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Abstract

Purpose/Goal This research investigates the potential link between mobility and violent crimes in Tamil Nadu, India,
using an empirical study centred on the COVID-19 pandemic waves (2020-2022). The goal is to understand how
these events influenced crime, employing a counterfactual approach.

Methods The study employs the XGBoost algorithm to forecast counterfactual events across different timeframes
with varying levels of mobility. The mobility data sources include historical bus and passenger records spanning a
decade, along with Google Community Mobility Reports added during the pandemic phases. The foundation for
crime analysis is built upon the univariate time series of violent crimes reported as First Information Reports from 2010
to 2022.

Findings Results indicate a significant correlation between mobility and violent crimes when mobility drops below

a specific threshold. However, no such correlation is observed when mobility is above this threshold during the non-
pandemic periods. The COVID-19 pandemic had a major impact on people’s and vehicular mobility, especially during
the complete lockdown periods of the first two waves, and also affected crime rates.

Conclusions The decrease in recorded incidents could also be attributed to fewer criminal opportunities.
Additionally, this could be due to unfavourable situational factors, such as victims'limited access to appropriate health
and law enforcement agencies to report crimes. Furthermore, frontline services were busy with pandemic-related
commitments, which could have contributed to a lack of crime registration even when crimes were committed.
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Introduction

Mobility holds a pivotal role in shaping crime dynamics
by influencing spatial crime distribution and victimisa-
tion risks (Browning et al,, 2021). It impacts opportu-
nities for crime, either by bringing together potential
offenders and targets or by disrupting social controls and
fostering anonymity (Felson & Cohen, 1980). This under-
standing is vital for crafting effective crime prevention
strategies.

In Tamil Nadu, India, human mobility is influenced by
a multitude of factors. Public health crises, such as the
COVID-19 pandemic, have led to lockdowns and social
distancing measures, markedly altering mobility patterns
(Paramasivan et al., 2022). Natural disasters, including
cyclones and floods, particularly in Chennai, necessitate
evacuations and disrupt travel, as observed by Narayan
(2017). Economic drivers also play a role, with certain cit-
ies experiencing an influx of guest workers (Ramesh &
Ramya, 2023). Political events, like the deaths of promi-
nent leaders, have drawn millions to urban areas, drasti-
cally impacting mobility (The Asian Age, 2018; Times of
Islamabad, 2016). Additionally, technological advance-
ments have facilitated remote work, reducing the need
for commuting (Mukherjee & Narang, 2023). Improved
transportation infrastructure undoubtedly plays a role
in influencing movement patterns. Overall even during
non-pandemic times, there is considerable variation in
the mobility pattern.

Extreme events like pandemics significantly dis-
rupt mobility patterns, primarily due to imposed travel
restrictions and social distancing measures. (de Palma et
al., 2022). Such disruptions can cause disorientation and
economic hardships, affecting people’s ability to move
(Onyeaka et al.,, 2021). Grasping these effects is crucial
for responding to crises and curbing their impact on pub-
lic safety.

To capture this dynamic mobility landscape, the study
utilises two key data sources. First, it leverages passen-
ger and operational data spanning a decade (Jan. 2010
— Dec. 2022) from one of the largest bus transport corpo-
rations in the region that is responsible for all the public
transport in Tamil Nadu. Second, the study incorporates
Google Mobility Community Reports for Tamil Nadu,
encompassing pandemic and post-pandemic periods
across six land-use categories. This comprehensive data
approach will enable a nuanced understanding of human
mobility patterns within Tamil Nadu.

The COVID-19 pandemic’s unprecedented restrictions
on movement offer a unique opportunity to examine the
causal relationship between human mobility and violent
crime rates. Taking advantage of a situation resembling
a natural experiment, this study examines how changes
in mobility patterns, especially during the three distinct
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pandemic waves with varying lockdown strictness, affect
violent crime rates in Tamil Nadu (TN), India.

Directly comparing crime rates during the pandemic
to pre-pandemic periods can be misleading due to fac-
tors like existing trends, seasonal variations, and holiday
effects. To overcome this challenge, this research utilises
a counterfactual approach that quantifies the impact
of the pandemic on violent crime. The study employs a
robust machine learning model, XGBoost, to perform
a counterfactual prediction. This analysis estimates the
crime rate that would have likely occurred in the absence
of the pandemic. By comparing the actual reported crime
rate with the predicted counterfactual rate, we can isolate
the causal impact of the pandemic on crime.

To further elucidate the relationship between mobil-
ity and crime, the study replicates the counterfactual
analysis using mobility data, specifically focusing on
passenger volume and the number of buses operat-
ing. Although the primary emphasis is on the pandemic
period and its induced mobility patterns in Tamil Nadu,
the research spans nearly a decade, providing a broader
context for understanding the dynamics between mobil-
ity and violent crime. This extensive approach enables a
comprehensive assessment of how variations in mobility
influence violent crime rates in Tamil Nadu, extending
beyond the pandemic period alone.

