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proximately 1.6 gigatonnes in the early
21st century. Regions in East and Central
Asia, Central Africa, and North and South
America have shown substantial depletion
in soil moisture. The findings also indi-
cate that lost terrestrial water has not re-
covered to previous levels. This persistent
decline suggests that the negative shift in
soil moisture may be irreversible because
of prolonged drought conditions and re-
duced precipitation in certain regions.
Although Seo et al. provide an analysis
of global terrestrial water variations over
the past two decades, a broad range of
factors that influence precipitation and
evapotranspiration (the transfer of water
from land to atmosphere through evapo-
ration and transpiration) must also be
considered. Advanced land surface and hy-
drological models that can accurately rep-
resent these factors under the influence of
changing climate are crucial to capturing
the evolution of terrestrial water storage.
The findings of Seo et al. underscore the
urgent need to improve parameterization
of land surface models to better under-
stand complex geophysical problems (14).
Developing next-generation models that
incorporate anthropogenic influences such
as farming, large dams, and irrigation sys-
tems (3) is essential. The ongoing advance-
ments of a land surface modeling system
by the European Centre for Medium-Range
Weather Forecasts represents a promising
step forward (I5). These improvements
could reduce uncertainties and enhance
our understanding of the impacts of cli-
mate change on the global water cycle.
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New data fill long-standing
gaps in the study of policing

Data show discrimination, but analysis

must be more policy relevant

By Dean Knox! and Jonathan Mummolo?

ata limitations have long stymied

research on racial bias in policing.

To persuasively demonstrate bias,

scholars have sought to compare offi-

cer behavior toward minority versus

white civilians while holding con-
stant all other factors in the police-civilian
encounter that might provide alternative
explanations for enforcement disparities.
These comparisons in “similar circum-
stances” are also critical in litigation con-
cerning discriminatory policing, which can
often lead to court-ordered remedies (I).
Such “all-else-equal” scenarios are elusive
in many realms of social science, but two
challenges have made them particularly
difficult to find in the study of policing. On
page 1397 of this issue, Aggarwal et al. (2)
report using data from the ridesharing ser-
vice Lyft—having obtained vehicle location
on more than 200,000 drivers using high-
frequency GPS pings from their smart-
phones—to analyze speeding enforcement
by the Florida Highway Patrol (FHP) and
to show how such data offer a path for-
ward for addressing both challenges.

One challenge to establishing all-else-
equal comparisons in studies of policing is
that standard police datasets contain one-
sided officer accounts of civilian behavior,
which past work has shown do not always
accurately measure actual driver behavior.
For example, prior research (3) has shown
that in the same FHP context, officers gave
white drivers a “discount” on tickets by re-
porting lower speeds relative to the speeds
reported for minority drivers. Aggarwal et
al. use the Lyft data to construct an objec-
tive measure of speeding behavior.

The other challenge is that traditional
police-generated datasets are inherently
selective: For example, they do not contain
every police-civilian encounter in which an
officer could have cited a speeding driver
but rather only the subset in which an of-
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ficer chose to pull vehicles over and there-
fore had to fill out forms documenting
the stop. Research has shown that under
reasonable assumptions, if there is racial
bias in the initial decision to stop, then
analyses that take the resulting stop data
at face value—e.g., using them in standard
regression analyses—can substantially un-
derestimate racial bias in subsequent deci-
sions, such as whether to issue a citation
(4). Intuitively, this is because differential
selection into the data means that—even
if encounters appear to be similarly situ-
ated on observed characteristics—stops
of minority and white civilians will likely
differ on unobservable characteristics that
influenced officers’ stopping decisions. The
approach of Aggarwal et al. resolves this
challenge too, by allowing researchers to
observe all times when Lyft drivers are ac-
tive rather than only the selected sample of
those where officers chose to detain them.

Using these rich data, Aggarwal et al.
find statistically significant evidence of
discriminatory policing even among Lyft
drivers incentivized to drive safely—a sub-
group where effects are likely to be lower
than those observed in the general driving
population. How consequential is this dis-
crimination in substantive or legal terms?
The answer is more complex than it may
appear and hinges on the specifics of how
the statistical estimand—the quantity of
interest targeted by the research design
and analysis—relates to legal standards of
evidence in discrimination cases. This con-
nection is one that academic work on po-
licing, including Aggarwal et al., has rarely
considered. Nevertheless, it is critical to
ensuring that scientific research translates
into real-world impact.

