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Abstract
Background  Social vulnerability may play a role in social media-involved crime, but few studies have investigated 
this issue. We investigated associations between social vulnerability and social media-involved violent crimes.

Methods  We analyzed 22,801 violent crimes occurring between 2018 and 2023 in Prince George’s County, Maryland. 
Social media involvement was obtained from crime reports at the Prince George’s County Police Department. Social 
media application types included social networking, advertising/selling, ridesharing, dating, image/video hosting, 
mobile payment, instant messaging/Voice over Internet Protocol, and other. We used the Centers for Disease Control 
and Prevention’s Social Vulnerability Index to assess socioeconomic status (SES), household characteristics, racial and 
ethnic minority status, housing type and transportation, and overall vulnerability. Modified Poisson models estimated 
adjusted prevalence ratios (aPRs) among the overall sample and stratified by crime type (assault and homicide, 
robbery, and sexual offense). Covariates included year and crime type.

Results  Relative to high tertile areas, we observed a higher prevalence of social media-involved violent crimes in 
areas with low SES vulnerability (aPR: 1.82, 95% CI: 1.37-2.43), low housing type and transportation vulnerability (aPR: 
1.53, 95% CI: 1.17-2.02), and low overall vulnerability (aPR: 1.63, 95% CI: 1.23-2.17). Low SES vulnerability areas were 
significantly associated with higher prevalences of social media-involved assaults and homicides (aPR: 1.64, 95% CI: 
1.02-2.62), robberies (aPR: 2.00, 95% CI: 1.28-3.12), and sexual offenses (aPR: 2.07, 95% CI: 1.02-4.19) compared to high 
SES vulnerability areas. Low housing type and transportation vulnerability (vs. high) was significantly associated with 
a higher prevalence of social media-involved robberies (aPR: 1.54, 95% CI:1.01-2.37). Modified Poisson models also 
indicated that low overall vulnerability areas had higher prevalences of social media-involved robberies (aPR: 1.71, 
95% CI: 1.10-2.67) and sexual offenses (aPR: 2.14, 95% CI: 1.05-4.39) than high overall vulnerability areas.

Conclusions  We quantified the prevalence of social media-involved violent crimes across social vulnerability levels. 
These insights underscore the need for collecting incident-based social media involvement in crime reports among 
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Background
Social media is increasingly important in everyday life 
(Fernández-Planells et al. 2021; Hyatt et al. 2021). It can 
be defined as “any online resource that is designed to 
facilitate engagement between individuals (Aichner et al. 
2021; Bishop 2019).” Data from the Pew Research Cen-
ter show that the percentage of Americans using at least 
one social media platform exponentially grew from 5% in 
2005 to 72% in 2011 (Pew Research Center 2021). Rea-
sons for social media usage often include content shar-
ing, entertainment purposes, and news coverage (Pew 
Research Center 2021). Emerging studies from the social 
sciences suggest that social media is also used in prepa-
ration and perpetuation of crime in the US and beyond 
(Décary-Hétu and Morselli 2011; Lane 2016; Lauger 
et al. 2020; Patton et al. 2014, 2014, 2016). The digital 
landscape of social media platforms allows gang mem-
bers to instantly share messages, images, and videos to 
expand their membership, threaten rival gangs, and sell 
illicit drugs (Moule et al. 2014; Patton et al. 2013, 2017, 
2019; Peterson and Densley 2017; Pyrooz et al. 2015; 
Storrod and Densley 2017; Stuart 2020). Consequently, 
these actions lead to hostile environments manifested 
through in-person conflict and offline retaliation (Lane 
2016; Patton et al. 2013, 2018). In addition, the posting 
of one’s whereabouts or activities may also provide valu-
able information about a potential victim’s whereabouts 
to those seeking to commit violent or property crimes.

Understanding social media-involved crimes is crucial 
because it allows researchers and law enforcement agen-
cies to identify new criminal activity patterns and meth-
ods, develop targeted prevention strategies, and better 
allocate resources to combat emerging threats in the 
digital age (Moore and Stuart 2022). This understanding 
can also inform public policy decisions regarding online 
safety and social media regulation. The Prince George’s 
County Police Department in Maryland has advanced the 
field by being the sole US law enforcement agency to sys-
tematically track social media’s role at the incident-based 
level of criminal activities (Garcia Whitlock et al. 2023). 
Officers from this police department note on the crime 
report whether social media was involved in the crime 
and indicate the specific social media platform used (e.g., 
Instagram, Facebook, TikTok). A recent study analyzing 
these data showed that crimes involving social media 
had a higher percentage of robberies (48% vs. 20%) and 
carjackings (12% vs. 5%) than those without social media 
involvement (Garcia Whitlock et al. 2023). We build on 

this work by investigating whether neighborhood char-
acteristics, especially those that show evidence of resi-
dential structural racism, increase the likelihood of social 
media-involved crimes.

A substantial body of work has documented the role 
of structural racism in creating inequities across neigh-
borhoods with minoritized populations (Bailey et al. 
2021; LaVeist et al. 2023). Systemic inequities dispropor-
tionally and adversely affect resource-poor communi-
ties resulting in disparate levels of socially vulnerability 
(Amaro et al. 2021; Deziel et al. 2023; Givens et al. 2021; 
King et al. 2022; Ryan et al. 2024). Discriminatory prac-
tices like redlining and residential segregation have 
shown to be associated with racial and ethnic minori-
ties’ reduced healthcare access and utilization, increased 
exposure to environmental toxins and chemicals, and 
limited access to healthy foods (Bullard 2000; Williams 
et al. 2019). Robust data links these structural conditions 
to racially and ethnically minoritized individuals expe-
riencing higher rates of chronic disease and mortality 
than their White counterparts (Bailey et al. 2017; Wil-
liams et al. 2019). Relatedly, a well-documented relation-
ship exists between highly disadvantaged neighborhoods 
and increased crime rates, leading to high proportions 
of minoritized individuals being policed, arrested, con-
victed, and incarcerated (Arnio 2021; Beck 2019; Braga 
et al. 2019; Gelman et al. 2007; Johnson et al. 2019; 
Schwartz and Jahn 2020; Siegel et al. 2019; Western 2006; 
Zare et al. 2022). Growing up in an underprivileged com-
munity increases the likelihood of getting initiated into 
a gang, becoming a homicide victim, and gaining access 
to firearms (Lane 2016; Merrin et al. 2015; Patton et al. 
2013; Roberto et al. 2018; Santilli et al. 2017).

What is less clear is how social media crimes intersect 
with geographical segregation by race. Extant literature 
has shown that gangs in racially minoritized neighbor-
hoods increasingly incorporate social media into their 
activities (Décary-Hétu and Morselli 2011; Moule et al. 
2014; Peterson and Densley 2017; Pyrooz et al. 2015). 
However, does that mean social media is exacerbating 
crime rates in these resource-poor, minoritized commu-
nities? Or does social media simply make the already-
existing crime prevalence more visible? Or does it lead 
to a new crime trend altogether? Much of the literature 
has focused on the role of social media as a tool for law 
enforcement, with some considering it to be new oppor-
tunities to solve crimes and others raising concern 
about it perpetuating negative racial stereotypes and 

law enforcement agencies across the United States and internationally. Comprehensive data collection at the national 
and international levels provides the capacity to elucidate the relationships between neighborhoods, social media, 
and population health.
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disproportionately being used to target minorities (Agha-
babaei and Makrehchi 2016; Lane et al. 2018; Malleson 
and Andresen 2015). However, few examined the rela-
tionship between social media proliferation and crime 
prevalence in minority communities with high social 
vulnerability. Does social media make them more vul-
nerable to crime or not? This study aims to fill the gap in 
literature.

Identifying structurally driven mechanisms of social 
media-involved crimes holds important implications for 
social workers, prevention scientists, injury epidemiolo-
gists, and police departments. With this understanding, 
social workers can develop targeted outreach programs 
addressing digital safety for vulnerable communities; 
prevention scientists can design tailored social-media 
involved crime prevention strategies; injury epidemiolo-
gists could refine their surveillance methods to include 
social media factors in violence risk assessments; and 
police departments may adjust their resource allocation 
and community engagement strategies based on neigh-
borhood-specific social media crime patterns.

