
The nonlinear effects of air pollution on criminal behavior

Evidence from Mexico and New York

Luis Sarmiento ∗

Working Paper, March 6, 2022

In this article, I propose a nonlinear (bell-shaped) relationship between air pollu-
tion and criminal behavior. Exposure increases criminality by raising criminals’
taste for risk and violent behavior while also reducing it by changing the number
of felons and crime opportunities in the market through exacerbated morbidity and
avoidance behavior. I illustrate both mechanisms with a prospect-theory model of
the decision to delict and a simplified search and matching frictions model between
criminals and crime opportunities. Linear, quadratic, and nonparametric Poisson
MLE panel models confirm this bell-shaped relationship for Mexico City and New
York, suggesting that the positive effect of pollution on criminality uncovered by
late studies my be bettered modeled with a non-linear model. Notably, the point at
which the non-linear function maximizes criminality lies within the Environmen-
tal Protection Agency’s limit thresholds for dangerous exposure between sensitive
groups and the general population.
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1. Introduction

Current studies on the effects of air pollution on criminal behavior provide convincing evidence

of a linear and positive relationship between pollution and crime (e.g. Herrnstadt et al., 2020;

Bondy et al., 2020; Burkhardt et al., 2019). However, these studies mainly concentrate on

exposure’s linear effect, ignoring nonlinearities or treating them as mere robustness. In this

paper, I show that nonlinearities are highly relevant and that ignoring them can lead to the

wrong interpretation of linear coefficients.

The nonlinear relationship emerges because of two conflicting mechanisms; the impact of

exposure on the decision to transgress and on the matching of felons and crime opportunities. In

a nutshell, although pollution increases the likelihood of committing a crime (e.g. Bondy et al.,

2020), it also affects the match of offenders and crime opportunities by reducing the number

of criminals and victims in the market through exacerbated morbidity (e.g. Knittel et al., 2016)

and avoidance behavior (e.g. Moretti and Neidell, 2011).

I propose that the conflict between these two mechanisms leads to a bell-shaped relationship

between exposure and criminality. I defend this hypothesis by developing a theoretical model of

the individual decision to delict with cumulative prospect theory alongside a simplified search

and matching frictions model of felons and crime opportunities. Once I lay down the theoretical

foundation for the bell-shaped relationship, I estimate it empirically for Mexico City and New

York.

Data come from administrative crime records and hourly pollution measurements from each

city’s appropriate environmental and judicial authorities. I assign crimes to stations by assign-

ing crimes to the closest station within a two kilometers radius and provide estimates for a well-

known proxy for overall air quality; the now-cast air quality index (AQI). The AQI transforms

the hourly concentration of Coarse Particulate Matter (PM10), Fine Particulate Matter (PM25),
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and Atmospheric Ozone (O3) into a single scale running between 0 and 500 units (U.S. Envi-

ronmental Protection Agency, 2020). An AQI value of 100 units corresponds to both the air

quality standard for that particle and the threshold between moderate and dangerous levels of

exposure for sensitive groups (U.S. Environmental Protection Agency, 2018). The now-cast air

quality index (AQI) is different from the traditional daily AQI in that it is susceptible to rapidly

changing air quality conditions relevant when examining effects at the hourly level.1

I estimate the causal effect of the AQI on criminality with Poisson maximum likelihhod

estimator (PMLE) panel models controlling for weather covariates alongside year-by-month-

by-station, hour of the day, and weekday fixed effects. These high-dimensional fixed-effects

allow me to estimate the relationship between pollution and crime from within station and

month variation conditional on the hour of the day and day of the week the crime occurs. I

use PMLEs because they are a more suitable estimator for count data and remain consistent

regardless of the dependent variable’s dispersion, i.e., the number of crimes happening around

measuring stations (Moeltner et al., 2013; Wooldridge, 2010).2

Results consistently show that the AQI increases criminality; raising the AQI by ten units in-

creases crime by 0.27% and 0.65% in Mexico City and New York. This higher linear estimate

for New York suggests that exacerbated air pollution may reduce Mexico City’s linear coeffi-

cients through higher morbidity. I consider this by estimating a quadratic model on the effect

of the AQI on criminality. Results show positive linear and negative quadratic coefficients,

confirming the bell shape hypothesis of the theoretical section. The maximum of this nonlin-

ear function for Mexico City and New York is 142 and 116 AQIs. Notably, both values are

precisely within the Environmental Protection Agency (EPA)’s limit thresholds for dangerous

exposure between sensitive groups and the general population. Next, I estimate nonparametric

