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We use 911 call records and mobile device location data to study the impact of the

coronavirus lockdown on domestic violence. The percent of people at home sharply

increased at all hours, and nearly doubled during regular working hours, from 45% to

85%. Domestic violence increased 12% on average and 20% during working hours.

Using neighborhood-level identifiers, we show that the rate of first-time abuse likely

increased even more: 16% on average and 23% during working hours. Our results

contribute to an urgent need to quantify the physical and psychological burdens of

prolonged lockdown policies. (JEL: J12, D63, I18, E65)

1. Introduction

In this article, we examine the impact of the coronavirus lockdown on
domestic violence. In response to the coronavirus pandemic, nearly all U.S.
states issued stay-at-home orders designed to restrict the movement of peo-
ple.1 The anticipated public-health benefit of these policies was to arrest the
spread of Covid-19 and lower the peak resource use of health care and emer-
gency services. But these policies came at considerable cost. The economic

We thank Bernard Black,Vandy Howell, Katherine Litvak, Max Schanzenbach, David
Schwartz, Eric Talley, Kimberly Yuracko, and seminar participants at Northwestern
University for helpful comments.

1. To the best of our knowledge, Arkansas, Iowa, Nebraska, North Dakota, and
South Dakota did not issue state-level orders. Our sample of 911 call records does not
cover any of these states.
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costs of lost GDP and mass unemployment are large, well-measured, and
well-understood. Much less understood, however, are the physical, psycho-
logical, and emotional costs of lockdown—of which domestic violence is
one tragically common example.2 These costs are difficult to quantify and
unlikely to be reflected in standard economic measures of welfare (Steven-
son and Wolfers, 2009). To evaluate the true social cost of ongoing lockdown
policies, it is therefore crucial to account for these sources of harm.3

We quantify the impact of lockdown on domestic violence by assembling
a database of approximately 50 million 911 call records from 14 large U.S.
cities. We also obtain mobile device location data from these same cities.
Together, these data allow us to study the impacts of lockdown on at-home
patterns and domestic violence. We find that both increased sharply during
lockdown (Figures 1 and 2). Domestic violence calls increased throughout
mid-March and peaked in earlyApril. By the end ofApril, domestic violence
calls returned to pre-lockdown levels. At the same time, the number of
people at home also abruptly increased but stayed high throughoutApril.The
largest increases in both at-home patterns and domestic violence occurred
during weekday daytime hours, when most adults would have otherwise
been at work and most children would have been in school.

While the surge in domestic violence appears to have been temporary,
there are at least two reasons to suspect that the harms will be long-
lasting. The first reason comes from the long-lasting nature of physical
and psychological trauma. While economies can recover from large, even
catastrophic, shocks, people may not be so resilient. Children who suffer
or witness abuse also suffer a range of psychological, behavioral, and aca-
demic problems throughout their lives.4 The harms from domestic violence
will therefore persist well after lockdowns end. The second reason is that
violence begets violence. Inasmuch as domestic violence is state dependent,
in the sense used by Heckman (1981), exposure to violence today increases

2. On the psychological costs of domestic violence, see generally, Russell (1990),
White and Koss (1991), Balsam and Szymanski (2005), Truman and Morgan (2014), and
Golding (1999).

3. This is especially urgent as subsequent waves of the virus—and potentially
additional lockdown orders—are expected in the medium term.

4. See Edleson (1999), Kilpatrick and Williams (1997), Truman and Morgan
(2014), and Snyder et al. (2016).
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Figure 1. The impact of lockdown on being at home.
The fraction of mobile devices at home at 12 p.m. each day (a proxy for the fraction
of people at home) for the sample of 14 U.S. cities listed in Table 1.

the likelihood of violence tomorrow, and temporary surges in abuse will
lead to a permanent increase in long-run levels.5

While we cannot directly estimate state dependence or the long-run
impact of lockdown, we nevertheless begin to address these issues by asking
whether lockdown caused people to commit abuse for the first time. The
impacts of lockdown could be especially persistent if the surge in domestic
violence came from households without a history of violence, or put another
way, if it caused an increase on the extensive margin of domestic violence.
This is because any state dependence would then act as a multiplier, causing
those households to experience more violence in the future.