To conduct this study, we leveraged crime reports from 
a unique data source to investigate associations between 
social vulnerability and social media-involved violent 
crimes in Prince George’s County, Maryland, from 2018 
to 2023. Past studies and surveys have shown that the 
burden of violent crimes is disproportionate across racial 
and ethnic groups and that racial minorities generally 
tend to use social media more frequently than their white 
counterparts (Orcés, 2020; Zimmerman et al. 2024). 
In addition, while it is true that social media utilization 
rate tends to be higher among higher-income and more 
highly educated populations, social media is still widely 
utilized among even the lowest income and the least edu-
cated groups, with the vast majority reporting use of at 
least one main social media platforms (Gottfried, 2024). 
We thus hypothesized that, minoritized neighborhoods, 
especially those with greater social vulnerability, would 
be associated with a higher prevalence of social media-
involved crime. Empirical insights from this study can 
inform violence prevention strategies, designing inter-
ventions, and crafting policies at the intersection of place, 
social media, and violent crime.

Methods
Study design and setting
We obtained crime records from the Prince George’s 
County Police Department in Maryland. These case 
reports included crimes that occurred between Janu-
ary 1, 2018, to December 31, 2023. The crime records 
included details such as where the incident occurred, an 
incident-based level indicator of whether social media 
was involved, and victim characteristics. The Prince 
George’s County Police Department is the fourth-largest 

law enforcement agency in Maryland (Prince George’s 
County 2023), with 2,100 law enforcement officials serv-
ing an area of nearly 950,000 residents who predomi-
nantly identify as Black or African American (64%), 
followed by White (27%). Census estimates indicate that 
the median household income in Prince George’s County 
is $97,935, 87% of individuals aged 25 or older have at 
least a high school diploma, and 11% live in poverty (US 
Census Bureau 2024). The median household income in 
Maryland is $98,461, with 91% of individuals aged 25 or 
older having at least a high school diploma, and 10% 
living in poverty (US Census Bureau 2024). This study 
adhered to the Declaration of Helsinki and the Strength-
ening the Reporting of Observational Studies in Epide-
miology guidelines (von Elm et al. 2007). The New York 
University Institutional Review Board considered this 
secondary data analysis exempt from review.

Analytic sample
The Prince George’s County Police Department first 
implemented social media data collection in 2017. The 
first full year of social media-involved data became reli-
able enough for academic use in 2018. The 2017 data 
were not complete and excluded for implementation, 
data quality, consistency, and training reasons. This 
approach aligns with the general practice for academic 
research partnerships with the Prince George’s County 
Police Department.

Figure 1 shows the analytic sample derivation. A total 
of 25,442 crimes occurred in Prince George’s County, 
Maryland, between 2018 and 2023. We excluded 2,488 
(9.8%) non-violent crimes, 93 (0.4%) cases with miss-
ing latitude and longitudinal coordinates, and 60 (0.2%) 
instances where the Social Vulnerability Index could not 
be computed. A list of non-violent crimes is shown in 
Supplemental Table 1. Examples of non-violent crimes 
included motor vehicle theft, breaking and entering, 
driving under the influence, and fraud. The final analytic 
sample included 22,801 violent crimes. Violent crimes 
included simple and aggravated assault, robbery, carjack-
ing, homicide (murder and manslaughter), sexual offense 
(rape, sexual assault with an object, and sodomy), and 
kidnapping/abduction (Supplemental Table 1).

Social media-involved violent crime
The Prince George’s County Police Department required 
all officers (including non-Prince George’s County Police 
Department officers employed by any of the 33 munici-
palities) to indicate whether the reported incident had 
any nexus to a social media platform. The PremierOne 
Records Management System prompted officers with 
the following question: “Does this incident have any 
social media involvement?” An officer obtained an 
answer either by asking a reporting person (e.g., victim 



Page 4 of 12Bather et al. Injury Epidemiology           (2024) 11:54 

or witness) or by investigative leads (e.g., search and sei-
zure warrants). When an officer selected “yes”, indicat-
ing that an incident does have a social media nexus, a 
multi-select field appeared. The officer’s screen listed the 
most common social media programs/applications. This 
was a multi-select option allowing the officer to choose 
one or multiple options, including the name of the social 
media site (e.g., OK Cupid, Wallapop, Kik, Scruff), how 
involved parties used the denoted application(s), and if 
there were any user/screen names. The example in the 
Prince George’s County Police Department Report Writ-
ing Manual is as follows: “2A1 responds to an address for 
a citizen robbery. Once on the scene, the victim informs 
2A1 that they were using “LetGo” to sell an iPhone. Once 
at the location of the sale, the suspects robbed the victim.” 
This would be an example of a social media-involved rob-
bery, and LetGo would be the social media application. 
In summary, if a person used an electronic digital net-
work to communicate with another person for any rea-
son (except for traditional communication methods such 
as voice call, e-mail, or text/SMS message), the Prince 
George’s County Police Department considered it a social 
media application. The primary outcome of interest was 

a dichotomous measure of whether social media was 
involved in the violent crime. Social media application 
types included social networking (Facebook, Instagram, 
Snapchat, TikTok, Twitter), advertising/selling (Back-
page.com, Craigslist, LetGo, OfferUp, 5Mile), ridesharing 
(Uber, Lyft), dating (Grindr, Match.com, Plenty of Fish, 
Skout, Tinder), image/video hosting (YouTube, Flickr), 
mobile payment (CashApp, Zelle), instant messaging/
Voice over Internet Protocol (Discord, Skype, What-
sApp), and Other (e.g., air drop/file share).

Social vulnerability
We assessed social vulnerability using the Centers for 
Disease Control and Prevention’s Social Vulnerabil-
ity Index (Centers for Disease Control and Prevention 
2024). This index measures a census tract’s social vul-
nerability according to 16 criteria (Table  1). Each crite-
rion was based on census variables from the 2017–2021 
American Community Survey 5-year estimates (Centers 
for Disease Control and Prevention 2024). These criteria 
are categorized into four themes: socioeconomic status 
(SES), household characteristics, racial and ethnic minor-
ity status, and housing type and transportation. For the 

Fig. 1  Analytic Sample Diagram, Social Media-Involved Violent Crimes in Prince George’s County, Maryland, 2018–2023
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analyses, we examined each theme separately and as a 
sum indicating an area’s overall social vulnerability. We 
obtained census tract-level social vulnerability measures 
using latitude and longitudinal coordinates from the 
crime records. Social Vulnerability Index values range 
from 0 to 1, with higher scores reflecting greater social 
vulnerability (Centers for Disease Control and Prevention 
2024). For example, an overall social vulnerability score 
of 0.44 indicates that the area ranks at the 44th percen-
tile. We categorized these scores into low, medium, and 
high groups. Evaluating social vulnerability at the census 
tract level aligns with recommendations from the Public 
Health Disparities Geocoding Project (Testa et al. 2022).

Victim and crime information
We obtained victim (age, sex, ethnicity, race, resi-
dent status) and crime information (type, drug-related, 
year) from crime reports. Since some cases had a range 
reported for age (e.g., 18–21, 20–30, 20–40), we recate-
gorized age as < 18, 18–45, > 45 or missing. Sex was mea-
sured in the crime reports as male, female, or unknown. 
We collapsed unknown sex with missing sex due to small 
sample sizes. Ethnicity was categorized as non-Hispanic, 
Hispanic, or unknown/missing. Race was measured as 
White, Black, Asian, American Indian/Alaska Native, 

Native Hawaiian/Other Pacific Islander, or unknown/
missing. Resident status of where the crime occurred was 
measured as resident, non-resident, or unknown/miss-
ing. Crime type was coded as simple assault, aggravated 
assault, robbery, carjacking, homicide, sexual offense, or 
kidnapping/abduction. Drug-related crime was classified 
as yes, no, or missing.