1Appendix section Z contains a full discussion of the differences between the standard and now-cast AQI
2All results are robust to different estimators like OLS, and log-linear OLS, distinct specifications of weather

controls and fixed effects, and an IV design instrumenting the AQI with wind-direction.
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models of the nonlinear effects by dividing the AQI into seven exposure intervals and examine

the effect of one day within each of these intervals. Besides allowing for a more straightfor-

ward interpretation of nonlinear effects, the nonparametric design also serves as a robustness

exercise for the quadratic coefficients. Overall, nonparametric results confirm the nonlinear

relationship between crime and pollution.

Additionally, and in line with previous studies, I look if the nonlinear effect is heterogeneous

across crime categories. For instance, Herrnstadt et al. (2020) and Burkhardt et al. (2019) sug-

gest that the positive impact of pollution comes from an exacerbated taste for violence as they

only find significant coefficients for violent crimes. Contrary to their results, in this study, I

provide evidence that relationship between pollution and crime exists for both violent and non-

violent felonies, suggesting that the finding of previous studies on the null effect of air pollution

on nonviolent crimes may come from fitting linear models into a nonlinear relationship.

Background and related literature

The connection between air pollution and criminal behavior arises from pollution’s effect on

several physiological, psychological, and environmental factors. For instance, air pollutants

promote inflammatory responses and changes in the chemical composition of the central ner-

vous system (Block and Calderón-Garcidueñas, 2009), altering the brain’s chemistry and lead-

ing to behavioral alterations like irritability, changes in risk preferences, and exacerbated ea-

gerness for rewards. For example, there is epidemiological evidence that higher concentrations

of air pollution can increase aggressive, impulsive, and overexcited behavior in animals (Chen

et al., 2003; Petruzzi et al., 1995; Soulage et al., 2004), changes in risk attitudes for human

beings (Heyes et al., 2016; Bondy et al., 2020), and affectations in the brain’s level of serotonin

(Murphy et al., 2013); a chemical compound that works as an inhibitor of impulsive and aggres-

sive behaviors. Crockett et al. (2013) find that lower serotonin levels can lead to an eagerness
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to punish enemies and a lower tendency for accepting fair deals. Regarding physiological rea-

sons, there is evidence that air pollution can cause discomfort through exacerbated morbidity

and that discomfort can cause aggressive behavior (Anderson and Bushman, 2002).3

However, the relationship between pollution and crime goes beyond neurological effects as

it can also affect criminals, victims, and police units through exacerbated morbidity and avoid-

ance behavior. For instance, Iskandar et al. (2012) shows that air pollution raises hospitalization

rates, Tolbert et al. (2000) presents evidence of increased pediatric emergency room visits, and

Knittel et al. (2016) concludes that air pollution increases mortality. Moreover, proof of the ef-

fect of pollution-triggered morbidity on the number of persons in the street (available victims)

comes from articles analyzing the impact of exposure on other proxies for individual behavior.

For example, Aragon et al. (2016) and Hanna and Oliva (2015) find that higher concentrations

of Sulfur Dioxide (SO2) and PM10 decrease labor supply, Gilliland et al. (2001) and Currie et al.

(2009) show increases in school absenteeism, and Zivin and Neidell (2009) note that avoidance

behavior increases during air quality alerts.

Current evidence on the relationship between pollution and crime is piling up (). How-

ever, there are three studies worth mentioning because of their connection with this article:

Burkhardt et al. (2019), Bondy et al. (2020), and Herrnstadt et al. (2020). Herrnstadt et al.

(2020) finds that violent crime increases by 2.2% in areas downwind of a well-known pollution

source; interstate highways in Chicago. Bondy et al. (2020) use daily administrative data from

London to conclude that increasing the air quality index by ten units increases crimes by 1.7%,

and Burkhardt et al. (2019) uses American crime statistics from 397 counties to conclude that

raising PM10 and O3 by ten percent increases violent crimes by 0.14% and 0.35%.

