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Abstract

As crime rates continue to rise, the responsibility of ensuring community safety falls heavily on
law enforcement officers. While increasing police presence at crime locations can help deter
criminal activities to some extent, the accuracy of predictive policing algorithms in crime
prediction remains a crucial question. These algorithms heavily rely on historical data to forecast
crimes. However, empirical and theoretical research has highlighted a concerning feedback loop
in predictive policing algorithms. The loop occurs when the model’s estimates of crime
probabilities influence the allocation of police resources, leading to a higher likelihood of
detecting crimes in those specific areas. Consequently, this may trigger further resource
allocation, resulting in an additional increase in the probability of discovering crimes. To address
this issue, our research advocates for the utilization of Generative Adversarial Network (GAN)
models to demonstrate the bias in existing predictive models by analyzing latitude and longitude
data of crime locations from 911 calls made in 2019. Additionally, a Noisy-OR result is taken
into account, introducing a level of randomness to the decision-making process. The results
obtained through the GAN model provide valuable insights into the presence of bias within the
detected crimes using the 2019 dataset. To further validate and strengthen our findings, we intend
to extend our analysis by running the GAN model on multiple years’ worth of data. By
examining the consistency and patterns of bias across different time periods, we aim to gain a
comprehensive understanding of the underlying biases in predictive policing models and
contribute to the ongoing efforts towards achieving fairness and impartiality in resource
allocation for law enforcement.

Introduction

In recent years, the field of predictive policing has emerged as a promising approach to
combating crime and enhancing public safety. By leveraging advanced data analytics and
machine learning techniques, predictive policing algorithms aim to identify crime patterns and
allocate police resources effectively. However, the reliance on historical crime data in these
algorithms raises concerns about potential biases and their impact on police allocation. Biases
present in the data, such as underreporting or over-policing in certain communities, can lead to
skewed predictions and perpetuate inequalities. To address these challenges, this research
advocates the utilization of Generative Adversarial Network (GAN) models in the context of



predictive policing. GANs have demonstrated their capability to detect and mitigate biases in
various domains. By employing the GAN model, we aim to identify the biases that may arise
from the historical crime data. GANs offer a unique approach by generating synthetic data that
closely resembles the real crime data, allowing for a comprehensive analysis of biases and their
impact on the predictions. This capability would enable law enforcement agencies to identify
hotspots and allocate police resources more equitably, ensuring that the vulnerable communities
are not disproportionately targeted or overlooked. Through the integration of the GAN model,
predictive policing can become a powerful tool in enhancing public safety.

Problem Definition/Research Objective

Predictive models have emerged as a valuable tool for law enforcement agencies, providing them
with the ability to automate and optimize the allocation of police resources to locations that are
more likely to experience crimes. By leveraging historical data and machine learning techniques,
these models aim to identify crime patterns and allocate resources accordingly, streamlining the
manual process of patrolling. However, it is crucial to recognize that these predictive policing
models are not immune to biases. Biases present in the historical data can result in unequal
treatment and perpetuate disparities within the criminal justice system.

To address the issue, this study advocates for the utilization of the Generative Adversarial
Network (GAN) as an advanced and innovative approach for detecting bias in current policing
models. GANs, with their ability to generate synthetic data and analyze patterns, offer a powerful
framework for identifying and understanding biases that may be embedded within predictive
policing algorithms. By leveraging the power of GANs, we aim to detect the biases in these
models.

Related Work

The literature on predictive policing and algorithmic bias is substantial, and it has received a lot
of attention in recent years. Lum and Isaac's fundamental work (2016) identified a potential
feedback loop in predictive policing algorithms that could lead to unwarranted over-policing in
some places. Their findings emphasized the importance of corrective methods to counteract this
inherent bias. Ensign et al. (2018) conducted more research into the underlying structural bias in
predictive policing, suggesting that these algorithms may perpetuate and intensify historical
patterns of discrimination.

GANs have lately found use in detecting biases in machine learning algorithms. GANs were first
conceptualized by Goodfellow et al. (2014) and have since been used in a variety of disciplines,
including detecting bias in data and techniques. For example, Caliskan et al. (2017) demonstrated
gender and ethnic bias in word embeddings using a GAN-like approach, whereas Sun et al.