Literature review and theoretical framework

Human mobility and crime

Browning and colleagues (2021) highlight the growing
importance of human mobility in understanding crime
patterns. They propose three key perspectives: place and
neighborhood approaches, which analyze how the con-
centration of potential offenders, victims, and guardians
in specific areas influences crime rates; person-centered
approaches, which focus on individual movements and
interactions with places to assess personal crime risk;
and ecological network approaches, which examine
broader systems of connections based on shared activity
locations to understand how these connections impact
crime variations at both individual and spatial levels.
These perspectives collectively underscore the increas-
ing theoretical significance of mobility within the field of
criminology. Studies have demonstrated that increased
human mobility often correlates with higher property
crime rates in large cities. This suggests that previous
research on population size and crime rates might have
been skewed by the presence of “floating populations”
(e.g., tourists, temporary workers) rather than solely
focusing on resident populations (Caminha et al., 2017).
Furthermore, research indicates that the interconnect-
edness of human mobility networks plays a crucial role
in predicting violent crime, even more so than geo-
graphical proximity alone. Neighborhoods experiencing
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significant changes in mobility patterns often see a rise
in violent incidents, highlighting the importance of con-
sidering mobility dynamics in crime prevention strategies
(Vachuska, 2022).Several studies have successfully used
aggregated human mobility data from mobile networks,
combined with demographic information, to accurately
predict crime hotspots in cities like London (Bogomolov
et al,, 2014). Including mobility data in crime prediction
models has demonstrably improved accuracy, with stud-
ies showing increases of up to 89% (Kadar & Pletikosa,
2018) and 70% (Wu et al., 2022).

It's important to note that the influence of human
mobility on crime likely varies depending on the specific
crime type. Crimes like cybercrime, domestic violence,
child sexual abuse, institutional crimes (e.g., corrup-
tion), and certain white-collar crimes are often driven by
unique opportunity structures and may be less influenced
by location compared to violent crimes like homicide,
assault, and rioting.

Impact of COVID-19 on violent crime worldwide

The COVID-19 pandemic has undoubtedly impacted the
occurrence and reporting of violent crime worldwide. A
complex interplay of factors, including mobility restric-
tions, media coverage, mental health impacts, resource
availability, and emergency response efforts, has contrib-
uted to these changes. Research findings indicate that the
pandemic’s effects on crime varied significantly across
countries and crime categories (Nivette et al., 2021).

As LeClerc and Wortley (2013) emphasise, it’s crucial
to avoid overgeneralizing crime patterns in criminology.
Understanding the specific decision-making processes of
offenders is essential for developing effective crime pre-
vention strategies.

This emphasis on specificity is crucial, especially
within crime types, to grasp the nuances of shifting
crime patterns. It becomes even more critical during
pandemics, where understanding subtle changes, like
opportunity structures, is paramount. For instance,
pandemic-induced alterations in daily routines can lead
to decreased populations in non-residential areas and
increased populations in residential zones (Stickle et al.,
2020).

The opportunity structure for a particular form of
crime is not always the same. Most property offences,
for example, have greatly dropped, as have road traffic
accidents (Paramasivan et al., 2022). Murder, assault, and
rioting, on the other hand, increased in certain places in
the USA (Kim, 2022; Meyer et al., 2022) while remain-
ing stable (Campedelli et al., 2021) or dropping in others
(Calderon-Anyosa & Kaufman, 2021).

Regarding the pandemic, a few research works predict
a drastic to moderate reduction in all crimes, including
violent crimes (Abrams, 2020; Cheung & Gunby, 2021;
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Halford et al., 2020; Nivette et al., 2021). On the other
hand, there are contradictory patterns of increased vio-
lent crimes in many places around the world (Hilsenrath,
2020; Kourti et al., 2021; Krishnakumar et al., 2021; Maji
et al., 2021; Piquero et al., 2021; Raghavan, 2021).
According to Abrams (2020), the theoretical frame-
work of opportunity theory posits that a decrease in
interpersonal connection during the various pandemic
phases is likely to result in a corresponding decline in
opportunities for the commission of specific violent
crimes, including assault, rape, and robbery. The poten-
tial impact of implementing or removing restrictions on
mobility is expected to have an effect on the incidence of
reported criminal activities, either registering an increase
or decrease in crime rates. The authors suggest that this
discovery provides empirical backing for routine activi-
ties/opportunity theory, as there is a positive correlation
between the incidence of violent crime and the increased
mobility of potential victims and offenders across tempo-
ral and spatial dimensions (Lopez & Rosenfeld, 2021).
The researchers of the present work seek to explain the
role of mobility in the recorded levels of violent crimes
on the basis of Crime Pattern Theory (Brantingham
et al,, 2016), Routine Activity Theory (RAT) (Felson &
Cohen, 1980) and Crime Opportunity Theory (Hannon,
2002). Crime Pattern Theory, which is based on environ-
mental psychology, emphasises the relevance of people’s
habitual actions in raising awareness of criminal oppor-
tunities. First, offenders may be able to discover crimi-
nal opportunities more quickly and frequently near their
points of activity, known as nodes. Qualitative research
has established that the potential for crime opportunity
awareness exists in the family, workplace, and other non-
criminal settings (Curtis-Ham et al,, 2023). Some quan-
titative research works (Brantingham & Brantingham,
1993; Menting et al., 2019; van Sleeuwen et al.,, 2021)
suggest that offenders are more likely to commit crimes
near their houses, the residences of close relatives, and
the sites of previous offences than in other regions. On
the other hand, because normal activities play a role in
raising awareness of criminal chances, the likelihood of
offending is highest near activity nodes and diminishes
with distance. This decreasing distance pattern reflects
the fact that people are more familiar with places closer
to their activity locations than with areas farther away,
and familiarity is a major component in crime location
selection. All of this is also consistent with the concept
of least effort: in theory, people will take the smallest
distance possible to find a chance to commit a crime
(Curtis-Ham et al., 2020). When mobility is severely
hampered in the context of extraordinary circumstances
such as a pandemic, there is a lower probability of crime
occurrence due to fewer crime opportunities and a lower



Paramasivan et al. Crime Science (2024) 13:21

likelihood of committing offences near activity space
where there is increased guardianship.

Building on the comprehensive discussion of human
mobility’s influence on crime and the pandemic’s impact
on crime rates, this literature review highlights a criti-
cal gap. While existing research explores these topics,
there is a scarcity of studies examining the relationship
between mobility and crime across an extended time-
frame encompassing both pre-pandemic normalcy and
the entire COVID-19 pandemic period (2020-2022).