The rest of the paper is organized as follows: Section 2 develops the theoretical models

3Empirical analyses of the effect of air pollution on other proxies for criminal behavior find associations with
family disturbances (Rotton and Frey, 1985), psychiatric admissions (Briere et al., 1983), and suicides (Yang
et al., 2011).
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behind the proposed bell-shaped relationship. Section 3 presents the data-set and provide rele-

vant descriptive statistics. Section 4 outlines the empirical strategy while sections 6/?? contain

the main results of the linear, quadratic, and nonparametric PMLE. Next, section ?? countains

sensitivity analyses and section 7 concludes and wraps up the study.

2. Theoretical background

Usually, researchers intrinsically assume a monotonic and increasing relationship between air

pollution and health outcomes; nonlinearities are only of interest to explore the steepness of the

second derivative and assess the shape of the dose-response function. In this study, I argue that

examining the impact of air pollution on criminality is more complicated as we cannot easily

claim monotonicity. For instance, air pollution increases crime at low exposure levels because

the morbidity-avoidance channel is not strong enough to trump criminals’ higher propensity to

delict because of exacerbated exposure. However, at higher concentrations, the health conse-

quences arise, and criminality decreases by reducing matching opportunities between criminals

and crime opportunities.

Figure 1 shows the bell-shaped relationship arising from the conflict between both mecha-

nisms. It reaches its maximum at the level of air pollution that maximizes criminality. Before

this point, the impact of air pollution on criminals’ propensity to commit a crime is higher than

its effect on avoidance and morbidity. After that, the morbidity channel becomes dominant and

starts decreasing criminality.

2.1. The decision to commit a crime

A person commits a crime if the utility of doing so is higher than the utility of restraint (Becker,

1968). Equation 1 shows the functional representation of this condition. In it, p the probability
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Figure 1: Theoretical relationship between air pollution and crime

Notes: This figure plots the theoretical nonlinear relationship between air pollution and crime. The red line marks the bliss point; the level of
air pollution that maximizes criminality. It is important to note that
Crime(Pollution)≥ 0 ⇐⇒ Pollution≤ BlissPoint ∧ Crime(Pollution)≤ 0 ⇐⇒ Pollution > BlissPoint.

of apprehension.4 U(x) is the utility function under prospect theory. F the fine when caught.

yc and ync the utility of committing the crime or restraining. And y0 the reference point from

which criminals elicit their utility. For values above this reference point, criminals are in the

gains and for values bellow in the losses section.5

p[U(yc−βF− y0)]+(1− p)[U(yc− y0)]>U(ync− y0) (1)

The utility function under prospect theory takes two distinct forms on the right and left hand

side of the reference point. On the left side the utility function is convex and on the right side

concave; U(y−y0) = (y− y0)
γ ↔ y− y0 ≥ 0 & −θ(−y− y0)

ρ ↔ y− y0 < 0.6 The parameters

ρ and γ specify the form of the utility function for gains and losses, while θ is a parameter

modifying individuals’ risk aversion. All three parameters, θ , γ , and ρ lie between zero and

one. A person is in the domain of losses when arrested and gains when free. If discovered, the

payoff is equivalent to yc−βF− y0 < 0 and if not to yc− y0 ≥ 0.

4Using a probability weighting (w(p)) function allows incorporating real-world evidence that people do not ra-
tionally internalize probabilities. On average, people underestimate probabilities close to one and overestimate
probabilities close to zero (Kahneman and Tversky, 1979).

5Using a reference point allows specifying a functional form that can incorporate descriptive evidence on differ-
ent risk perceptions stemming from the literature on behavioral economics (Olsen, 1997).

6A utility function under cumulative prospect theory satisfies three important conditions: Zero utility: U(0) = 0,
concavity in gains: if xi ≥ 0 −→ U ′(x) > 0 ∧ U ′′(x) < 0, and convexity in losses if xi < 0 −→ U ′(x) >
0 ∧U ′′(x)> 0.
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The no crime condition (Eq. 1) states that the probability of committing a crime depends

on the utility of criminal activity u(crime) = p[U(yc−βF− y0)]+(1− p)[U(yc− y0)] and the

utility from withholding u(NoCrime) = U(ync− y0). For simplification, and without loss of

generality, I assume that the income from not committing the crime (ync) and the reference

point for elicitation (y0) are equal to zero. Under these assumptions, equation 1 reduces to

p[−θ(yc−βF)ρ ]+(1− p)(yγ
c)> 0; in it, a person commits a crime if the utility from doing so

is greater than zero.

