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Building AI and Machine Learning Technologies for Enhancing Transportation Station
Area Safety in San Jose, CA

Abstract

Accurate crime prediction is crucial for allocating police resources to reduce and prevent crime,
particularly in large cities. Previous research has explored the relationship between social and built
environments and street crime, but few studies have combined multi-source data using geo-
statistical modeling. In this research, we applied a Spatial-Temporal Cokriging algorithm to predict
street crime risk in San Jose, California, by integrating historical street crime data with sociological
and built environmental variables. We used time-series data from 2,479 police call records in 2019,
including assaults and robberies, as the primary variable. Secondary variables included transit
density and walkability data from the Environmental Protection Agency (EPA)'s National
Walkability Index. We analyzed crime risks across quad-week periods, predicting separately for
weekdays and weekends. Our multi-variable crime prediction model compares outcomes using
historical data, socio-economic data, and environmental data. The results reveal distinct crime
patterns for weekdays and weekends, aiding in crime prediction for rapidly growing metropolitan
areas. The study found that the spatial-temporal geostatistical prediction model performed better
for weekday crimes, achieving over 70% accuracy, compared to around 60% for weekend crimes.
Including transportation density and socio-economic variables significantly improved prediction
accuracy, with socioeconomic variables outperforming environmental ones. Interestingly, the
impact of these secondary variables varied by day of the week. The study underscores the
importance of incorporating auxiliary data to enhance crime prediction and offers a nuanced
understanding of the interplay between socio-economic and environmental factors in crime risk.

List of Key Terms

Crime prediction, ST-Cokriging algorithm, sociological variable, built environment, public
transportation, walkability

Chapter 1: Introduction and Background

1.1 Project Motivation

Advancements in Artificial Intelligence (Al) and machine learning have increasingly influenced
various fields, with applications in urban data science, particularly in crime prediction and spatio-
temporal modeling, gaining prominence (Shen et al. 2023; Yan et al. 2023; Kitchin 2016; Ahoura,
Shima, and Nicole, n.d.). Predictive crime modeling, combined with preventative strategies, is of
interest not only to law enforcement agencies but also to researchers seeking empirical insights for
policy debates (Rummens, Hardyns, and Pauwels 2017; Adepeju, Rosser, and Cheng 2016).
Leveraging social behavior data to develop robust crime models is critical for shaping public
policy, optimizing law enforcement strategies, and improving resource allocation. However,
crafting accurate models remains challenging due to the diversity of crime types and the inherent
randomness of social phenomena (Law, Quick, and Chan 2014; Brunsdon, Corcoran, and Higgs
2007; Bauer 2020).



1.2 Research, Objectives, and Tasks

Building a unified model to represent all crime types is difficult, as criminal activity is shaped by
demographics, urban structures, temporal trends, and random events (Adepeju, Rosser, and Cheng
2016; Liu et al. 2020; Zhou et al. 2019; Wang and Zhang 2019; Liu et al. 2022). An effective crime
prediction model can improve resource management and inform proactive interventions, reducing
crime rates and enhancing public safety (H. Ratcliffe, J. Strang, and B. Taylor 2014; Ratcliffe
2016). However, the complexity of crime requires methodologies that account for the
interconnectedness of different crime types and socio-environmental factors while adapting to their
spatial and temporal variations (Patino et al. 2014). This study explores the effectiveness of multi-
source crime data in predictive modeling, addressing key challenges in crime analytics.

Crime prediction models generally fall into two categories: those based on historical crime data
and those incorporating socio-economic or environmental factors (Wang and Zhang 2019;
Rummens, Hardyns, and Pauwels 2017; Patino et al. 2014; Gerber 2014). The first category relies
on past crime records to forecast future incidents, exemplified by the reaction-diffusion model
using Partial Differential Equations (PDEs), which explains crime patterns by modeling risk
diffusion and offender movement (Short et al. 2010). The second category examines socio-
economic and environmental influences, such as crime prediction using geo-tagged Twitter data
with filtered keywords (Lan et al. 2023, 2019) or land use data, including the presence of
commercial establishments and neighborhood structures (Gotham and Kennedy 2021). Recent
research has fused these approaches, integrating machine learning with traditional crime data
analysis to improve predictive accuracy (Yang et al. 2020; Yu et al. 2020). By combining historical
crime data with socio-environmental factors, these models offer a more comprehensive
understanding of criminal activity.

