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1 Introduction

Investigating the external factors that affect the productivity of high-skilled professions

is important because service-driven societies produce output not only through the use of

physical labor but also from the exploitation of cognitive skills. Furthermore, the ongo-

ing automation of repetitive tasks is likely to raise the share of high-skill positions in the

labor market, increasing the relevance of empirical studies on the relationship between

these external effects and the productivity of mental activities.1 This article concentrates

on one particular externality and one specific high-skill profession: air pollution in the

form of nitrogen oxides (NOx) and lawyers, judges, and prosecutors participating in Mex-

ican court hearings.2 The study is to the best of my knowledge, the first examining the

relationship between productivity and nitrogen oxides, the first to investigate the very

short-term (hourly) effect of pollution on productivity, the first to explore the relationship

between these two variables while controlling for work-breaks, and the first to particu-

larly consider the impact of exposure on judicial employees. I approximate productivity

with the time it takes to settle each court case under the assumption that all things equal,

two cases only varying in their level of exposure to nitrogen oxides would show different

resolution times because exposure affects the productivity of participating workers.3

I use a unique data set of Mexican judicial hearings to identify the causal effect

of NOx on productivity. The data set contains the exact time the trial started and ended,

judge identifiers, courthouse identifiers, geo-coordinates, crime typologies, hearing types,

and final resolutions. The empirical strategy uses panel and instrumental variable (IV)

techniques to explain variations in hearings’ length as a function of exposure to nitro-

gen oxides. It controls for all consistent time-varying unobservables as traffic and lunch

breaks with time fixed effects and for all time-invariant uncontrolled covariates with in-

dividual fixed effects. Further controls include the type of crime, workloads,4 the final

1David (2015) argues that incoming automation can increase the comparative advantage of workers sup-
plying problem-solving abilities and creative skills to the labor force.

2In Mexico, only lawyers, judges, and prosecutors participate in the trials, there is no jury, and the defen-
dant rarely engages

3Henceforth, I use trials and hearings interchangeably. However, there is a legal difference between both
terms: Hearings determine if the judicial system should pursue the imposed charges; trials identify the
guilt or innocence of indicted persons. For this article, the difference is not important, and both terms
refer to any legal proceedings in the courtroom

4I approximate workloads with the number of daily and hourly cases in the courthouse.
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resolution, the kind of hearing, weather covariates, macroeconomic variables, and addi-

tional pollutants. To reduce worries regarding misspecification, I also present results for

an IV design that uses wind speed, wind direction, and atmospheric pressure as instru-

ments to control for measurement error or unobserved and uncontrolled covariates, i.e.,

traffic patterns. Finally, I analyze the impact of other measured contaminants, study het-

erogeneous effects between violent and non-violent crimes, present three placebo tests

to examine the consistency of the empirical methodology, and analyze the influence of

lagged values.

Hearing times are a novel measure to approximate cognitive productivity because

judicial hearings are one of the only purely-cognitive tasks that have time-measured out-

put across space and time. Another advantage is that under normal circumstances, Mexi-

can hearings cannot experience discretionary pauses.5 This feature allows me to concen-

trate on the productivity of employees while working, avoiding the noise of prolonged

pauses on the productivity measure. The main issue when not accounting for prolonged

breaks is that point estimates may be capturing extended brakes and not productivity

losses during work. For instance, Chang et al. (2019) find that pollution affects the pro-

ductivity of call center employees in Shanghai and Nanton by increasing the number and

length of discretionary breaks. Another advantage of the data-set is that it allows me to

analyze the effect of hourly variations in pollution on my productivity measure. Using

hourly data reduces the correlation between nitrogen oxides and all other measured con-

taminants, enabling me to specify multipollutant models that can control for all reported

particles at once. Defining multipollutant models permits me to reduce concerns regard-

ing the spurious correlation of other particles. Additionally, using hourly variations allows

me to explore a previously ignored time-window of exposure on productivity.

The model finds significant, consistent, and economically relevant results for the

effect of NOx on hearings’ length. In the preferred specification, one standard deviation

increase in NOx raises the length of judicial hearings by 1.55 minutes. This result trans-

lates to a short-term shock of exposure to NOx of 3.68 percent.6 The IV coefficients

5Only two situations allow for discretionary recesses, if the prosecutor is not present (1-hour break) or in
cases of extreme complexity (2 hours break) (DOF, 2014).

6One standard deviation increase in NOx is equivalent to the difference in the sample level of exposure at
6:00 am — when there is no traffic and the night has washed away most contaminants — and 8:00 am:
rush hour
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using wind direction, wind speed, and atmospheric pressure as instruments remain sig-

nificant and show higher point estimates. The results also survive three different placebo

tests: One, randomizing exposure across time, another interchanging the pollution values

across monitoring stations, and a final one analyzing the effect of lagged exposure values

on current hearing times.

A potential caveat of the study is that I cannot control for the quality of the reso-

lution. It is possible that air pollution changes the length of the hearing through its effect

on hearings’ quality and not through its impact on hearings’ productivity. Unfortunately,

I have no way to assess the quality of the judge’s ruling. However, even if the quality

of the trial affects the length of the resolution, it is more likely that pollution would de-

crease hearings’ length through a reduction in hearings’ quality; as there is no reason to

believe that exposure will improve the quality of the resolution, nor that decrements in

the quality would increase the length of the process. Furthermore, even if lower-quality

trials take longer, the results from this study would show the aggregate effect of expo-

sure on hearings’ length: both from the consequences of lower quality and the drop in

productivity.

The main contributions of this paper to the literature are: First, the study con-

tributes to current research on the effects of pollutants on productivity by studying the

impact of a new particle: nitrogen oxides. Second, It is the first article considering the

influence of air pollution on judicial workers. Third, it complements current studies by

exploiting the temporal granularity of the data set and analyzing, for the first time, the

very short-term (hourly) effect of exposure. Fourth: It reduces one major challenge to

the identification of causality by investigating the impact on an activity that is free from

discretionary breaks.

The rest of the article is structured as follows: Section 2 summarises relevant

literature. Section 3 describes the dataset, its sources, and descriptive characteristics.

