicle applications), including engines compatible with
LNG.

• Industry: Manufacturing - General equipment manufacturing
• Analyst: Shuwei Wang (Broker: Essence Securities)
• City: Shanghai

Chinese texts: 洡匡夡無氡儡朡昡昢瘡舡耡儢挡攡帡Ａ甡両丢校瘢嬡輡伡Ａ縡洢戡朢伢刡昡昢Ａ朣朤阡眡阢伡
挡攢瘢儣攣笡瘡萡嬢戢蠡Ａ伣產 LNG 刢朥氢洣吡刣判瘡舢舣尡戡丣两吢縢舤舥輢瘡严褡贡猡嘡紡並丧〡LNG
匢刣朦挡攢瘡氣氤匡爡匣朡朥氢匢刣朦挡攢瘡25%Ａ砡氥匡吡爡吣砡氤匡吡爡別刦匣朡30%吣12%Ａ頡簡爡瘡挡
攢儤丨丣阣〡丩锡朧褢帢眢Ａ严褡匤瘣両嘢嬣“氡匡儥氦〢縢舤舥輢”戣産弡吤Ａ戤个洤笢Ａ漡朥鄡崡瘡儥氦舢
舣LNG匢刣朦次帣瘡帤圡褣模49.5丫儦〡
English Translation: Liquefied natural gas (LNG) has significant energy-saving and emission-reducing e!ects.
Due to its relatively low price, it o!ers significant economic cost advantages. Looking ahead, as policies aimed at
reducing emissions are implemented and enforced, ships using LNG-diesel hybrid power will become one of the
main contributing factors to green shipping. LNG engines emit only 25% of the nitrogen oxides emitted by diesel
engines, 30% of hydrocarbons, 12% of carbon monoxide, and almost zero particulate matter. In the medium to
long term, driven mainly by the launch of the national strategy of ‘gasify inland waterways and promote green
shipping,’ we estimate that the annual market size of Weichai Heavy Machinery’s inland-waterway LNG marine
engines will increase to 4.95 billion yuan.

Example D2. Regulatory Risks and Preference-related Factors
Environmental regulations reduce demand for the firm’s electricity generated from traditional,
coal-based power plants

• Report date: 7-Jun-2012
• Firm: Chongqing Jiulong Electric Power Co., Ltd
• Business Description: The company produces and sells electric power primarily through coal-fired thermal

power generation.
• Industry: Production and supply of electricity, heat, gas and water
• Analyst: Dajun Li (Broker: Huachuang Securities)
• City: Beijing (Monitoring program implantation date: 21-Jan-2012)

Chinese texts: 匤猢伤攣笡丬攤刢弢匥PM2.5氧琡津匡瘡弣吥Ａ焢瀡洦财中匢甤挡攢霡丮輣丧欢阤刧Ａ儧匦伥
縣匢甤责丯霢氨攢缡〢瘤刨戥匧〡丣頢帡攣笡嬤否帥伢匡责丯縤木Ａ儧匦严刣利礡儨逡霣猢伤责丯Ａ尡责渡耢

焣両脡砢〢脡砣〢阥尢笣挢縥堡锡瘡猢伤丰刪Ａ嬢猣否丱丰匡猢伤带匨瘡戣産輤圢〡

English Translation: As environmental policies continue to tighten and PM2.5 control e!orts deepen, coal
consumption and emissions from power generation face further restrictions. Demand for the company’s traditional
power-generation assets has slowed, putting pressure on profitability. To align with policy directions and
optimize its asset structure, the company has proactively divested all non-environmental assets and reallocated
resources toward fast-growing environmental protection businesses such as desulfurization, denitrification, and
dust removal, achieving a strategic transformation into a specialized environmental protection platform.
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Example D3. Regulatory Risks
Stricter environmental standards require higher environmental-protection investment by the firm

• Report date: 11-Apr-2013
• Firm: Dongjiang Environmental Company Limited
• Business description: The company is engaged in the treatment, recycling, and disposal of industrial and

municipal waste (, including hazardous waste management and valuable materials recovery).
• Industry: Manufacturing industry - Comprehensive utilization of waste resources
• Analyst: Yu Wu (Broker: Sinolink Securities)
• City: Shanghai (Monitoring program implantation date: 27-Jun-2012)

Chinese texts: 猢堢伤戦逡輥朧頣帧串攥爢氩朩爡挡攢栢儩Ａ嬡夢頤挡攢阤倡伦優昢萢攦索Ａ儫丩鐡〢鐢笣鄡
鄢尣瘡挡攢挣刧褡氨挤匩尤丣昡昢〡栣挥攥褣Ａ瘢儣伧丰頥夣帨别儢氩朩爡挡攢鄣Ａ儢挡帨帢昢萢贤败攧弤栢

儩〡丣渢账吡褣褡氨Ａ伧丰頦謡霢褡嬡猣朡猢伤謢攨輣蠡匩縦攩逢Ａ堡刢夤琡猢舡Ａ戧弥儬昣丣儭輣瘡氩朩挣

刧戨未〡刬欢謣伨昢礢Ａ瘢儣猢伤戩儬輡弦刭氪带尡丳匩縧30%脢50%〡
English Translation: The Ministry of Environmental Protection recently introduced a revised set of pollutant-
emission standards that significantly tighten multiple emission limits, with especially notable increases in control
requirements for heavy metals such as copper and lead. Under the updated rules, a!ected firms must substantially
reduce pollutant emissions, with required reductions materially exceeding prior standards. To meet compliance
requirements, the company is expected to upgrade and retrofit existing environmental-protection facilities, add
additional treatment stages, or adopt more advanced pollution-control technologies. A preliminary assessment
suggests that related environmental capital expenditures are likely to increase by approximately 30% to 50%
compared to the current levels.