This research aims to address this gap by investigating
the potential link between mobility and violent crimes
in Tamil Nadu, India, using an empirical study focused
on the COVID-19 pandemic waves. This counterfactual
approach will employ the XGBoost algorithm to forecast
crime occurrences under hypothetical scenarios with
varying levels of mobility.

The study employs counterfactual analysis using the
rich datasets spanning a decade: historical bus and pas-
senger records for mobility data and First Information
Reports (FIRs) for crime data from 2010 to 2022. By
analyzing these data in conjunction with Google Com-
munity Mobility Reports from the pandemic period, this
research seeks to find the relationship between human
mobility and violent crime.

Data and method

In response to the World Health Organization’s (WHO)
declaration of COVID-19 as a pandemic, the Govern-
ment of Tamil Nadu, under the National Disaster Man-
agement Act, 2006, issued emergency orders through
the Revenue and Disaster Management Department to
contain the virus by restricting movement. Throughout
2020-2022, the department released a series of govern-
ment orders (GOs) that prohibited, restricted, or relaxed
activities for individuals, organisations, and agencies.
These GOs, available on the official government website,
document the lockdown measures implemented dur-
ing Waves 1 and 2 (Government of Tamil Nadu. (2020).
Order: Wave 1; Government of Tamil Nadu. (2021).
Order: Wave 2). During Wave 3, although mandatory
restrictions were not imposed, the government issued
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precautionary measures and advisories to encourage
public safety.

The study investigates three pandemic waves that
occurred from Mar. 23, 2020 to Aug. 31, 2020, Apr. 10,
2021 to Jun. 07, 2021 and Jan. 07, 2022 to Feb. 17, 2022,
respectively, spanning 2020-2022. The region of analysis
is Tamil Nadu, the sixth most populous state in India. Fig-
ure 1 illustrates the study’s timeline across various win-
dows corresponding to the pandemic waves. Criminality
was evaluated using time-series data, primarily focusing
on crimes against individuals documented through First
Information Reports (FIRs) — formal reports of cogni-
sable offences initiating investigations.

Lockdown severity fluctuated throughout the pan-
demic. Complete lockdown (CL) represented the most
stringent measures, prohibiting all movement of people
and vehicles. All institutions, markets, businesses, and
shops, including those selling essential goods like alco-
hol, were completely shut down. People were mandated
to stay indoors except for limited windows for purchas-
ing medicines, essential groceries and vegetables. Social
gatherings, including funerals and weddings, were
heavily restricted. Exceptions were made for vehicles
transporting essential goods and personnel involved in
pandemic response, particularly healthcare, police, and
local administration.

Partial lockdown (PL) introduced a gradual easing of
these restrictions. Key industries and establishments
reopened with limited staff and operating hours. Shops
selling essential goods received extended opening times
compared to CL. Alcohol sales were permitted for a lim-
ited daily window. Social gatherings of up to 50 people
were allowed, but large venues like stadiums, theatres,
malls, and major markets remained closed. Importantly,
schools and colleges stayed shut, and private taxis and
public transportation like buses, trains, and coaches
remained non-operational.

The research relies on the First Information Reports
(FIRs) registered in Tamil Nadu. Crimes are reported via
FIRs in TN’s 1356 police stations, primarily governed by
the Indian Penal Code (IPC) Chapter XVI (Sects. 299—
377) for crimes against the human body. The analysis

01-01-2020 01-05-2020 01-01-2021 06-05-2021 01-11-2021 18-02-2022
to 22-03-2020 to 31-08-2020 to 09-04-2021 to 07-06-2021 to 06-01-2022 to 31-12-2022
Pre- Complete- Partial- Post- Pre- Partial- Complete- Partial-
Lockdown || Lockdown | Lockdown | Lockdown- ' Lockdown Lockdown Lockdown @ Lockdown Pre-W3 W3 Post-W3
-Wi1 -w1 -Wi1 wi1 -w2 -1-W2 -W2 -2-W2
23-03-2020 01-09-2020 10-04-2021 08-06-2021 07-01-2022

to 30-04-2020 to 08-10-2020

to 05-05-2021

to 06-07-2021 to 17-02-2022

Fig. 1 The timeline for the different phases of lockdowns during the three pandemic waves (W1, W2, and W3) in 2020-2022
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centres on frequently reported offenses within this cat-
egory — including murder, attempted murder, aggravated
assault, and rioting. The study employs univariate time
series data of the state’s daily crime count spanning Jan.
1, 2010, to Dec. 31, 2022, for counterfactual analysis.

This research leverages mobility data from two sources
to provide a comprehensive picture of the movement
of people and vehicles in Tamil Nadu. The first source,
encompassing daily bus and passenger frequency data
from the Tamil Nadu State Transport Corporation
(TNSTC) between Jan. 1, 2010 and Dec. 31, 2022, offers
over a decade of pre-pandemic and pandemic period
information. The second source, the Google Commu-
nity Mobility Report, provides data on movement trends
across six land-use zones within TN during the pandemic
and post-pandemic period. By combining these two data-
sets, the study gains a richer understanding of mobility
patterns throughout the region.

Google Community Mobility Reports (GCMR) that uti-
lise user data — especially from handheld devices — are
used to assess mobility trends for the pandemic phases.
GCMR categorises user presence and time spent in
domains like ‘retail and recreation; ‘parks, ‘groceries and
pharmacies, ‘workplaces; ‘transit stations, and ‘residential
areas’ to gauge mobility changes. For each domain (e.g.,
retail, grocery stores), it calculates the relative change in
visits compared to a pre-pandemic baseline (median vis-
its from Jan. 3, 2020, to Feb. 6, 2020). This change signi-
fies mobility trends within that domain. For example, a
-20% change in retail visits signifies a 20% decrease com-
pared to the baseline, while a+15% change in residential
time indicates a 15% increase in time spent at home.