Statistical analysis
We tabulated descriptive statistics for all variables. Cat-
egorical measures were expressed as counts and percent-
ages. We used Pearson’s Chi-squared test to perform 
bivariate analyses (Goodman 2017). We employed modi-
fied Poisson regression to analyze the adjusted associa-
tions between social vulnerability measures and social 
media-involved violent crimes (Zou 2004; Zou and 
Donner 2013). This method is preferable for estimating 
prevalence ratios (PRs) with binary data, offering better 
convergence than log-binomial regression and correct-
ing for inflated standard errors produced by standard 
Poisson regression (Yelland et al. 2011; Zou 2004). We 
implemented modified Poisson regression models using 
generalized estimating equations, incorporating an 
exchangeable correlation structure to account for depen-
dence within census tract (Fitzmaurice et al. 2011; Liang 
and Zeger 1986). To ensure robustness, we conducted 
a sensitivity analysis comparing the modified Poisson 
model estimates to those obtained from negative bino-
mial regression models. All statistical analyses were con-
ducted in Stata/SE 18.0 (StataCorp 2023).

Results
Sample characteristics
Among the analytic sample of 22,801 violent crimes in 
Prince George’s County, 200 census tracts were repre-
sented, with an average of 114 crime reports per census 
tract. Most victims were between the ages of 18 and 45 
(67%), non-Hispanic (57%), Black (66%), and residents 
of where the crime occurred (75%, Table  2). 50% of the 
victims were male, 42% of the violent crimes were simple 
assaults, 98% were not drug related, and 19% occurred 
in 2023. About 40% of the cases happened in high social 
vulnerability areas: SES (41% in the 67th − 100th percen-
tile group), household characteristics (39% in the 68th 
− 100th percentile group), racial and ethnic minority sta-
tus (55% in the 66th − 98th percentile group), housing 
type and transportation (41% in the 67th − 100th percen-
tile group), and overall (47% in the 66th − 100th percen-
tile group, Table 3).

Of the 22,801 violent crimes, 420 (2%) had social media 
involvement (Table  4). The most common social media 
application types used in these crimes were social net-
working (42%) and advertising/selling (20%). Applica-
tion type significantly differed by crime type (P < 0.001). 

Table 1  Social Vulnerability Index based on 2017–2021 
American Community Survey 5-year estimates, Centers for 
Disease Control and Prevention
Composite 
measure

Theme Census variables

Overall Social 
Vulnerability

Socioeconomic 
Status

• Below 150% Poverty
• Unemployed
• Housing Cost Burden
• No High School Diploma

Household 
Characteristics

•≥ 65 years old
•≤ 17 years old
• Civilian with a Disability
• Single-Parent Households
• English Language Proficiency

Racial & Ethnic 
Minority Status*

• Hispanic or Latino (of any race)
• Black or African American, Not 
Hispanic or Latino
• Asian, Not Hispanic or Latino
• American Indian or Alaska Na-
tive, Not Hispanic or Latino
• Native Hawaiian or Pacific 
Islander, Not Hispanic or Latino
• Two or More Races, Not His-
panic or Latino
• Other Races, Not Hispanic or 
Latino

Housing Type & 
Transportation

• Multi-Unit Structures
• Mobile Homes
• Crowding
• No Vehicle
• Group Quarters

*Racial & Ethnic Minority Status census variables are counted as one social factor
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Social networking applications were more likely to be 
used in assaults and homicides, advertising/selling appli-
cations were more likely to be used in robberies, and 
dating applications were more likely to be used in sexual 
offenses.

Sample characteristics by social media-involved status
We observed statistically significant differences in sev-
eral characteristics by social media involvement sta-
tus (Tables 2 and 3). Compared to crimes not involving 
social media, social media-involved crimes had higher 

Table 2  Analytic sample characteristics, overall and by social media-involved status, violent crimes in Prince George’s County, 
Maryland, 2018–2023

Overall Social media-involved violent crime P value
No Yes

No. (%) No. (%) No. (%)
22,801 (100.0%) 22,381 (98.2%) 420 (1.8%)

Age < 0.001
 <18 2,344 (10.3%) 2,259 (10.1%) 85 (20.2%)
 18–45 15,256 (66.9%) 14,964 (66.9%) 292 (69.5%)
 >45 3,852 (16.9%) 3,812 (17.0%) 40 (9.5%)
 Missing 1,349 (5.9%) 1,346 (6.0%) 3 (0.7%)
Sex < 0.001
 Male 11,362 (49.8%) 11,105 (49.6%) 257 (61.2%)
 Female 10,095 (44.3%) 9,935 (44.4%) 160 (38.1%)
 Unknown/Missing 1,344 (5.9%) 1,341 (6.0%) 3 (0.7%)
Ethnicity 0.12
 non-Hispanic 12,995 (57.0%) 12,749 (57.0%) 246 (58.6%)
 Hispanic 4,728 (20.7%) 4,631 (20.7%) 97 (23.1%)
 Unknown/Missing 5,078 (22.3%) 5,001 (22.3%) 77 (18.3%)
Race < 0.001
 White 5,783 (25.4%) 5,654 (25.3%) 129 (30.7%)
 Black 14,933 (65.5%) 14,673 (65.6%) 260 (61.9%)
 Asian 366 (1.6%) 350 (1.6%) 16 (3.8%)
 American Indian/Alaska Native 132 (0.6%) 126 (0.6%) 6 (1.4%)
 Native Hawaiian/Other Pacific Islander 109 (0.5%) 106 (0.5%) 3 (0.7%)
 Unknown/Missing 1,478 (6.5%) 1,472 (6.6%) 6 (1.4%)
Resident status < 0.001
 Resident 17,038 (74.7%) 16,769 (74.9%) 269 (64.0%)
 Nonresident 3,329 (14.6%) 3,191 (14.3%) 138 (32.9%)
 Unknown/Missing 2,434 (10.7%) 2,421 (10.8%) 13 (3.1%)
Crime type < 0.001
 Simple Assault 9,474 (41.6%) 9,403 (42.0%) 71 (16.9%)
 Aggravated Assault 5,294 (23.2%) 5,252 (23.5%) 42 (10.0%)
 Robbery 6,477 (28.4%) 6,246 (27.9%) 231 (55.0%)
 Sexual Offense 1,044 (4.6%) 977 (4.4%) 67 (16.0%)
 Homicide 460 (2.0%) 453 (2.0%) 7 (1.7%)
 Kidnapping/Abduction 52 (0.2%) 50 (0.2%) 2 (0.5%)
Drug-related crime 0.66
 No 22,235 (97.5%) 21,828 (97.5%) 407 (96.9%)
 Yes 535 (2.3%) 523 (2.3%) 12 (2.9%)
 Missing 31 (0.1%) 30 (0.1%) 1 (0.2%)
Year 0.033
 2018 3,943 (17.3%) 3,884 (17.4%) 59 (14.0%)
 2019 3,869 (17.0%) 3,806 (17.0%) 63 (15.0%)
 2020 3,612 (15.8%) 3,553 (15.9%) 59 (14.0%)
 2021 3,163 (13.9%) 3,100 (13.9%) 63 (15.0%)
 2022 3,836 (16.8%) 3,743 (16.7%) 93 (22.1%)
 2023 4,378 (19.2%) 4,295 (19.2%) 83 (19.8%)
P value from a Pearson’s Chi-squared test
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proportions of victims who were less than 18 years old 
(20% vs. 10%, P < 0.001), male (61% vs. 50%, P < 0.001), 
White (31% vs. 25%, P < 0.001), and non-residents of the 
area where the crime occurred (33% vs. 14%, P < 0.001, 
Table  2). Social media-involved violent crimes included 
a higher percentage of robberies than violent crimes 
not involving social media (55% vs. 28%, P < 0.001). 
Compared to crimes not involving social media, social 

media-involved crimes were more likely to occur in areas 
of low SES (25% vs. 16%, P < 0.001), housing type and 
transportation (28% vs. 20%, P < 0.001), and overall vul-
nerability (22% vs. 16%, P < 0.001, Table 3).