Criminological research has long established correlations between crime rates and urban

characteristics such as population density, nighttime illumination, and land use patterns (Patino et

al. 2014; Zhou et al. 2019). Public transportation stops are often associated with higher crime rates,

particularly street crimes, though this relationship is complex and influenced by factors such as

high foot traffic and insufficient surveillance (Kooi 2013). The built environment significantly

affects crime patterns, with Central Business District (CBD) transit-oriented developments (TODs)
featuring high activity density, mixed land use, and strong accessibility identified as safer zones

(Zandiatashbar and Laurito 2023). In contrast, TODs with moderate activity density and high

walkability but lower surveillance tend to experience higher crime rates. Studies suggest that

walkability influences crime distribution in public transit areas, impacting individuals’ willingness

to use public transportation (Zandiatashbar and Laurito 2023). This research examines the role of
walkability in crime prediction, given its well-documented correlation with crime rates.



https://paperpile.com/c/bm6WXL/gJWE

1.3 Report Overview

This study applies the Spatial-Temporal Cokriging (ST-Cokriging) crime prediction algorithm
(Yang et al. 2020) to analyze crime patterns in the San Jose metropolitan area. The model primarily
uses historical street crime data, supplemented by socio-economic and environmental variables to
enhance predictive accuracy. Key factors include transportation infrastructure, neighborhood
walkability, poverty levels, and population density. By comparing predictions based on historical
data alone versus models incorporating socio-environmental factors, we evaluate the influence of
auxiliary data on crime forecasting. Additionally, we analyze weekday versus weekend crime
patterns to identify temporal variations. This comprehensive approach seeks to improve crime
prediction models, particularly in rapidly urbanizing regions.

Chapter 2: Study Site and Data

San Jose, in Santa Clara County, California (Figure 1), has become a global high-tech hub, making
it California's fastest-growing economy since the 1990s (Zandiatashbar and Kayanan 2020). With
a population of approximately 1.01 million, it ranks as the 10th most populous U.S. city (Berry-
James, Gooden, and Johnson 2020). However, economic growth and population expansion have
led to increased crime, with violent crimes per 100,000 residents rising by 33.9% from 2013 to
2019 (Yuan, McNeeley, and Melde 2022; Yuan, Sanchez, and Punla 2022, Hipp and Yates 2011).
The city has implemented community policing and crime prevention measures in response
(Chappell 2007). Precise crime prediction models and strategic police resource allocation are
crucial for addressing these challenges.

San Jose’s diverse neighborhoods and extensive crime data make it an ideal site for crime
prediction. The city’s neighborhoods encompass a wide range of income levels, ethnic
compositions, and land use patterns, allowing for detailed spatial analysis. As a major commuter
hub in Silicon Valley, San Jose exhibits pronounced differences in human activity between
weekdays and weekends. The integration of these contextual variables enhances the potential
accuracy and generalizability of crime risk prediction models.
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Figure 1 Robbery and assault crime records overlay with urban growth boundary and map of San Jose (2019)

This study uses various data sources to analyze crime prediction with urban dynamics and social
factors in San Jose (Table 1). These sources include 2019 historical crime records, the Urban
Growth Boundary, key transportation hubs, a walkability index, poverty data, and population
density from the U.S. Census Bureau. The walkability index, ranging from 1 to 20, is categorized
by the EPA into four groups: least walkable (below 5.75), below average walkable (5.76-10.5),
above average walkable (10.51-15.25), and most walkable (15.26-20). Data was extracted at the
block group level for Santa Clara County to capture population distribution accurately. These
datasets provide a comprehensive overview of factors influencing urban development and quality

of life in San Jose.