Table 1 XGBoost training, validation, and forecast periods for
daily crime registration, bus operation, and passenger count

prediction

Model Number From To
Model -1

Training Period 01/01/10 31/12/19
Validation Period 01/01/20 22/03/20
Forecast Periods

Complete-Lockdown-W1 23/03/20 30/04/20
Partial-Lockdown-W1 01/05/20 08/06/20
Post-Lockdown-W1 01/09/20 08/10/20
Model -2

Training Period 01/01/10 31/12/20
Validation Period 01/01/21 31/03/21
Forecast Periods

Partial-Lockdown-1-W2 10/04/21 05/05/21
Complete-Lockdown-W2 06/05/21 07/06/21
Partial-Lockdown-2-W2 08/06/21 06/07/21
Pre-W3 01/11/21 06/01/22
W3 07/01/22 17/02/22
Post-W3 18/02/22 31/12/22
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The research starts with an exploratory analysis to
determine if the pandemic caused significant changes in
crime rates. Instead of merely comparing the mean or
median of daily crime frequencies between pandemic
and non-pandemic periods, it compares the distributions
to identify any differential impacts. The Shapiro-Wilk
Test is used to check for normality. Given that the popu-
lation sizes differ between the periods, normality is likely
violated, so the Mann-Whitney U test, a non-paramet-
ric test, is employed to check for statistical differences
between the two distributions. To quantify the difference,
Cliff’s Delta, another non-parametric measure of effect
size, is used (Hess et al., 2014).

In the next level, to gauge the impact of the pandemic
specifically and only on the major violent crimes, includ-
ing attempted murder, murder, aggravated assault and
rioting, the study deploys counterfactual analysis as the
simplistic aggregated comparison done might be errone-
ous as likely it would have missed the trend, seasonality
and holiday effects of the time series of the past histori-
cal data. This study utilizes XGBoost, a machine learning
algorithm for time series forecasting and counterfactual
analysis, to make predictions during the pandemic period
based on a decade of historical data. The historical data is
used to create lag and rolling features, capturing trends
and patterns for accurate predictions. The variables
include daily crime counts. The research involves creat-
ing and fine-tuning models through training, validation,
and forecasting stages, as detailed in Table 1.

During training, XGBoost sequentially trains decision
trees, improving model accuracy by focusing on incor-
rectly predicted observations and predicting their residu-
als. The algorithm monitors performance on a validation
set to avoid overfitting, using an early stopping criterion
when validation performance stops improving.

The model’s accuracy is evaluated using the weighted
mean absolute percentage error (WMAPE) metric, which
avoids infinite errors by addressing zero crime days.
WMAPE is calculated as the summation of absolute dif-
ferences between actual and predicted values divided by
the summation of actual values over the time period t
from 1 to n.

>y, lactual, — predicted,]

Vi E =
WMAP > (o "actual,

To gain a more comprehensive understanding of the pan-
demic’s impact, the counterfactual analysis is replicated
for mobility data. This analysis explores changes in both
vehicular mobility (number of buses operated) and peo-
ple’s mobility (passenger travel).

Next, a deeper investigation assesses the pandemic’s
influence on four specific violent crimes. Utilising data
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Table 2 Comparison of distributions of actual daily number of crimes during pandemic and non-pandemic periods — statistical
difference test- effect size measured

Pandemic Non-Pandemic M-W U test Cliffs Delta

Category of Crime Mean Median Mode Std.Dev. Mean Median Mode Std.Dev. pvalue Value  Confidence Interval
Aggravated Assault 70 69.5 69 356 80.7 78 76 24.5 <0.001 -0.20 [-0.296,-0.108]
Attempted Murder 8.7 8 8 5.7 838 8 8 42 0.06 -0.08  [-0.17,0.008]
Murder 44 4 1 3 5 5 4 26 <0.001 -0.14  [-0.231,-0.056]
Rioting 58 45 4 43 7.5 7 4 5 <0.001 -0.25 [-0.326,-0.166]
Domestic Violence 1.8 1 0 1.8 4.5 4 3 33 <0.001 -0.53 [O 583, -0.466]
Dacoity 04 0 0 0.7 0.5 0 0 0.8 0.08 -0.06 [-0.116,0.006]
Dowry Prohibition Act 0.5 0 0 0.8 04 0 0 0.7 0.01 0.09 [O 021, 0.154]
Fatal Accident 32 335 34 15.1 433 43 40 11.6 <0.001 -043  [-0.508,-0.348]
Grevious Injury 43.6 44 16 23 552 52 23 30.6 <0.001 -0.21 [-0.274,-0.129]
Minor Injury 85.8 875 100 451 1316 135 132 32 <0.001 -0.57 [0644 -0.503]
Murder For Gain 0.1 0 0 03 04 0 0 0.7 <0.001 -017  [-0.21,-0.131]
Pocso Act 12 12 13 6.4 58 4 0 6.2 <0.001 0.54 [O 481,0.592]
Rape 12 1 0 13 47 2 1 174 <0.001 -023  [0.303,-0.163]
Robbery 6.8 7 2 4.2 8.6 8 7 3.7 <0.001 -0.25 [-0.331,-0.162]
Sexual Harassment 1.8 1 1 17 1.7 1 0 1.7 0.09 0.07 [-0.002,0.14]
Burglary 1.3 11 13 6.2 14.7 14 15 56 <0.001 -032  [0.399,-0.235]
Non Injury 201.7 1545 3 178.3 1525 158 148 62.2 0.22 0.05 [-0.05,0.156]
Theft 364 40 10 19.5 534 54 59 159 <0.001 -0.53  [0.596,-0.462]

