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Abstract

This paper explores the unique security challenges and threat assessment
strategies that a university or college campus faces and methods they can use to protect
themselves. The complexity of the environments in which campuses exist stem from
many different characteristics, such as their open and accessible nature, diverse
population, and a blend of public and private spaces. Delving into the campus
environment, we emphasize the role of nurturing developing adults and their inherent
difficulties in implementing strict access control measures.

State firearm policy plays a key role in determining how firearms are accessed
and used by both crime victims and perpetrators. The RAND firearm policy database
provided a list of firearm policies by various states that were labeled with an effect that
was as either permissive or restrictive. The firearm policies were tallied by state and an
‘effectValue’ was figured by adding 1 if the value was permissive and subtracting 1 if the
value was restrictive. This value would label a state in the campus crime database which
was retrieved from Campus Safety and Security of the U.S. Department of Education.

The sampled campus crime data provided the crime rates of various schools. The
data on each school had various crime numbers over the years 2019, 2020, and 2021. We
chose murder for the experiment and this is a planned expansion on the project in the
future. The murders were tallied for each school over the three year period and averaged
into an ‘schoolMurderYearAverage’ rate. The goal of the regression model which was
trained was to predict this schoolMurderYearAverage for a university or college based on
the firearm policy of the state that the campus is in.

Other considerations include an assessment of the U.S. Department of the
Treasury’s U.S. Secret Service and the adoption of their threat assessment methods in
educational settings. This was not largely relevant to the regression experiment, because
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the regression model is predictive by nature and the work of preparation is different, but
it is worth considering. The Exceptional Case Study Project and focuses on key elements
of a comprehensive threat assessment program, such as identifying motives, target
selection, and attack planning of a potential perpetrator.

The regression model was trained to predict the schoolMurderYearAverage based
on the state of the university a campus is located on. This can be improved by expanding
on the features of the model for the prediction to be able to have more factors. Some of
these could include demographics of the University. You could also expand on the way
that the effectVValue of a state is figured based on the firearm policies. Such as including
public opinion, or some sort of objective measurement for effect more dynamic than
simply ‘restrictive’ or ‘permissive’.

In conclusion, this provides a very basic attempt at predicting the crime on a
campus based on the states firearm policy, but it is a very primitive model and should not
be used for accurate predictions yet. The concepts used in this paper are experimental by
nature and also face various ethical concerns about the use of Al in public policy decision
making and prediction.
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1. Background

Students at Minot State University and the rest of the state campuses under the
North Dakota University System are not allowed to conceal or open carry on campuses in
the state. This is in large effect because of public opinion on whether or not firearm
policy correlates to campus crime.

Policy at many levels plays a part in this: campus policy set by campus
administrators, state policy set by state legislatures and governors, and federal policy set
by the federal government. The policy makers should make decisions based on data that
informs them of their decisions and how they will affect crime.

This paper will research whether state firearm policies correlate to crime on
campuses in that state. This will be done using an Al regression model. The data used to
train this model will include crimes on campuses as well as firearm policies in the states
of the included campuses. This research will focus on North Dakota, South Dakota,
Minnesota, lowa, and Wisconsin for prediction making, but data from other states were
used in the research of the paper. Specifically, effectValues were calculated for each
state's firearm policy.

2. Literature Review

The assessment of campus safety and the impact of state firearm policies have been
pivotal areas of study. The RAND Corporation's database offers comprehensive insights
into firearm policies across various states, providing a labeled set of various laws across
the states (1). Similarly, the Campus Safety and Security Database, maintained by the
U.S. Department of Education, served as a vital source for data on campuses across the
United States (2).

Delving deeper into individual behaviors, Meloy et al. (8) explore offender characteristics
in cases of adolescent mass murders, a study that is significant in understanding the
psychosocial aspects of campus-related violence. Furthermore, Bachner's work on
predictive policing underscores the potential of data analytics in predicting crime, which
aligns with the predictive nature of this research (9).

The National Institute of Justice's publication on threat assessment provides a structured
approach to preventing targeted violence, which is particularly relevant for educational
institutions (10). Regehr et al (11) offer comprehensive strategies for managing threats of
violence on campuses, emphasizing the need for holistic safety measures. This collective
body of work forms the foundation upon which this study's approach to analyzing the
correlation between state firearm policies and campus crime rates is built.
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3. Methodology

A variety of methods including software utilization, programming, data correlation and
normalizing,

A variety of software was used to do this project. An HP Envy laptop running Windows
11, was used to download and install ‘PyCharm 2023.3.4°, as well as the Python
interpreter and the Jupyter Notebook packages to run the python libraries used for the Al
regression model.