On their face, the disparities demon-
strated by Aggarwal et al. appear substan-
tively small: The largest estimates of racial
discrimination translate to roughly one ad-
ditional speeding citation per 28 years of
full-time driving and roughly one additional
dollar in fines per year. But these results
cannot be correctly interpreted without con-
sidering both the circumstances in which
drivers are observed and the precise com-
parisons on which these estimates are based.
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On the former point, drivers observed in
the Lyft data reported by Aggarwal et al.
rarely speed to any notable extent. In 85.3%
of pings, drivers are not speeding at all—
meaning that FHP cannot defensibly issue
a speeding citation, let alone discriminate
in doing so. Another 11.3% of pings involve
only slight speeding violations, which are
rarely enforced. This means that aggre-
gate-level differences that initially seem
small are in fact driven by far larger differ-
ences in the most relevant 3.4% of observa-
tions where notable speeding occurred. In
seeking to address discriminatory law en-
forcement, civil rights practitioners litigat-
ing similar issues have therefore focused
on scenarios where officers might plausi-
bly exhibit the behavior of interest, rather
than reporting estimates that are diluted
by the 96.6% of scenarios where discrimi-
natory enforcement is almost mechani-
cally precluded (5). For example, a recent
US Department of Justice (DOJ) investiga-
tion of the Phoenix Police Department in
Arizona estimated racial bias in ticketing
“Among drivers who speed..” and “Among
drivers who engage in low-level moving
violations..” [(6), p. 60]. Focusing on these
potentially enforceable cases requires a
different statistical estimand.

The latter point is a more subtle one that
touches on the relationship between statis-
tical analysis and discrimination case law,
which focuses not on differences between
the treatment of two groups in general
but rather on demonstrating harm to one
protected group specifically. For example,
a DOJ legal manual on the topic states,
“To prove...systemic discrimination...A
plaintiff in a pattern or practice case can...
[present] statistical evidence of similarly
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Aggarwal et al. report racial discrimination in policing using vehicle location data on more than 200,000 drivers.

situated individuals not in the protected
class who were treated better than those in
the protected class” [(7), p. 22]. The focus
is on realized harm to actual minority driv-
ers, in the sense that (according to a sta-
tistical analysis) they were treated worse
than a hypothetical group of white driv-
ers encountered in circumstances similar
to those of the actual minority drivers. In
statistical terms, this is known as an aver-
age treatment effect on the treated (ATT),
where minority status may be regarded as
the “treatment” in the parlance of causal
inference. By contrast, the overall aver-
age treatment effect (ATE) that Aggarwal
et al. appear to target also incorporates an
additional comparison that does not in-
volve realized harm to minority drivers—
whether actual white drivers were treated
better than hypothetical minority drivers
encountered in circumstances similar to
those of actual white drivers. Both ATT and
ATE can be estimated using the same data,
though the less-relevant ATE can often be
estimated with more statistical precision
because it relies more heavily on data for
white drivers, who are far more numerous.
Notably, the ATT and ATE can diverge sub-
stantially because, as Aggarwal et al. show,
minority drivers tend to be younger and
drive vehicles with different characteristics,
they likely drive in different geographic ar-
eas, and these differing circumstances are
among the most important factors influenc-
ing police citation decisions.

Moving from academic research to prac-
tical applications has other implications
for statistical analysis. For one, it requires
researchers to recognize that the quantity
examined in any particular study—in the
case of Aggarwal et al., relating to officers

discriminatorily citing minority versus
white drivers in comparable locations and
times—tells only part of the broader story
about how discrimination may manifest in
law enforcement. For example, it may be

just as important to study bias in how of-

ficers are assigned to work those locations
and times in the first place—estimands that
may reveal patterns of, for example, overde-
ployment in minority neighborhoods caus-
ing disparate impact.

To be clear, academic research on discrim-
inatory policing need not always tailor its
statistical analyses for policy settings. And
Aggarwal et al. have provided a template
for using recent technological advances to
overcome some of the most challenging ob-
stacles impeding policing research. But to
maximize impact on pressing social prob-
lems, this study—like decades of research
before it (8)—could benefit from greater
clarity about the specific estimand being
targeted and a precise explanation of why
it is the most relevant quantity of interest.
This clarification is imperative if academ-
ics wish to aggregate knowledge across in-
dependent studies being conducted on the
roughly 18,000 police agencies in the US.
To conduct meaningful meta-analyses and
comparisons, scholars will need to agree on,
and precisely specify, the statistical quanti-
ties that they seek to measure.
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