M-W U test: Mann-Whitney U test for statistical difference between two distribution

Significance bold values: p-value less than 0.05

Table 3 Prediction error (WMAPE) for six time series — four violent crimes and mobility (bus and passenger) in the appropriate
validation periods

Aggravated Assault ~ Attempt to Commit Murder ~ Murder Rioting Bus Passenger Mobility
Mobility
Model-1 0.158 0.27 0.103 0.229 0.02 0.09
Pandemic Wave-1
Model-2 0.111 0.179 0.143 0252 0.041 0.18

Pandemic Wave-2 and Wave-3

from the Google Community Mobility Report (GCMR),  Results
the analysis examines these crimes across six land-use =~ Compared to non-pandemic periods, most crime cat-
categories. This detailed exploration considers data from  egories — including violent crime, property offenses, and
three distinct pandemic waves, further divided into nine  crimes against women and children — showed statistically
phases with varying mobility patterns. significant declines during the pandemic. However, the
Similar to the crime analysis, the researchers compare  decrease was negligible for these crimes. Road crashes,
actual and predicted distributions for mobility and crime  domestic violence, and theft saw substantial reductions
data using appropriate statistical tests. Finally, Cliff’s with medium to large effect sizes. Notably, child sexual
Delta, a non-parametric effect size measure, is employed  abuse cases exhibited a large effect size increase during

to quantify the magnitude of these effects. the pandemic compared to non-pandemic times (see
In the last part of the investigation, the study evalu-  Table 2).
ates Pearson’s correlation coefficient between mobility The counterfactual analysis performed using XGBoost

metrics and four categories of violent crime for various prediction provided results within acceptable levels of
phases in the pandemic period. The mobility metrics in  accuracy for several time series forecasts (see Table 3).
the results include transportation data (buses operated The investigation yielded two significant results. The first
and passengers traveled) as well as the percentage change is about counterfactual analysis of the impact on crime
in mobility provided by GCMR. The carefully examined and mobility during exceptional circumstances, and the
relationship between these factors becomes one of the second is about descriptive statistical analysis exploring
major findings of the research. the relationship between mobility and recorded levels of
crime at all times.
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Counterfactual daily counts of violent crimes represent
incidents without an emergency. The observed/actual
daily violent crime counts and predicted numbers in a
non-emergency scenario were compared. The Wilcoxon
test revealed no significant variations in distributions
across violent crime categories throughout time frames,
as highlighted in Table 4, except during the complete
lockdown in Wave-1 when all violent crimes reported a
significant drop in recorded levels. During this severely
restricted movement period, the effect size for aggra-
vated assault, attempted murder, murder, and rioting was
—0.96, -0.4, -0.45, and —0.28 compared to the counterfac-
tual (refer to Table 5). The most noticeable effect was on
aggravated assault levels. This trend is visually illustrated
in Fig. 2, which showcases a distinct decline in aggravated
assault cases during Wave-1’s lockdown. The counterfac-
tual analysis was extended to measure people’s mobility
and vehicular mobility during the COVID-19 pandemic,
and it revealed that only during Wave-1 of the pandemic
was there a significant reduction in both mobilities,
whereas during the non-pandemic period did not report
any significant reduction as can be seen in the effect
sizes which were negligible or small (See also Table 6and
Table 7). These findings mirror the analysis of the Google
Mobility Community Report (GMCR) in Table 8. The
GMCR investigation, which is not a counterfactual anal-
ysis, is only applicable during the pandemic phases and
compares pandemic mobility to pre-pandemic mobility.

The study analyses the correlation between regis-
tered crimes and mobility (transportation department
data) using Pearson’s correlation coefficient (r) based on
daily crime counts and mobility data from Jan. 1, 2010,
to Dec. 31, 2022. Table 9 indicates a negligible correla-
tion between crimes and vehicular mobility, and the
same for people’s mobility, except for aggravated assault
(r=+0.456) and child sexual abuse (r = -0.577), moder-
ately correlated to people’s mobility via passenger counts.
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The investigation distinguishes between crisis (pan-
demic lockdowns) and non-emergency periods, particu-
larly during 2010-2022. Analysis within these emergency
periods reveals a significant correlation between mobility
and violent crimes during severe restrictions, importantly
in complete lockdown phases of the first two pandemic
waves. Particularly, aggravated assault cases displayed
a significant correlation during restricted mobility win-
dows in pandemic lockdowns of Wave-1 and Wave-2.
Noticeably, all categories of violent crimes exhibited
moderate correlation during both waves of complete
lockdown. People’s mobility and vehicular mobility
showed no discernible difference concerning their rela-
tionship with registered violent crimes (Table 10).

The transportation department’s mobility data vali-
dation using GMCR data confirmed the relationship
between mobility and violent crime. Figure 3 visually
depicts the direct correlation between mobility changes
across public spaces and reported crimes in the first six
time windows from Wave-1 to Post-Wave-2. The per-
centage variations in mobility in different time frames
follow the same trend, with the exception of the resi-
dential zone, where mobility increased as people stayed
indoors more during the lockdown stages. However, the
magnitude of such change expectedly varied, with the
maximum occurring in the retail and recreation zone and
the minimum in the spatial domain of pharmacy and gro-
cery. In the most recent two periods, Wave-3 and post-
Wave-3, there is no such correlation, as the percentage
change in mobility increased across all land-use catego-
ries during these periods.

