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1 Introduction

Air pollution in urban centers is a long-standing topic of public and scientific concern. After

the great London smog of 1952, economists and epidemiologists began studying the effects

of pollution on health and other realms of human affairs, including absenteeism, productivity,

and economic output. On the one hand, this new stream of literature has found compelling

evidence regarding the harmful effects of air pollution on the health of humans (Kampa and

Castanas, 2008) while, on the other, it also pinpoints towards the adverse consequences of ex-

posure on other reams of human affairs as job-related absenteeism (Hanna and Oliva, 2015),

school attendance (Gilliland et al, 2001), economic output (Graff Zivin and Neidell, 2012), and

productivity (Chang et al, 2019). This paper analyses how pollution can affect a previously

ignored and socially relevant task: the treatment length of respiratory emergency room cases.

Here, treatment length is defined as the time a patient spends in the emergency room and envi-

ronmental pollution as the exposure to airborne contaminants in the emergency room area. The

study is, to the best of my knowledge, the first to analyze the effect of pollution on treatment

lengths and differentiate from preceding articles linking pollution and emergency room cases

in that these articles concentrate on the effect of exposure on the number of E.R visits, disre-

garding its effect on the intensive margin of the emergency room: treatment length, i.e., Lee

et al (2002),

The importance of analyzing the effect of pollution on the time a patient spends in the E.R

comes from the effect of prolonged treatment on patients, emergency room employees, and

hospitals: for example, lengthier visits could impose opportunity and treatment costs on the

patient, stress and exhaustion on emergency room employees, and higher costs for the hospital.

Additionally, changes in the treatment time of pollution exacerbated conditions can shift the

allocation of resources in emergency rooms between pollution triggered and untriggered con-

ditions. On the policy side, information regarding how pollution affects the length of treatment

can assist policymakers in the design of cost-benefit analyses for the implementation of public

policies to reduce the concentration of pollution around hospitals or to better plan the allocation

of new health facilities across urban centers.

In principle, there are a large variety of mechanisms through which air pollution could ei-

ther increase or decrease the treatment length of respiratory emergency room visits, including

adverse shocks on the condition of patients, consequences to the productivity of emergency
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room employees, or changes to the workload of the emergency room. Regarding patients, pol-

lution can increase the acuteness of a broad set of respiratory conditions. Arguably, there is

no a-priori reason to expect the effect of pollution on patients to have either a positive or neg-

ative effect on treatment times. On the one hand, the doctor could discharge patients faster

when exposure leads to more transparent and easy to spot symptoms, while on the other, more

acute conditions may increase the recovery time the patient needs in the E.R. area. Concern-

ing the effect of pollution on E.R. employees, there is evidence that higher pollution levels

could reduce human productivity for cognitive tasks like the treatment of patients (Archsmith

et al, 2018; Meyer and Pagel, 2017). These individual productivity shocks can change the time

E.R. employees take to discharge a patient, shifting human resources between pollution and

non-pollution related conditions, and affecting the overall productivity of the emergency room.

Finally, acute levels of pollution increase the number of emergency room visits for several par-

ticles (Friedman et al, 2001; Lee et al, 2002; Morris, 2000). These increments in the number

of visits could impose stress on the emergency room, obliging employees to discharge patients

faster or reducing the productivity of employees through accumulated exhaustion. The hetero-

geneity of these mechanisms increases the importance of the analysis because of the intrinsic

difficulty of having an a-priori assessment on the sign of the effect.

To understand the connection between treatment lengths and pollution, the study concen-

trates on the effect of six different criteria pollutants and their associated pollution index on the

time it takes to discharge patients with respiratory conditions across all emergency rooms in

Mexico City. Criteria pollutants are all of those environmental contaminants emitted by human

activities and regulated by the state. In this study, the criteria pollutants are: particle matter

smaller than 10 and 2.5 micrograms (PM10 and PM2.5), ozone (O3), nitrous oxides (NOx), sul-

fur dioxide (SO2), and carbon monoxide (CO). The pollution index for Mexico City is the

metropolitan index of air quality (IMECA). It is the pollution reference value for Mexico City

and its metropolitan area. The use of the IMECA index permits an analysis of aggregated

pollution levels in the city irrespective of the contaminant causing them, while the segregated

analysis of each pollutant permits me to determine specific coefficients and infer which par-

ticles are responsible for the effect and, thus, should be further scrutinized when deploying

public policies for the mitigation of local pollution.

A patient enters the emergency room at the time that the doctor in charge fills in the ini-

tial questionnaire. At this time, the doctor writes the exact time of the visit and proceeds to
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evaluate the patient. After evaluation, the doctor classifies patients into qualified or unqualified

emergencies. Qualified emergencies are subdivided into two: immediate emergencies for pa-

tients who are in danger of death or organ malfunction and urgent emergencies for patients in

risk of decay. Immediate emergencies are redirected to the intensive care unit in the E.R. area

and must be served in the next ten minutes. Urgent emergencies are also sent to the intensive

care unit or for evaluation to the hospital and must be attended in the following thirty to sixty

minutes. On the other hand, unqualified emergencies impose no life or organ threatening risk

to the patient and can be sent to the hospital for evaluation, back home, or to the waiting area.