To estimate changes on the extensive margin, we construct neighborhood
identifiers using address records attached to each 911 call. (City authorities
anonymize the address to the level of about half of one city block.) We then
show how the neighborhood-level data can provide a close approximation

5. Repeat-victimization in domestic violence is a fundamental concern for law
enforcement authorities. See, e.g., Hanmer et al. (1999).
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Figure 2. The impact of lockdown on domestic violence.
The average daily number of domestic violence 911 calls in the sample of 14 U.S.
cities listed in Table 1.

of the percentage change in the household-level extensive margin, as well
as an upper bound on the household-level intensive margin. Applying our
procedures to the data, we find that the impact on the extensive margin was
at least twice as large as the impact on the intensive margin: 16% on the
extensive margin versus an upper bound of 8% on the intensive margin.
Lockdown therefore had larger impact, in percentage terms, on households
without a history of domestic violence. To the extent that domestic violence
is state dependent, we conclude that the temporary surge will lead to a
permanent increase.

The surge in domestic violence in the wake of the coronavirus pan-
demic and lockdown has been documented across scores of countries.
See, for example, Perez-Vincent et al. (2020) (Argentina); Sifat (2020)
(Bangladesh); Das et al. (2020) and Ravindran and Shah (2020) (India);
Dahal et al. (2020) (Nepal); Calderon-Anyosa and Kaufman (2020)
(Peru); Sediri et al. (2020) (Tunisia); Leslie and Wilson (2020) and
Boserup et al. (2020) (United States); Javed and Mehmood (2020) (var-
ious countries)—among many others. The closest study to ours is perhaps
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Leslie and Wilson (2020), which also studies the U.S. context. Virtually all
studies demonstrate that domestic violence significantly increased in the
post-lockdown period.

Our study provides three unique contributions to this literature: (1) we
assemble the largest sample of 911 calls for service (14 U.S. cities that con-
stitute∼5% of the U.S. population); (2) we provide the first credible estimate
of the extent to which increased time spent at home is responsible for the
surge in domestic violence (specifically, an upper bound on this estimate);
and (3) we theoretically motivate and demonstrate how neighborhood-
level data can be used to separately identify bounds on changes in the
household-level extensive and intensive margins of domestic violence.

Two caveats are in order. First, we use the term “lockdown” as a catchall
for the total disruption caused by the pandemic and subsequent suspension
of regular economic and social interaction. We do so with the understanding
that the pandemic and the myriad public and private responses to it likely
affected domestic violence through a variety of channels. In our view, it
is likely that the surge in domestic violence did not come from shelter-
ing in place per se—that is, only from spending more time at home—but
rather from spending more time at home under the uniquely stressful condi-
tions created by the pandemic. The most straightforward reason comes from
Figures 1 and 2, which show that simply being at home under lockdown was
not sufficient to sustain an increase in domestic violence: domestic violence
call volumes rose with the number of people at home, but then dropped sig-
nificantly throughout April even as the number of people at home remained
constant.

The second caveat is that our conclusions on changes in domestic vio-
lence are based on reported incidents that result in a 911 call. Since most
incidents of domestic abuse do not result in a 911 call, the data are subject to
considerable reporting bias. Moreover, reporting bias may have increased
or decreased during lockdown. If domestic violence incidents were less
likely to be reported during lockdown, then our results would underesti-
mate the change in domestic violence.6 Indeed, lockdown made it much
more difficult to leave the house and go to a shelter or stay with a friend. A

6. Perhaps the strongest evidence of increased reporting bias comes from wide-
spread reports of an increased reluctance to contact emergency medical services for both
covid-19 and non-covid-19 reasons, as well as the related increase in at-home deaths.
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victim unable to leave the house might reasonably conclude that involving
the police would make matters worse. Even more troubling, the return to
pre-lockdown domestic violence levels could reflect additional increases
in reporting bias as lockdown wore on.7 Nevertheless, the reporting bias
inherent in our study is, relative to a typical empirical study of crime,
straightforward to characterize. A typical study might use crimes reported
by law enforcement authorities, and therefore be subject to the reporting
bias of victims, witnesses, and police. In contrast, we use 911 calls, which
are typically placed by victims or witnesses. Any reporting bias would thus
come directly from the victims and witnesses themselves.

The article is organized as follows. Section 2 summarizes the 911 call
records and mobile device location data. Section 3 reports the main results.
Section 4 reports estimates of the response to lockdown on the extensive
and intensive margins of domestic violence. Section 5 concludes.

2. Data and Summary Statistics

Our analysis combines two sources of data. The first source is 911 call
records for police service from 14 large U.S. cities. The second source is
mobile device location histories from those same cities. This section briefly
summarizes both sources of data. Additional details on data construction
can be found in the Supplementary Appendix.

2.1. Calls for Police Service

We obtained records of about 52 million 911 calls for police service,
of which about 6.3 million were placed during the main sample period
of January 1, 2020 through April 24, 2020 (Table 1). The records come
from 14 cities (or more precisely, 13 cities and 1 county) with a collective
population of about 17 million people. Depending on the city, there are
anywhere between 2 and 15 years of call records. The records are complete
for each city beginning January 1 of the starting year listed in Table 1 and
running through April 24, 2020.