Table 3  Bivariate associations between social vulnerability and social media-involved status, violent crimes in Prince George’s County, 
Maryland, 2018–2023

Overall Social media-involved violent crime P value
No Yes

No. (%) No. (%) No. (%)
22,801 (100.0%) 22,381 (98.2%) 420 (1.8%)

Social vulnerability theme
Socioeconomic status < 0.001
 Low (0.001,0.333] 3,625 (15.9%) 3,521 (15.7%) 104 (24.8%)
 Medium (0.333,0.667] 9,940 (43.6%) 9,769 (43.6%) 171 (40.7%)
 High (0.667,1.000] 9,236 (40.5%) 9,091 (40.6%) 145 (34.5%)
Household characteristics 0.48
 Low (0.001,0.333] 6,248 (27.4%) 6,130 (27.4%) 118 (28.1%)
 Medium (0.333,0.667] 7,667 (33.6%) 7,517 (33.6%) 150 (35.7%)
 High (0.667,1.000] 8,886 (39.0%) 8,734 (39.0%) 152 (36.2%)
Racial & ethnic minority status 0.74
 Low (0.001,0.327] 3,074 (13.5%) 3,013 (13.5%) 61 (14.5%)
 Medium (0.327,0.654] 7,303 (32.0%) 7,166 (32.0%) 137 (32.6%)
 High (0.654,0.982] 12,424 (54.5%) 12,202 (54.5%) 222 (52.9%)
Housing type & transportation < 0.001
 Low (0.001,0.333] 4,525 (19.8%) 4,409 (19.7%) 116 (27.6%)
 Medium (0.333,0.667] 8,917 (39.1%) 8,771 (39.2%) 146 (34.8%)
 High (0.667,1.000] 9,359 (41.0%) 9,201 (41.1%) 158 (37.6%)
Overall < 0.001
 Low (0.001,0.333] 3,602 (15.8%) 3,508 (15.7%) 94 (22.4%)
 Medium (0.333,0.667] 8,409 (36.9%) 8,254 (36.9%) 155 (36.9%)
 High (0.667,1.000] 10,790 (47.3%) 10,619 (47.4%) 171 (40.7%)
P value from a Pearson’s Chi-squared test

Table 4  Distribution of social media application type by violent crime type, violent crimes in Prince George’s County, Maryland, 
2018–2023

Overall Crime type P value
Simple 
Assault

Aggravated 
Assault

Robbery Sexual 
Offense

Homicide  Kidnapping/
Abduction

No. (%) No. (%) No. (%) No. (%) No. (%) No. (%) No. (%)
420 (100.0%) 71 (16.9%) 42 (10.0%) 231 (55.0%) 67 (16.0%) 7 (1.7%) 2 (0.5%)

Application type <0.001
 Social networking 178 (42.4%) 45 (63.4%) 27 (64.3%) 66 (28.6%) 34 (50.7%) 5 (71.4%) 1 (50.0%)
 Advertising/Selling 82 (19.5%) 0 (0.0%) 3 (7.1%) 78 (33.8%) 0 (0.0%) 1 (14.3%) 0 (0.0%)
 Ridesharing 55 (13.1%) 13 (18.3%) 7 (16.7%) 34 (14.7%) 0 (0.0%) 0 (0.0%) 1 (50.0%)
 Dating 21 (5.0%) 1 (1.4%) 0 (0.0%) 9 (3.9%) 11 (16.4%) 0 (0.0%) 0 (0.0%)
 Image/Video Hosting 2 (0.5%) 0 (0.0%) 0 (0.0%) 1 (0.4%) 1 (1.5%) 0 (0.0%) 0 (0.0%)
 Mobile payment 10 (2.4%) 1 (1.4%) 0 (0.0%) 7 (3.0%) 2 (3.0%) 0 (0.0%) 0 (0.0%)
Instant messaging/Voice 
over Internet Protocol

2 (0.5%) 0 (0.0%) 0 (0.0%) 1 (0.4%) 1 (1.5%) 0 (0.0%) 0 (0.0%)

 Other 70 (16.7%) 11 (15.5%) 5 (11.9%) 35 (15.2%) 18 (26.9%) 1 (14.3%) 0 (0.0%)
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Associations between social vulnerability and social 
media-involved violent crimes
We found statistically significant relationships between 
three social vulnerability metrics and the prevalence of 
social media-involved crimes (Table 5). Relative to areas 
in the high group, we observed a higher prevalence of 
social media-involved violent crimes in areas with low 
SES vulnerability (adjusted PR [aPR]: 1.82, 95% CI: 1.37–
2.43), low housing type and transportation vulnerability 
(aPR: 1.53, 95% CI: 1.17–2.02), and low overall vulner-
ability (aPR: 1.63, 95% CI: 1.23–2.17). We observed varia-
tion in the magnitude and statistical significance of the 
association across stratified analyses by crime type. Low 
SES vulnerability areas were significantly associated with 
higher prevalences of social media-involved assaults and 
homicides (aPR: 1.64, 95% CI: 1.02–2.62), robberies (aPR: 
2.00, 95% CI: 1.28–3.12), and sexual offenses (aPR: 2.07, 
95% CI: 1.02–4.19) compared to high SES vulnerability 
areas. Low housing type and transportation vulnerabil-
ity (vs. high) was significantly associated with a higher 
prevalence of social media-involved robberies (aPR: 1.54, 
95% CI: 1.01–2.37), but not with a higher prevalence of 
social media-involved assaults and homicides (aPR: 1.51, 
95% CI: 0.97–2.35) or sexual offenses (aPR: 1.54, 95% CI: 
0.76–3.11). Modified Poisson models also indicated that 
low overall vulnerability areas had higher prevalences of 

social media-involved robberies (aPR: 1.71, 95% CI: 1.10–
2.67) and sexual offenses (aPR: 2.14, 95% CI: 1.05–4.39) 
than high overall vulnerability areas. Sensitivity analyses 
based on negative binomial regression models yielded 
similar results (Supplemental Table 2). Models among all 
crime types controlled for crime type and incident year. 
Stratified models controlled for incident year. Modified 
Poisson and negative binomial regression models did not 
converge for stratified models based on kidnapping and 
abduction cases.

Discussion
Using crime reports from the Prince George’s County 
Police Department, we quantified the prevalence of social 
media-involved violent crimes across social vulnerability 
levels. We found that lower social vulnerability was asso-
ciated with a higher prevalence of social media-involved 
violent crimes in Prince George’s County, Maryland. 
We also found that young, White, male, and non-resi-
dent individuals were more likely to be victims of social 
media-involved violent crimes. These results provide a 
novel understanding of the relationships between place, 
social media, and violent crimes.

Although more evidence is needed, the relationship 
between lower social vulnerability and a higher preva-
lence of social-media involved violent crimes could be 

Table 5  Lower social vulnerability is associated with a higher prevalence of social media-involved violent crimes in Prince George’s 
County, Maryland, 2018–2023

All crime typesa Crime type (subgroup analyses)b

Assault & homicide Robbery Sexual offense

PR 95% CI PR 95% CI PR 95% CI PR 95% CI
Socioeconomic status
 High (ref.)
 Low 1.82 1.37, 2.43 1.64 1.02, 2.62 2.00 1.28, 3.12 2.07 1.02, 4.19
 Medium 1.06 0.82, 1.37 1.20 0.80, 1.78 0.99 0.65, 1.51 1.41 0.70, 2.87
Household characteristics
 High (ref.)
 Low 1.12 0.84, 1.49 1.10 0.71, 1.70 0.98 0.62, 1.56 1.80 0.87, 3.74
 Medium 1.20 0.92, 1.57 1.12 0.73, 1.70 1.10 0.72, 1.68 1.89 0.93, 3.85
Racial & ethnic minority status
 High (ref.)
 Low 1.04 0.75, 1.44 1.04 0.60, 1.79 1.00 0.60, 1.66 1.23 0.60, 2.52
 Medium 1.03 0.80, 1.32 1.28 0.87, 1.88 0.93 0.62, 1.40 1.20 0.63, 2.26
Housing type & transportation
 High (ref.)
 Low 1.53 1.17, 2.02 1.51 0.97, 2.35 1.54 1.01, 2.37 1.54 0.76, 3.11
 Medium 1.07 0.82, 1.39 1.02 0.68, 1.52 1.06 0.70, 1.61 1.47 0.74, 2.92
Overall
 High (ref.)
 Low 1.63 1.23, 2.17 1.49 0.92, 2.40 1.71 1.10, 2.67 2.14 1.05, 4.39
 Medium 1.15 0.89, 1.49 1.45 0.99, 2.12 0.99 0.65, 1.52 1.81 0.90, 3.64
a Each social vulnerability model controlled for crime type and incident year
b Each social vulnerability model controlled for incident year