Section 4 explains the econometric design and identification strategy used to infer causal-

ity. Section 5 provides the regression results of the econometric model. Section 6 runs

additional specifications and placebo tests to increase the reliability of the study. Finally

section 7 summarizes and concludes.
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2 literature Review

Research on the mechanisms through which pollution affects human beings tends to con-

centrate on the health and labor consequences of exposure. Regarding health, the formal-

ity and geographical heterogeneity of economic and epidemiological studies validate the

general conclusion that exposure to airborne contaminants has negative consequences on

the health of individuals.7 For example, Knittel, Miller, and Sanders (2016) & Jayachan-

dran (2009) show that local pollution increases mortality. Rosales-Rueda and Triyana

(2018) & Bharadwaj et al. (2017) find that in-utero exposure affects long term health and

sociodemographic outcomes. Halliday, Lynham, and de Paula (2018) & Iskandar et al.

(2012) suggests that pollution increases hospitalization rates. Ostro et al. (2001) points

towards higher medicine intakes for asthmatic individuals, and Moretti and Neidell (2011)

show that air pollution increases the aggregate costs of health care services.

Concerning the effects of exposure on labor markets, current literature concen-

trates on labor absences or productivity at work. For labor absences, Hanna and Oliva

(2015) exploit the closure of the Azcapozalco refinery in Mexico City to conclude that

decreasing exposure to sulfur dioxide (SO2) by 20% increases hourly labor supply by 3.5

percent. Aragon, Miranda, and Oliva (2016) find similar effects for fine particle matter

(PM2.5), and Kim, Manley, and Radoias (2017) for coarse particle matter (PM10). For

productivity at work, the number of studies is less extensive than for labor absences. The

main reason is that it is challenging to collect suitable productivity proxies amid working

hours. One option is to analyze activities with an easily accountable output as manufactur-

ing or agriculture. Graff Zivin and Neidell (2012) investigate the impact of ozone (O3) on

the productivity of Californian farmers and find significant adverse effects. An increase

of 10 ppb in the atmospheric concentration of O3 leads to a 5.5% decrease in agricultural

output. Chang et al. (2016) analyze the influence of PM2.5 exposure on the output of pear

packers in the United States. They show that a 10 unit change in PM2.5, decreases worker

productivity by roughly 6%. This article is particularly related to the literature on the re-

lationship between air pollution and non-physical productivity while working. To the best

of my knowledge, only two other articles look at the effect of air pollution on the produc-

7I recommend the reader to consult Kampa and Castanas (2008) for a nicely written review of epidemio-
logical studies on the relationship between health and pollution
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tivity of high-skill professions. Chang et al. (2019) analyze the impact of local pollution

in labor productivity for two call centers in Nantong and Shanghai. They conclude that

there is an effect on the average time and the number of calls completed by call-center

employees. A 10 unit increase in a self-constructed pollution index decreases the number

of calls by 0.35%. Unfortunately, they also point out that people taking longer breaks

are responsible for the effect. Meyer and Pagel (2017) find that German investors reduce

labor supply and trading volume when exposed to high levels of PM10. One standard

deviation increase in PM10 decreases the probability of logging into the trading platform

by 8.5% and that even when logged in, the likelihood of trading is reduced by 1%. This

article contributes to this literature by analyzing the impact of a new contaminant, over a

new time window, for a new profession, while controlling for breaks while working.

3 Data

In Mexico, hearing times became available after the introduction of a country-wide ju-

diciary reform that among its many changes required the precise measurement of hear-

ings’ length at each judicial process. Each process begins at the exact time all parties

are present, and the judge initiates the process. The hearing ends at the moment of the

resolution. Under Mexican law, citizens have the right to request any public information

they require under the condition that the requested information exists (DOF, 2017). I use

this tool to ask for the exact length of each judicial hearing, the id of the judge preceding

it, the crime, hearing type, and final resolution.8

The federal structure of the country and its judiciary implies that states have

specific penal codes with different definitions and classifications for crimes, trials, and

resolutions. As a consequence, I sent information requests to the judicial systems of the

states with the three most populous cities in the country: Mexico City, Guadalajara, and

Monterrey.9 Only Mexico City and Monterrey had available data. The dataset contains to-

the-second data between January 2015 and December 2017 of initial hearings happening

8Cititizens can request public information under https://www.plataformadetransparencia.org.
mx/web/guest/inicio

9I concentrate only on these cities because of the complexity and uncertainty behind the information
request process. The type of information and data availability entirely depend on each state’s data
collection regulations and bureaucratic organization.

6

https://www.plataformadetransparencia.org.mx/web/guest/inicio
https://www.plataformadetransparencia.org.mx/web/guest/inicio


in courthouses across both cities. Specifically, it includes the geographical coordinates

of the courthouse hosting the hearing, individual judge identifiers, time identifiers for the

beginning and the end of the hearing, crime typologies, type of trials (only for Monter-

rey), and final resolutions. Unfortunately, Mexico City only provided data on voluntary

presence trials, and thus the data set is smaller and of lower quality than for Monterrey.10

Because of regional heterogeneity in the classification of crimes, I standardize

them under the legal umbrella of the Mexican classification of offenses, according to the

Mexican National Institute of Geography and Statistics (INEGI, 2014). There are a total

of 30 different categories integrating 488 distinct felonies. Additionally, I classify resolu-

tions and hearing types. Resolutions have eight different categories: warrants, authorized

processes, non-Authorized Processes, illegal Detentions, conditional exits, rescheduled

hearings, and unavailable sentences — Hearings have four: unattended hearings, in fla-

grante processes, voluntary presence trails, and preventive jail.

Concerning the causal variable, the National Institute of Climate Change (IN-

ECC) and the National Water Commission (CONAGUA) use city-wide monitoring sta-

tions to provide hourly data on weather and pollution measures. The studied pollutant is

NOx and its composites NO and NO2. NOx is shorthand for all chemical particles con-

taining one nitrogen atom and one or more oxygen atoms. In the analysis of air pollution,

it denotes the total concentration of nitric oxide (NO) and nitrous dioxide (NO2) in the

atmosphere. NOx contributes to the formation of smog and develops from the combustion

of hydrocarbons at high temperatures, i.e., in internal combustion engines and fossil fuel

power stations. In regions with considerable traffic problems, NOx can play a leading

role as a source of atmospheric air pollution. Furthermore, INECC also provides readings

in micrograms per cubic meter (µm3) for coarse and fine particle matter, in particles per

billion for sulfur dioxide and ozone, and in particles per million for carbon monoxide.

