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ABSTRACT: In a society plagued by the implications of gun violence, the need for effective risk assessment measures has
become evident. This project addresses the challenge of predicting gun violence risks at the county level in the United States by
harnessing the power of machine learning-based predictive modeling. We hypothesize that demographic and socioeconomic
factors, such as unemployment and poverty rates in 2021, influence the likelihood of gun violence in various regions. Through an
intricate analysis of multifaceted datasets encompassing crime rates, socioeconomic indicators, and geographic characteristics, this
research seeks to uncover the extent to which these factors impact the risk of gun violence at the county level. Analyzing 2021
data, the research identifies counties with specific poverty-related characteristics that significantly elevate the risk of shootings.
The study’s use of decision trees provides a glimpse into the predictive model’s classification process. By decoding the complex
dynamics of gun violence, this research opens new avenues for understanding and addressing the factors contributing to shootings,

ultimately guiding the way toward a safer society.
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B Introduction

Gun violence is a pressing issue in modern society, particu-
larly in the United States, where devastating mass shootings
have prompted urgent discussions on prevention.! Despite the
focus on gun control policies, understanding the multifaceted
factors underlying gun violence, especially at the county level,
remains a critical gap.? This research uses advanced predictive
modeling techniques to analyze gun violence risk at the county
level, highlighting the intricate relationship between demo-
graphic, socioeconomic, and geographic factors that influence
these occurrences.

Gun violence poses a complex challenge with no single cause.
It is influenced by various factors, including social, econom-
ic, and geographic dynamics. By recognizing this complexity,
this research delves into county-level data to unveil patterns
shaping gun violence in the United States. Leveraging compre-
hensive datasets, including crime rates, poverty, unemployment,
and educational indicators, this analysis seeks to unravel the
nuanced relationship between socioeconomic status and gun
violence risks in specific regions.

Our hypothesis posits that demographic and socioeconom-
ic factors, among other variables, contribute significantly to
varying levels of gun violence risks across counties. Compre-
hensive datasets are vital to exploring this intricate relationship,
enabling us to move beyond reactive measures and adopt pro-
active, data-driven approaches. This research contributes to the
growing knowledge surrounding gun violence by employing
cutting-edge technology and in-depth analysis. It informs
evidence-based policies and interventions, paving the way for
safer communities and bolstering social security.

Literature Review:

The prediction of gun violence, particularly school shootings,
is a topic of great concern and research interest. Understanding
the underlying factors and patterns contributing to these in-
cidents is crucial for prevention and intervention efforts. This
literature review explores recent research that delves into the
intricate task of predicting gun violence, focusing on commu-
nity-level factors, machine-learning approaches, and dynamic
factor models.3

Blair T. Johnson’s study “Community-level factors and
incidence of gun violence in the United States, 2014-2017” in-
vestigates the role of community-level factors in the incidence
of gun violence. The research examines data from 2014 to 2017
and identifies variables at the community level that may con-
tribute to gun violence. Johnson’s work found that the extent
to which counties are urban was the most robust predictor of
both gun violence incidents and casualty rates. Similarly, places
characterized by greater income disparity were also more likely
to experience higher gun violence rates, especially when high
income was paired with high poverty.* These findings high-
light the complex relationship between urbanization, income
disparity, and gun violence, providing valuable insights for fu-
ture predictive models.

Dana E. Goin’s study “Predictors of firearm violence in ur-
ban communities: A machine-learning approach” employs
machine-learning methodologies to predict firearm violence
within urban communities. By analyzing a range of variables,
including demographic factors and neighborhood charac-
teristics, Goin’s research found that certain variables, such as
neighborhood poverty rates and educational attainment, sig-
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nificantly influence firearm violence.’ This machine learning
approach provides a data-driven foundation for developing
effective strategies to address gun violence in urban settings.

Salvador Ramallo’s research “A dynamic factor model to pre-
dict homicides with a firearm in the United States” introduces
a dynamic factor model to predict homicides involving fire-
arms. This innovative approach combines dynamic modeling
techniques with comprehensive data to forecast firearm-relat-
ed homicides. Ramallo’s work reveals the temporal dynamics
of gun violence, indicating that specific factors, such as firearm
sales and legislative changes, impact the occurrence of fire-
arm-related homicides.® This dynamic factor model offers a
novel perspective for predictive modeling in this critical area,
emphasizing the importance of considering time-varying fac-
tors in gun violence prediction.