Discussion

This section begins by highlighting the key find-
ings presented in the previous section. Table 2 pres-
ents a straightforward comparative impact on general
crimes, revealing a statistically significant difference
between crime distributions during the pandemic and

Table 4 Results of wilcoxon test for actual vs. predicted distribution of violent crimes and mobility during pandemic periods

Timeline Aggravated Assault Attempted Murder Murder Rioting Bus Passenger
p-value p-value p-value p-value p-value p-value

Pre-Lockdown-W1 0.034 0315 0.965 0417 0.013 <0.001
Complete-Lockdown-W1 <0.001 0.001 <0.001 0.012 <0.001 <0.001
Partial-Lockdown-W1 0.929 0.138 0.062 0.167 <0.001 <0.001
Post-Lockdown-W1 0.742 0.626 0455 0.709 <0.001 <0.001
Pre-Lockdown-W2 0.010 0233 0.593 0472 0.009 <0.001
Partial-Lockdown-1-W2 0.499 0.784 0437 0452 0.024 0.001
Complete-Lockdown-W2 <0.001 0.572 0.396 0.672 0.009 <0.001
Partial-Lockdown-2-W2 0.046 0.932 0.405 0.609 0.815 0.016
Pre-W3 0631 0476 0.306 0.694 <0.001 <0.001
W3 0.022 0450 0.352 0.729 <0.001 <0.001
Post-W3 0.146 0483 0.954 0218 <0.001 <0.001

Significance bold values: p-value less than 0.05
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Plots of Actual and Predicted Cases of Aggravated Assault
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Fig. 2 AB Plot of actual and predicted daily aggravated assault cases in TN during pandemic waves 1, 2, and 3

Table 6 Mobility measured through the number of buses operated during the COVID-19 lockdown (ES-Effect size cliffs Delta)

PERIOD FROM TO ACTUAL PREDICTED PREDICTED RANGE ES ES RANGE ES CATEGORY
WAVE -1

Pre-Lockdown-W1 01/01/20  22/03/20 18,457 18657.4 (185064, 18808.4) -0.14  [-0.319,0.032] negligible
Complete-Lockdown-W1 ~ 23/03/20  30/04/20 3654 16058.74 (15706.2,16411.2) -099 [0, 0953] large
Partial-Lockdown-W1 01/05/20  08/06/20 4167 16327.71 (16218.9, 16436.5) -1.00 [ 0] large
Post-Lockdown-W1 01/09/20  08/10/20 12,178 16546.64 (16374.9,16718.4) -1.00 [ 0] large
WAVE-2

Pre-Lockdown-W2 01/01/21 09/04/21 17,133 16983.11 (16827.9,17138.2) 0.28 [O 102, 0.426] small
Partial-Lockdown-1-W2 10/04/21 05/05/21 15,718 13429.73 (11723.2,15136.2) 020  [-0.118,0.5] small
Complete-Lockdown-W2  06/05/21 07/06/21 5665 6675.807 (6012.9,7338.7) -0.70  [-0.884,-0.405]  large
Partial-Lockdown-2-W2 08/06/21 06/07/21 7180 7086.173 (6513.7,7658.6) -0.12 [-0439,0.208] negligible
WAVE-3

Pre-W3 01/11/21 06/01/22 17,344 17,140 (17041.6,172384) 0.31 [0.107,0.499] small

W3 07/01/22  17/02/22 16,702 12,827 (11719.7,13933.6) 076  [0527,0.889] large
Post-W3 18/02/22  31/12/22 17,596 17,509 (17463.2,17555.1) 023  [0.13,0313] small

The substantial fall decline in mobility observed in
retail and recreational, workplace, transit stations and
parks may be attributable to a diminishing criminal
opportunity for the offender due to limited activity space
(Curtis-Ham et al,, 2021). According to Brantingham
and Brantingham (1993), instances of crime arise when
the awareness space of offenders, which refers to the
areas they are cognizant of in proximity to their activ-
ity nodes, intersects with chances for criminal behav-
iour. The presence of potential targets and the absence
of effective guardians create opportunities for criminal
activity (Felson & Cohen, 1980), however, substantially

reduced mobility during the strict stay-at-home orders
did not pave the way for such circumstances for crime
occurrences.

According to the researchers (Abrams, 2020), violent
crimes, such as armed robbery, assault, rape, and murder,
are declining because there are fewer possibilities for the
crimes to occur. During the total lockdown, several loca-
tions were shut down. Bars, theatres, malls, restaurants,
and concerts, which would ordinarily be locations where
offenders would find targets to perpetrate crimes, were
closed down. Similarly, there was an increase in mobility
in the residential zone, implying enhanced guardianship
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Table 7 Mobility measured through the daily number of passengers travelled during COVID-19 lockdowns 2020-2022 in TN — Effect

size (ES) (Cliff's Delta)

PERIOD FROM TO ACTUAL MEAN PREDICTED MEAN PREDICTED RANGE ES ES RANGE ES CATEGORY
Pre-Lockdown-W1 01/01/20 22/03/20 138.11646 136.3904 (133.6672,139.1136) 038 [0.21,0.544]  medium
Complete-Lockdown-W1 23/03/20 30/04/20 11.660256 130.7308 (128.8616, 132.6) -1.00 [-1.0,-1.0] large
Partial-Lockdown-W1 01/05/20 08/06/20 11.185897 1329777 (132.7349,133.2205) -1.00 [-1.0,-1.0] large
Post-Lockdown-W1 01/09/20 08/10/20 51.825 132.9321 (132.7014,133.1628) -1.00 [-1.0,-1.0] large
Pre-Lockdown-W2 01/01/21 09/04/21 95.73697 93.30566 (894601, 97.1512) 034 [0.18,0499]  medium
Partial-Lockdown-1-W2  10/04/21 05/05/21 77568846 62.20838 (51.9114, 72.5054) 034 [0.015,0609] medium
Complete-Lockdown-W2 06/05/21 07/06/21 32.08697 2622012 (23.9024, 28.5378) 0.58 [0.286,0.772] large
Partial-Lockdown-2-W2  08/06/21 06/07/21 39.720345 36.79853 (31.2114, 42.3857) 0.23 [-0.092,0.524] small
Pre-W3 01/11/21 06/01/22 119.37657 108.616 (105.3691,111.8629) 049 [0.294,0.651] large
WAVE-3 07/01/22 17/02/22 109.62167 62.53796 (55.3823, 69.6936) 080 [0.601,0918] large
POST WAVE -3 18/02/22 31/12/22 134.29795 130.1182 (128.4928,131.7436) 0.05 [-0.045,0.137] negligible