Weather covariates are temperature, relative humidity, wind direction, wind speed, and

atmospheric pressure. There are 36 different monitoring stations in Mexico City and its

metropolitan area and 10 in the metropolitan area of the city of Monterrey. Figure 1 (a)

shows the monthly concentration of NOx, NO, and NO2 during the study period and fig-

10There are three additional types of trials: unattended, in flagrante, and preventive. Furthermore, Mexico
City provided administrative datasets while Monterrey has publicly accessible data at https://www.
pjenl.gob.mx/AudienciasOrales/.
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ure 1 (b) plots their intraday behavior. All particles present higher concentrations at cold

winter temperatures and peak traffic hours of the mornings and evenings.

(a) Monthly variation (b) Hourly variation
Figure 1: Temporal behavior of NOx, NO, and NO2

Notes: These figures use averaged data from monitoring stations to show the temporal variation in exposure values across the sample

I assign pollution levels to individual courthouses through inverse distance weight-

ing (IDW). IDW is a spatial interpolation tool that approximates the value of a point in

the spatial-set by weighting the values of comparable neighbors (Shepard, 1968). Several

studies addressing pollution employ IDW to interpolate the value of specific reference

points, or to determine the pollution values of whole areas (De Mesnard, 2013).11

Table 1 shows basic descriptive statistics for all three contaminants and two dif-

ferent subsamples. The upper section shows descriptives for all monitoring stations, while

the lower shows the descriptive statistics of imputed courthouse values. The table exhibits

that on average, courthouses experience lower levels of NOx pollution than monitoring

stations.

Finally, city-wide macroeconomic data comes from the Mexican Institute for

Competitiveness (IMCO). Macroeconomic data is important as it may influence hear-

ings’ length and correlate with local pollution; i.e., gross domestic product as a proxy for

economic activity commonly associates with the emission of local contaminants and it is

also a determinant of poverty and crime through its income-employment effect. A caveat

11The following equation is the mathematical representation of such interpolation. The power factor p
modifies the heaviness of the weighing load for each monitoring station. The higher p, the larger the
weight of closer stations. This paper uses a weight of two as recommended by De Mesnard (2013) for
air pollution.

V (pol jt) =

{
∑

N
i ω(disti)∗polit
∑

N
i ω(disti j )

polit → disti j = 0

}
=⇒ ω(disti j) =

1
distance(xi,x j)p

V (pol jt) is the weighted value of pollution at point j and time t, polit refers to the value of pollution in
station i at time t, and disti j is the distance between each courthouse and each station.
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Table 1: Summary Statistics of the Data Set

Pollutant Mean Standard Deviation Maxima Minima
Sample: All monitoring stations

Nitrogen Oxides 39.690 37.915 755 0
Nitric Oxide 16.417 29.618 688 0

Nitrous Dioxide 23.277 14.122 150 0
Sample: Weighted values at courthouses

Nitrogen Oxides 5.048 6.658 193.75 0.116
Nitrous Dioxide 2.425 2.618 38.00 0.080

Nitric Oxide 2.426 4.604 755 0.023
Table notes: All values are in particles per billion. This table shows the descriptive statistics of two different samples. The upper
section shows the descriptive statistics across all monitoring stations in both cities. The lower section does it for the imputed values at
each courthouse. Courthouse values were imputed with Inverse Distance Weighting

of the macroeconomic data is that it is only available for 2014. To impute the values

for 2015, 2016, and 2017, I use state and national growth rates.12 The macroeconomic

controls are GDP, poverty rates, unemployment, and the number of inhabitants.

4 Research Design

4.1 Identification

The regression design identifies the effect of nitrogen oxides on the length of judicial hear-

ings by using the spatial and temporal variation of exposure values across all courthouses

and throughout the whole sample period. Judge and courthouse fixed effects account for

all unobservable time-invariant covariates that can correlate with both exposure to nitro-

gen oxides and hearings’ length. Time fixed-effects control for all unobserved consistent

time-varying unobservables by specifying year, month, weekday, and hour fixed effects.

Besides the use of panel techniques, the design also accounts for a broad set of controls as

hearing characteristics, workloads, weather, and macroeconomic variables. Furthermore,

since exposure to nitrogen oxides is not randomly assigned, it is impossible to rule out
12For gross domestic product, there is state data for 2015 and 2016, but only national data for 2017. The

imputation mechanism uses the state growth rates for 2015 and 2016 to calculate the missing values
for these years. Concerning 2017, the percentage rate of each state’s GDP as a function of national
GDP in 2016 is used to extract the state GDP for 2017, and with this figure determining the growth
rate between 2016 and 2017. For the population, the design assumes a linear growth rate, where the
value for 2015 comes from the growth rate in 2014 multiplied by the value for 2014. The same process
applies for 2016 and 2017. For poverty rates, the national council for the evaluation of policies and
public development only determines state poverty rates in two-year averages. The imputation design
uses the average growth rate between the years 2010, 2012, 2014, and 2016 to impute 2015-2017 city
poverty rates.
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the existence of uncontrolled time-varying correlated unobservables. To deal with this

caveat, I complement the econometric strategy with an instrumental variable approach

that relies on wind direction, wind speed, and atmospheric pressure as exogenous shocks

to the concentration of nitrogen oxides. The IV design relies on the assumption that the

instruments only affect the productivity of hearing participants through their effect on the

concentration of nitrogen oxides.

Identification requires exogeneity of the causal variable when controlling for po-

tential confounders. Exogeneity originates from the amount of control data, the use of

panel techniques, the time granularity of the causal and dependent variables, the speci-

ficity of the effect, and the implementation of the IV design. Another requirement is that

the type of hearing must be random and uncorrelated to pollution levels. The Mexican

judiciary uses workloads and specialization to distribute cases among courthouses. In

principle, there should not be specific crimes assigned at specific hours.13 An additional

worry is that the state judiciary can require judges to rule in other locations besides their

base courthouse. I control for this heterogeneity by using both, courthouse and judge fixed

effects. Finally, endogenous sorting of exposure, where more sensitive persons work in

less exposed courthouses is unlikely because hearing participants do not choose the court-

house of the trial: the state’s judiciary centrally assigns them.

To ensure identification, I only include procedures with lengths of less than four

hours, there are several reasons for this: First, proceedings that continue for more than

four hours are considered outliers or unconventional trials. Second, the degree of expo-

sure to pollution throughout the hearing is more difficult to identify. Third, when trials

last for more than four hours, the likelihood of breaks increases, causing noise in the iden-

tification of in-work productivity as it is impossible to disentangle real shocks to in-work

productivity from longer breaks. Dropping these lengthy procedures reduces the sample

size by 2.2%. Finally, I account for the within-cluster correlation of standard errors by

using cluster-robust variance estimators at the judge level.