These studies represent a diverse range of research endeav-
ors to advance our understanding of gun violence prediction.
They underscore the importance of community-level factors,
machine learning, and dynamic modeling in enhancing predic-
tive accuracy. The findings from these studies highlight various
factors, including urbanization, income disparity, neighbor-
hood poverty rates, educational attainment, firearm sales, and
legislative changes, as significant predictors of gun violence.
Building upon the foundations laid by these scholars, this proj-
ect aims to contribute to the ongoing discourse on predictive
modeling for gun violence by analyzing how various measures
of poverty and income disparity play a specifically predictive
role in gun violence likelihood. This paper demonstrates more
granularity and nuance into which specific measures of pov-
erty and income have strong predictive power in gun violence
outcomes across the United States.

B Methods

Data Collection and Selection:

This project’s foundation lies in meticulously collecting and
curating diverse datasets that capture the various dimensions
of gun violence and potential determinants. Multiple sources
were explored to acquire relevant data, ensuring a comprehen-
sive representation of the factors influencing gun violence at
the county level. The key data sources encompassed the Center
for Homeland Defense and Security (CHDS) shooting inci-
dents dataset, the Mother Jones mass shootings dataset, the
Integrated Public Use Microdata Series (IPUMS) census data,
Data.gov datasets,” Federal Communications Commission
datasets,”” and county-level crime statistics from the Feder-
al Bureau of Investigation (FBI) Uniform Crime Reporting
(UCR) program. The selection of these datasets was driven
by their comprehensive coverage of variables related to gun
violence, socioeconomic indicators, and demographic factors.

Data Preprocessing:

The selected datasets were carefully cleaned and transformed
to ensure their compatibility for analysis. Python emerged as
the programming language of choice due to its versatility and
extensive libraries for data manipulation.® The CHDS and
Mother Jones datasets were merged, leveraging the city, state,
and date variables to create a unified incident timeline. The
IPUMS census data was integrated using the Federal Infor-

mation Processing Standards (FIPS) code, a unique identifier
for each county. This step facilitated the alignment of socio-
economic and demographic information with gun violence
incidents.

Feature Selection:

The complexity of the relationship between gun violence
risks and the myriad of predictor variables necessitated a
thoughtful approach to feature selection. Key demographic
variables, such as population density,” education,' and racial
composition, were chosen due to their potential influence on
crime rates. Socioeconomic factors, including poverty and
unemployment rates for 2021, were also included, reflect-
ing their strong connection to community well-being and
crime. These features were augmented with crime data,'>"
encompassing various offense categories, allowing for a com-
prehensive assessment of the crime landscape.

Geographic Integration:

An essential component of the analysis involved integrat-
ing geographic information with the datasets. The Google
Geocoding API and Google Maps Geolocation Services were
utilized to geocode the location information provided in the
datasets and derive latitude and longitude coordinates. These
coordinates were then employed to query the API, yielding
the FIPS code, which encapsulates the geographical identifier
at the county level.™ This enabled the linkage of gun violence
incidents to specific counties, facilitating spatial analysis.

Long-Wide Data Conversion:

To extract temporal insights, the data underwent a conver-
sion from a wide to a long format.’!® This transformation
allowed us to extract the year from variables related to unem-
ployment and poverty rates, creating a separate year column.
Subsequently, the data was transformed back to its original
wide format, now enriched with this temporal information.
This approach provided a granular temporal dimension, en-
abling a closer examination of trends and patterns over time.

Observational Level:

The analysis is conducted at the county level, with each
county-year combination represented by a unique observation
unit. This approach facilitates a granular examination of how
different variables contribute to gun violence risks across di-
verse counties over time."”?* The merged dataset encompasses
a comprehensive timeline of gun violence incidents,'" de-
mographic indicators,” socioeconomic metrics,* and crime
rates, creating an integrated resource for analysis.

By intricately manipulating and integrating diverse data-
sets, harnessing geographic insights through the Google
Geocoding API and Google Maps Geolocation Services, and
employing advanced Python programming techniques, this
methodology provides a robust foundation for the subsequent
stages of analysis.