PR = Prevalence Ratio, CI = Confidence Interval
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attributed to social media platforms catering to affluent 
individuals (Rideout et al. 2022). The present analysis 
showed a significant positive association between rob-
beries and social media-involved crimes, consistent with 
prior research using this database (Garcia Whitlock et al. 
2023). Social media revenue largely derives from adver-
tising (Raffoul et al. 2023), with affluent users potentially 
subjected to targeted marketing for luxury goods. Given 
their greater access to the internet relative to less affluent 
individuals (Rideout et al. 2022), affluent individuals may 
post images and videos showcasing socially valued items 
(e.g., expensive clothing) to maintain high social status 
and popularity. Geographic details in these posts may 
provide sufficient information for others to commit rob-
beries. In addition, as mentioned earlier, the social media 
utilization rate tends to be slightly higher among higher-
income households (Gottfried  2024). For these reasons, 
this may be why our original hypothesis of higher social 
vulnerability associating with a higher prevalence of 
social media-involved crimes was disproven.

The current investigation yielded critical implications 
for public health practice and policy decision-making. 
Our findings support the implementation of collecting 
incident-based social media involvement in crime reports 
among law enforcement agencies across the United States 
and internationally. To our knowledge, this is the first 
study to examine social vulnerability and the prevalence 
of social media-involved crimes. Therefore, these insights 
can inform could inform various stakeholders in mean-
ingful ways. Injury epidemiologists can include social 
media usage measures when studying violence risk fac-
tors and target their surveillance efforts on social media-
involved crimes in lower vulnerability areas. Prevention 
scientists could use these findings to tailor programs 
differently for lower versus higher vulnerability commu-
nities, with a greater emphasis on social media safety in 
less vulnerable areas. Police departments could use this 
information to allocate resources and tailor community 
education efforts based on neighborhood vulnerability 
levels, potentially informing new training protocols for 
officers investigating social media-involved crimes. Com-
munity engagement could involve holding town halls to 
present findings and gather input on potential interven-
tions. Injury epidemiologists, prevention scientists, and 
enforcement agencies could translate this study’s insights 
into practical, community-specific strategies to address 
the intersection of social vulnerability, social media use, 
and violent crime.

This study has limitations. Analyses are based on one 
US county with high median household and education 
levels compared to the general US population. Thus, our 
findings have limited generalizability to counties with dif-
ferent sociodemographic characteristics. Statistical infer-
ences may be susceptible to measurement error and bias 

from various sources. Some crime report information is 
subjective, relying on officers’ perceptions in the absence 
of a surviving victim, leading to potential misclassifica-
tion. Additionally, there are reporting limitations related 
to the “dark side of crime” – crimes that go unreported or 
undetected (Morgan and Truman 2020). Analyses from 
the National Crime Victimization Survey show that cer-
tain types of crimes, such as robbery, tend to be under-
reported compared to others, like assault (Morgan and 
Truman 2020). It is possible that crime underreporting 
is correlated to a victim’s race/ethnicities and social vul-
nerabilities, which may have skewed the prevalences pre-
sented in our analysis. Confounding bias is possible due 
to unmeasured factors affecting the relationship between 
social vulnerability and social media-involved violent 
crimes (Hernán and Robins 2020). Collider bias may 
affect our results, as police interactions are not randomly 
distributed (Goel et al. 2016; Hannon 2020; Knox et al. 
2020; Knox and Mummolo 2020a, b; Pierson et al. 2020). 
Lastly, this study’s findings are correlational and do not 
establish causal relationships.

Despite these limitations, the current investigation has 
several strengths. We analyzed a novel measure of social 
media involvement in violent crimes developed by the 
Prince George’s County Police Department, which serves 
over 900,000 people (Garcia Whitlock et al. 2023). We 
modeled the prevalence of this measure as a function of 
validated social vulnerability measures at the census tract 
level, which could inform prevention efforts. We fit strat-
ified models by crime type (assault and homicide, rob-
bery, and sexual offense) in the primary and sensitivity 
analyses. These stratified analyses provided a thorough 
way to assess the relationship between social vulnerabil-
ity and social media-involved crimes. We analyzed recent 
crime report data spanning 2018 to 2023. We character-
ized the application type distribution (e.g., Instagram, 
TikTok) among social media-involved violent crimes and 
examined the association between specific types of vio-
lent crimes by social media type. We employed a popu-
lation-averaged model accounting for within-census tract 
correlation (Liang and Zeger 1986). Lastly, we provided 
novel insights into the role of social media in our lives 
beyond information sharing about products and lifestyles 
(Yeung 2018).

Conclusions
Using crime report data in Prince George’s County, 
Maryland, we found that lower social vulnerability is 
associated with a higher prevalence of social media-
involved violent crimes. These empirical insights under-
score the need for nationally representative estimates of 
social media-involved crimes. Comprehensive data col-
lection at the national and international levels provides 
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the capacity to elucidate the relationships between neigh-
borhoods, social media, and population health.

Abbreviations
aPR	� Adjusted Prevalence Ratio
SES	� Socioeconomic Status

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s40621-024-00538-w.

Supplementary Material 1

Acknowledgements
We gratefully acknowledge Chief Malik Aziz for his critical review of the 
concept proposal for this manuscript. We thank the Prince George’s County 
Police Department for providing the data used in this study. We greatly 
appreciate the editorial team and the anonymous reviewers for taking the 
time to review our manuscript and providing constructive comments.

Author contributions
JRB: Conceptualization, Methodology, Software, Formal Analysis, Investigation, 
Writing - Original Draft. DS, JYB, NSP: Conceptualization, Investigation, Writing 
- Review & Editing. BPG, AH: Conceptualization, Investigation, Data Curation, 
Writing - Review & Editing. MSG: Conceptualization, Methodology, Validation, 
Investigation, Resources, Data curation, Writing - Review & Editing, Project 
Administration.

Funding
The authors received no financial support for the research, authorship, or 
publication of this article.

Availability of data and materials
The dataset supporting the conclusions of this article can be obtained by 
emailing a request to the Prince George’s County Police Department.

Declarations

Ethics approval and consent to participate
The New York University Institutional Review Board considered this secondary 
data analysis exempt. Since the data used in this study are de-identified, 
written informed consent was not required. This study was performed in 
accordance with the ethical standards laid down in the 1964 Declaration of 
Helsinki and its later amendments or comparable ethical standards.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details
1Center for Anti-racism, Social Justice & Public Health, New York University 
School of Global Public Health, 708 Broadway 9th Floor, New York,  
NY 10003, USA
2Department of Biostatistics, New York University School of Global Public 
Health, New York, NY 10003, USA
3Department of Public Health Policy and Management, New York 
University School of Global Public Health, New York, NY 10003, USA
4Prince George’s County Police Department, Upper Marlboro, MD  
20774, USA
5Department of Social and Behavioral Sciences, New York University 
School of Global Public Health, New York, NY 10003, USA

Received: 31 July 2024 / Accepted: 17 September 2024

References
Aghababaei S, Makrehchi M. Mining Social Media Content for Crime Prediction. 

2016 IEEE/WIC/ACM Int Conf Web Intell (WI). 2016;526–31. https://doi.
org/10.1109/WI.2016.0089.

Aichner T, Grünfelder M, Maurer O, Jegeni D. Twenty-five years of Social Media: a 
review of social media applications and definitions from 1994 to 2019. Cyber-
psychology Behav Social Netw. 2021;24(4):215–22. https://doi.org/10.1089/
cyber.2020.0134.