13Although some crimes may be more likely at the night time, this does not affect the econometric specifi-
cation because of the use of hour fixed effects.
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4.2 Empirical Model

The design uses panel techniques and a broad set of controls to infer the causal relation-

ship between exposure to nitrogen oxides and the length of judicial hearings. Equation 1

shows the primary econometric model for the ordinary least squares regression (OLS).

Yi = Piβ1 +Hiγ +Ciφ +Wiλ +ωh +ωd +ωm +ωy +µc +µi + εi (1)

In it, Yi is a (t × 1) vector of individual hearing lengths. Pi is a (t × 1) vector of exposure

to either NOx or its components NO and NO2 at the hour in which the hearing begins. Hi

is a (t × k) matrix with t periods and k hearing-related variables. Ci is a (t × m) matrix of

m macroeconomic variables at the city level. Wi is an (t × w) matrix of w weather vari-

ables and when necessary, additional pollutants that allow the design to test for spurious

correlation with the use of multipollutant models. ωh are hour fixed effects, ωd day of

the week fixed effects, ωm month fixed effects, ωy year fixed effects, µc courthouse fixed

effects, and µi judge fixed effects. Finally, εi is a vector of idiosyncratic error terms. The

pollution coefficient β1 indicates the effect of nitrogen oxides on the length of judicial

hearings.

I control for possible uncontrolled time-varying unobservables by implementing

an instrumental variable regression design with wind direction, wind speed, and atmo-

spheric pressure as instruments. Equation 2 shows the first stage regression of nitrogen

oxides p̂i on all the covariates of the OLS specification plus a (t × k) matrix of k instru-

mental variables (IVi). Equation 3 exhibits the second stage regression using the fitted

values p̂i from equation 2 as the causal variable.

P̂i = IViρ +Hiγ +Ciφ +Wiλ +ωh +ωd +ωm +ωy +µc +µi + ε̂i (2)

Yi = P̂iβ2 +Hiγ +Ciφ +Wiλ +ωh +ωd +ωm +ωy +µc +µi + εi (3)
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5 Main Results

5.1 Ordinary Least Squares

Table 2 shows the results of five different specifications for the ordinary least squares re-

gression. The specifications build up from a single pollutant model that only controls for

NOx to a full multipollutant model controlling for workloads, hearing covariates, macroe-

conomic variables, and weather controls. All regressions contain judge and courthouse

individual fixed effects plus year, month, weekday, and hour temporal fixed effects. The

coefficient for nitrogen oxides shows the causal effect of exposure on the proxy for pro-

ductivity: the time it takes for judicial workers to reach a hearing resolution.

The impact of exposure is positive, significant, economically relevant, and con-

sistent across specifications. In the richest single-pollutant model, a unit increase in its

concentration raises the length of trials by 0.233 units at the one percent significance

level. In broader terms, growing the concentration of NOx by one raises the mean length

of judicial hearings (42.12 minutes) by 12 seconds or half a percentage point. Concerning

standard deviations, one standard deviation increase14 rises the length by 1.55 minutes or

3.68%. When the model includes all other pollutants (PM10, SO2, CO, O3), the coefficient

remains significant at the one percent level and grows in size to 0.280. This multipollutant

outcome shows no significant point estimate among all other contaminants and indicates

no clear spurious correlation between NOx and the other particles.

Regarding additional covariates, authorized resolutions and warrants exhibit a

significant and positive effect on resolution times when compared with rescheduled pro-

cedings. Unattended hearings show lower resolution times than in flagrante hearings, and

sexual or life-threatening crimes increase the length of judicial hearings when compared

to property offenses. All these coefficients follow pure intuition and reinforce the results

of the NOx point estimate.

Table 3 show the same results for NO2 and NO. Both NO and NO2 appear sig-

nificant for the tightest specification of the single pollutant model (4). The model exhibits

a coefficient of 0.256 for NO and 0.355 for NO2. An increase of one standard deviation

in the mean-average concentration of NO increases trial’s length by 1.06 minutes or by

14One standard deviation is equivalent to the difference between six and eight in the morning.
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Table 2: Regressions results for nitrogen oxides

Dependent variable: Hearings’ length

(1) (2) (3) (4) (5)

Nitrogen Oxides (NOx) 0.048 0.251∗∗ 0.233∗∗ 0.233∗∗ 0.280∗∗
(0.081) (0.084) (0.073) (0.073) (0.104)

Hearings per Day −0.160∗ −0.115 −0.101 −0.101 −0.076
(0.071) (0.071) (0.071) (0.071) (0.072)

Hearings per Hour 1.151∗∗∗ 1.228∗∗∗ 1.445∗∗∗ 1.445∗∗∗ 1.634∗∗∗
(0.148) (0.181) (0.200) (0.200) (0.183)

Authorized Resolution 19.691∗∗∗ 19.687∗∗∗ 19.687∗∗∗ 18.968∗∗∗
(2.351) (2.347) (2.347) (2.517)

Warrant Resolution 9.145∗∗∗ 8.982∗∗∗ 8.982∗∗∗ 9.739∗∗∗
(2.263) (2.259) (2.259) (2.469)

Unattended Hearing −23.042∗∗∗ −23.040∗∗∗ −23.040∗∗∗ −22.944∗∗∗
(1.997) (1.996) (1.996) (2.064)

Life Crime 10.955∗∗∗ 10.984∗∗∗ 10.984∗∗∗ 11.431∗∗∗
(2.379) (2.386) (2.386) (2.330)

Sexual Crime 9.210∗∗∗ 9.221∗∗∗ 9.221∗∗∗ 9.286∗∗∗
(1.660) (1.656) (1.656) (1.741)

Relative Humidity 0.096 0.096 0.147
(0.066) (0.066) (0.092)

Temperature 0.311+ 0.311+ −0.007
(0.168) (0.168) (0.380)

GDP −0.068∗ −0.066+
(0.035) (0.035)

Particle Matter (PM10) −0.005
(0.053)

Sulfur Dioxide (SO2) −0.013
(0.500)

Carbon Monoxide (CO) 4.808
(6.861)

Ozone (O3) 0.196
(0.162)

R-squared 0.078 0.244 0.244 0.244 0.248
No. Obs. 11290 11290 11289 11289 10961

Table notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1. OLS regressions of the length of each judicial hearing on exposure to
nitrogen oxides at the hour of the hearing. All regressions contain courthouse, judge, year, month, weekday, and hour fixed effects.
Specification (1) contains nitrogen oxides and fixed effects. The other specifications add further controls while always keeping the
covariates from the previous specification: (2) adds hearing specific covariates as the type of crime, the final resolution, and the hearing
class; (3) adds weather covariates like temperature, and relative humidity; (4) adds macroeconomic covariates at the city level; (5)
adds additional measured pollutants. The reference crime is property crimes, reference hearing unattended hearing, and reference
resolution Rescheduled cases — robust standard errors clustered at the judge level in parentheses.