At-home deaths spiked 4-fold in Detroit and 6-fold in New York City (Gillum et al.,
2020).

7. See, e.g., Ott (2020).
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Out of the 52 million 911 calls, approximately 1.6 million (3%) are
domestic violence-related. To determine whether a call was domestic
violence-related, we tabulated the short textual descriptions that accom-
pany each record, separately for each city, and manually read them to
identify domestic violence-related descriptors. This process yielded 291
unique domestic violence-related descriptors across the 14 cities.8

The domestic violence calls come from 116,809 distinct neighborhoods.
We constructed these neighborhoods from the call records by analyzing
the “origin of call” information attached to each record. For 11 of the 14
cities, each call record includes information about the geographic origin
of the call.9 The addresses in the call records are typically anonymized
to the 100-level address block. For example, the locations “310 Chicago
Ave,” “319 Chicago Ave,” and “375 Chicago Ave” would all be recorded
as “300 Block Chicago Ave.” Some cities also use intersections to record
locations (e.g. “Chicago Ave / State St”). We standardize these addresses to
ensure consistency within a city and then use them to define unique neigh-
borhood identifiers. Each neighborhood is thus about half of one city block
or smaller.

Domestic violence calls exhibit strong seasonality (Figure 3). In general,
call volumes increase linearly from the beginning of the calendar year, peak
in early and late summer, and then linearly decline throughout the rest of
the year. Four calendar days also stand out as outliers: July 4, July 5, and
December 25 each exceed average domestic violence call levels by more
than 20%, while January 1 exceeds the average level by more than 40%.

Importantly, however, the seasonal trend is stable throughout the period
we study: It is roughly linear and continuous during the weeks before and
after the calendar day of March 14 (which, for reasons explained below,
is the day we use to mark the beginning of lockdown). In the regression
analysis, we will use simple linear and quadratic trends to account for
seasonality.

Domestic violence calls increased sharply in the weeks following lock-
down. Figure 2 plots the average daily call volume in 2020. The average call

8. A list of these descriptors is given in the Supplementary Appendix.
9. The origin of domestic violence calls is not known for Los Angeles, Seattle,

and Sacramento.
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Figure 3. The seasonality of domestic violence 911 calls.
This figure shows that the seasonality of domestic violence 911 calls is, in years
before lockdown, continuous throughout the pre- and post-lockdown period. Each
dot is the average number of domestic violence 911 calls on that calendar day divided
by the average number of domestic violence 911 calls (across all days). The sample
is domestic violence 911 calls from all cities for all calendar days except February
29 and all years except 2020. The vertical line at March 14 indicates the start of the
lockdown period in 2020.

volume follows the usual linear trend up to the week ending on March 13. It
then sharply rises throughout lockdown and peaks in early April. By the end
of April, the call volume declines to the level predicted by the pre-lockdown
linear trend.

2.2. Mobile Device Location Data

The mobile device location data are a daily cross-sectional sample of
mobile devices physically located within the 14 cities in our sample. The
sample ranges from approximately 1.3 to 1.8 million devices per day, which
is roughly one-tenth the size of the total population of the cities they rep-
resent. The data provider identifies a mobile device as being “at home” by
comparing its current location to its history of nighttime locations for the
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past 6 weeks.10 The mobile device location data are available beginning
January 1, 2020.

We use the location data to estimate the total number of people at home
for each hour of each day. A limitation of the location data is that it includes
the number of devices found at home—but not the percent of devices that,
when pinged, were found at home. Thus, to construct an estimate of the
percent of devices at home, we must choose an appropriate denominator.
We take the simple approach of dividing the total number of devices found
at home in a given hour by the maximum number of devices found at home
during that day. Since the maximum typically occurs during one of the early
morning hours, this procedure normalizes the fraction at home to 1 for one
of the early morning hours. Formally, our estimate of the total number of
people at home at a given hour is

Population × mht

max{mh=1,t , . . . , mh=24,t} , (1)

where mht is the number of mobile devices at home on hour h of date t.
Figure 1 plots our estimate of the fraction of people at home at 12 p.m.

each day. The fraction at home on weekdays nearly doubled in mid-March,
from about 45% to 85%. For weekends, the increase was smaller but simi-
larly abrupt. The largest increase occurred on March 14. For this reason, we
will use that day—March 14, 2020—to define the beginning of lockdown.