Table 1 Table of variables

Variable Definition Data Resource Mean | Standard | Max Min
Deviation | value value

Crime Historical valid police call in | San Jose Police -- -- -- --
records 2019 Department
Urban A defined perimeter is The Bureau of Land -- -- -- --
Growth established to control urban Management, County of
Boundary sprawl by delineating where | Santa Clara

the city can grow and

develop
Location The geographical coordinates | Santa Clara Valley -- -- -- --
data of and related spatial Transportation
Transportati | information of key public Authority (VTA)
on hubs transit points, such as bus

stops, train stations, and

metro stations.
Geospatial Geospatial data of streets is City of San Jose -- -- -- --
data of street | information that represents

the location, length, and

shape of streets on a map.
Walkability | Block groups based on United States 13.89 | 2.40 5.67 19.67
Index walkability by assessing Environmental

factors like density, land use | Protection Agency

diversity, and proximity to

transit
Poverty the percentage of the the American 4.13 | 5.01% 41.67% | 0

population for whom poverty | Community Survey (5- | %

status is determined under Year estimate) , from

2.00 in each census block the U.S. Census Bureau
Population the block group level U.S. Decennial Census | 3137 | 4975 1 40452
density population density 2020 from the U.S.

Unit: the number of people Census Bureau

per square mile

Chapter 3: Methodology

The Spatio-temporal Cokriging (ST-Cokriging) Method (Yang et al. 2020) is applied in this study.
This method expands the spatial domain into the spatial-temporal domain by generating temporally
frequent predictions for the primary spatial variable (Pardo-Igtizquiza, Chica-Olmo, and Atkinson
2006). The calculations incorporate spatial, temporal, and spatio-temporal semi-variograms
(Figure 2), followed by further processing to spatio-temporal covariance and correlation using
actual crime training data. A key advantage of the ST-Cokriging approach is that it takes into
account the rigorously derived spatio-temporal correlation between the primary target variable (Z1)
and secondary co-variable(s) (Z2) (Eq 1). As a result, ST-Cokriging can provide more accurate
predictions of the target variable than ordinary Co-Kriging or universal Kriging methods (Sahoo
et al. 2018; Neuman and Jacobson 1984). By considering the temporal aspect of crime incidence
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alongside spatial data, we hope to gain a deeper understanding of crime patterns and increase the
accuracy of our predictive model.
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Figure 2 Spatial and temporal semi-variograms, and fitting model curves for quadweek-based period

Environmental and socio-economic co-variables were integrated into the Spatio-Temporal
Cokriging (ST-Cokriging) algorithm to analyze crime patterns and improve prediction accuracy.
Socio-economic variables included population density and poverty distribution, while
environmental factors considered the built environment around transportation hubs. Historical
crime data, segmented into 13 quad-week periods, served as the primary input. All data were
converted into a 150m x 150m raster format, and spatial and temporal semi-variograms were
calculated.

VTA bus stops and light rail stations were geocoded, and a kernel density analysis assessed transit
stop concentrations. Hub density was incorporated as a secondary variable to improve crime
predictions, alongside analyzing the built environment around transit hubs. Additional data
included street intersection density, proximity to transit stops, and employment distribution.
Network buffers of 0.5, 0.75, and 1.5 miles were created around each transit stop and intersected
with block group walkability indices to compute summary statistics to represent a community-
level walkability (Lefebvre-Ropars and Morency 2018; Adams et al. 2009). Walkability indices
were assigned to respective hubs, and kernel density analysis used walkability as a population field,
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incorporating transportation index density and walkability index as secondary co-variables in the
final prediction model (Figure 3).

averageW!
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M 1657 - 1843

Figure 3 Network buffers of public transportation hubs with average walkability indices

This study used two socio-economic data categories as secondary variables: population density
and poverty distribution, providing a detailed socio-economic landscape of San Jose. Census
group/block group data were converted into a raster format with the same cell size as the primary
variable data for uniform spatial analysis. The Urban Growth Boundary of San Jose was applied
as a clipping mask, covering an area of 370.3 km? and encompassing 99.3% of all crime data. This
ensured a consistent area for analysis and mitigated spatial bias by excluding the surrounding
mountain regions. The prediction results are presented in the following chapter as crime risk maps,
which visualize the predicted crime hotspots; higher values on the maps correspond to higher
levels of predicted crime risk.