Example D4. Preference-related Factors
Changes in end-consumer preferences and environmental awareness motivate the firm to expand
production capacity for environmentally friendly products, which is expected to improve
performance

• Report date: 21-Apr-2013
• Firm: Wanhua Chemical Group Co.,Ltd.
• Business description: The company develops, produces, and sells chemical products.
• Industry: Manufacturing industry - Chemical raw materials and chemical products manufacturing industry
• Analyst: Ling Cao (Broker: Hua Chuang Securities)
• City: Beijing (Monitoring program implantation date: 21-Jan-2012)

Chinese texts: 儧匦戣産怡圣尡洧攪丯丰鐣伦丣鄡瀢匢尥攫否Ａ謡刮圤嬥氫〢猤洨匥瀣匨別刦帧尦10临
吧〢20临吧匥40临吧氪怡洧攪丯耡Ａ吡謡褣刮丯耡輦70临吧〡輧丧帧尦瘡挦輣Ａ昤頢帡縨稡洦财帤圡縤木怡匪
匡瘡縤末Ｂ阡眡儧伩猢伤愡謤挤匩中倢帩尧伪霢氨攬瘣堡弢Ａ帤圡嬡伡挧匢怡〢猢堢匫夥圢洧攪瘡霢氨昢萢堡

锡〡嘡欣Ａ儧匦昡砤耢焣両猢伤圢氪怡洧攪頧圥Ａ严褡洩瘥丵瀤鄤簢刯中耢氬鄥氪怡洧攪丯丰鐣丩瘡洧攪栤

脣〢到刱笣騡阦刢倡猢舡〡洧攪栤脣中到刱伦丣氪怡洧攪丯丰鐣丩戨未堣圦本騡〢瘤刨怡輡弢瘡儣锢逡別Ａ尡

挢縥匤瘣両輧丧甡洦财匩縦騢刣瘡帤圡货刡Ａ戡丣儧匦朣朤騡怡耡〢騡阦刢倡丯吨縩瘡鄡褡縪戡逡別〡

English Translation: The company has strategically identified the coatings industry as a key area for
development and plans to establish water-based coatings production capacity of 100,000 tons, 200,000 tons,
and 400,000 tons in Ningbo, Zhuhai, and Yantai, respectively, for a total planned capacity of 700,000 tons. This
expansion reflects structural changes in end-consumer demand: as public environmental awareness increases and
demand for healthier living environments rises, market demand for low-VOC, environmentally friendly coatings
has grown significantly. Accordingly, the company is focusing on environmentally friendly water-based coatings
. . . Coating resins and additives are expected to continue benefiting from this consumption-upgrade-driven
market trend and to become an important part of the company’s future portfolio of high-performance, high
value-added products.
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Example D5. Physical Risks
Severe weather disrupted a shipping firm’s operations

• Report date: 25-Mar-2014
• Firm: China Merchants Energy Shipping Co., Ltd.
• Business description: The company specializes in long-distance maritime transportation.
• Industry: Transportation, warehousing and postal services - Water transport industry
• Analyst: Tao Chang (Broker: China Merchants Securities)
• City: Beijing (Monitoring program implantation date: 21-Jan-2012)

Chinese texts: 2013帣Ａ氢輨霢氨攭嬦瘡匬匭琢儮嬦阧霤〢夣頨笣怢刲夡氡頩匢Ａ弣吥渣匮伦丰Ａ匧渣夡攮堡
刢Ａ輣丧欢洦儢串朡攡輢判瘡伫帡〡圤欣耣春丶Ａ丷截唡輨舢丣丸蠢瘡丱丰舥輢輢萣唡霡丮昣丣昡昢瘡輢萣匧

判〡

English Translation: In 2013, during the peak tanker demand season, the Northern Hemisphere experienced
frequent episodes of severe weather, such as haze and strong winds, which disrupted port operations. This led
to longer port congestion and increased waiting days, further reducing the supply of e!ective shipping capacity.
Against this backdrop, specialized shipping operators, represented by China Merchants Energy Shipping, faced
even more pronounced operational pressures.

Example D6. Other Risks
The Firm’s air-pollution-control capabilities facilitates financing via green bonds

• Report date: 21-May-2013
• Firm: Fujian Longking Co., Ltd.
• Business description: The company develops, manufactures, installs, and operates air-pollution control

equipment
• Industry: Special equipment manufacturing industry
• Analyst: Wei Wang (Guotai Junan Securities)
• City: Shanghai (Monitoring program implantation date: 27-Jun-2012)

Chinese texts: 圤嘢嬣縢舤鄢蜡攣笡挢縥津匡瘡耣春丶Ａ鼡儯猢伤伬戫儫圤稢氡氩朩氧琡頧圥瘡丰刪礣紣Ａ簣
儩夦吡串縢舤倣刳帤圡瘡蜡责嬤否〡謥儧匦両2012帣匢蠡瘡8丫儦丩朧礤挥Ａ儰別伭猣串儫縢舤丯丰尣怡圤责朢
帤圡瘡謦匯帢Ａ帥丣儧匦吢縥匢尥挤伫串儣锢瘡责鄢伤阨〡

English Translation: Against the backdrop of China’s continued deepening of green finance policies, Longking
Environmental Protection has leveraged its established capabilities in air-pollution control to align closely with
the financing priorities of the green bond market. The company’s issuance of RMB 800 million medium-term
notes in 2012 reflected the capital market’s recognition of its green-industry positioning and provided critical
financial support for its subsequent development.
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