2.52%. In the multipollutant model, the coefficient grows in both significance and size.

For NO2, one standard deviation increase rises the length of hearings by 0.83 minutes or

2.0%. However, for NO2, the significance disappears on the multipollutant model. When

testing which pollutant is responsible, it appears that CO reduces the significance level of

NO2 due to multicollinearity.15

15There is multicollinearity because the same sources emit both contaminants.
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Table 3: Regressions results for all nitrogen oxides components in the IV design

Dependent variable: Hearings’ length

(1) (2) (3) (4) (5)

Nitrogen Oxides (NOx) 0.020 0.196∗ 0.203∗∗ 0.203∗∗ 0.275∗∗
(0.074) (0.077) (0.077) (0.077) (0.106)

Nitric Oxide (NO) 0.041 0.252∗∗ 0.256∗∗ 0.256∗∗ 0.348∗∗∗
(0.096) (0.088) (0.085) (0.085) (0.080)

Nitrous Dioxides (NO2) 0.027 0.341∗ 0.355∗ 0.355∗ 0.281
(0.186) (0.150) (0.148) (0.148) (0.286)

No. Obs. 11290 11290 11289 11289 10961
Table notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1. OLS regressions of the length of each judicial hearing on exposure
to nitrogen oxides, nitric oxide, and nitrous dioxide at the hour of the hearing. All regressions contain judge, courthouse, year,
month, weekday, and hour fixed effects. Specification (1) contains the contaminant and fixed effects. The other specifications add
further controls while always keeping the covariates from the previous specification: (2) adds hearing specific covariates as the type
of crime, the final resolution, and the type of hearing; (3) adds weather covariates like temperature and relative humidity; (4) adds
macroeconomic covariates at the city level; (5) adds additional measured pollutants. Robust standard errors clustered at the judge in
parentheses.

5.2 Instrumental Variables

The temporal granularity and spatial heterogeneity of the fixed effects OLS regression

should provide credible estimates of the short-term negative relation between hearings’

length and nitrogen oxides. However, I instrument the level of nitrogen oxides to cor-

rect for potential complications as measurement error, endogeneity, and omitted variable

bias from uncontrolled covariates like traffic. I propose wind direction, wind speed, and

atmospheric pressure as relevant instruments under the assumption that these covariates

only affect the length of each hearing through their influence on the concentration of

NOx. Wind direction increases exposure when the wind flows from emission sources to

the courthouse, wind speed because high speeds disperse contaminants and atmospheric

pressure because, during low-pressure systems, the weather tends to washout contami-

nants from the atmosphere.

A good instrument needs to be a significant covariate of the causal variable. In

this case, wind direction, wind speed, and atmospheric pressure need to be relevant deter-

minants of NOx. The Wald test examines the relevance of the instrument by comparing

two models: the first stage equation where nitrogen oxides regress on relevant covariates

plus all three instruments (Eq. 2), and the same equation without the set of instrumental

controls. Table 4 show the results of the Wald test for NOx, NO, and NO2. For all three

particles, the Wald test rejects the null hypothesis of instruments irrelevance.
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Table 4: Wald test for instrument validity

Instruments: Wdr, Wsp, and PBa

Pollutant P-value χ2 statistic Diff. DF

Nitrogen Oxides (NOx) 2.2e−16∗∗∗ 90.574 -3
Nitric Oxide (NO) 8.1e−13∗∗∗ 59.340 -3
Nitrous Dioxide (NO2) 2.2e−16∗∗∗ 1138.9 -3

Table notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1. Wdr: wind direction; Wsp: wind speed; and PBa: atmospheric pressure.
Wald tests to analyze the validity of wind direction, wind speed, and atmospheric pressure as instruments. If significant, the Wald
test rejects the null hypothesis of instrument irrelevance. The test compares two models Eq. 2 and the same equation (2) without the
instruments’ matrix

Once there is certainty about the validity of the instruments, they can be used

to test for the endogeneity of the causal variable: cor(pi,εi) 6= 0. The preferred test to

check for endogeneity is the Hausman test. The test examines endogeneity by using the

residuals from the first stage regression (Eq. 2) as an additional covariate to the base

design. If the residuals from this equation (ε̂i) are significant, the test confirms the null

hypothesis of an endogenous relation between the causal variable and the model. Table 5

shows the outcomes of the Hausman test. For all three particles, the test confirms the null

at the one and five percent levels of significance signaling endogeneity problems.

Table 5: Haussmann Wu test for endogeneity

Instruments: Wdr, Wsp, and PBa

Pollutant P-value χ2 statistic Diff. DF

Nitrogen Oxides (NOx) 0.01418∗ 5.9659 -3
Nitric Oxide (NO) 0.0023∗∗ 9.2341 -3
Nitrous Dioxide (NO2) 0.03468∗ 4.46095 -3

Table notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1. Wdr: wind direction; Wsp: wind speed; and PBa: atmospheric pressure.
Haussman tests to analyze the exogeneity of the causal variable. If significant, the Wald test rejects the null hypothesis of exogeneity.

