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ABSTRACT

Machine Learning Methods to Improve Fairness and Prediction Accuracy on Large

Socially Relevant Datasets.

Bhanu Jain, Ph.D.

The University of Texas at Arlington, 2021

Supervising Professor: Ramez A. Elmasri, Co-supervisor: Dr. Manfred Huber

Machine learning-based decision support systems bring relief to the decision-
makers in many domains such as loan application acceptance, dating, hiring, granting
parole, insurance coverage, and medical diagnoses. These support systems facilitate
processing tremendous amounts of data to decipher the embedded patterns. However,
these decisions can also absorb and amplify bias embedded in the data.

An increasing number of applications of machine learning-based decision sup-
port systems in a growing number of domains has directed the attention of stake-
holders to the accuracy, transparency, interpretability, cost effectiveness, and fairness
encompassed in the ensuing decisions. In this dissertation, we have focused on fair-
ness and accuracy embodied in such predictions. When making machine learning
based forecasts, there are a series of sub-problems within the overarching problem of
addressing bias and accuracy in decisions that we address in this work: 1) detecting
bias in the predictions, 2) increasing accuracy in predictions, 3) increasing prediction

accuracy without tampering with the class labels and while excluding sensitive at-
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tributes that trigger bias, 4) quantifying bias in a model, and finally 5) reducing a
model’s bias during the training phase.

In this dissertation we develop machine learning methods to address the afore-
mentioned problems to improve fairness and prediction accuracy while using three
large socially relevant datasets in two different domains. One of the two Department
of Justice recidivism datasets as well as the Census-based adult income-based datasets
hold significant demographic information. The second recidivism dataset is more fea-
ture rich and holds information pertaining to criminal history, substance-abuse, and
treatments taken during incarceration and thus provides a rich contrast to the largely
demographic datasets when comparing fairness in predicted results.

Our approach is focused on data preparation, feature enrichment in activity
and personal history-based datasets, model design, and inclusion of loss function
regularization alongside the traditional binary cross entropy loss to increase both
fairness and accuracy. We achieve this without tampering with the class labels and
without balancing the datasets. To stay squarely focused on fairness, we do not
include the sensitive attributes in our input features while training the models.

In the experiments we show that we can increase accuracy and fairness in the
predictions based on the three dataset beyond what has been achieved in the published
literature. The results demonstrate that our fairness improvement approach via loss
functions is applicable in different domains with different sensitive attributes and can

be applied without manipulating class labels or balancing skewed datasets.
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CHAPTER 1
INTRODUCTION

In this chapter, we first introduce the area of focus of this dissertation, which
is to develop machine learning methods to improve fairness and prediction accuracy
on large socially relevant datasets. In Section 1.1 we focus on defining the problem
that we wish to tackle in this work. Then, in Section 1.2, we state the motivation for
our work. This is followed by an outline of our research contributions in Section 1.3

and an outline of the dissertation in Section 1.4.

1.1 Problem Statement

Machine learning-based decision support systems bring relief and support to the
decision-maker in many domains such as loan application acceptance, dating, hiring,
granting parole, insurance coverage, and medical diagnoses. These support systems
facilitate processing tremendous amounts of data to decipher the patterns embedded
in them. However, these decisions can also absorb and amplify bias embedded in
the data and render these predictions inequitable and prejudiced for sub populations.
Therefore, in this dissertation, we work to develop machine learning techniques to
improve both fairness and accuracy of the predictions. The input data is often un-
balanced and this mandates that newly developed techniques can handle unbalanced

data. Finally, it is important to quantifiably measure bias in results.



1.2 Motivation to Improve Fairness and Accuracy in Machine Learning Based Pre-

dictions

Machine learning-based decision support systems developed and deployed in
numerous domains directly impact many aspects of human lives. These systems help
in bringing support to the decision-maker in domains such as medical diagnosis [1],
loan application acceptance [2|, dating [3], hiring [4], granting parole [5], and predict-
ing insurance reserve [6], to name just a few. These support systems help process
incredible amounts of data but can also heighten the bias embedded in these datasets.
For example, biased results can be observed in the risk-assessment software used in
criminal justice [6], or in travel, where fare aggregators can direct Mac users to more
extravagant hotels [7], or in the hiring domain where females may see fewer high pay-
ing job ads [8]. In healthcare, there is evidence that healthcare professionals exhibit
bias based on race, gender, wealth, weight, etc. |9]. This bias permeates into the data
and is reflected in the results of diagnostics, prediction, and treatment [10]. Due to
the widespread impact of Al-based decisions, both the accuracy and fairness of these
recommendations has become a popular and pertinent topic of research [11]. Hence
we focus on both accuracy and bias in this dissertation.