and less opportunity for crime. The current study is pre-
dominantly in line with the work of Clarke (2012), who
suggests that rather than modifying offender propensity,
situational factors facilitate or encourage the actual com-
mission of criminal acts, explaining why some people are
more likely to be delinquent or criminal (Clarke, 2012).
Whether considering the space-time convergence of
routine activities or substantial changes in opportuni-
ties for committing crimes or place-based characteristics,
these factors are affected only if mobility falls below a cer-
tain threshold. Similarly, situational factors that inhibit
or impede the reporting and registration of complaints
are impacted only when victims’ mobility is severely
restricted, as the physical presence of the complainant at
the police station is required for investigation. During the
complete lockdown, there was almost complete cessation
of all modes of transport except a few permitted.
Building on routine activity theory’s focus on the
dynamics between offenders, victims, and guardians,
research has highlighted the importance of spatial varia-
tions in crime at smaller scales, such as street segments
and addresses (Eck & Weisburd, 2015; Hipp & Williams,
2020; McCord & Ratcliffe, 2007; Smith et al., 2000). Rou-
tine activities theory preconditions that a crime occurs
when a motivated offender, a suitable target, and the
absence of capable guardians converge in time and space.
Offenders evaluate the costs and benefits of criminal acts
based on immediate environmental conditions. This the-
ory highlights the importance of mobility and the social
composition of spaces in relation to offenders, guardians,
and targets, leading to extensive research on place-based
characteristics that inhibit or promote criminal oppor-
tunities (Wilcox & Cullen, 2018). It is important to dis-
cuss the corollary that during the same relevant time,
the increase in mobility in residential zones was 32%.
Increased mobility leads to a greater presence of capable
guardians, such as parents, neighbors, and teachers, who
monitor the area and deter potential offenders. Addition-
ally, place managers who oversee the regular conditions

of crime-prone sites are more likely to be present, further
enhancing security (Eck, 2003; Weisburd et al., 2012).
This present research empirically supports the explora-
tion of mobility-related factors influencing crime at this
“microplace” level.

Certain types of crimes are differently impacted by
human mobility, as their opportunity structures may dif-
fer or the location may have no significance. These crimes
often involve circumstances or motivations less depen-
dent on human mobility, whether involving the offender,
victim, or guardian. Cybercrimes, including hacking,
phishing, and online fraud, occur in the digital realm and
are not reliant on physical human mobility. However, due
to reduced human mobility during the pandemic, people
were more present in the digital world, either working or
on social networking sites or retailing, which caused an
increase in these crimes (Hawdon et al., 2020).

It can also be said that intimate partner violence typi-
cally occurs within private residences and is influenced
more by interpersonal conflicts due to jealousy, finances,
women'’s gender role transgressions than by mobility pat-
terns (Jewkes, 2002). Similarly, child sexual abuse often
involves perpetrators known to the victim and typically
occurs in environments such as homes or familiar set-
tings, making it less influenced by general public mobility
(Kaufman et al., 1998).

Human mobility will impact these offenses, such as
intimate partner violence or child sexual abuse, differ-
ently. If mobility includes the presence of the offender
for a longer duration, as increased mobility was during
the pandemic stay-at-home orders, mobility indirectly
impacts these occurrences. Regarding child sexual abuse,
the prolonged closure of schools increased the possibil-
ity of abuse due to the opportunity for the offender to
exploit the victim, while teachers, social workers, and
others could not identify such cases and notify the appro-
priate agency for action (Paramasivan et al., 2023).

White-collar crimes, such as financial fraud, embezzle-
ment, and insider trading, are usually conducted in the
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Table 8 Percentage change in Community mobility based on GCMR during three pandemic waves compared to pre-pandemic period in TN

All Zones Except Residential

Mean

Residential

Workplace

Retail and Recreation Grocery and Pharmacy Parks Transit Stations

Wave-1-3

Std Dev

Mean

Mean Std Dev

Std Dev

9.3

Mean

Std Dev
8.8

6.1

3

Mean

Std Dev

1

Mean

Std Dev

Mean

-59.5
-38.6
-24.8
-15.1
-48.2
-219
14.2

39.7

2.8
46
5.0
2.6

5
4.8

-64.3
-35.0
-24.1
-22.7
-53.0
-30.3
-5.0

209

10.7
38
17.1
16.2
9.6
19.3
55

-62.0
-39.7
-22.7
-18.6
-53.8
-30.5
6.6
30.7

120
7.3
6.1
152
17.2

-394
-41.8
-36.8
-21.0
-37.9
-16.4
19.6

79.0

7.7
209
79
29.1
30.7
12.5
334
74

-51.2
-14.7
-0.6
17.1
-27.8
10.5
51.8
552

1.9
13.2

4.8
114

17
127
21.8
58

1

-80.5
-61.9
-39.7
-30.2
-68.6
-429
-2.0

129

Partial Lockdown —2 W2

W3

Partial Lockdown W1
Post-Lockdown W1
Partial Lockdown 1 W2
Complete Lockdown W2

Complete Lockdown W1
Post-W3
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Table 9 Pearson’s correlation coefficient between registered
crime and mobility (buses operated and passengers carried)
during Non-emergency Period (Jan. 1,2010 - Dec. 31, 2022)