In this article, I posit that the level of exposure to pollution increases the probability of

committing a criminal offense through its effect on the no-crime condition. Several studies

show that exacerbated exposure to air pollution increases the eagerness for reward, aggressive

behavior, and taste for risk in humans and animals (e.g. Heyes et al., 2016; Bondy et al., 2020;

Chen et al., 2003; Petruzzi et al., 1995; Soulage et al., 2004). These variations motivate changes

in the constants of the no-crime condition’s utility function, where it is straightforward to show

that lower θ , lower ρ , and higher γ increases the utility of committing a crime, i.e., Uγ ≥ 0, Uρ ≤

0, and Uθ ≤ 0.7 Other likely unexplored mechanisms are changes in the likelihood of being

caught (p) or in the discounting value of future punishment (β ). This study aims to provide

evidence for the nonlinear effects between exposure and criminality and leave estimating the

parameters of the no-crime condition to future research.

2.2. The match of criminals and crimes

The realization of criminal activities is a function of the individual decision to commit a crime

and the environment where the crime occurs. For instance, even if a criminal experiences a

positive utility from illegal activities, particular market conditions are required before pursuing

7Henceforth xy means the derivative of x concerning y.
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these activities. This section postulates that pollution can decrease the individual propensity to

transgress by changing the match between criminals and crime opportunities through exacer-

bated morbidity and avoidance attitudes.

I exemplify this relationship with a simplified search and matching frictions model as in

(Mortensen and Pissarides, 1994). Imagine a market for criminal activities like pick-pockets in

a subway station. In this market, criminals (c) find victims (v) through the matching technol-

ogy m(c,v) while facing an exogenous destruction rate of matches (λ ). This technology has

the same characteristics as a traditional search and matching frictions function in labor markets

literature, i.e., it is strictly increasing in both of its parameters, concave, and exhibits constant

returns to scale. Image 2 (a) shows the shape of the matching function, and image 2 (b) the

theoretical relationship between air pollution and the number of victims and criminals in the

market. As air pollution increases, the number of agents declines, and, consequently, the num-

ber of matches also decreases. I justify this theoretical assumption with the large number of

empirical papers finding that air pollution increases labor vacancies (Hanna and Oliva, 2015;

Aragon et al., 2016), school absences (Currie et al., 2009; Chen et al., 2018), and avoidance

(Zivin and Neidell, 2009).

(a) Relationship of the matching function with the
number of victims and criminals

(b) Relationship between exposure to air pollution and
the number of victims and criminals

Figure 2: The matching function and the effects of pollution on market agents

In a steady-state, the ratio of victims to criminals in the market is independent of time.8

8As previously mentioned, air pollution (Π) affects this ratio (θ ) via the health channel θ = f (Π).
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Felons match with victims through a Poisson process of rate m(c,v)
v = q(θ). If we assume

a Cobb-Douglas matching function of the form m(c,v) = Acαv1−α , the flow probability of

criminals is equal to Aθ α , and the total number of crimes in the market to Aθ α×c. If pollution

reduces the number of felons through exacerbated morbidity, it follows that it also reduces

criminality. However, even with a steady number of potential criminals, air pollution can still

reduce matches by affecting the number of available victims, decreasing market tightness (θΠ≤

0), and the flow-probability of felons (qΠ≤ 0).9 This outcome means that with higher pollution,

the flow probability of criminals (the chance a felon would match with a victim) decreases, and,

consequently, the number of crimes in the market also decreases.

Now, as the market is in a steady-state, the flow of matched and unmatched victims (V m,V u)

should remain constant. I can express the equality between these flows by multiplying the flow

probability of victims, θq(θ ), with the number of unmatched victims and the match destruc-

tion rate with the number of matched persons: θq(θ)V u = λV m. The sum of unmatched and

matched victims must add to the total number of victims in the market: V u +V m = V . Us-

ing these two expressions is straightforward to show that the number of matched victims is

equivalent to V m = θq(θ)
θq(θ)+λ

V , which is a function of the probability of finding a match and the

potential number of victims in the market; both of which decreases with air pollution. This

simple search-and-matching frictions model shows that criminality is a function of the individ-

ual’s decision to commit an offense and the environment where the crime occurs. Particularly,

even if the utility from criminality is higher than zero, market conditions may not permit the

match between felons and crime opportunities because of the effect of air pollution on market

agents’ morbidity and avoidance behaviors.

9It is important to keep in mind that decreasing the market tightness reduces the flow probability of criminals;
qθ = αAθ α−1 ≥ 0.
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