Table 6 show the coefficients of the instrumental variable regressions with wind

speed, wind direction, and atmospheric pressure as instruments. All point estimates re-

main significant and increase in size with respect to the OLS design. The fullest single

pollutant model (4) exhibits a point estimate of 0.274 significant at the one percent level

while the multipollutant model (5) grows the size of the estimate to .291 while remaining

significant at the five percent level. For the fullest single pollutant model, increasing the

concentration of nitrogen oxides by one standard deviation raises the length of judicial

hearings by 1.90 minutes or 5.89%. Concerning the multipollutant model, the effect is of

2.02 minutes or 6.07%.
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Table 6: IV results for nitrogen oxides

Dependent variable: Hearings’ length

(1) (2) (3) (4) (5)

Nitrogen Oxides (NOx) 0.122 0.336∗∗ 0.274∗∗ 0.274∗∗ 0.291∗
(0.151) (0.108) (0.105) (0.105) (0.116)

Hearings per Day −0.085 −0.143+ −0.116 −0.116 −0.113
(0.077) (0.075) (0.075) (0.075) (0.075)

Hearings per Hour 1.229∗∗∗ 1.373∗∗∗ 1.748∗∗∗ 1.748∗∗∗ 1.786∗∗∗
(0.148) (0.194) (0.174) (0.174) (0.178)

Authorized Resolution 18.719∗∗∗ 18.731∗∗∗ 18.731∗∗∗ 18.717∗∗∗
(2.618) (2.616) (2.616) (2.620)

Warrant Resolution 8.247∗ 8.134∗ 8.134∗ 8.116∗
(3.226) (3.196) (3.196) (3.219)

Unattended Hearing −23.367∗∗∗ −23.332∗∗∗ −23.332∗∗∗ −23.330∗∗∗
(2.231) (2.227) (2.227) (2.235)

Life Crime 8.801∗∗∗ 8.899∗∗∗ 8.899∗∗∗ 8.909∗∗∗
(2.651) (2.670) (2.670) (2.674)

Sexual Crime 10.385∗∗∗ 10.429∗∗∗ 10.429∗∗∗ 10.462∗∗∗
(2.003) (2.008) (2.008) (2.011)

Relative Humidity 0.204∗∗ 0.204∗∗ 0.225∗∗
(0.073) (0.073) (0.086)

Temperature 0.506+ 0.506+ 0.150
(0.283) (0.283) (0.384)

GDP −0.135∗∗∗ −0.134∗∗∗
(0.027) (0.031)

Particle Matter (PM10) −0.013
(0.061)

Sulfur Dioxide (SO2) 0.008
(0.801)

Carbon Monoxide (CO) 0.996
(7.191)

Ozone (O3) 0.174
(0.175)

R-squared 0.109 0.280 0.281 0.281 0.281
No. Obs. 9328 9328 9328 9328 9328

Table notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1. IV regressions of the length of each judicial hearing on exposure to
nitrogen oxides at the hour of the hearing. The instruments used for this specification are wind speed, wind direction, and atmospheric
pressure. All regressions contain judge, courthouse, year, month, weekday, and hour fixed effects. Specification (1) contains nitrogen
oxides and fixed effects. The other specifications add further controls while always keeping the covariates from the previous specifi-
cation: (2) adds hearing specific covariates as the type of crime, the final resolution, and the hearing class; (3) adds weather covariates
like temperature and relative humidity; (4) adds macroeconomic covariates at the city level; (5) adds additional measured pollutants.
The reference crime is property crimes, reference hearing unattended hearing, and reference resolution Rescheduled cases — robust
standard errors clustered at the judge in parentheses.

Analogous to section 5.1, table 7 shows the results of NOx and its two composite

particles NO and NO2. For NO, the point estimate grows in both size and significance. In

the single pollutant model (4), increasing its concentration by one standard deviation rises

hearings’ length by 6.02%. For NO2 the point estimates remain quite similar although

overall insignificant.

The results from the IV design point in the same direction than the outcomes

of the ordinary least squares regressions: increasing the concentration of NOx rises the

length of judicial hearings. The consistency of outcomes between specifications increases
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Table 7: IV results for all nitrogen oxides components

Dependent variable: Hearings’ length

(1) (2) (3) (4) (5)

Nitrogen Oxides (NOx) 0.122 0.336∗∗ 0.274∗∗ 0.274∗∗ 0.291∗
(0.151) (0.108) (0.105) (0.105) (0.116)

Nitric Oxide (NO) 0.184 0.391∗∗∗ 0.339∗∗∗ 0.339∗∗∗ 0.352∗∗∗
(0.133) (0.094) (0.085) (0.085) (0.090)

Nitrous Dioxide (NO2) 0.133 0.583+ 0.323 0.323 0.263
(0.403) (0.328) (0.275) (0.275) (0.327)

No. Obs. 11290 11290 11289 11289 10961
Table notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1. IV regressions of the length of each judicial hearing on exposure to NOx,
NO, and NO2 at the hour of the hearing. The instruments are wind direction, wind speed, and atmospheric pressure. All regressions
contain courthouse, judge, year, month, weekday, and hour fixed effects. Specification (1) contains the contaminant and fixed effects.
The other specifications add further controls while always keeping the covariates from the previous specification: (2) adds hearing
specific covariates as the type of crime, the final resolution, and the type of hearing; (3) adds weather covariates like temperature
and relative humidity; (4) adds macroeconomic covariates at the city level; Finally, (5) adds additional measured pollutants — robust
standard errors clustered at the judge in parentheses.

the reliability of the econometric design and points toward an acute short-term impact of

NOx on hearings’ length. If anything, in the IV design the coefficients slightly grow in

size and lose significance for NO2.

The size of the effect — 3.68% for OLS and 5.8% for IV — appears in line

with current literature on the effect of other criteria pollutants on physical and cognitive

productivity. Graff Zivin and Neidell (2012) find that a 10 ppb increment in exposure to

ozone decreases agricultural output by 5.5%, while Chang et al. (2016) find that the same

change in PM2.5 decreases the output of pear packers by 6%. For cognitive productivity,

Chang et al. (2019) find that a ten units increase in a self-constructed pollution index

decreases the number of completed calls in Chinese call centers by 0.35%. Meyer and

Pagel (2017) find that one standard deviation increase in PM10 decreases the probability

of stock traders logging into their working platform by 8.5% and that even when logged

in, the likelihood of trading is reduced by 1%. However, it is still hard to make blunt

comparisons given that this is, to the best of my knowledge, the first study examining the

effects of nitrogen oxides on productivity, the first to analyze the relationship between

pollution and productivity by using hourly data, and the first to study in-work cognitive

productivity for a task without breaks.

Given the importance of cognitive activities in modern societies, it seems crucial

to account for the adverse effects of contaminants on the productivity of high-skill profes-

17



sions. The point estimates of this article are particular to one task and a specific type of

mental process. However, even though point estimates may vary for other professions due

to the use of different cognitive skills, there is no reason why other individuals should not

experience the negative shock to in-work cognitive productivity experienced by Mexican

judicial workers when exposed to nitrogen oxides.