To validate our results, we use Pearson’s Correlation Coefficient metrics to compare the true-crime
risk map and our predictions. Calculations are performed using Python, NumPy, and GDAL
libraries (Canty 2014). Raster-formatted images are converted into one-dimensional NumPy arrays
for computational ease. Pearson’s Correlation Coefficient quantifies the linear correlation between
actual and predicted crime data.

Chapter 4: Results and Discussion

San Jose exhibits a diverse geographical distribution of population density and poverty rates
(Figure 4). Downtown and North San Jose are characterized by higher population densities and a
mix of income levels, while South San Jose tends to have lower population density and higher
poverty rates.

11


https://paperpile.com/c/GcVIjQ/X0iL4

urban boundary

urt ry
family poverty \
- High : 0.4167 popula;‘l;n density

-, N \ —

Figure 4 The social-economic secondary co-variables in this study (left: population density in 2020, right: the percentage of
families with income below the poverty level by block group)

This study included built environment data of public transportation as secondary variables. The
spatial density of public transit hubs in San Jose (Figure 5) showed high density in downtown and
East San Jose, with smaller clusters along main roads in South San Jose. While hub density reveals
geographical clusters of public transportation, the built environment is more closely related to
crime rates and city safety. Figure 5 highlights transportation hub density with the walkability
index. North San Jose and some areas in Southeast San Jose became less prominent compared to
spatial density analysis, indicating lower relative walkability. Walkability impacts the likelihood
of individuals choosing to walk for transportation and correlates with street crime distribution. The
intensity of transportation hubs, considering walkability, was included in the crime prediction
model.
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Crime reports, originally recorded as street addresses, were digitally mapped using GIS geo-coding
technology (Figure 1). For our prediction model, we sorted the 2479 street crime records into 53
weekly feature classes. Each class corresponds to one week, starting at 0:00 am on Monday and
ending at 11:59 pm on Sunday. This chronological organization aligns with the common
perception that a year typically comprises about 53 weeks, ensuring consistency throughout the
study.

140 +
120 4
100 4

80
day of the week

m weekday
. weekend

count

60

20 4

1 2 3 4 5 6 7 8 9 10 11
quad week

Figure 6 Crime counts by quad-week and the day of the week, 2019

Significant variations in crime amount and spatial distribution were noted between weekdays and
weekends. The weekly data was divided into two classes for more granular analysis and condensed
into quad-week data, combining four consecutive weeks as one quad-week. The weekday and
weekend data were divided into two datasets (Figure 6). The model operates at a quad-week
temporal resolution, predicting crime risk for each quad-week interval. Two distinct models were
trained using separate datasets, one containing only weekday data and the other containing only
weekend data.. The study used a pixelated format, dividing the area into 42,188 pixels (150m x
150m each), arranging both primary and secondary variables in this grid format to reveal nuanced
patterns.

13
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Figure 7 The crime risk map of San Jose, the 7th quad week and the 11th quad week, 2019 (left above, the weekdays of the 7th
quad week; right above, the weekends of the 7th quad week; left below, the weekdays of the 11th quad week; right below, the
weekends of 11th quad week)

Using geo-coded crime data points, a crime map was created by applying a kernel density
estimation method with a 1500m search radius. The spatial distribution of historical crime risk in
San Jose on weekdays and weekends is shown in Figure 7 for the 7th and 11th quad-week periods.
The downtown area exhibits a higher crime risk compared to peripheral regions, with significant
fluctuations and distinct hotspots appearing in varying locations across the city. These findings
highlight the complex spatial dynamics of crime, necessitating a nuanced approach to crime
prediction and prevention.