As it is impossible to disentangle waiting from treatment times on unqualified cases, this study

concentrates on qualified emergencies that are required to attend patients within a narrow time

window around the entrance to the emergency room. Additionally, if pollution increases the

number of patients in the E.R area, it is also likely to affect the waiting times of unqualified

emergencies first. Another relevant fact is that doctors in Mexican E.R. are obliged to attend

any person looking for assistance. This obligation takes away worries regarding breaks and

pauses that could contaminate the results of the regression design.1

The model finds significant, consistent, and economically relevant results on the preferred

specifications for CO, PM25, O3, and the composite index of pollution (IMECA). For IMECA,

the design shows that increasing this index by one standard deviation increases the length of

discharge times by 28.1%. For the other contaminants, the richest multipollutant model exhibits

significant estimates for CO, PM25,and O3. An increase of one standard deviation on these

pollutants increases discharge times by 22.3%, 17.7%, and 25.9 %, respectively. The richest

specification controls for the diagnosed disease, age, weather covariates, gender, the motive of

the E.R visit, the type of bed the patient used, exit destination, number of cases in the day of

admission, number of cases in the hour of admission, hour fixed effects, month fixed effects,

year fixed effects, individual fixed effects at the emergency room level, and other additional

pollutants in a multipollutant model controlling for spurious correlation among contaminants.

Furthermore, I run three additional specifications as robustness checks: first, I analyze the

effect that clustering the standard errors has on the coefficients. After this, I examine the point

estimates for two different samples: one without data restrictions and another controlling for

an abnormal peak in the number of visits at noon. All results remain robust and point to the

same conclusions than the base design.

1Doctors facing pollution may choose to work less and take longer pauses, thus increasing the overall length of
discharge times. Chang et al (2019) find evidence of this behavior among call center workers in China.
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Concerning the mechanisms through which pollution affects the discharge times of emer-

gency room visits, this article determines, through the use of specific workloads in the E.R.,

that there is a workload-channel through which pollution affects treatment times. The larger

the number of patients at the hour of the visit, the lengthier the visit becomes. Regarding the

other two channels (patient vs. E.R. employees). It is highly challenging to disentangle the

effects of patients and E.R. employees without the existence of employee or doctor identifiers.

Consequently, the results only show the aggregated effect of exposure and leave the disentan-

glement between patient and productivity shocks to future research. This study suggests that

improving air quality can reduce the treatment time of respiratory E.R. visits, thus decreasing

costs for patients, employees, and hospitals while allowing resources to concentrate on human

conditions that are not triggered by exacerbated pollution.

Research on the human consequences of exposure to criteria pollutants is extensive and

dates back to the mid-years of the twentieth century, with several initial studies finding evi-

dence on the adverse impacts of exposure to airborne contaminants on human health (Firket,

1931; Logan, 1956; Ciocco and Thompson, 1961).2 After these initial approximations to the

study of pollution-related health hindrances, a constant stream of articles from the economic,

epidemiologic, and medical sciences attempted to understand the connections between anthro-

pogenic emissions and health. This new literature stream has concluded that airborne pollutants

impose a risk to the health of individuals (Kampa and Castanas, 2008) through their impact on

the respiratory and circulatory systems (Amster et al, 2014), mortality (Fang et al, 2013), hos-

pitalization rates (Iskandar et al, 2012), and medicine intakes (Ostro et al, 2001). Furthermore,

in the 2010s, the scope of scientific research on the effects pollution has moved away from

health towards the indirect consequences of exposure on other aspects of human life, including

labor absences (Hanna and Oliva, 2015), economic output (Graff Zivin and Neidell, 2012), risk

attitudes (Heyes et al, 2016), cognitive abilities (Archsmith et al, 2018), stock returns (Meyer

and Pagel, 2017), crime rates (Bondy et al, 2018), and missed school days (O’connor et al,

2008). This new stream of literature aids policymakers and researchers by evaluating the ac-

tual costs of air pollution while accounting for the indirect health consequences of exposure on

other aspects of human affairs.3

This article contributes to this new stream of literature by analyzing the impact of pol-
2There are even signs of knowledge related to the damaging effects of human emissions dating back to Roman

times (Johnson, 2007).
3It is quite likely that current environmental standards understate the economic costs of air pollution given that

they only account for the direct health consequences of exposure.
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lution on a currently ignored variable: the treatment length of respiratory emergency room

admissions. The study is, to the best of my knowledge, one of the first economic studies with

a universal assessment of all measured contaminants: most studies, concentrate either on a

composite index, like the IMECA or on a specific pollutant. The main issue when focusing

only on a composite index is that the causal channel has no practical policy implications given

that it is impossible to pinpoint the responsible particle and, thus, create policies that reduce

its emissions; the problem when concentrating in only one contaminant is that if the model

does not consider other particles is almost sure to experience spurious correlation and biased

coefficients. Another contribution is the analysis of coefficients across different robust-cluster-

standard-error estimators. This exercise is especially relevant given on-going discussions re-

garding the correct way to account for the autocorrelation of standard errors across individuals

within clusters (Abadie et al, 2017), with most studies in the pollution literature ignoring the

clustering of standard errors or, when clustering, avoiding clear statements about the rationale

behind clustering at specific levels. The article presents results for both clustered and unclus-

tered point estimates.

The rest of the article is structured as follows: Section 2 describes the data-set and the in-

verse distance weighting technique to assign pollution values to each emergency room. Section

3 explains the research design, identification (3.1), and the functional form of the regression

(3.2). Section 4 provides the results of the preferred specification for the IMECA index (4.1),

the single pollutant (4.2), and multipollutant models (4.3). The robustness section (5) deals

with the adjustment of standard errors according to robust cluster variance estimators (5.1),

and runs the base design on two additional sub-samples (5.2). Finally, section 6 summarizes

and concludes.

2 Data

Data on qualified respiratory emergency room admissions in Mexico City comes from the Na-

tional Health Information System (DGIS). The data includes information on the exact time

(measured to the minute) of admission into the emergency room and the precise time of dis-

charge. It further contains additional covariates, like the diagnosed disease, the geographical

location of the hospital, age, and gender, among others.