6 Robustness Tests

I conducted several robustness and placebo exercises to support the causal inference of

the econometric design. First, I analyze the effect of all other measured contaminants on

the length of initial hearings. This exercise allows me to investigate if there is additional

evidence on the relationship between pollution and cognitive productivity for other parti-

cles besides NOx. Table 8 presents the results of changing the causal variable of all five

specifications in the OLS regression design. In principle, no point estimate shows signifi-

cance in the preferred single pollutant (4) and multipollutant specifications (5). The only

contaminant close to significance is ozone. The results from this exercise do not carry

any causal disassociation between these particles and productivity; they only show that

for my specific sample and short time-window, I find no evidence of a connection between

hearings’ length and the other contaminants. The result also reduces worries concerning

multicollinearity between NOx and other pollutants.

Next, I perform a robustness scenario where I separate crimes between violent

and non-violent crimes. Violent crimes are sexual crimes, manslaughter, murder, assault,

and kidnapping. Non-violent crimes are all others, including fraud, corruption, and fam-

ily crimes. If pollution increases the probability of violent crimes as proposed by Bondy,

Roth, and Sager (2018), and if violent crimes have longer hearing times, the regression

results may be contaminated. Table 9 exhibits the coefficient of nitrogen oxides for each

type of crime in the OLS design. Regression results show positive coefficients for both

types of criminal activity, however, only non-violent crimes remain significant. I attribute

the lack of significance of violent crimes to two reasons: first, the number of observations

is smaller, and second, violent crimes are solved faster and likely require less negotia-

tion inside the courtroom. Additionally, I analyze if the results are driven by one of the
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Table 8: OLS results using other particles as causal variables

Dependent variable: Hearings’ length

(1) (2) (3) (4) (5)

Ozone (O3) −0.077+ 0.110+ 0.110 0.110 0.196
(0.044) (0.058) (0.088) (0.088) (0.162)

Coarse Particle Matter (PM10) −0.029 0.031 0.026 0.026 −0.015
(0.025) (0.031) (0.032) (0.032) (0.054)

Fine Particle Matter (PM25) 0.025 0.060+ 0.027 0.027 0.013
(0.038) (0.036) (0.037) (0.037) (0.039)

Carbon Monoxide (CO) −3.333 13.963∗ 9.540 9.540 4.808
(4.526) (5.922) (6.122) (6.122) (6.861)

Sulfur Dioxide (SO2) −0.343∗∗∗ 0.006 −0.081 −0.081 −0.013
(0.099) (0.118) (0.083) (0.083) (0.500)

No. Obs. 11290 11290 11289 11289 10961
Table notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1. OLS regressions of the length of each judicial hearing on exposure
to ozone, coarse particle matter, fine particle matter, carbon monoxide, and sulfur dioxide at the hour of the hearing. All regressions
contain courthouse, judge, year, month, weekday, and hour fixed effects. Specification (1) contains the contaminant, proxies for
business at the courthouse, and the fixed effects. The other specifications add further controls while always keeping the covariates
from the previous specification: (2) adds hearing specific covariates as the type of crime, the final resolution, and the type of hearing;
(3) adds weather covariates like temperature and relative humidity; (4) adds macroeconomic covariates at the city level; Finally, (5)
adds additional measured pollutants — robust standard errors clustered at the judge level in parentheses.

cities. The point estimate and significance of Monterrey remain quite similar to the base

specification. For Mexico City, the coefficient grows in size and lacks significance, mostly

because of inferior data quality and a smaller sample. The table of coefficients is available

upon request.

Table 9: Regressions results for nitrogen oxides across different crime typologies

Dependent variable: Hearings’ length

Crime (1) (2) (3) (4) (5)

Nitrogen Oxides (NOx) Non Violent 0.249∗∗ 0.346∗∗∗ 0.316∗∗∗ 0.316∗∗∗ 0.300∗∗
(0.081) (0.088) (0.091) (0.091) (0.096)

Nitrogen Oxides (NOx) Violent 0.218 0.165 0.079 0.079 0.162
(0.157) (0.179) (0.183) (0.183) (0.201)

Violent crime:

No. Obs. - 2841 2841 2841 2841 2841

Non Violent crime:

No. Obs. - 7670 7670 7670 7670 7670
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1

Table notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1. OLS regressions of the length of each judicial hearing on exposure
to nitrogen oxides at the hour of the hearing.All regressions contain courthouse, judge, year, month, weekday, and hour fixed effects.
Specification (1) contains the contaminant, proxies for business at the courthouse, and the fixed effects. The other specifications add
further controls while always keeping the covariates from the previous specification: (2) adds hearing specific covariates as the type
of crime, the final resolution, and the type of hearing; (3) adds weather covariates like temperature and relative humidity; (4) adds
macroeconomic covariates at the city level; Finally, (5) adds additional measured pollutants — robust standard errors clustered at the
judge level in parentheses.
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I present three different placebo tests to test if my results come from a deficiency

in the empirical methodology. First, I perform temporal randomizations of the causal

variable for four different time-windows: yearly, monthly, weekly, and for the whole

study period. Specifically, I randomize the values of exposure to all contaminants across

each time window, i.e., in the weekly time window, I interchange the value of exposure

between hearings happening in the same week and at the same courthouse. Table 11

present the results of this exercise for the five specifications and NOx. Except for some

significance in the first specification for the monthly time-window, all coefficients appear

insignificant and with mixed signs in the preferred multipollutant (5) and single pollutant

(4) models. Next, I analyze the effect of lags at three different time-windows: Twelve

hours, one day, and one week before the hearing. In principle, the variation of pollution

twelve hours, one day, and one week before the hearing should not affect its length. Table

10 exhibits the outcomes of this exercise. There is no significance for the twelve hours and

weekly time windows. However, for the daily measure, there is borderline significance

because of the strong intraday seasonality of NOx. Finally, I do spatial randomizations by

exchanging the pollution values of the stations located in the city of Monterrey with the

pollution measures of stations in Mexico City. Productivity in Monterrey should not be

affected by hourly variations in Mexico City. table 12 shows the results from this exercise.

The placebo test shows insignificance for all specifications.