Ten-fold Cross Validation and Class Imbalance:

As the analysis progressed, an essential aspect of mod-
el selection and evaluation was addressing the challenge of
class imbalance with the gun violence dataset. The logistic
regression model, initially employed, revealed an unexpected
pattern in its predictions. While the model appeared accurate
when predicting the absence of a shooting (coded as 0), its
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performance significantly deteriorated when predicting the
occurrence of a shooting (coded as 1). This disparity stemmed
from the class imbalance present in the dataset, where in-
stances of shootings were notably less frequent compared to
non-shooting instances.

Class imbalance refers to an unequal distribution of classes
in a dataset, which can lead to skewed model predictions and
compromised accuracy. A transition was made to a tree-based
model, specifically a Random Forest classifier, to overcome this
issue. This decision was motivated by their inherent capaci-
ty to handle nonlinear relationships and adapt to imbalanced
datasets.

To refine the model’s performance, ten-fold cross-valida-
tion emerged as a feasible technique. Ten-fold cross-validation
involved splitting the dataset into ten subsets or “folds”. The
model is trained on nine of these folds and tested on the re-
maining fold. This process is repeated ten times, ensuring that
each fold serves as the testing set once.”® The average perfor-
mance across the ten iterations provides a more robust estimate
of the model’s generalization ability.

By implementing ten-fold cross-validation, the performance
of the Random Forest model was evaluated across different
subsets of the data. This technique effectively addressed the
issue of class imbalance and offered insights into the model’s
consistency in predicting gun violence incidents. The outcome
of this validation process proved promising, demonstrating a
marked improvement in the model’s accuracy and predictive
power compared to the initial logistic regression attempt.

To evaluate the models' performance, various metrics were
employed. The logistic regression model used metrics such as
accuracy, precision, and F1 score, specifically weighted F1 and
macro F1.2 These metrics provided a nuanced understanding
of the model's predictive power. Similar metrics were used for
the Random Forest model, with a particular focus on accuracy.

B Result and Discussion

In our analysis of predictors for shootings in 2021, pov-
erty-related variables were the most significant. The feature
importance plot shown below highlighted three key fac-
tors: counties with wider variations in total poverty (higher
upper bounds), consistently high child poverty rates (high
lower bounds), and more related children aged 5 to 17 in fam-
ily poverty faced a significantly elevated risk of shootings.”®
Conversely, the overall percentage of total poverty and its con-

fidence intervals displayed weaker associations with shooting
likelihood.
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Figure 1: Feature importance plot showing different variables and their
relative contribution to gun violence risk.

Based on Figure 1, it is evident that the total number of
people in poverty is the most influential factor, significant-
ly impacting the likelihood of shootings occurring at the
county level. Surprisingly, the percentage of people in pover-
ty appeared to be the least influential, suggesting a nuanced
relationship between poverty rates and gun violence. This ob-
servation indicates that the sheer size of a county’s population
in poverty?®® plays a crucial role in influencing the occurrence
of shootings. This finding draws attention to the significance
of understanding not only the prevalence but also the demo-
graphic scale of poverty within a community, highlighting the

multifaceted nature of gun violence risk.
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Figure 2: ROC Curve showing the performance of the logistic regression
model.

During the exploratory phase of this research, we initially
experimented with a logistic regression model to predict gun
violence occurrences at the county level. However, the results
revealed that logistic regression was not suitable for our data-
set due to its limited predictive power. Based on Figure 2, the
ROC curve for the logistic regression model showed an area
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under the curve (AUC) score of 0.49, which is close to ran-
dom chance (0.50) and indicates that the model’s ability to
distinguish between shootings and non-shootings was no bet-
ter than flipping a coin. This lack of predictive power led us
to explore alternative machine learning techniques that could
handle the complexity and nonlinear relationships within the
data. As a result, we transitioned to using a random forest
classifier, which demonstrated far better performance in pre-
dicting gun violence risk. The decision to use random forest
over logistic regression was driven by the random forest mod-
el’s ability to capture complex interactions and nonlinearities
in the data, resulting in a more accurate and robust predictive
model.

Decision Tree 0 within the Random Forest
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Figure 3a: Structural overview of the decision tree and its classification
process. Nodes represent decision points determined by specific features.

Figure 3b: The zoomed-in image of the decision tree provides a detailed
view of the specific logic and classification criteria within a selected segment
of the entire decision tree (Figure 3a).