As we are dealing with administrative data, it is necessary to clean the data set. I Exclude

cases happening in hospitals with no geographical information available, neither in the data set
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nor via Google, as well as hospitals with fewer than 100 emergency room admissions per year

(less than one percent of the data set). Eliminate all cases with recording mistakes in the date of

entry, instances where patients escaped the hospital or have no discharge data, and visits filed

as a consequence of violence, pregnancy, or with missing attention motives (3.01%). Restrict

the data set to E.R. visits with treatment lengths less than 24 hours; longer stays are assumed

to be independent of the pollution level at the start of the emergency room visit (less than

one percent). However, to ease worries regarding how this restriction may change the point

estimates, I run an additional regression on the full data set, and finally, concentrate on the

ten most common diseases for which hospitals in Mexico City receive patients with qualified

respiratory emergencies. The restriction of the sample to the ten most common conditions is

equivalent to reducing the data set by 11.2%.4

The average discharge time of patients with respiratory conditions is close to one hour,

with a standard deviation of eight hours. Patients sent home or to medical consultation outside

of the emergency room tend to be discharged faster than death discharges or patients sent to

another hospital, as in both of these cases it is likely that the patient was in a worse condition.

Concerning the kind of disease, it is clear that the time in the emergency room depends on the

diagnosed condition. Pneumonia, chronic obstructive pulmonary diseases, and laryngitis need

longer treatment times, while pharyngitis, rhinopharyngitis, and bronchiolitis need less.

It is also important to understand that Mexico City has a temperate climate with a mean

temperature of sixteen degrees Celsius, hot summers from March to June, and colder winters

from October to February. Cold climate increases the probability of developing respiratory tract

infections (Mourtzoukou and Falagas, 2007) because of the effect of lower temperatures and

viruses on the immunologic system. Figure 1 shows the temporal distribution of respiratory

emergency room admissions. As expected, the number of cases has a U shaped curve with

higher values at the end and start of the year. Concerning the intraday behavior, it can be noticed

that there is a concentration of emergency room visits at midday. This concentration might be

because it coincides with lunchtimes at work, breaks at schools, or because of pollution and

weather patterns in the morning accumulate and affect individuals at noon. Nevertheless, to

ensure that this is not due to administrative mishandling or recording mistakes, the robustness

section re-runs the design, excluding all midday recorded visits. Besides the spike at noon, the

4The ten most common conditions are: asthma, asthmatic state, bronchiolitis, multiple unspecified infections
in the superior respiratory tract (MUISRT), other chronic obstructive pulmonary diseases (OCOPD), other
respiratory disorders (ORD), pharyngitis, pneumonia, laryngitis and tracheitis, and rhinopharyngitis.
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(a) Monthly cases (b) Hourly cases
Figure 1: Temporal distribution of emergency room visits.

intraday variation behaves as expected, with fewer post-midnight visits and more visits during

the cold morning hours between 7 and 11 am.

Pollution data comes from all monitoring stations in Mexico City. The data contains hourly

information from 35 different stations scattered across the city and its metropolitan area. Fig-

ure 2 plots the stations (dots) and hospitals (crosses) present in the Mexico City metropolitan

area. The station network measures nitrous oxides, ozone, and sulfur dioxide in particles per

billion (ppb), particle matter in micrograms per cubic meter (µgm3), and carbon monoxide in

particles per million (ppm). It also publishes the hourly IMECA index at each site. This index

normalizes the value of the pollutant to 100 when the concentration of this contaminant hits

the exogenously imposed limit by Mexico City. The IMECA value for a specific station in a

particular hour is the highest IMECA among all measured pollutants in that station. The index

presents higher values in the winter months of December to February and the spring months of

March to May. Concerning the criteria pollutants, figure 3 shows the monthly (a) and hourly

(b) concentrations of each pollutant throughout the study period. All contaminants, except for

ozone, present higher concentrations during cold winter temperatures. Hourly concentrations

are closely related to human activities in the city; for example, particle matter is highest in the

peak traffic hours of the morning and the evening, while ozone is eminent when solar radiation

is highest between 12 and 4 pm.

Figure 2: Spatial location of hospitals and stations in Mexico City
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(a) Monthly concentration (b) Hourly concentration
Figure 3: Temporal distribution of pollution.

I approximate the value of exposure at the emergency room by using inverse distance

weighting. In 1968, Donald Shepard proposed inverse distance weighting to approximate the

values of unknown points in a spatial data set (Shepard, 1968). Since then, the method is

used to approximate exposure values to environmental pollutants throughout the economic and

epidemiological literature (Neidell, 2004; Hanna and Oliva, 2015; Currie and Neidell, 2005).

Inverse Distance Weighting (IDW) allows for approximating the value of a point through the

values of other points in its vicinity according to equation 1.

V (pol jt) =


∑

N
i ω(disti)∗polit
∑

N
i ω(disti)

poli→ disti = 0

=⇒ ω(disti) =
1

distance(xi,x j)p (1)

Where V (pol jt) is the value of pollution at point j and time t, polit is the value of pollution

at station i and time t and disti is the distance from point j (hospital) to point i (station). The

power factor p modifies the heaviness of the weighting, the higher p, the greater the weight

of closer stations. This paper uses a weight of two, as recommended by De Mesnard (2013),

for air pollution. Table I shows the descriptive statistics of exposure at emergency rooms after

using inverse distance weighting.

3 Research Design

3.1 Identification

The econometric design infers a causal relationship between exposure and discharge times by

exploiting three critical aspects of the data set: its high degree of temporal granularity, the

spatial heterogeneity in exposure values across Mexico City, and the temporal variation in the

level of exposure within emergency rooms. It captures the effect of all covariates that vary over
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Table I: Summary statistics of pollution exposure at the emergency room.