Table 10: OLS results for temporal randomizations

Dependent variable: Hearings’ length

Time
Window (1) (2) (3) (4) (5)

Nitrogen Oxides Study −0.033 0.103+ 0.100+ 0.100+ 0.113
(0.052) (0.059) (0.060) (0.060) (0.071)

Nitrogen Oxides Yearly −0.060 0.069 0.071 0.071 0.026
(0.052) (0.060) (0.060) (0.060) (0.071)

Nitrogen Oxides Monthly −0.161∗∗ −0.077 −0.079 −0.079 −0.041
(0.053) (0.061) (0.061) (0.061) (0.072)

Nitrogen Oxides Weekly −0.085 0.039 0.040 0.040 0.076
(0.053) (0.061) (0.061) (0.061) (0.073)

Table notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1. OLS regressions of the length of each judicial hearing on exposure to
nitrogen oxides dioxide at the hour of the hearing. All regressions contain judge, courthouse, year, month, weekday, and hour fixed
effects. Specification (1) contains nitrogen oxides and fixed effects. The other specifications add further controls while always keeping
the covariates from the previous specification: (2) adds hearing specific covariates as the type of crime, the final resolution, and the
type of hearing; (3) adds weather covariates like temperature and relative humidity; (4) adds macroeconomic covariates at the city
level; (5) adds additional measured pollutants. Robust standard errors clustered at the judge in parentheses.
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Table 11: OLS results for lags

Dependent variable: Hearings’ length

Lag
Window (1) (2) (3) (4) (5)

Nitrogen Oxides Twelve Hours −0.068 0.073 0.067 0.067 0.085
(0.063) (0.048) (0.046) (0.046) (0.139)

Nitrogen Oxides Daily −0.038 0.100∗ 0.078+ 0.078+ 0.116+
(0.058) (0.050) (0.044) (0.044) (0.071)

Nitrogen Oxides Weekly −0.047 0.093∗ 0.064 0.064 −0.025
(0.064) (0.045) (0.041) (0.041) (0.069)

Table notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1. OLS regressions of the length of each judicial hearing on exposure
to nitrogen oxides at the hour of the hearing. All regressions contain individual, year, month, weekday, and hour fixed effects.
Specification (1) contains nitrogen oxides and fixed effects. The other specifications add further controls while always keeping the
covariates from the previous specification: (2) adds hearing specific covariates as the type of crime, the final resolution, and the type
of hearing; (3) adds weather covariates like temperature and relative humidity; (4) adds macroeconomic covariates at the city level;
(5) adds additional measured pollutants. Robust standard errors clustered at the judge in parentheses.

Table 12: OLS results for the spatial randomization

Dependent variable: Hearings’ length

(1) (2) (3) (4) (5)

Nitrogen Oxides −0.032 −0.004 −0.014 −0.014 0.003
(0.029) (0.033) (0.053) (0.053) (0.098)

No. Obs. 11290 11290 11289 11289 10961
Table notes: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1. OLS regressions of the length of each judicial hearing on exposure
to nitrogen oxides. All regressions contain individual, year, month, weekday, and hour fixed effects. Specification (1) contains
nitrogen oxides and fixed effects. The other specifications add further controls while always keeping the covariates from the previous
specification: (2) adds hearing specific covariates as the type of crime, the final resolution, and the type of hearing; (3) adds weather
covariates like temperature and relative humidity; (4) adds macroeconomic covariates at the city level; Finally, (5) adds additional
measured pollutants. Robust standard errors clustered at the judge in parentheses.

In a final exercise, I examine the relationship between hearings’ length and NOx

not only at the hour of the hearing but also between one and twelve hours before it. Figure

2 shows the results of this regression on the preferred single pollutant model. It is evident

from the image that significance only concentrates on the level of exposure at the time of

the hearing.

7 Conclusion

I propose that nitrogen oxides affect the productivity of lawyers, judges, and prosecutors

participating in Mexican judicial hearings. I approximate the productivity value with

the time it takes participating workers to resolve each trial. The empirical methodology
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Figure 2: Point estimates for different lag values

Notes: This figure shows the point estimates of the prefered single pollutant regression on NOx at the time of the hearing and twelve
lag hours before the hearing. Standard errors × 2 in dotted lines.

uses pollution and weather data from city-wide monitoring stations alongside court data

on the specific characteristics of each trial to infer causality. The null hypothesis states

that exposure to NOx increases the length of judicial hearings through its effect on the

cognitive productivity of hearing participants.

Existing research on the relationship between pollution and productivity concen-

trates on labor absences, or when concentrating on productivity at work, it focuses on

physical labor, job quality, or fail to account for breaks. This article differentiates from

previous literature in several regards. First, it analyzes the relationship between produc-

tivity and a previously disregarded pollutant: nitrogen oxides. Second, it is the first study

explaining the causal link between pollution and productivity by using hourly variations

to identify the short term effect of exposure. Third, it concentrates on a new profession:

judicial hearings. Fourth it measures the impact on an activity that is free from discre-

tionary breaks.

I infer causality by using panel techniques that exploit the high temporal granu-

larity of the data and the widespread spatial distribution of courthouses across both cities.

Time and individual fixed effects allow me to control for time consistent unobservables

that could contaminate the results of the regression design. Additionally, the empirical

methodology control for a broad set of relevant covariates, including weather, trial char-

acteristics, macroeconomic variables, and workloads. I address the issue of spurious cor-

relation between NOx and other particles by specifying multipollutant models that control

for all other measured criteria pollutants (PM10, SO2, CO, and O3). Additionally, I run

an instrumental variable design to reduce the probability of time-varying unobservables
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tainting the point estimates of the ordinary least squares regressions.

The main results from the study point to an increase in the mean length of judicial

hearings of 1.55 minutes or 3.68% after one standard deviation jump in the concentration

of NOx. Point estimates increase in size in the multipollutant and instrumental variable

specifications.

Robustness checks show that results appear to be driven by non-violent offenses

and the city of Monterrey. Furthermore, results are consistent with three different placebo

tests. One, randomizing exposure across time, another interchanging the pollution values

of Mexico City and Monterrey, and a final one analyzing the effect of lagged exposure

values on current hearing times.

The hypothesis that nitrogen oxides affect the in-work cognitive productivity of

judicial workers is of high policy relevance for two main reasons. First, the upcoming

revolution on labor automation should increase the labor share of cognitive activities,

making the impact of external shocks on cognitive productivity more relevant. Second,

policies designed to reduce the air concentration of nitrogen oxides are not as widespread

or continuously updated as those for other pollutants, for example, Mexico City has not

updated the pollution limit for NO2 since 1993.

From a policy and economic perspective, it is advisable to analyze exposure con-

sequences of NOx on cognitive productivity to incorporate them in the design and imple-

mentation of pollution standards and environmental policies. One caveat of the study is

that without in-lab controlled experiments, it is not possible to claim that the effect does

not come from unobservable particles emitted alongside nitrogen oxides. Future work

calls for the analysis of exposure on other professions and a better understanding of the

physiological reasons behind these results.
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