Amaro H, Sanchez M, Bautista T, Cox R. Social vulnerabilities for Substance 
Use: stressors, socially toxic environments, and discrimination and rac-
ism. Neuropharmacology. 2021;188:108518. https://doi.org/10.1016/j.
neuropharm.2021.108518.

Arnio AN. Examining the effects of Neighborhood Contextual factors on officer-
involved shootings. Justice Q. 2021;38(4):626–52. https://doi.org/10.1080/074
18825.2019.1679862.

Bailey ZD, Krieger N, Agénor M, Graves J, Linos N, Bassett MT. Structural Racism 
and Health Inequities in the USA: evidence and interventions. Lancet. 
2017;389(10077):1453–63. https://doi.org/10.1016/S0140-6736(17)30569-X.

Bailey ZD, Feldman JM, Bassett MT. How structural Racism Works—Racist 
policies as a Root Cause of U.S. Racial Health Inequities. N Engl J Med. 
2021;384(8):768–73. https://doi.org/10.1056/NEJMms2025396.

Beck B. Broken Windows in the Cul-de-Sac? Race/Ethnicity and quality-of-life polic-
ing in the changing suburbs. Crime Delinquency. 2019;65(2):270–92. https://
doi.org/10.1177/0011128717739568.

Bishop M. Healthcare Social Media for Consumer. In: Edmunds M, Hass C, Holve E, 
editors. Consumer Informatics and Digital Health: Solutions for Health and 
Health Care. Springer; 2019. pp. 61–86.

Braga AA, Brunson RK, Drakulich KM. Race, Place, and effective policing. 
Ann Rev Sociol. 2019;45(45, 2019):535–55. https://doi.org/10.1146/
annurev-soc-073018-022541.

Bullard RD. Dumping in dixie: race, class, and environmental quality. 3rd ed. 
Westview; 2000.

Centers for Disease Control and Prevention. (2024). CDC/ATSDR Social Vulnerability 
Index 2022 Database US [Dataset]. https://www.atsdr.cdc.gov/placeand-
health/svi/data_documentation_download.html

Décary-Hétu D, Morselli C. Gang Presence in Social Network Sites. Int J Cyber 
Criminol. 2011;5(2):876–90.

Deziel NC, Warren JL, Bravo MA, Macalintal F, Kimbro RT, Bell ML. Assessing com-
munity-level exposure to Social vulnerability and isolation: spatial patterning 
and urban-rural differences. J Expo Sci Environ Epidemiol. 2023;33(2):198–
206. https://doi.org/10.1038/s41370-022-00435-8.

Fernández-Planells A, Orduña-Malea E, Feixa Pàmpols C. Gangs and Social Media: 
a systematic literature review and an identification of Future challenges, risks 
and recommendations. New Media Soc. 2021;23(7):2099–124. https://doi.
org/10.1177/1461444821994490.

Fitzmaurice GM, Laird NM, Ware JH. Applied Longitudinal Analysis. 2nd ed. Wiley & 
Sons; 2011.

Garcia Whitlock AE, Gill BP, Richardson JB, Patton DU, Strong B, Nwakanma CC, 
Kaufman EJ. Analysis of social media involvement in violent Injury. JAMA 
Surg. 2023;e234995. https://doi.org/10.1001/jamasurg.2023.4995.

Gelman A, Fagan J, Kiss A. An analysis of the New York City Police Department’s 
stop-and-Frisk Policy in the context of claims of racial Bias. J Am Stat Assoc. 
2007;102(479):813–23. https://doi.org/10.1198/016214506000001040.

Givens M, Teal EN, Patel V, Manuck TA. Preterm Birth among pregnant women 
living in Areas with High Social Vulnerability. Am J Obstet Gynecol MFM. 
2021;3(5):100414. https://doi.org/10.1016/j.ajogmf.2021.100414.

Goel S, Rao JM, Shroff R. Precinct or Prejudice? Understanding racial disparities in 
New York City’s stop-and-Frisk Policy. Annals Appl Stat. 2016;10(1):365–94.

Goodman MS. Biostatistics for Clinical and Public Health Research. 
Routledge; 2017. https://www.routledge.com/Biostatis-
tics-for-Clinical-and-Public-Health-Research/Goodman/p/
book/9781138196353.

Gottfried J. (2024, January 31). Americans’ Social Media Use. Pew Research 
Center. https://www.pewresearch.org/internet/2024/01/31/
americans-social-media-use/

Hannon L. An exploratory Multilevel Analysis of Pedestrian Frisks in Philadelphia. 
Race Justice. 2020;10(1):87–113. https://doi.org/10.1177/2153368717730106.

Hernán M, Robins J. Causal inference: what if. Chapman & Hall/CRC; 2020.
Hyatt JM, Densley JA, Roman CG. Social Media and the variable impact of violence 

reduction Interventions: re-examining focused deterrence in Philadelphia. 
Social Sci. 2021;10(5). https://doi.org/10.3390/socsci10050147.

https://doi.org/10.1186/s40621-024-00538-w
https://doi.org/10.1186/s40621-024-00538-w
https://doi.org/10.1109/WI.2016.0089
https://doi.org/10.1109/WI.2016.0089
https://doi.org/10.1089/cyber.2020.0134
https://doi.org/10.1089/cyber.2020.0134
https://doi.org/10.1016/j.neuropharm.2021.108518
https://doi.org/10.1016/j.neuropharm.2021.108518
https://doi.org/10.1080/07418825.2019.1679862
https://doi.org/10.1080/07418825.2019.1679862
https://doi.org/10.1016/S0140-6736(17)30569-X
https://doi.org/10.1056/NEJMms2025396
https://doi.org/10.1177/0011128717739568
https://doi.org/10.1177/0011128717739568
https://doi.org/10.1146/annurev-soc-073018-022541
https://doi.org/10.1146/annurev-soc-073018-022541
https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html
https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html
https://doi.org/10.1038/s41370-022-00435-8
https://doi.org/10.1177/1461444821994490
https://doi.org/10.1177/1461444821994490
https://doi.org/10.1001/jamasurg.2023.4995
https://doi.org/10.1198/016214506000001040
https://doi.org/10.1016/j.ajogmf.2021.100414
https://www.routledge.com/Biostatistics-for-Clinical-and-Public-Health-Research/Goodman/p/book/9781138196353
https://www.routledge.com/Biostatistics-for-Clinical-and-Public-Health-Research/Goodman/p/book/9781138196353
https://www.routledge.com/Biostatistics-for-Clinical-and-Public-Health-Research/Goodman/p/book/9781138196353
https://www.pewresearch.org/internet/2024/01/31/americans-social-media-use/
https://www.pewresearch.org/internet/2024/01/31/americans-social-media-use/
https://doi.org/10.1177/2153368717730106
https://doi.org/10.3390/socsci10050147


Page 11 of 12Bather et al. Injury Epidemiology           (2024) 11:54 

Johnson O, St. Vil C, Gilbert KL, Goodman M, Johnson CA. How neighborhoods 
Matter in fatal interactions between police and men of Color. Soc Sci Med. 
2019;220:226–35. https://doi.org/10.1016/j.socscimed.2018.11.024.

King JB, Pinheiro LC, Ringel JB, Bress AP, Shimbo D, Muntner P, Reynolds K, Cush-
man M, Howard G, Manly JJ, Safford MM. Multiple Social Vulnerabilities to 
Health Disparities and Hypertension and Death in the REGARDS Study. 
Hypertension. 2022. https://doi.org/10.1161/HYPERTENSIONAHA.120.15196.

Knox D, Mummolo J. (2020a). Making Inferences About Racial Disparities in Police 
Violence. Proceedings of the National Academy of Sciences, 117(3), 1261–1262. 
https://doi.org/10.1073/pnas.1919418117

Knox D, Mummolo J. (2020b). Toward a General Causal Framework for the Study of 
Racial Bias in Policing. Journal of Political Institutions and Political Economy, 1. 
https://doi.org/10.1561/113.00000018

Knox D, Lowe W, Mummolo J. Administrative records Mask racially biased 
policing. Am Polit Sci Rev. 2020;114(3):619–37. https://doi.org/10.1017/
S0003055420000039.