Pollutant Units Mean SDb Maxima Minima

Carbon Monoxide ppm 0.107 0.100 2.500 0.001
Nitrous Oxides ppb 6.147 6.711 184.780 0.007
Ozone ppb 3.326 3.821 111.900 0.008
Coarse Particle Matter µgm3 7.519 6.128 203.280 0.050
Fine Particle Matter µgm3 4.224 4.225 58.000 0.050
Sulfur Dioxide ppb 0.573 1.023 76.740 0.000
IMECA Index 4.52 3.55 99.760 0.134

Table notes: aThis information comes from the imputation of pollution values with inverse distance weighting. It is an approximation of
exposure in emergency rooms; bStandard deviation

specific time frames by exploiting the temporal granularity of the dependent variable with the

use of hour, month, and year fixed effects. Furthermore, emergency room fixed-effects control

for all of those time fixed covariates that may bias the results. Additional relevant controls at

the hospital, disease, and patient levels control for the extra variation not captured by the fixed

effects. After the design controls for all previously mentioned covariates, exposure to airborne

contaminants is assumed exogenous. However, when analyzing the impact of exogenous vari-

ables on the outcomes of individuals, it is essential to account for endogenous sorting, where

more sensitive patients could live and work in areas with lower pollution values. Unfortunately,

it is not possible to control for avoidance behavior through endogenous sorting due to the lack

of information on moving patterns. Consequently, the results of the study must be interpreted

as lower bounds.

An additional critical topic is the clustering of standard errors. There is the possibility that

not clustering the standard errors could bias the variance of the point estimates and increase the

significance level of each contaminant. In principle, the variance of a cluster-robust variance

estimator (CRVE) is higher than the non-robust estimator in the form Vclu >=Vβ . The size of

the difference between both adjusted variances not only depends on the correlation of standard

errors within the cluster but also on the number of observations and the correlation between

covariates. These other two characteristics can inflate the standard errors of samples with a

small number of clusters and several observations per cluster or with correlated covariates, as

in the case of this study. In principle, the correlation of errors within clusters is just an indicator

that the clustering can change the margins of significance, not that the clustering is necessary

or correct. Even more, it is possible to have significant variations between cluster adjusted

standard errors and unclustered standard errors, even when the correlation of regressors and
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errors is only marginal (Abadie et al, 2017). Because of the spatial characteristics of the the

data, I cluster standard errors at the hospital level in the base design. However, as mentioned

by Abadie et al (2017), the research design must only be corrected for clustering when, in

the sampling process, there are clusters of units that are not represented or when units were

assigned to treatment in a clustered way. In this study, all hospitals in Mexico City (clusters) are

represented in the sample and, thus, there is no sampling design issue.5 Even further, there is no

a-priori reason to believe that there is an experimental design problem in the sense that clusters

of units were assigned to treatment in a consistent form: persons will visit emergency rooms

whenever they suffer from an acute respiratory disease irrespective of the hospital. Because

of this, in the robustness section, I show how the significance of results change under three

different designs: one without clustering and two with different adjustment coefficients for the

finite sample bias of the robust cluster variance estimator.

3.2 Regression Design

Equation 2 shows the mathematical representation of the regression design. In it, Yi is a (T ×

1) vector of individual discharge times. Pi is a (T × 1) vector of exposure to every pollutant at

the hour the patient enters the emergency room. Hi is a (T × k) matrix with T periods and k

hospital covariates. Di is also a (T × j) matrix with j different case related variables. ρi is a (T

× m) matrix of additional pollutants that allow the design to test for spurious correlation in a

multipollutant model. ωz for z = {y,m,h} are year, month, and hour fixed effects. µi are emer-

gency room fixed effects, and finally, εi is a vector of idiosyncratic error terms. The pollution

coefficient β1 indicates the impact of each contaminant on the discharge time of respiratory

cases in Mexican emergency rooms. For all the base regressions, standard errors are clustered

at the hospital level. I use this level of clustering giving the spatial characteristics of the data

where patients may attend emergency rooms in a spatial clustered way.

Yi = β1Pi +Hiγ
′
i +Ciφ

′
i +ρiλ

′
i +ωh +ωm +ωy +µi + εi (2)

The design runs for seven different specifications in the single pollutant and IMECA models

as well as the preferred specification for the multipollutant design. Table II shows the covari-

ates included in each specification. In the preferred specification, the model controls for the

5I am confident that the sample design issue is not relevant once I exclude all hospitals without geographical
information from the sample, as excluding these hospitals reduces my sample size by less than one percent.
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analyzed contaminant, the international disease classification, age, weather covariates, atten-

tion motive, type of bed, exit destination, number of cases in the hour of admission, number of

cases in the day of admission, day slides to account for specific time periods as morning, lunch,

and night, year fixed effects, month fixed effects, hour fixed effects, and emergency room fixed

effects.

Table II: Different specifications for the regression designa

(1) (2) (3) (4) (5) (6) (7)
Contaminantb × × × × × × ×
Disease Classification × × × × × ×
Temperature × × × × ×
Relative Humidity × × × × ×
Age × × × × ×
Attention Motivec × × × ×
Bed Typed × × × ×
Exit Destinatione × × × ×
Day cases × × ×
Hourly cases × × ×
Month Fixed Effects × ×
Year Fixed Effects × ×
Day slide × ×
Hour Fixed Effects ×

Table notes: aThis table shows the different covariates used for each specification in the regression design. The preferred specification is
number seventh; bThe analyzed contaminants are: carbon monoxide, ozone, coarse particle matter, fine particle matter, nitrous dioxide, sulfur
dioxide, and the metropolitan index of air quality (IMECA); cThe attention motives are: medical and pediatric; dThe types of bed are: no bed,
observation bed, and shock bed; eThe different exit destinations are: remained in the emergency room, home, external medical consultation,
and death.