(2020) employed GANs to generate synthetic datasets for assessing bias in healthcare
algorithms. Xu et al. (2019) designed the conditional tabular GAN (CTGAN) that can generate
synthetic tabular data by addressing the challenges that tabular data might have. It uses a
conditional generator and training-by-sampling to deal with the imbalanced discrete columns. It
also applies the mode-specific normalization to overcome the problems of non-Gaussian and
multimodal distributions. CTGANs can be used for data augmentation when the training data is
too small for any model.

Jin et al. (2019) processed some regional crime dataset having data of fifteen years to learn latent
representations using variational auto-encoder (VAEs). They proposed the Crime Generative
Adversarial Network (Crime-GAN) which is formulated as a new crime forecasting model for
four types of crime which integrates sequence to sequence structure and Wasserstein adversarial
loss. Recently, GANs have been used for the task of debiasing biased classifiers. Mandis et al.
(2021) used a GAN to debias a multi-class machine learning classifier that predicts a person's
income based on their race and gender. Being inspired from classical GAN architecture, two
neural networks are formed: a predictive network that takes in a person’s features, excluding race
and gender, to predict their income; and an adversarial network that infers the person’s race and
gender from the predictive network.

There is minimal yet promising research in the field of predictive policing. Carton et al. (2020)
proposed a fairness-aware dispatch model that used machine learning to more evenly deploy
police resources. They did not, however, use GANs or other bias detection tools. As a result, our
study contributes to this emerging field by explicitly simulating and highlighting bias in
predictive policing algorithms using GANs. This method contributes to a better understanding of
the potential consequences of these biases and, more significantly, supports the development of
strategies to mitigate them in future implementations.

Dataset

1. Neighborhood data was downloaded from here.
2. The neighborhood boundaries by downloading the KML file from here.
3. Crime data downloaded from here.

Summary of the crime dataset:

1. CrimeDateTime ( mm/dd/yy format) The calls that came in through 911 after the
incident

2. CrimeCode - Each of the crime codes represent the type of the crime (Ex: Burglary =
5D, Robbery = 3JF, Auto Theft = 7A, Shooting = 9S)

3. Location - Address of where the incident occurred.
4. Description - Type of the crime (one-on-one mapping with crime code, e.g. Burglary =

5D)

https://data.baltimorecity.gov/datasets/neighborhood-1/explore?location=39.284818%2C-76.620500%2C11.47&showTable=true
https://data.baltimorecity.gov/datasets/baltimore::neighborhood-1/explore?location=39.284823%2C-76.620500%2C11.51
https://data.baltimorecity.gov/datasets/baltimore::part-1-crime-data/explore?location=18.619939%2C-38.355639%2C4.62&showTable=true


5. ZipCode - Zip code of the crime location
6. Inside_Outside - Whether the crime occurred inside (house, store etc) or outside (on the

street, backyard etc)
7. Weapon - Not all the crimes in the dataset involves a weapon but some of them do, e.g.

Firearm, Knife etc
8. Post - Indicates the smallest police geographic area - each post has a dedicated police

post (Deployment of the police officers to locations for patrolling)
9. District - (administrative division - e.g. Eastern, Northern, Central etc)
10. Neighborhood - (name of the places)
11. Premise - Street, bus, store/outlet etc of where the incidents took place
12. Latitude
13. Longitude

The features used as input for the GAN model were::

1. Latitude
2. Longitude

Methodology

The primary objective is to identify hotspots that are at higher risk of experiencing crime. By
analyzing latitude and longitude data of 2019 crime locations extracted from the crime dataset
available on the Baltimore City website, this study aims to identify crime hotspots and deploy
police officers accordingly.

The integration of the GAN model into the predictive policing system offers the potential to
detect the crimes. GAN is a type of machine learning model that consists of two components: a
generator and a discriminator. The generator’s role is to create new data samples that resemble
the real data. It learns to generate realistic samples by transforming random input (often called
noise) into data that looks real. The discriminator on the other hand acts like a judge. It learns to
distinguish between real data and the generated data. During the training process, both the
generator and the discriminator play a game against each other. The generator tries to produce
samples that can fool the discriminator into thinking they are real, while the discriminator aime
to accurately classify real and generated samples. Through this adversarial process, both the
generator and the discriminator improve overtime. The ultimate goal of the GAN model is to
train the generator to produce high quality data that is indistinguishable from the real data.