3.1 Software

A variety of software was used to do this project. An HP Envy laptop running Windows
11, was used to download and install ‘PyCharm 2023.3.4°, as well as the Python
interpreter and the Jupyter Notebook packages to run the python libraries used for the Al
regression model. Figure 1 shows a screencapture of Windows 11 opened to
JupyterNotebook which was used to train the model.

Figure 1: Screenshot of PyCharm with Jupyter Notebook.

3.1.1 Programming

Figure 2 shows some of the packages that were included in the Python Jupiter notebook
project. | then read the Excel datasets from the hard disk.
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pandas as pd
arn.model_selection import train_test_split
arn.linear_model imp

learn.metrics import mean_squared_error

matplotlib.pyplot as plt
aborn as sns

ym sklearn.impute import SimpleImputer

Figure 2: Imported Python packages in the Jupyter Notebook project.

3.2 Data Collection

Data was collected from various sources. The data sources used to train the Al regression
model were the RAND State Firearm Database [1], and data from the Office of Campus
Safety and Security under the U.S. Department of Education [2].

| also retrieved the 2007 — 2013 data from ‘Healthy Minds Publications’ data on student
mental health [3], and some demographic data from the National Center for Education
Statistics [4]. Neither of these datasets was used to train the model, as they fell outside
the scope of the initial experiment.

3.3 Data Normalizing and Correlation

The RAND Firearm Policy Database included a column labeled ‘Effect’ which could
either be ‘Permissive’ or ‘Restrictive’ based on the opinion of the data collector. After
correlating the policy to a University by its state, the ‘EffectValue’ of that state is added
plus one for permissive and minus one for restrictive. Not all of these values were set, so
we reduced the table to a sample of only the set of rows with the effect value present. The
program is also optimized to only count for the labeled rows.

| read from the hard disk the different Excel sheets that | needed for the project and
printed them out to ensure that they had been loaded incorrectly. | utilized ChatGPT 4 [5]
for this part of the project, which is great for generating code. Figure 3 shows these
packages in the Jupyter Notebook project in PyCharm.
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firearm_path =

campuscrime_path =

rime_path,

Figure 3: Reading of Excel sheets and print statements for testing.

3.4 Feature Engineering
3.4.1 Composite Feature

| have a value called ‘statesEffectValue’ which I calculate by looking at various policies
in the state, and their ‘effect’ value which can either be ‘Permissive’ or ‘Restrictive’, and
| add one for permissive and | subtract one for restrictive. The setup of this is shown in
Figure 4.

statesEffectValue = {

for index, policy in firearm_policy.iterrows():
if po
: fectValue[policyl
elif polic 1| ==

[ ] statesEffectValue[policy[

(statesEffectValue)

Figure 4: Setup of statesEffectValue variable.
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| created a value column in the campus crime dataset called ‘schoolMurderYecarAverage’
which was calculated by totaling the number of murders over the three years 2019, 2020,
and 2021 and dividing it by 3 to get the average. This would become the predictive target
of the model. This is shown in Figure 5.

campus_crime[ o 1A ] = (campus_crime[ 19"] + campus_crime[

campus_crime[ 1"]1) / Years

t(campus_crime)

Main Campus FORT WORTH ( 76129
Main Campus WEST LAFAYETTE N 479071076
Brite Divinity School Fort Worth X 76129
Main Campus Roseburg } 974700226
Main Campus HOUSTON X 77004

men_total women_total Total MURD19 MURD20
8474 37981 46455 0 0

1807 4358 6165 0 0

6 0 0

1297 0 0

Figure 5: Setup of schoolMurderYearAverage variable.

The next thing that | did was merge the data. The data is merged on the EffectValue and
State with the schoolMurderYearAverage into a single ‘merged-Data’ dataframe which is
used for training the model in the next step. Figure 6 shows the merging code.

states_effect_df = pd.DataFrame( (statesEffectValue.items()),

MurderYearAverage = pd.DataFrame( (campus_crime.items()),
1)

merged_data = pd.merge(campus_crime, states_effect_df, =

Figure 6: Merging of data into a single DataFrame.