Lane J. The Digital Street: an Ethnographic Study of Networked Street 
Life in Harlem. Am Behav Sci. 2016;60(1):43–58. https://doi.
org/10.1177/0002764215601711.

Lane J, Ramirez FA, Pearce KE. Guilty by Visible Association: socially mediated 
visibility in Gang prosecutions. J Computer-Mediated Communication. 
2018;23(6):354–69. https://doi.org/10.1093/jcmc/zmy019.

Lauger TR, Densley JA, Moule RK. Social Media, strain, and technologically facili-
tated Gang Violence. In: Holt TJ, Bossler, editors. The Palgrave Handbook of 
International Cybercrime and Cyberdeviance. Cham: Palgrave Macmillan; 
2020. pp. 1375–95. https://doi.org/10.1007/978-3-319-78440-3_59.

LaVeist TA, Pérez-Stable EJ, Richard P, Anderson A, Isaac LA, Santiago R, Okoh C, 
Breen N, Farhat T, Assenov A, Gaskin DJ. The economic burden of racial, eth-
nic, and Educational Health Inequities in the US. JAMA. 2023;329(19):1682–92. 
https://doi.org/10.1001/jama.2023.5965.

Liang K-Y, Zeger SL. Longitudinal Data Analysis using generalized Linear models. 
Biometrika. 1986;73(1):13–22. https://doi.org/10.2307/2336267.

Malleson N, Andresen MA. (2015). The Impact of Using Social Media Data in Crime 
Rate Calculations: Shifting Hot Spots and Changing Spatial Patterns. Cartogra-
phy and Geographic Information Science. https://www.tandfonline.com/doi/
abs/https://doi.org/10.1080/15230406.2014.905756

Merrin GJ, Hong JS, Espelage DL. Are the risk and protective factors similar for 
gang-involved, pressured-to-join, and non-gang-involved youth? A social-
ecological analysis. Am J Orthopsychiatry. 2015;85(6):522–35. https://doi.
org/10.1037/ort0000094.

Moore CL, Stuart F. (2022). Gang Research in the Twenty-First Century. Annual 
Review of Criminology, 5(Volume 5, 2022), 299–320. https://doi.org/10.1146/
annurev-criminol-030920-094656

Morgan RE, Truman JL. (2020). Criminal Victimization, 2019. Bureau of Justice Statis-
tics. https://bjs.ojp.gov/content/pub/pdf/cv19.pdf

Moule RK Jr, Pyrooz DC, Decker SH. Internet adoption and online Behaviour 
among American Street gangs: integrating gangs and Organizational Theory. 
Br J Criminol. 2014;54(6):1186–206. https://doi.org/10.1093/bjc/azu050.

Orcés D. (2020, May 22). Who Uses Social Media Most Frequently? PRRI. https://www.
prri.org/spotlight/who-uses-social-media-most-frequently/

Patton DU, Eschmann RD, Butler DA. Internet banging: New trends in Social 
Media, Gang Violence, masculinity and hip hop. Comput Hum Behav. 
2013;29(5):A54–9. https://doi.org/10.1016/j.chb.2012.12.035.

Patton DU, Hong JS, Ranney M, Patel S, Kelley C, Eschmann R, Washington T. Social 
Media as a Vector for Youth Violence: a review of the literature. Comput Hum 
Behav. 2014;35:548–53. https://doi.org/10.1016/j.chb.2014.02.043.

Patton DU, Eschmann RD, Elsaesser C, Bocanegra E. Sticks, stones and Facebook 
accounts: what violence Outreach workers Know about Social Media and 
Urban-based Gang Violence in Chicago. Comput Hum Behav. 2016;65:591–
600. https://doi.org/10.1016/j.chb.2016.05.052.

Patton DU, Lane J, Leonard P, Macbeth J, Smith Lee JR. Gang Violence on the 
Digital Street: Case Study of a South Side Chicago Gang Member’s Twit-
ter Communication. New Media Soc. 2017;19(7):1000–18. https://doi.
org/10.1177/1461444815625949.

Patton DU, McGregor K, Slutkin G. Youth Gun Violence Prevention in a Digital Age. 
Pediatrics. 2018;141(4):e20172438. https://doi.org/10.1542/peds.2017-2438.

Patton DU, Pyrooz D, Decker S, Frey WR, Leonard P. When Twitter Fingers turn to 
trigger fingers: a qualitative study of Social Media-related Gang Violence. Int J 
Bullying Prev. 2019;1(3):205–17. https://doi.org/10.1007/s42380-019-00014-w.

Peterson J, Densley J. Cyber Violence: what do we know and where do we go 
from Here? Aggress Violent Beh. 2017;34:193–200. https://doi.org/10.1016/j.
avb.2017.01.012.

Pew Research Center. (2021). Social media fact sheet. Pew Res Cent. https://www.
pewresearch.org/internet/fact-sheet/social-media/

Pierson E, Simoiu C, Overgoor J, Corbett-Davies S, Jenson D, Shoemaker A, Ram-
achandran V, Barghouty P, Phillips C, Shroff R, Goel S. A large-scale analysis 
of racial disparities in police stops across the United States. Nat Hum Behav. 
2020;4(7):736–45. https://doi.org/10.1038/s41562-020-0858-1.

Prince George’s County. (2023). History | Prince George’s County. https://www.prince-
georgescountymd.gov/departments-offices/police/about-pgpd/history

Pyrooz DC, Decker SH, Moule RK. Criminal and routine activities in online settings: 
gangs, offenders, and the internet. Justice Q. 2015;32(3):471–99. https://doi.
org/10.1080/07418825.2013.778326.

Raffoul A, Ward ZJ, Santoso M, Kavanaugh JR, Austin SB. Social Media Platforms 
Generate Billions of Dollars in revenue from U.S. Youth: findings from a 
simulated revenue model. PLoS ONE. 2023;18(12):e0295337. https://doi.
org/10.1371/journal.pone.0295337.

Rideout V, Peebles A, Mann S, Robb MB. (2022). Common Sense Census: Media Use 
by Tweens and Teens, 2021. Common Sense. https://www.commonsenseme-
dia.org/sites/default/files/research/report/8-18-census-integrated-report-
final-web_0.pdf

Roberto E, Braga AA, Papachristos AV. Closer to guns: the role of Street gangs in 
Facilitating Access to illegal firearms. J Urb Health. 2018;95(3):372–82. https://
doi.org/10.1007/s11524-018-0259-1.

Ryan PH, Zanobetti A, Coull BA, Andrews H, Bacharier LB, Bailey D, Beamer PI, Blos-
som J, Brokamp C, Datta S, Hartert T, Hershey GKK, Jackson DJ, Johnson CC, 
Joseph C, Kahn J, Lothrop N, Louisias M, Luttmann-Gibson H, Gold DR. The 
legacy of redlining: increasing Childhood Asthma disparities through Neigh-
borhood Poverty. Am J Respir Crit Care Med. 2024. https://doi.org/10.1164/
rccm.202309-1702OC.

Santilli A, O’Connor Duffany K, Carroll-Scott A, Thomas J, Greene A, Arora A, Agnoli 
A, Gan G, Ickovics J. Bridging the response to Mass shootings and Urban Vio-
lence: exposure to violence in New Haven, Connecticut. Am J Public Health. 
2017;107(3):374–9. https://doi.org/10.2105/AJPH.2016.303613.

Schwartz GL, Jahn JL. Mapping Fatal Police Violence across U.S. Metropolitan 
Areas: overall rates and Racial/Ethnic inequities, 2013–2017. PLoS ONE. 
2020;15(6):e0229686. https://doi.org/10.1371/journal.pone.0229686.

Siegel M, Sherman R, Li C, Knopov A. The relationship between racial residential 
segregation and black-white disparities in Fatal Police shootings at the 
City Level, 2013–2017. J Natl Med Assoc. 2019;111(6):580–7. https://doi.
org/10.1016/j.jnma.2019.06.003.