The simulation runs 11 times. Once for each month, starting from the month of February. The
locations of detected crimes from the previous month serve as the input to the GAN model,
enabling the identification of hotspots for the current month's resource deployment. Moreover,
by considering both the number of police officers in certain proximity to the crime location and a
Noisy-OR result in decision-making, the determination of crime detection incorporates



randomness. We set the crime detection radius to 700 feet, assuming that if there were a police
officer patrolling within a 700 feet radius of a crime spot, there would be a high chance for crime
detection. The availability of a larger number of police officers within the detection radius
provides a higher probability for detection, and finally, using Noisy-OR the algorithm considers
each crime to be either detected or undetected.

In the event that a crime remains undetected, we proceed to perform an additional round of
Noisy-OR coin tossing, considering the probability of a crime being reported as 52.1% (as
reported by the Pew Research Center, an American think tank organization). This step allows us
to determine whether the crime is reported or not.
https://www.pewresearch.org/short-reads/2020/11/20/facts-about-crime-in-the-u-s/

By incorporating the detected crimes into the reported crime dataset, we augment the data for the
subsequent month’s GAN analysis, enabling us to generate the police locations for the following
month. Multiple iterations of the year-long simulation are conducted, varying the inputs provided
to the GAN model. In some instances, the GAN model is exclusively trained on the detected
crimes from the previous month, while in other instances, it is trained on the reported crimes
dataset. This approach allows for a comparative analysis of the results obtained from the
different training inputs.

Results

We first reviewed the generated maps after running the simulation. As provided below, Fig. 1
shows the real crime locations in December 2019 in Baltimore City, plus the police locations that
were chosen by the Gan to have the police officers dispatched there. The pink spots on the map
refer to undetected crime locations in black neighborhoods, gray spots, undetected crime
locations in white neighborhoods, light green spots, undetected crime locations in neighborhoods
with neither black nor white as the majority of residents, dark red spots refer to detected crime
locations in black neighborhoods, black spots, detected crime locations in white neighborhoods,
and finally, dark green spots refer to detected crime locations in neighborhoods that have neither
black nor white as the majority. The blue markers on the map are the police locations. Note that
the dark colored spots, which are for the detected crimes, aren’t very clear since big police blue
markers are around them. Fig. 1 is the result of dispatching police forces based on detected
crimes from the previous month for February 2019, while Fig. 2 is the same but for December of
2019. You see that the bias gets more prominent at the end of the year. Fig. 3 is the result of
police distribution based on reported crimes from the previous month for December 2019.
Comparing Fig. 3, it is clear that the bias is a bit less when we use reported crimes instead of
detected ones. However, it doesn’t remove the bias by any means.

https://www.pewresearch.org/short-reads/2020/11/20/facts-about-crime-in-the-u-s/


As you can see, whether we use detected crime or reported crime in both cases, there’s an
obvious bias since all 60 police locations seem to have gathered in some neighborhoods while so
many other neighborhoods are left with no forces.

Fig.1 using detected crimes month 2



Fig 2. using detected crimes month 12



Fig 3. using reported crime month 12

In the bar charts below, one can see that using detected crimes, the bias is very much towards
black neighborhoods, while in bar chart 2, the bias keeps shifting between white and black
neighborhoods but is still mostly leaning towards black neighborhoods.



Barchart 1. Percentage of detected crimes through the months of the year 2019, using detected
crimes

Barchart 2. Percentage of detected crimes through the months of the year 2019, using reported
crimes



Conclusion and Future work

Previous studies have used Generative Adversarial Networks (GANs) for debiasing, and we hope
to use this method to debias the police distribution by modifying our GAN structure in future
work. When trained on a biased dataset, GANs can produce less biased samples. However, it is
crucial to understand that GAN-based debiasing is not a universal solution. The quality and
representativeness of the training data significantly impact the effectiveness of the debiasing
approach. Additionally, biases in the dataset may not be easy to remove, and the GAN itself may
add new biases to the generated samples. Debiasing the police distribution with GANs is a
challenging and complex task. Ensuring that the training dataset is diverse and representative of
the population is vital. Furthermore, it may be necessary to include domain knowledge and other
methods to ensure that the generated samples are unbiased and meaningful. Knowing the
challenges ahead helps with the planning and execution of a well-thought-out algorithm,
ultimately increasing the likelihood of success. Therefore, our next course of action is to conduct
a thorough review of the literature on the challenges associated with debiasing using GANs.
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