Type of Crime Vehicular Mobility People
Mobil-
ity

Aggravated Assault -0.014 0456

Attempt To Commit Murder 0.166 -0.097

Burglary 0.268 -0.129

Cruelty By Husband and Relatives 0.273 0.222

Dacoity 0.016 0.003

Dowry Prohibition Act 0.029 -0.170

Murder 0.063 0.002

Murder For Gain 0.031 0.113

Child Sexual Abuse -0.033 -0.577

Rape -0.111 -0.216

Rioting 0.106 0213

Robbery 0.088 -0.129

Sexual Harassment 0.168 -0.186

Theft -0.057 0.000

immediate environment where crime opportunities are
discovered and evaluated by potential offenders. They
are not significantly affected by the broader mobility of
people (Benson et al., 2009).

While general human mobility may not directly impact
these crimes, changes in societal conditions, such as
lockdowns, can still indirectly influence the incidence or
reporting of these crimes. For instance, lockdowns may
increase domestic violence due to prolonged proximity
and stress (Kourti et al., 2021), or reduce the reporting
of child abuse due to a lack of access to external observ-
ers like teachers (Baron et al., 2020). As the present study
primarily concerns the specific violent crimes discussed,
no detailed investigation has been done on whether these
crimes are impacted by human mobility. This is identified
as a future line of investigation.

Conclusions

The study makes an intriguing observation: when mobil-
ity falls below a certain threshold, a strong correlation
between mobility and recorded violent crime levels
emerges. Otherwise, the research found no relationship
between mobility and recorded levels of crime. Stay-at-
home orders in certain countries have led to a reduction
in violent crimes. During Wave-1’s complete lockdown in
Tamil Nadu, both violent crime and mobility decreased,
demonstrating a linear relationship.

The impact on vehicular and people’s mobility during
the pandemic period experienced a significant decrease
in mobility, particularly during the complete lockdown
stages of the initial two waves of the pandemic, having a
discernible impact on recorded crime levels.

There was an exceptional drop in recorded levels of
crime during the complete lockdown period of Wave-1,
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Table 10 Pearson’s correlation coefficient between mobility (buses operated and passengers carried) and Daily Count of registered

crimes during emergency

phases

Timeline

Correlation Timeline-wise

Aggravated Assault Attempt to Commit Murder Rioting
Murder
Vehicular People’s Vehicular People’s Vehicular People’s Vehicular People’s
Mobility Mobility Mobility Mobility Mobility Mobility Mobility Mobility
Pre-Lockdown-W1 0.162 0.099 -0.016 -0.185 0.121 0.166 0.107 0.073
Complete-Lockdown-W1 0.735 0.735 0.510 0.506 0.270 0.276 -0.093 -0.098
Partial-Lockdown-W1 -0.006 -0.029 -0.183 -0.191 0.120 0.128 -0.256 -0.210
Post-Lockdown-W1 -0.378 -0.334 -0.181 -0.152 -0.267 -0.235 -0.077 -0.050
Pre-Lockdown-W?2 0.061 0.034 -0.018 -0.069 0.088 0.088 -0.048 -0.092
Partial-Lockdown-1-W2 0.508 0478 0.184 0.176 0.174 0.194 0.058 0.103
Complete-Lockdown-W2 0.662 0.692 0.560 0.539 0.660 0.703 0.227 0.208
Partial-Lockdown-2-W2 -0.005 -0.007 -0.312 -0.320 -0.067 -0.053 -0.077 -0.078
Pre-W3 -0.253 -0.187 0.021 0.017 0.001 0.061 -0.259 -0.155
W3 0.059 -0.068 -0.003 -0.062 0217 0.246 -0.088 -0.141
Significance bold values: p-value less than 0.05
Attempt to Commit Murder Murder
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Fig. 3 Relationship between mobility change and reported violent crimes during pandemic waves in TN. The top panels show mobility vs. attempted
murder and murder, while the bottom panels depict mobility vs. aggravated assault and rioting

Table 11 Pearson’s correlation coefficient between change in mobility and change in Crime (Mean percentage change and effect

size) during pandemic

Type of Correlation Impacted Variable PANDEMIC B
Assault Attempted Murder Murder Rioting
Crime- Vehicular Mobility % Change 0.526 0314 0.743 0.838
Crime-People’s Mobility % Change 0.386 0.232 0.629 0.659
Crime- Vehicular Mobility Cliff's Delta 0.390 0441 0.567 0465
Crime-People’s Mobility Cliff's Delta 0.226 0.305 0.530 0.308
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when mobility across all land-use categories (except
residential zones) declined phenomenally. The decline
in reported incidents may also be attributable to dimin-
ished criminal opportunities. Additionally, this could be
due to unfavourable situational factors, such as victims’
limited access to appropriate health and law enforcement
agencies to report crimes. In addition, frontline agencies
were preoccupied with pandemic-related responsibilities,
which may have contributed to a lack of crime registra-
tion despite the fact that crimes were committed.

The significant decrease in crime during the lockdown,
despite a potential increase in criminal motivation due to
the pandemic, aligns with RAT principles. With drasti-
cally reduced mobility, offenders had fewer opportunities
to encounter suitable targets and evade guardians. Addi-
tionally, the increased residential mobility suggests more
potential guardians were present at home, further deter-
ring crime. This empirical evidence from the lockdown
strengthens the argument that opportunity, not social
disorganization, played a major role in the observed
crime decline.
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