Since not everyone is at home during the early morning hours, our estima-
tor of the fraction at home is biased upwards. To get a sense of the potential
scale of this bias, suppose the maximum number of people at home occurs
at 3 a.m. If the true fraction of people at home at 3 a.m. is 0.95, and the
true fraction at home at 12 p.m. is 0.5, then our estimate at 3 a.m. would be
biased upward by 5 percentage points (= 95/95 − 95) and our estimate at
12 p.m. would be biased upward by 3 percentage points (≈ 50/0.95 − 50).

More importantly, this procedure may also underestimate the change
in the fraction at home caused by lockdown. Consider the change in at-
home patterns on weekdays at 12 p.m. From Figure 1, the fraction at home
increased 40 percentage points (from 0.45 to 0.85). If lockdown caused

10. The data were provided by SafeGraph. See the Supplementary Appendix for
additional details.
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the maximum fraction at home to increase from, say, 0.95 to 0.99, then
the true change on weekdays at 12 p.m. would have been 41 percentage
points (from 0.43 to 0.84). The bias for the weekday daytime change is
therefore likely small. On the other hand, and continuing the example from
above, suppose the maximum fraction at home always occurs at 3 a.m. Then
the true change at 3 a.m. would be 4% (95–99), but our procedure would
normalize this to zero by construction. In percentage terms, the scale of the
downward bias is therefore modest for the main daytime estimates (where
the percentage point charges are large), but potentially significant for the
nighttime estimates (where the percentage point changes are small). We will
keep this bias in mind when interpreting the results below.

3. The Impact of Lockdown on Domestic Violence

3.1. Baseline Results

We begin by estimating the total impact of lockdown on domestic
violence. Our baseline specification is

ln yht = β0 + β1Lockdownt + β3t + β4t2 + μdow×h + uht , (2)

where yht is the number of domestic violence 911 calls during hour h of
date t, Lockdownt is an indicator equal to 1 if t is on or after March
14, 2020, β3 and β4 are coefficients of a quadratic trend, and μdow×h is
a fixed effect for each cell defined by the interaction of day-of-week and
hour-of-day (7 × 24 − 1 total fixed effects). β1 measures the percentage
increase in domestic violence calls. The quadratic time trend is designed
to control for the seasonality of 911 calls (Figure 3). To estimate equa-
tion 2, we use calls placed between January 2, 2020 to the end of the
sample (April 24, 2020). We choose this time frame to ease comparison with
later estimates that use the mobile device location data, which is available
beginning January 1, 2020. We exclude January 1 because it is a consistent
outlier.

Our baseline estimate of the increase in domestic violence caused by
lockdown is 12% (Table 2, panel A). The estimate is similar (13%) even
without controls for hour of day, day of week, or seasonal trends. Because
lockdown had the greatest impact in at-home patterns during working hours,
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we separately estimate equation 2 for periods defined by the interaction
of daytime (9 a.m.–9 p.m.) and weekday (Monday–Friday). The largest
increase occurred during daytime hours: 20% for weekdays and 17% for
weekends. The nighttime increase was 9% for weekdays and less than 1%
for weekends. The latter estimate is not statistically significantly different
from zero at conventional levels of confidence.

3.2. The Effect of Increased Time Spent At Home

Since lockdown forced people to stay at home, it is natural to ask whether
the impact of lockdown on domestic violence is, in percentage terms, equal
to the impact of lockdown on at-home patterns (i.e. whether the elasticity of
domestic violence with respect to people at home is equal to one). Further, it
is also natural to ask whether the differential impacts we observe throughout
the week are consistent with a constant-elasticity model.

To address these questions, we posit a standard two-stage process in
which the log number of domestic violence 911 calls is a function of the
number of people at home, and the log number of people at home is in turn
a function of whether the community is under lockdown:

ln yht = γ0 + γ1 ln xht + uht (3)

ln xht = π0 + π1Lockdown + vht , (4)

where xht is the number of people at home during hour h on day t. Although
this formulation is equivalent to using the lockdown period as an instrumen-
tal variable for time spent at home, it is worth emphasizing that we do not

interpret γ1 as the causal effect of being at home on domestic violence. To
be sure, domestic violence typically occurs at home, and lockdowns exoge-
nously forced people to stay home. But lockdowns were triggered by the
coronavirus pandemic, which together with lockdown itself led to unem-
ployment, anxiety, and myriad other forms of economic and psychological
distress that directly impacted domestic violence. To be a valid instrument
for time spent at home, lockdown would have had to impact domestic vio-
lence “only through” its impact on the number of people at home. Since
this assumption is probably false, lockdown is not a valid instrument for the
number of people at home.
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Nevertheless, γ1 has two related and useful interpretations. Firstly, and as
a matter of arithmetic, γ1 is the ratio of two causal effects: it is the reduced-
form effect of lockdown on domestic violence (β1 from equation 2) divided
by the first-stage effect of lockdown on being at home (π1 from equation
4). It therefore provides one way to scale the reduced-form estimates and
compare the differential impacts of lockdown throughout the hours of the
week. For example, if γ1 were, say, 0.40, then we would conclude that the
impact of lockdown on domestic violence was 40% of its impact on being
at home.