The next step was to train and fit the regression model. A test size of 0.2 was chosen for
validation. The EffectValue is chosen as the feature, which can be used to label a campus
based on its state firearm policy. The target is the schoolMurderYearAverage, hoping to
be predicted. The mean square error printed out is 0.1149789836132866. Figure 7 shows
this process.
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X = merged_data[[

y = merged_data[

X_train, X_test, y_train, y_test = train_test_split(X, vy,

model = LinearRegress

model.fit(X_train, y_train)

y_pred = model.predict(X_test)

mse = mean_squared_error(y_test, y_pred)

( ; mse}')

Mean Squared Error: 0.1149789836132866

Figure 7: Setup of statesEffectVValue variable.
3.4.2 Training the Model

Finally, we set up some testing procedures and some programming to allow testing of the
various states based on their calculated effectValue. The code for this is shown in Figure
8. The output is shown in Figure 9. We expanded the total set beyond just the midwestern
states due to a lack of murders in the campuses in the original states. All values were
initialized to 0 and then set after the model tests for that state.

alue(state)

return None
input_data = pd.DataFrame({ : [effect_valuel})
predicted_murder_rate = model.predict(input_data)

return predicted_murder_rate[0]

statePredictedMurders = {

predict_murder_rate(state)

(statePredictedMurders)

Figure 8: Setup code for the prediction of various states.
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Figure 9: Output for the prediction of various states.

These results will be discussed later in the Results / Discussion paragraph. However the
various states showed various murder predictions for each state.

4. Results and Discussion

The results of the experiment are as follows for each of the midwestern states, defined as
“North Dakota”, “South Dakota’, “Minnesota”, “Wisconsin”, and “lowa”. We also
explore predictions for the other states.

4.1 Predicted Number of Murders

Data from campuses across the U.S. was used to average the yearly murder experienced
by each campus. This was then used to train the model as a target for the regression
model. The results were as follows:
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Figure 1: State Results

4.1.1 Midwestern State Results

851709,

The results for the predicted number average number of yearly murders on campuses for
North Dakota, South Dakota, Wisconsin, and Minnesota colleges and universities are as

follows:

Predicted Average

State Number of Yearly
Murders
North Dakota 0
South Dakota 0.4
Wisconsin 0
lowa 0.4
Minnesota 0.4

Table 1: Midwestern on campus murder predictions.

5 Limitation

These predictions should not be taken literally yet with this version of the predictive
model, but the methodology that brought us here can be used as an example of what can
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be done with an Al regression model as a framework for prediction if you predict the on
campus crime rate based on the state firearm policies of the state that campus falls into.

6 Conclusion

This exploratory research offers a preliminary but insightful glance into the potential
correlation between state firearm policies and campus crime rates, focusing specifically
on murder occurrences in this research. By tallying the effects of state-specific firearm
legislation and employing an advanced predictive Al in the form of a linear regression
model, this study has taken foundational steps toward understanding the broader
implications of policy on university safety. [Talk about your newly designed/crafted
composite features which were able to predict the average number of yearly murders, it is
your contribution to this study. Mention your second contribution of working on the
dataset so then you were successfully able to use it to make a prediction for not easy-to-
catch things of predicting the average number of murders in the campus. ]

Our model, built upon data from the RAND State Firearm Law Database and crime
reports from various universities, proposes a novel approach to predicting crime rates by
accounting for legislative context. The findings suggest that there may be a relationship
between the permissiveness or restrictiveness of a state's firearm laws and the average
number of murders on its college campuses. However, it is crucial to acknowledge the
models limitations, giving the complexity of social phenomena and the high number of
total factors influencing crime rates that extend beyond the scope of this study.

The potential societal benefits of using Al for policy impact prediction are profound, yet
they come with ethical considerations, particularly concerning data privacy, model
transparency, and the stigmatization of certain demographics. The results of the study
should be interpreted as a framework rather than a definitive predictor, serving as a
starting point for policymakers, educational institutions, and public safety officials to
consider as part of a holistic approach to campus safety.

6 Future research

is warranted to refine the predictive capabilities of the model by incorporating additional
variables, such as economic and educational factors, which may influence crime rates. By
advancing the methodologies and expanding the data sets, subsequent studies can build
on this work to offer more comprehensive insights and contribute to the creation of a
safer campus environment for everyone.

In conclusion, this study has laid the groundwork for understanding the interplay between
firearm policies and campus crimes, it underscores a need for a cautious and measured
approach to the use of Al in public policy and safety management. The promise of such
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technology must be balanced against its limitations and the necessity of human oversight
in its application and interpretation.
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