4 Main Results

4.1 IMECA results

The first results correspond to the effect that the IMECA index has on the treatment length of

respiratory emergency-room admissions in Mexico City. Table III shows the point estimates of

each specification. All estimates are clustered at the emergency room level. As can be noted,

the model gains explanatory power once it includes all the time fixed effects (year, month, and

hour). Between models, the coefficients seem remarkably stable, with standard errors only

changing slightly. The point estimate of .094 implies that an increase of one unit in the IMECA

index increases treatment times by 0.094 units of an hour (4.76 minutes). In broader terms, one

standard deviation increase in the pollution index increases the treatment time of respiratory

emergency room admissions by 28.19 percent. This result is statistically significant at the 0.1

percent level and economically relevant given the size of the shock. The table also shows the
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point estimate for several different covariates. The covariates with the highest relevance are

temperature, the type of bed, and the diagnosed disease. Importantly, the model finds that the

number of hourly cases at the time of the E.R. visit significantly increase the treatment length

of respiratory E.R. admissions. This result implies that there is evidence of a negative workload

effect on the treatment length of qualified respiratory E.R. admissions and that the additional

shock must come either from the effect of exposure on the patient or on the employees.

Table III: Regression results of the IMECA index across specificationsab

Dependent variable: Length of treatment

(1) (2) (3) (4) (5) (6) (7)
IMECA 0.115∗∗∗ 0.119∗∗∗ 0.076∗∗∗ 0.094∗∗∗ 0.093∗∗∗ 0.094∗∗∗ 0.094∗∗∗

(0.013) (0.014) (0.013) (0.014) (0.014) (0.014) (0.014)
Laryngitis and Traqueatisc 0.426∗∗∗ 0.506∗∗∗ 0.497∗∗∗ 0.498∗∗∗ 0.490∗∗∗ 0.490∗∗∗

(0.129) (0.130) (0.134) (0.134) (0.134) (0.134)
Bronchiolitisc 0.225∗ 0.228∗ 0.260∗∗ 0.264∗∗ 0.251∗ 0.251∗

(0.095) (0.093) (0.100) (0.100) (0.100) (0.100)
Asthmac 0.391∗ 0.292 0.418+ 0.425+ 0.415+ 0.415+

(0.177) (0.213) (0.219) (0.220) (0.219) (0.219)
Age 0.002 −0.001 −0.001 −0.001 −0.001

(0.002) (0.001) (0.001) (0.001) (0.001)
Temperature 0.070∗ 0.462∗∗∗ 0.051 0.050 0.050

(0.033) (0.054) (0.035) (0.035) (0.035)
Observation Bedd 1.276· 0.460∗∗∗ 0.457∗∗∗ 0.457∗∗∗

(0.705) (0.054) (0.054) (0.054)
Deathe 0.050 1.276+ 1.278+ 1.278+

(0.035) (0.705) (0.705) (0.705)
Daily Cases 0.066 −0.005 −0.005

(0.088) (0.005) (0.005)
Hourly Cases 0.456 0.715∗∗∗ 0.715∗∗∗

(0.672) (0.072) (0.072)
R-squared 0.066 0.075 0.094 0.124 0.126 0.130 0.130
No. Observations 67646 67646 67633 66934 66934 66934 66934
Degrees of Freedom 4723 4714 4709 4620 4618 4614 4614
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1

Table notes: aAll regressions control for the emergency room, the year, the month, and the hour of the visit. This table shows the results of
the regressions across seven different specifications. The dependent variable is the length a patient spends in the emergency room and the
causal variable of interest is the pollution index of Mexico City (IMECA). The table also show the coefficient for additional covariates;
bStandard errors clustered at the emergency room with SAS value for the finite sample bias of the cluster robust standard error estimator;
cThe base coefficient is rhinopharyngitis; dThe base coefficient is: no bed; eThe base coefficient is: sent to another hospital

4.2 Single Pollutant Models

The single pollutant models show significance at the 0.1 percent level for all pollutants, except

for SO2 and PM10, with respective significance levels of five and one percent. Results point

to a negative shock of exposure on the discharge times of respiratory E.R. admissions in Mex-

ico City. Due to the large number of results for six different contaminants on seven different

specifications, the complete list of coefficients is available upon request. Table IV shows the
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coefficients of the richest single-pollutant specification for each contaminant. For CO, one extra

particle per million rises discharge times by 2.822 hours.6 Regarding standard deviations, it im-

plies an increment of 33.6 percent from an average discharge time of 0.84 hours to 1 hour with

12 minutes. For PM10, PM25, NO2, O3, and SO2, the effect of increasing their concentration

by one standard deviation is, respectively, 21.0%, 38.0%, 24.8%, 37.0%, and 15.1%. However,

before taking these point estimates at face value, it is critical to understand that there is a large

degree of correlation among the concentration of environmental contaminants in urban centers.

This high level of correlation makes the task of claiming that these estimates are specific to

each contaminant difficult. A better interpretation would be that the point estimates signal the

effect of the composite of correlated pollutants emitted in Mexico City, based on the variation

of the specific particle under analysis. To ease worries related to the interpretation of the single

pollutant model, the following section presents the results of the multipollutant model on the

preferred specification (7th), where the only difference between this new multipollutant and the

single pollutant model is the inclusion of all the other contaminants as additional covariates.