The second and related interpretation of γ1 is that, under plausible
assumptions, it is an upper bound on the causal effect of being at home on
domestic violence. To see this, recall that lockdown is not a valid instrument
for being at home because it likely violates the “only through” assumption:
lockdown caused more people to stay home, but it also caused economic and
psychological distress that in turn may have directly affected rates of domes-
tic violence.Yet suppose one partitions the impacts of lockdown on domestic
violence into two channels: the first, which we will call the mechanical effect
of lockdown, is the true effect of more people at home on domestic violence.
The second, which we will call the collateral effects of lockdown, is the sum
of all other nonmechanical influences of lockdown on domestic violence.
The collateral effects include any channel—any economic or psychologi-
cal stress—that increased the rate of domestic violence per person-hour at
home. We refer to this set of effects as “collateral” because they were clearly
not the intended effects of stay-at-home orders, private self-isolation, lay-
offs, and all the other public and private responses to the pandemic. If one
assumes that the collateral effects jointly led to a net increase in domestic
violence, then γ1 is an upper bound on the mechanical effect because it
attributes the entire change in domestic violence to the change in time spent
at home. Put another way, γ1 is the mechanical effect under the (invalid)
assumption that lockdown increased domestic violence “only through” its
increase on the number of people at home.

Moving to the estimates, panel B of Table 2 reports results from the
first stage: the effect of lockdown on the number of people at home. As
one might expect, the largest increase in at-home patterns occurred during
regular working hours. The number of people at home for all hours increased
14 percent. The increase during daytime, however, was 32% for weekdays
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and 13% for weekends. The increases during nighttime were much smaller:
5% for weekdays and less than 1% in magnitude for weekends. It is worth
noting, however, that the nighttime weekend estimate includes the hour-
of-day and quadratic time trend. Without these controls, the simple post-
lockdown difference is 2% and statistically significant.

For nighttime hours, there are two reasons to prefer the simple difference
estimates without controls. First, as explained in Section 2, the upward bias
inherent in our estimate of the number of people at home, while small in
terms of percentage point differences, increases in percentage differences as
the fraction of people at home goes to 1. This could lead us to underestimate
the change in at-home patterns, especially for the early morning hours. On
the other hand, and partially mitigating the magnitude of this potentially
large bias, the change in at-home patterns is substantial during many of the
hours that are included in the nighttime estimates, specifically, during the
hours between 7 a.m.–9 a.m. and 9 p.m.–11 p.m. Second, the change in
at-home patterns at night are likely small to begin with, as most people are
probably asleep during at least half the hours between 9 p.m. and 9 a.m. The
extrapolation of any pre-lockdown trend could therefore overwhelm these
small differences, leading to a zero (or even negative) estimate (Bound et al.,
1995). For these reasons, we interpret the nighttime first- and second-stage
estimates with caution, as the first-stage estimate may be biased downward.
At the same time, however, one may be more confident in interpreting the
daytime estimates because the impact of the two concerns outlined above
is likely to be much smaller.

Moving to the second-stage estimates (Table 2, panel C), the upper bound
on the elasticity of domestic violence with respect to people at home is 0.85
(column 2). Thus, in percentage terms, the total change in domestic violence
was 85% of the total change in at-home patterns. We fail to reject the null
hypothesis that the elasticity is equal to 1, using both a basic t-test and the
more accurate Anderson and Rubin (1949) test.11

11. The p-value for the Anderson and Rubin (1949) test is p = 0.29 (column 2).
Generally for columns 1 through 6, the first-stage relationship is strong enough that there
is little difference between an asymptotic t-test and an Anderson and Rubin (1949) test.
However, for the results without controls (column 1), we reject the null that the elasticity
is equal to 1 using either approach.
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With full controls, the daytime estimates of γ1 are 0.62 for weekdays and
1.29 for weekends. Relative to the change in at-home patterns, the increase in
domestic violence during weekday daytime hours, while larger in absolute
terms, is thus smaller than the increase during weekend daytime hours. The
difference in these estimates is statistically significant at conventional levels
(p = 0.02, column 4 versus column 6).12

In summary, the results provide evidence against a simple proportional
model. While we cannot reject the simple proportional model on average
(column 2), we can reject equality of the proportions during daytime hours
for weekdays versus weekends (columns 4 versus 6). We conclude that the
lockdown-associated surge in domestic violence likely reflects a mixture of
causal channels more complex than the simple mechanical increase in the
number of people at home.