We used decision trees to help visualize the model’s deci-
sion logic to enhance our understanding. Based on Figure 3a,
although the tree shown above is one example out of many,
it illustrates how the model classifies counties based on the
aforementioned factors. Each box in the tree represents a de-
cision node where the data is partitioned based on specific
conditions, ultimately categorizing the data as either shooting
or no shooting, coded as 0 or 1, respectively. While this deci-
sion tree is simplified, it accurately captures how the model
classifies counties.

The first variable in each box corresponds to one of the
features from our dataset. For instance, it could be a feature
like "Total Poverty” or "Unemployment Rate" measured at the

county level. The condition associated with this variable is usu-
ally a threshold or range (e.g., less than or equal to a specific
value) that determines how the data is split at that node.

The Gini coefficient is a measure of impurity or uncertainty
within a node. It quantifies the probability of misclassifying a
randomly chosen sample, with lower values indicating higher
purity or homogeneity in terms of the target variable (shooting
vs. non-shooting).

The “samples”variable indicates the number of samples (data
points or instances) that fall into the specified condition at that
node. It provides insight into the distribution of data and the
volume of instances affected by the split condition.

The "value" variable within brackets represents the distribu-
tion of classes (shooting and non-shooting) within the samples
at that node. For example, if the value is [300, 100], it means
there are 300 instances classified as non-shooting and 100 in-
stances classified as shooting.

Based on the split condition, Gini coefficient, and distribu-
tion of classes (value), the decision tree algorithm determines
the class (shooting or non-shooting) for each node. The ma-
jority class or the class with higher representation within the
node is often assigned as the predicted class for that subset of
data. The decision tree's hierarchical structure allows it to re-
cursively split the data based on the most informative features
and conditions, gradually creating branches that lead to the
final classification decisions. By following the path from the
root node to the leaf nodes, we can trace how the model makes
decisions at each step, ultimately predicting whether a county
is likely to experience gun violence or not based on the given
features and conditions.

Our study emphasizes the pivotal role of poverty-related fac-
tors, especially those with wider variations and higher lower
bounds, in predicting shootings. These insights offer a better
understanding of the dynamics of shooting incidents, which
also helps mitigate their occurrence.

The random forest model's performance was evaluated us-
ing ten-fold cross-validation. Across the folds, the accuracy was
consistently high, ranging from 0.91 to 0.95, and the average
accuracy across the 10 folds was 0.93. These accuracy scores
highlight the model's ability to correctly predict county-level
gun violence risk across diverse datasets.

The model's effectiveness was further measured using the
weighted F1 score, which accounts for both precision and re-
call. The F1 weighted scores ranged from 0.90 to 0.95 across
the folds, and the average weighted F1 score across 10 folds
was 0.92. This indicates the model's balanced performance in
predicting both positive and negative instances.

The model's performance was also assessed using the macro
F1 score, which considers the balance between precision and
recall for each class. The F1 macro scores ranged from 0.55
to 0.81 across the folds, with an average score of 0.67. These
results demonstrate the model's ability to generalize well to
diverse data and maintain consistent performance across dif-
ferent subsets.

Moreover, the analysis of feature importance revealed key
factors influencing gun violence risk. Poverty-related variables,

such as the 90% Confidence Interval Upper Bound for To-
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tal Poverty, exhibited the most substantial impact. Counties
with higher upper bounds of total poverty were more likely
to experience gun violence incidents. This insight aligns with
the broader understanding that socioeconomic disparities®
significantly contribute to the occurrence of gun violence at
the county level.

® Conclusion

From this analysis, poverty emerges as a critical determinant
of shootings in 2021. Counties characterized by higher upper
bounds of total poverty, elevated lower bounds of child poverty,
and a greater number of related children aged 5 to 17 in fam-
ily poverty face an increased risk of shootings. This highlights
the relationship between socioeconomic factors and gun vio-
lence, emphasizing the need for approaches that address these
poverty-related disparities. While this study provides valuable
insights, it also highlights the limitations of focusing solely on
one year of data. Future research should encompass broader
temporal and spatial scopes, incorporating additional variables
such as educational attainment, mental health statistics, and
gun ownership sales to gain a more comprehensive under-
standing of the nature of gun violence.
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