6It Is difficult to have a single interpretation among the coefficients given the different units used for measuring
each contaminant: CO→ ppm, PM10 and PM25 → µm3, and SO2, O3, and SO2 → ppb. In principle, only the
coefficient for carbon monoxide can be standardized to ppb by dividing its effect by 1000. However, this may
lead to incorrect conclusions given that the environmental ministry of Mexico City rounds the values of CO
from ppb to ppm. For particle matter, it is impossible to transform µm3 to ppm or ppb without additional data.
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Table IV: Regression results for the single pollutant models in the richest specificationab

Dependent variable: Length of treatment

CO PM10 PM25 NO2 O3 SO2
Contaminant 2.822∗∗∗ 0.029∗∗ 0.076∗∗∗ 0.037∗∗∗ 0.082∗∗∗ 0.125∗

(0.507) (0.010) (0.012) (0.008) (0.015) (0.052)
Laryngitis and Traqueatisc 0.518∗∗∗ 0.523∗∗∗ 0.496∗∗∗ 0.515∗∗∗ 0.472∗∗∗ 0.513∗∗∗

(0.134) (0.136) (0.133) (0.135) (0.134) (0.136)
Bronchiolitisc 0.279∗∗ 0.262∗∗ 0.237∗ 0.268∗∗ 0.232∗ 0.261∗∗

(0.101) (0.100) (0.097) (0.100) (0.100) (0.100)
Asthmac 0.441∗ 0.411+ 0.376+ 0.433+ 0.376+ 0.406+

(0.223) (0.222) (0.216) (0.224) (0.219) (0.223)
Age −0.001 −0.002 −0.001 −0.001 −0.001 −0.001

(0.002) (0.002) (0.001) (0.001) (0.001) (0.002)
Observation Bed 0.480∗∗∗ 0.515∗∗∗ 0.487∗∗∗ 0.490∗∗∗ 0.483∗∗∗ 0.518∗∗∗

(0.054) (0.055) (0.054) (0.054) (0.054) (0.055)
Deathe 1.226+ 1.199+ 0.891 1.192+ 1.230+ 1.170

(0.709) (0.714) (0.653) (0.715) (0.705) (0.718)
Daily Cases 0.012∗ 0.027∗ −0.012∗ −0.004 −0.001 −0.008

(0.006) (0.011) (0.005) (0.005) (0.005) (0.005)
Temperature 0.103∗∗ 0.094∗ 0.089∗ 0.111∗∗ 0.046 0.113∗∗

(0.037) (0.037) (0.036) (0.036) (0.035) (0.036)
Hourly Cases 0.593∗∗∗ 0.496∗∗∗ 0.846∗∗∗ 0.815∗∗∗ 0.755∗∗∗ 0.846∗∗∗

(0.082) (0.123) (0.069) (0.070) (0.071) (0.072)
R-squared 0.124 0.117 0.125 0.123 0.127 0.114
No. Observations 66832 66930 66915 66831 66831 66827
Degrees of Freedom 4613 4613 4611 4613 4613 4613
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, +p < 0.1

Table notes: aAll regressions control for the emergency room, the year, the month, and the hour of the visit. This table shows the results of
the regressions across seven different specifications. The dependent variable is the length a patient spends in the emergency room and the
causal variable of interest is the pollution index of Mexico City (IMECA). The table also show the coefficient for additional covariates;
bStandard errors clustered at the emergency room with SAS value for the finite sample bias of the cluster robust standard error estimator;
cThe base coefficient is rhinopharyngitis; dThe base coefficient is: no bed; eThe base coefficient is: sent to another hospital

4.3 Multi Pollutant Models

The preferred multipollutant model runs the tightest single pollutant specification with the other

contaminants as additional covariates. The idea behind this model is to capture the individual

effect of each pollutant by controlling for the variation in all other correlated contaminants.

The multipollutant model excludes NO2 from the regression design and never includes PM10

and PM25 in the same regression.7 All multipollutant models contain PM10 and only the model

extracting the coefficient of PM25 substitutes PM10 with PM25. Table V show the results of the

multipollutant model for each contaminant. Because isolating the effect of each pollutant takes

7The correlation between carbon monoxide CO and nitrous oxides NOx is as high as 0.9. This value means that
identifying the effect of each pollutant in the regression design is complicated without the use of instruments.
Another critical and expected correlation is between fine and coarse particle matter (0.85). To prevent noise in
the regression design, I exclude nitrous oxides from the multipollutant model and never run any specification
with PM10 and PM25.
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away the adverse effects of all other correlated particles, the point estimates are expected to be

smaller. For CO, PM25, and O3, the coefficients remain significant, the increase in treatment

lengths as a consequence of increasing their value by one standard deviation is, respectively,

22.3%, 17.7%, and 25.9%.

Table V: Regression results for the multi-pollutant models in the richest specificationab

Dependent variable: Length of treatment

CO PM10 PM25 O3 SO2
Contaminant 2.221∗∗∗ 0.008 0.042∗∗ 0.068∗∗∗ −0.061

(0.569) (0.010) (0.015) (0.015) (0.061)
Laryngitis and Traqueatisc 0.484∗∗∗ 0.484∗∗∗ 0.471∗∗∗ 0.484∗∗∗ 0.484∗∗∗

(0.133) (0.133) (0.131) (0.133) (0.133)
Bronchiolitisc 0.256∗ 0.256∗ 0.233∗ 0.256∗ 0.256∗

(0.100) (0.100) (0.097) (0.100) (0.100)
Asthmac 0.413· 0.413· 0.389· 0.413· 0.413·

(0.219) (0.219) (0.214) (0.219) (0.219)
Age −0.001 −0.001 −0.001 −0.001 −0.001

(0.002) (0.002) (0.001) (0.002) (0.002)
Observation Bedd 0.454∗∗∗ 0.454∗∗∗ 0.452∗∗∗ 0.454∗∗∗ 0.454∗∗∗