4. The Impact of Lockdown on the Extensive versus Intensive
Margin of Domestic Violence

Finally, we ask whether the surge in domestic violence came from
households with or without a history of domestic violence. To answer this
question, one could use a panel of individual- or household-level data to
estimate the impact of lockdown on the extensive versus intensive mar-
gin. The change in households without prior domestic violence calls would
be the change in the extensive margin, while the change in households
with prior domestic violence calls would be the change in the intensive
margin. Unfortunately, the 911 call data do not include an individual or
household identifier. They do include, however, addresses that were coars-
ened to the level of about one half of one city block, which we use to
construct neighborhood-level identifiers. In this section, we show how the
neighborhood-level data can provide an approximation of the change in the
extensive margin of domestic violence, as well as an upper bound for the
change in the intensive margin.

12. However, without controls, the estimates are much more similar (0.52 for
weekdays, 0.61 for weekends). Given the sampling variability of each estimate, it is
perhaps not surprising that the data suggest little difference between the two estimates
(p = 0.60, column 3 versus column 5).
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4.1. Theoretical framework

We begin by defining the extensive and intensive margins of domestic
violence. We will say that a call occurs on the extensive margin if it is the first
call for that household since period t = 0, for some start date normalized
to zero. Otherwise, the call occurs on the intensive margin.

It is worth pausing here to clarify the role that the “start date” plays in
both the theoretical model and the empirical application. In principle, the
first “true” extensive margin event for a given household is the first time that
the household places a 911 call. Given household-level data, the ideal start
date would therefore be the date that the household was formed. However,
this is not feasible in our setting because the call data are at the neighborhood
level. It is for this reason that we redefine the first extensive margin event as
the first call since a given start date, and then show (in Appendix Section A)
how changes in the (redefined) neighborhood margins can identify changes
in the (redefined) household margins. Thus, the interpretation of the results
depends on the specific choice of start date. Since the exact choice of start
date is arbitrary, the empirical section repeats the analysis for a variety of
start dates.

Returning to the model, let θi denote the probability that household i

places a domestic violence 911 call in a given period. The expected number
of calls in period t is then

μt =
∑

i

θi. (5)

The expected contribution of household i to the extensive margin is

μext
it = θi ·

t∏
τ=1

(1 − θi) (6)

and the expected contribution of household i to the intensive margin is

μint
it = θi ·

[
1 −

t∏
τ=1

(1 − θi)

]
. (7)

We model lockdown as a shock that occurs in period s and scales up θi for
all t ≥ s. The scaling factor is allowed to differ for domestic violence calls
on the extensive versus intensive margin. Let η denote the scaling factor for
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the extensive margin, and ε the scaling factor for the intensive margin. After
the shock, household i’s expected contribution to the extensive margin is

μext
it≥s = (1 − θi)

s(1 − η · θi)
t−s · θi · η (8)

and its expected contribution to the intensive margin is

μint
it≥s = [

1 − (1 − θi)
s(1 − η · θi)

t−s] · θi · ε. (9)

This motivates the following econometric modeling of the log aggregate
extensive and intensive margin counts in period t:

ln yext
t ≈ κ1 + I (t ≥ s) · ln η + κ2 · t (10)

and

ln yint
t ≈ κ3 + I (t ≥ s) · ln ε, (11)

where yext
t is the total number of calls from households without a call since

period t = 0, yint
t is the total number of calls from households with at least

one call since period t = 0, I (·) is the indicator function, and κ1, κ2, and κ3

are constants. After the shock, the magnitude of each margin shifts by an
amount approximately equal to (one minus) the scaling factors η and ε.

As noted, a limitation of our data is that it identifies calls at a neighbor-
hood level, but not a household level. However, neighborhood level data
contain valuable information for the intensive–extensive breakdown of our
results. An increase in calls from a neighborhood with no history of calls
can only occur on the extensive margin. An increase in calls from a neigh-
borhood with a history of calls, on the other hand, could come from either
the intensive or extensive margin, and therefore represents a mixture of the
two. Appendix Section A develops the implications of this intuition. Letting
∼ denote neighborhood-level quantities, Appendix Section A shows that η̃
is a reasonable approximation of η and that ε̃ is a bound (upper or lower,
depending on η) on ε.