StataCorp. Stata Statistical Software: Release 18. StataCorp LLC; 2023.
Storrod ML, Densley JA. Going viral’ and ‘Going Country’: the expressive and 

instrumental activities of Street gangs on Social Media. J Youth Stud. 
2017;20(6):677–96. https://doi.org/10.1080/13676261.2016.1260694.

Stuart F. Code of the Tweet: urban gang violence in the Social Media Age. Soc 
Probl. 2020;67(2):191–207. https://doi.org/10.1093/socpro/spz010.

Testa C, Chen JT, Hall E, Javadi D, Morgan J, Rushovich T, Saha S, Waterman PD, 
Krieger N. (2022). The Public Health Disparities Geocoding Project 2.0 Training 
Manual. https://phdgp.github.io/PHDGP2.0/index.html

US Census Bureau. (2024). U.S. Census Bureau QuickFacts: Prince George’s 
County, Maryland. https://www.census.gov/quickfacts/fact/table/
princegeorgescountymaryland/PST045222

von Elm E, Altman DG, Egger M, Pocock SJ, Gøtzsche PC, Vandenbroucke JP, 
STROBE Initiative. The strengthening the reporting of Observational studies 
in Epidemiology (STROBE) Statement: guidelines for reporting observa-
tional studies. Epidemiology. 2007;18(6):800–4. https://doi.org/10.1097/
EDE.0b013e3181577654.

Western B. Punishment and inequality in America. Russell Sage Foundation; 2006.
Williams DR, Lawrence JA, Davis BA. Racism and health: evidence and needed 

research. Annu Rev Public Health. 2019;40(1):105–25. https://doi.org/10.1146/
annurev-publhealth-040218-043750.

Yelland LN, Salter AB, Ryan P. Performance of the modified Poisson Regression 
Approach for estimating relative risks from clustered prospective data. Am J 
Epidemiol. 2011;174(8):984–92. https://doi.org/10.1093/aje/kwr183.

Yeung D. Social Media as a Catalyst for Policy Action and Social Change for Health 
and Well-Being: viewpoint. J Med Internet Res. 2018;20(3):e94. https://doi.
org/10.2196/jmir.8508.

Zare H, Meyerson NS, Delgado P, Crifasi C, Spencer M, Gaskin D, Thorpe RJ. 
How place and race drive the Numbers of Fatal Police Shootings in the 
us: 2015–2020. Prev Med. 2022;161:107132. https://doi.org/10.1016/j.
ypmed.2022.107132.

Zimmerman GM, Fridel EE, Trovato D. Disproportionate burden of violence: 
explaining racial and ethnic disparities in potential years of Life Lost among 

https://doi.org/10.1016/j.socscimed.2018.11.024
https://doi.org/10.1161/HYPERTENSIONAHA.120.15196
https://doi.org/10.1073/pnas.1919418117
https://doi.org/10.1561/113.00000018
https://doi.org/10.1017/S0003055420000039
https://doi.org/10.1017/S0003055420000039
https://doi.org/10.1177/0002764215601711
https://doi.org/10.1177/0002764215601711
https://doi.org/10.1093/jcmc/zmy019
https://doi.org/10.1007/978-3-319-78440-3_59
https://doi.org/10.1001/jama.2023.5965
https://doi.org/10.2307/2336267
https://www.tandfonline.com/doi/abs/
https://www.tandfonline.com/doi/abs/
https://doi.org/10.1080/15230406.2014.905756
https://doi.org/10.1037/ort0000094
https://doi.org/10.1037/ort0000094
https://doi.org/10.1146/annurev-criminol-030920-094656
https://doi.org/10.1146/annurev-criminol-030920-094656
https://bjs.ojp.gov/content/pub/pdf/cv19.pdf
https://doi.org/10.1093/bjc/azu050
https://www.prri.org/spotlight/who-uses-social-media-most-frequently/
https://www.prri.org/spotlight/who-uses-social-media-most-frequently/
https://doi.org/10.1016/j.chb.2012.12.035
https://doi.org/10.1016/j.chb.2014.02.043
https://doi.org/10.1016/j.chb.2016.05.052
https://doi.org/10.1177/1461444815625949
https://doi.org/10.1177/1461444815625949
https://doi.org/10.1542/peds.2017-2438
https://doi.org/10.1007/s42380-019-00014-w
https://doi.org/10.1016/j.avb.2017.01.012
https://doi.org/10.1016/j.avb.2017.01.012
https://www.pewresearch.org/internet/fact-sheet/social-media/
https://www.pewresearch.org/internet/fact-sheet/social-media/
https://doi.org/10.1038/s41562-020-0858-1
https://www.princegeorgescountymd.gov/departments-offices/police/about-pgpd/history
https://www.princegeorgescountymd.gov/departments-offices/police/about-pgpd/history
https://doi.org/10.1080/07418825.2013.778326
https://doi.org/10.1080/07418825.2013.778326
https://doi.org/10.1371/journal.pone.0295337
https://doi.org/10.1371/journal.pone.0295337
https://www.commonsensemedia.org/sites/default/files/research/report/8-18-census-integrated-report-final-web_0.pdf
https://www.commonsensemedia.org/sites/default/files/research/report/8-18-census-integrated-report-final-web_0.pdf
https://www.commonsensemedia.org/sites/default/files/research/report/8-18-census-integrated-report-final-web_0.pdf
https://doi.org/10.1007/s11524-018-0259-1
https://doi.org/10.1007/s11524-018-0259-1
https://doi.org/10.1164/rccm.202309-1702OC
https://doi.org/10.1164/rccm.202309-1702OC
https://doi.org/10.2105/AJPH.2016.303613
https://doi.org/10.1371/journal.pone.0229686
https://doi.org/10.1016/j.jnma.2019.06.003
https://doi.org/10.1016/j.jnma.2019.06.003
https://doi.org/10.1080/13676261.2016.1260694
https://doi.org/10.1093/socpro/spz010
https://phdgp.github.io/PHDGP2.0/index.html
https://www.census.gov/quickfacts/fact/table/princegeorgescountymaryland/PST045222
https://www.census.gov/quickfacts/fact/table/princegeorgescountymaryland/PST045222
https://doi.org/10.1097/EDE.0b013e3181577654
https://doi.org/10.1097/EDE.0b013e3181577654
https://doi.org/10.1146/annurev-publhealth-040218-043750
https://doi.org/10.1146/annurev-publhealth-040218-043750
https://doi.org/10.1093/aje/kwr183
https://doi.org/10.2196/jmir.8508
https://doi.org/10.2196/jmir.8508
https://doi.org/10.1016/j.ypmed.2022.107132
https://doi.org/10.1016/j.ypmed.2022.107132


Page 12 of 12Bather et al. Injury Epidemiology           (2024) 11:54 

Homicide victims, suicide decedents, and Homicide-suicide perpetra-
tors. PLoS ONE. 2024;19(2):e0297346. https://doi.org/10.1371/journal.
pone.0297346.

Zou GY. A modified Poisson Regression Approach to prospective studies with 
Binary Data. Am J Epidemiol. 2004;159(7):702–6. https://doi.org/10.1093/aje/
kwh090.

Zou GY, Donner A. Extension of the modified Poisson Regression Model to 
prospective studies with correlated Binary Data. Stat Methods Med Res. 
2013;22(6):661–70. https://doi.org/10.1177/0962280211427759.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

https://doi.org/10.1371/journal.pone.0297346
https://doi.org/10.1371/journal.pone.0297346
https://doi.org/10.1093/aje/kwh090
https://doi.org/10.1093/aje/kwh090
https://doi.org/10.1177/0962280211427759

	﻿Lower social vulnerability is associated with a higher prevalence of social media-involved violent crimes in Prince George’s County, Maryland, 2018–2023
	﻿Abstract
	﻿Background
	﻿Methods
	﻿Study design and setting

	﻿Analytic sample
	﻿Social media-involved violent crime
	﻿Social vulnerability
	﻿Victim and crime information
	﻿Statistical analysis

	﻿Results
	﻿Sample characteristics
	﻿Sample characteristics by social media-involved status
	﻿Associations between social vulnerability and social media-involved violent crimes

	﻿Discussion
	﻿Conclusions
	﻿References