(0.053) (0.053) (0.053) (0.053) (0.053)
Deathe 1.274· 1.274· 0.963 1.274· 1.274·

(0.699) (0.699) (0.643) (0.699) (0.699)
Daily Cases 0.022· 0.022· 0.005 0.022· 0.022·

(0.012) (0.012) (0.008) (0.012) (0.012)
Temperature 0.040 0.040 0.045 0.040 0.040

(0.037) (0.037) (0.035) (0.037) (0.037)
Hourly Cases 0.492∗∗∗ 0.492∗∗∗ 0.644∗∗∗ 0.492∗∗∗ 0.492∗∗∗

(0.132) (0.132) (0.101) (0.132) (0.132)
R-squared 0.134 0.134 0.134 0.134 0.134
No. Observations 66815 66815 66800 66815 66815
Degrees of Freedom 4609 4609 4607 4609 4609
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, ·p < 0.1

Table notes: aAll regressions control for the emergency room, the year, the month, and the hour of the visit. This table shows the results of
the regressions across seven different specifications. The dependent variable is the length a patient spends in the emergency room and the
causal variable of interest is the pollution index of Mexico City (IMECA). The table also show the coefficient for additional covariates;
bStandard errors clustered at the emergency room with SAS value for the finite sample bias of the cluster robust standard error estimator;
cThe base coefficient is rhinopharyngitis; dThe base coefficient is: no bed; eThe base coefficient is: sent to another hospital

5 Robustness tests

5.1 Clustering Standard Errors

Discussions about the clustering of standard errors are ongoing (Abadie et al, 2017). In prin-

ciple, economists cluster standard errors to ease worries regarding the correlation of unob-

servables within units. However, the clustering of standard errors should not be a data-driven

decision but a decision driven from knowledge regarding the sampling and experimental design

of the model. In this paper, I argue that in the specific case of causality between criteria pol-
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lutants and discharge times in Mexico City, individuals are treated in a clustered way because

of the spatial characteristics of the emergency room. However, there is also the possibility that

clustering standard errors will over-represent their variance and drive relevant point estimates

out of significance. Especially in data sets with correlated covariates and a large number of

observations per cluster. To reduce worries regarding the effect of clustering on the variance of

the coefficients and thus, on their significance, I adjust the standard errors under two different

values to adjust for the finite cluster bias of the robust cluster variance estimator C and compare

them with the unclustered values. Finite cluster bias (when the clusters are finite) is used to

reduce the downward bias from the clustered estimator. The common approach to correct for

the finite sample problem is to multiply the error terms by the square root of the c coefficient
√

c ∗ εg. Some statistical programs, like SAS,8 use a predefined value of c = G
G−1 ,9 usually

referred to as the minimum adjustment for the finite cluster bias (Cameron and Miller, 2015).

However, other programs, like STATA, use c = G
G−1 ∗

N−1
N−K .10 In principle, the c value of the

STATA adjustment coefficient is larger than for SAS, especially in large samples where the

term N−1
N−K grows with the number of observations. Several other corrections and values of C

to solve the finite clustering problem exist. However, no correction can eliminate the general

downward bias of the cluster-robust variance estimator (Cameron and Miller, 2015).

Figure 4 shows the adjustment of standard errors under both c values for the IMECA coef-

ficient. The robust high value refers to the STATA adjustment and the low to SAS. Regardless

of the finite sample bias adjustment of the cluster-robust variance estimator, the point estimate

of IMECA remains significant at the 0.1 percent level, showing that the value holds even when

adjusting for the intragroup correlation of residuals.

Figure 4: Clustered estimates of the IMECA coefficient

Figure 5 show the results of the same exercise on CO, PM25, and O3. The results show

8This is the adjustment value used throughout the base specification of this paper.
9G referees to the number of clusters.

10N is the number of observations and K the degrees of freedom.
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that O3 and CO remain significant across all alternative specifications. They only move from

0.1% under Non-robust and robust low specifications to 5% significance under Robust high.

For pm25 the point estimate loses significance when using the adjustment c value of STATA.

Figure 5: Clustered estimates for several pollutants.

5.2 Analysis in Different Subsamples

5.2.1 Analysis on the Unrestricted Sample

In the base design, the data set is restricted to avoid cases whose length is longer than 24 hours.

Here, I review how including the values for the whole sample could change the coefficients of

each contaminant by running the preferred specification on the multipollutant model without

restricting the data set in any way. For IMECA, the point estimate grows by 4.25% and remains

significant at the 0.1% level (See table VIII of the appendix). Furthermore, table VI shows the

point estimate of the same exercise across all individual multipollutant regressions. Here, only

CO and O3 remain significant at the ten and one percent respectively.

5.2.2 Analysis without midday admissions

In this section, I control for the abnormal peak in the number of midday emergency room cases

due to the possibility of administrative mishandling.11 If there is administrative mishandling,

the coefficients of the regression design would be biased, as many cases would be assigned

11Administrative mishandling occurs when staff at emergency rooms in Mexico city use some discretionary rule
that assigns cases without an entrance time written on the admission form to noon.
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Table VI: Regression Results of the Multi-pollutant Models in the Full Sample

Dependent variable: Length of treatment

CO PM10 PM25 O3 SO2
Contaminant 4.126. 0.010 0.148 0.078∗ −0.220

(2.1832) (0.020) (0.1475) (0.022) (0.153)
R-squared 0.395 0.395 0.397 0.395 0.395
No. Observations 66890 66890 66875 66890 66890
Degrees of Freedom 4623 4623 4621 4623 4623
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, ·p < 0.1

Table notes: aAll regressions control for the individual emergency room, the year, the month, and the hour of the visit. This table shows the
results of the multipollutant regression on a sample without length restrictions, of the preferred specification (7th) on the effect of five
different criteria pollutants on the treatment length of respiratory E.R. visits.

to the wrong time of the day. First, the coefficient for the IMECA index decreases by 4.44%

and remains significant at the 0.1% threshold (See table IX of the appendix). Concerning the

other contaminants, table VII shows the point estimates of the multipollutant regression for

each particle. The coefficients remain equally significant and decrease in size. In principle, the

conclusions of the regressions on a sample without the midday cases are similar in the sense

that CO, PM25, and O3affect the discharge time of E.R. cases in Mexico City. However, these

results should also be taken with care, given that the design does not account for all instances

happening at noon.