In practice, it may be that the impact of lockdown on the extensive
margin differs by neighborhood. In that case, our estimate of η is valid for
the households in neighborhoods with low rates of domestic violence. Note
that a neighborhood-level rate can be low either because the rates of its

D
ow

nloaded from
 https://academ

ic.oup.com
/aler/article/23/1/137/6289818 by guest on 07 Septem

ber 2021



Impact of Coronavirus Lockdown 155

constituent households are low, or because there are simply few households
in the neighborhood.

4.2. Results

To estimate the impact of lockdown on the extensive and intensive
margins, we use the specifications implied by the theoretical framework:13

ln yext
t = φ0 + φ1Lockdownt + φ2t + ut (12)

ln yint
t = ψ0 + ψ1Lockdownt + ψ2t + vt . (13)

The change in the extensive margin is φ1, and the bound on the change in
the intensive margin is ψ1.

As a baseline, we use 18 months before the lockdown period (September
14, 2018) as the start date to define the extensive and intensive margins. A
domestic violence 911 call thus contributes to the extensive margin if it is
the first neighborhood-level call since September 14, 2018. Otherwise, it
contributes to the intensive margin. In addition, since the functional form
approximations from equations 10 and 11 hold only when t is sufficiently
large relative to θ ( when one is sufficiently far from the start date that defines
both margins), we only use observations beginning 150 days after the start
date to estimate both equations. The approximations appear to be valid about
150 days after the start date, at which point the extensive margin is roughly
linear and the intensive margin is roughly constant (figure 4). Finally, since
the choice of start date and estimation window is arbitrary, we also produce
estimates for other start dates and estimation windows.

The impact on the extensive margin is consistently larger than the (upper)
bound of the impact on the intensive margin. Table 3 reports estimates using
the start date September 14, 2018 and commencing estimation 150 days
later. The change in the extensive margin is larger on average (16 percent
versus 8 percent) as well as for each of the sub-periods during the week.
During daytime, the increase was 23 versus 14 percent for weekdays, and

13. In our simple model, ψ2 ≈ 0 for sufficiently large t. See section A. Also, the
estimates below do not include Detroit because data are not available before January 1,
2019. Similar results are obtained when one restricts the start dates to January 1, 2019
and later. (Results not shown.)
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Figure 4. The impact of lockdown on (a) the extensive margin and (b) the intensive
margin of domestic violence (Monday–Friday, 9 a.m.–9 p.m.). A call is on the
extensive margin if it is the first call from that neighborhood since September 14,
2018 (18 months before lockdown begins). Otherwise, the call is on the intensive
margin.
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25 versus 10 percent for weekends. During nighttime, the changes were
smaller: 12 versus 6 percent for weekdays, and 1 versus -1 for weekends.
(The latter result is not statistically significant.) Given that our estimate of
the intensive margin change is an upper bound, these results suggest that
the percentage change in the extensive margin is roughly twice as large (or
more) than the change in the intensive margin.

Finally, the main result – that the impact on the extensive margin was
greater than the impact on the intensive margin – is robust to a variety
of start dates and estimation windows. Specifically, it is robust to using
start dates between 12 and 24 months before lockdown, and estimation
windows that begin 120, 150, and 180 days after the start date. In theory,
one might prefer the earlier start dates as they are more likely to capture a
household’s true first domestic violence call (and thus reflect the true change
in the extensive margin). On the other hand, an earlier start date allows
more time for household and neighborhood turnover to bias the estimates
in unknown directions. In table 3, we chose 18 months before lockdown as
an (admittedly arbitrary) balance between these two concerns. Somewhat
reassuringly, however, estimates of changes on the extensive margin are
fairly stable, particularly for start dates that are 18 months or more before
lockdown.14

5. Conclusion

We used 911 calls for police service to study the impact of the coron-
avirus lockdown on domestic violence. Domestic violence calls surged in the
weeks following lockdown, from mid-March to early-April, and returned
to pre-lockdown levels by the end of April. The largest increases occurred
during weekday daytime hours, when most adults and children would have
otherwise been at work or in school. Using mobile device location data, we
found that these hours also experienced the greatest disruption in at-home
patterns. Lockdown is especially likely to have led to episodes of first-time
abuse: the increase from neighborhoods with no recent history of violence
was roughly double the increase from neighborhoods with a recent history
of violence.

14. See the Supplementary Appendix.
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Our results are important for evaluating the total social cost of pro-
longed lockdown policies. Compared to the economic costs of lost GDP
and unemployment, the physical and psychological costs of lockdown are
much more difficult to observe and quantify. They are, however, just as
important contributors to welfare.

A. Technical Appendix

This appendix section formally shows how we use neighborhood-level
data to identify household-level changes on the extensive and intensive
margins.