The ST-Cokriging model's performance in predicting crime risk was assessed using Pearson
Correlation Coefficients (Table 2), showing consistent performance of over 70% for weekdays and
variable results for weekends (0.561 to 0.721). Public transportation stops serve as robust
covariates in crime prediction models. Incorporating transportation hub density as a secondary
covariate led to increases of 4.3% and 6.3% in the Pearson correlation coefficients for the 11th and
9th quad-week periods, respectively. These improvements indicate that the inclusion of public

14



transportation hub density enhances the predictive accuracy of the models for both weekday and
weekend crime patterns. This enhancement was more significant than that achieved by
incorporating socio-economic variables. Socio-economic co-variables led to improved prediction
results compared to environmental variables. For weekends spanning the 7th to the 10th quad-
week, the introduction of population density as a secondary co-variable improved the Pearson
Correlation Coefficients between prediction and actual crime risk maps by 1.9% to 2.8%. This
demonstrated the intertwined nature of socio-economic and environmental factors in predicting
crime risk.

Table 2 Pearson Correlation Coefficient between prediction results by ST-Cokriging with transit density and transit walkability
co-variables and actual crime records for weekdays and weekends in the 8th to 11th quad-week

Time Truth and Prediction Weekdays Weekends
period Results A B A B
A |actual crime risk 1.000 1.000
B |result without co-variable 0.762 1.000 0.561 1.000
8th C  |result with transit density 0.757 0.985 0.562 0.975
3vueicll<- D  |result with transit walkability | 0.659 0.702 0.504 0.419
E |result with poverty 0.662 0.821 0.607 0.764
F  |result with population density | 0.752 0.963 0.589 0.952
A |actual crime risk 1.000 1.000
B |result without co-variable 0.787 1.000 0.724 1.000
9th C |result with transit density 0.803 0.984 0.770 0.977
svuei(li(_ D |result with transit walkability | 0.691 0.669 0.553 0.507
E |result with poverty 0.795 0.818 0.708 0.773
F  |result with population density | 0.803 0.967 0.776 0.949
A |actual crime risk 1.000 1.000
B |result without co-variable 0.748 1.000 0.836 1.000
10th C |result with transit density 0.745 0.981 0.816 0.974
jvlicll(_ D  |result with transit walkability | 0.611 0.685 0.542 0.540
E |result with poverty 0.680 0.847 0.628 0.740
F  |result with population density | 0.762 0.961 0.799 0.932
11th A |actual crime risk 1.000 1.000

15



quad- |B [result without co-variable 0.697 1.000 0.730 1.000
week
C  |result with transit density 0.727 0.975 0.752 0.967
D |result with transit walkability | 0.658 0.586 0.494 0.526
E |result with poverty 0.719 0.744 0.625 0.662
F  |result with population density | 0-730 0.942 0.780 0914

Chapter 5: Conclusions and Recommendations

This research proposed a Spatial-Temporal Cokriging algorithm for predicting crime in San Jose,
using historical street crime data as the primary variable, supplemented by environmental and
socio-economic co-variables. Environmental data included transportation hub density and the built
environment, while socio-economic data involved neighborhood characteristics. Correlation
coefficients were used to evaluate model performance. The spatial-temporal geostatistical
prediction model showed over 70% accuracy for weekday crimes but dropped to around 60% for
weekends. Both transportation density and socio-economic co-variables significantly improved
prediction accuracy, with socio-economic factors outperforming environmental ones.

Modern machine learning-based models, though more accurate, face challenges in quantifying
auxiliary variables' contributions. The debate continues on whether socio-economic or
environmental variables are more crucial in crime prediction. Incorporating all potential variables
is impractical due to computational constraints and the priority of historical crime data. This study
forms a foundation for crime prediction in urban technology centers, offering a comparative
analysis and valuable guidance for future studies. Future research should incorporate additional
crime types, such as burglary and car theft, and explore the integration of geo-tagged Twitter data
and hospital records. Evaluating the model's accuracy across different regions could offer valuable
insights into its applicability, scalability, and the influence of contextual differences across cities
and neighborhoods on model performance and the generalizability of crime prediction approaches.
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