Table VII: Regression Results of the Multi-pollutant Models Without Midday Admissions

Dependent variable: Length of treatment

CO PM10 PM25 O3 SO2
Contaminant 2.018∗∗∗ 0.002 0.043∗ 0.069∗∗∗ −0.012

(0.591) (0.007) (0.018) (0.018) (0.053)
R-squared 0.139 0.139 0.140 0.139 0.139
No. Observations 57918 57918 57905 57918 57918
Degrees of Freedom 3657 3657 3656 3657 3657
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, ·p < 0.1

Table notes: aAll regressions control for the individual emergency room, the year, the month, and the hour of the visit. This table shows the
results of the multipollutant regression on a sample without length restrictions, of the preferred specification (7th) on the effect of five
different criteria pollutants on the treatment length of respiratory E.R. visits.

6 Conclusion

This article analyses the effect of environmental pollution on the discharge times of respiratory

emergency room type of admissions in Mexico City. To the best of my knowledge, this study

is the first to analyze the effect of pollution on discharge times. The analysis uses sub-hourly

data on six different criteria pollutants and the summary index of environmental contamination
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in Mexico City (IMECA), alongside administrative emergency rooms data to infer causality

through the use of panel techniques that exploit the temporal and spatial granularity of the data

while controlling for other additional and relevant covariates. The importance of discharge

times on the society, the hospital, the doctor, and the patient is evident. Extended treatment

periods impose economic costs on the community when hospitals are state-run, on the hospital

when they are private, on the doctor because of exhaustion and stress, and on the patient through

opportunity and financial costs.

The data set comprises all cases corresponding to the ten most common urgent respiratory

emergency room diseases that happen in hospitals with complete geographical information in

Mexico City. The base design runs for seven different specifications where the richest one con-

trols for the contaminant, the diagnosed disease, age, weather, the attention motive, the type

of treatment bed, the exit destination, the number of hourly and daily cases in the emergency

room, year fixed effects, month fixed effects, hour fixed effects, and emergency room fixed ef-

fects. Furthermore, the multipollutant design also controls for all other non-strongly correlated

contaminants in a base model controlling for carbon monoxide, fine particle matter, ozone, and

sulfur dioxide. The analysis runs the seven different specifications on the IMECA and single

pollutant models, and only in the richest specification for the multipollutant model. In the ro-

bustness section, I run the IMECA and multipollutant models while modifying the variance of

the standard errors with the use of cluster-robust variance estimators. The robustness section

also runs the design on two additional samples: a full sample without restricting the treatment

length of the cases and a sample without midday cases due to an abnormal peak in the number

of visits at this time of the day.

The IMECA index is always significant at the 0.01% level. Its coefficient varies from 0.090

in the sample without midday observations to 0.98 in the unrestricted model. In the richest

base design, one standard deviation increase rises emergency room discharge times by 28.1%.

This initial result points towards a statistically significant and economically relevant effect of

environmental pollution on the discharge times of respiratory emergency room admission in the

city. Concerning criteria pollutants, carbon monoxide is significant across all specifications, its

coefficient ranges from 4.317 in the unrestricted sample to 2.018 in the midday restricted sam-

ple. Its point estimate in the multipollutant model implies an increase of 22.3% in treatment

length due to a rise of one standard deviation in its levels. However, it is vital to note that, be-

cause of the significant correlation of this contaminant with nitrous oxides, the coefficient may
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be biased. Ozone also remains significant across all specifications. The effect of increasing

its concentration by one standard deviation is of 25.9%. Fine particle matter is not significant

when using robust standard errors with a high value for the finite sample bias of the estima-

tor. In the multipollutant model its point estimate imply that increasing its concentration by

one standard deviation increases discharge times by 17.7%. Finally, sulfur dioxide and coarse

particle matter are insignificant across all designs except for the single pollutant model. These

results point to an acute effect of the IMECA index, carbon monoxide, and ozone on the treat-

ment length of respiratory emergency room cases in Mexico City. Evidence for fine particle

matter is weaker when adjusting the sample for within-cluster correlation of residuals while

using STATA bias adjustment. This article is the first to study the consequences of pollution

on the treatment length of emergency room cases. Its findings suggest that reducing pollution

levels can have a positive effect on the health sector by decreasing the time each patient with

a respiratory condition spends in the emergency room. The results of the study are relevant

for the analysis of resource allocation in emergency rooms and the more general study of how

air pollution can impose negative externalities on humans, as lengthier visits to the emergency

room could impose financial costs on the patient, exhaustion, or stress on emergency room

employees, and economic losses for the hospital. Future research calls for additional studies

on other conditions as cardiovascular or metabolic and the disentanglement of mechanisms

between patients and employees.
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A Additional Tables

Table VIII: Regression Results of the IMECA Index on the Full Sample

IMECA 0.098∗∗

(0.032)
R-squared 0.394
No. Observations 67009
Degrees of Freedom 4628
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, ·p < 0.1

Table IX: Regression Results of the IMECA Index Without Midday Admissions

IMECA 0.090∗∗∗

(0.011)
R-squared 0.137
No. Observations 58037
Degrees of Freedom 3662
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, ·p < 0.1
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