Household-level margins. For plausible baseline call rates,15

(1 − η · θi)
t−s ≈ (1 − θi)

t−s (A.1)

for t close to s, and

(1 − θi)
t ≈ 0 (A.2)

for sufficiently large t. Thus

ln yext
t ≈ ln

∑
i

(1 − θi)
t · θi + I (t ≥ s) · ln η (A.3)

ln yint
t ≈ ln

∑
i

θi + I (t ≥ s) · ln ε. (A.4)

Neighborhood-level margins. We observe the neighborhood-level
extensive and intensive margins:

μ̃ext
t =

{ ∑
g(1 − θg)

t · θg for t < s∑
g(1 − θg)

s(1 − η̃ · θg)
t−s · θi · η̃ for t ≥ s

}
(A.5)

and

μ̃int
t =

{ ∑
g

[
1 − (1 − θg)

t
] · θg for t < s∑

g

[
1 − (1 − θg)

s(1 − η̃ · θg)
t−s

] · θi · ε̃ for t ≥ s,

}
(A.6)

15. The average daily call rate is about 3–5 per 100,000.
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where

1 − θg =
∏
i∈g

(1 − θi) (A.7)

is the probability of zero calls in neighborhood g in a given time period.
Consider the extensive margin scaling factor for neighborhood g, denoted

η̃g . Suppose there are n persons in neighborhood g, and make the simpli-
fying assumption that θi = θ ∀i ∈ g.16 Then the percentage change in the
neighborhood-level extensive margin is

η̃ = 1 − ∏
i∈g(1 − η · θi)

1 − ∏
i∈g(1 − θi)

= 1 − (1 − η · θ)n
1 − (1 − θ)n

= η ×
∑n

k=1

(n
k

)
θ k(−η)k−1∑n

k=1

(n
k

)
θ k(−1)k−1

= η ×
(n

1

)
θ − (n

2

)
θ2η + (n

3

)
θ3η2 − (n

4

)
θ4η3 + . . .(n

1

)
θ − (n

2

)
θ2 + (n

3

)
θ3 − (n

4

)
θ4 + . . .

≈ η.

(A.8)

As an estimate of η, η̃ has a second-order downward bias, a third-order
upward bias, a fourth-order downward bias, and so on. The net bias is
downward, and the magnitude increases with η, n, and θ . For plausible
values of η, n, and θ , however, the bias is negligible. The order of magnitude
of the bias is roughly θ ·n. In neighborhoods without recent calls, it is likely
that the typical household call rate is well below average. Nevertheless,
using the conservatively high level of the average daily call rate from the
data (about 0.00004) and a neighborhood size of 25, a household-level
η of 1.5 would yield a neighborhood-level η̃ of approximately 1.4996. A
neighborhood of 250 would be 1.4963.

Next consider the neighborhood-level intensive margin. In pre-shock
periods we observe

μ̃int
t<s =

∑
g

(
1 − (1 − θg)

t) · θg (A.9)

16. This is without loss of generality given sufficiently small θ .
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and in the period of the shock we observe

μ̃int
t=s =

∑
g

(
1 − (1 − θg)

t) · θg · ε̃. (A.10)

The (immediate) percentage change in the intensive margin for neighbor-
hood g is

ε̃g = 1 − ∏
i∈g {(1 − θi)

s(1 − η · θi)+ (1 − (1 − θi)
s)(1 − ε · θi)}

1 − ∏
i∈g(1 − θi)

= 1 − ∏
i∈g {1 − (ε + a · (η − ε)) · θi}

1 − ∏
i∈g(1 − θi)

,

(A.11)

where a = (1−θi)
s. The neighborhood-level intensive margin is thus biased

toward η.
ε̃ is a reasonable approximation of ε only in three special cases: (1) when

all persons in neighborhood g have had a recent call (a = 0), (2) when
persons in g without a recent call have baseline rates of zero (θi|a>0 = 0),
and (3) the knife-edge case when ε = η. In cases (1) and (2), post-shock
calls in neighborhoods with a recent call can be attributed to the intensive
margin. In case (3), the neighborhood-level elasticity is “biased” toward the
household-level elasticity. In the general case when neither (1) nor (2) nor
(3) hold, a comparison of ε̃ and η̃ will determine whether ε̃ is an upper or
lower bound on ε. If ε̃ > η then

η < ε̃ < ε (A.12)

and ε̃ is a lower bound on ε, while if ε̃ < η then

ε < ε̃ < η (A.13)

and ε̃ is an upper bound on ε.

Supplementary material

Supplementary material is available at American Law and Economics

Review Journal online.
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