Special interest groups negatively affected by decision support systems can of-
ten be categorized by sensitive attributes such as race, gender, affluence level, weight,
and age, to name a few. While machine learning-based decision support systems often
do not consider these attributes explicitly, biases in the data sets, coupled with the
used performance measures can nevertheless lead to significant discrepancies in the
system’s decisions. For example, many minorities have traditionally not participated
in many domains such as loans, education, employment in high paying jobs, receipt of
health care services, etc. This can lead to unbalanced datasets as the minority-based

data may be combined with the majority sensitive attribute-based data. Similarly,
2



some domains like homeland security, refugee status determination, incarceration,
parole, loan repayment, etc., may be already riddled with bias against certain sub-
populations, even in the absence of Al based decision support system. Such human
bias seeps into the datasets used for AI based prediction systems which, in turn,
amplify it further.

Thus, as we begin to use Artificial Intelligence (Al) based decision support
system, it becomes important to ensure fairness for all who are affected by these
decisions. Therefore, our approach focuses on increasing accuracy and fairness on
any sensitive attributes. We use three datasets from two different domains and two
different sensitive attributes to illustrate the efficacy and adaptability of our work to
diverse domains. To demonstrate a quantifiable decrease of bias in the models via
our approach, we introduce a measure called Bias Parity Score (BPS) to represent
bias in a single measure. Furthermore, our BPS-inspired loss functions are capable
of mitigating bias in unbalanced dataset and are thereby capable of addressing the

traditional lack of participation of minorities in pertinent datasets.

1.3 Dissertation Contributions
In this dissertation, we introduce efficient and adaptable methods to spot, quan-
tifiably measure, and reduce bias via Bias Parity Score BPS and BPS inspired loss
functions while also increasing accuracy in predictions via feature enrichment. Our
contributions illustrated through a sequence of five sets of experiments can be divided
into three parts:
e In the first part described in Chapters 4, 5, and 6, we work with two socially
relevant datasets in the recidivism domain to spot bias in predictions and an-
alyze the effects of types of datasets on accuracy and fairness in predictions.

We utilize very similar neural network architectures to learn recidivism predic-
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tions for the two datasets and demonstrate that demographic datasets produce
less accurate and fair predictions as compared to those produced with a feature
rich personal activity and history-based dataset. We develop a framework in
Chapter 6 to further enrich a dataset to ameliorate the prediction accuracy.

In the second part covered in experiments described in Chapter 7, we propose
a new fairness measure called Bias Parity Score (BPS) to measure bias quan-
tifiably in the prediction models. The BPS score leverages an existing intuition
of bias awareness and summarizes it in a single measure. We demonstrate how
BPS score can be used to quantify bias for a variety of statistical quantities and
how to associate disparate impact with this measure. We demonstrate how to
use BPS to select the least biased model without sacrificing accuracy.

In the third part covered in experiments described in Chapter 8, we formulate
and introduce loss functions that are inspired by BPS. We apply the loss func-
tions in the context of various fairness measures and study their performance,
potential drawbacks, and deployment considerations in achieving fairness in
terms of accuracy, False Positive Rate, False Negative Rate, True Positive Rate,
True Negative Rate, or a combination of the statistical measures. By using these
loss functions, we can measurably reduce bias in the results for the two race-
based cohorts. Additionally, we investigate potential divergence and stability
issues that can arise when using these fairness loss functions, when shifting
significant weight from accuracy to fairness. Furthermore, to evaluate the ap-
plicability of our approach of using loss functions and different regularization
weights in conjunction with the traditional binary cross entropy to increase fair-
ness across sensitive attributes-based groups, we carry out the same experiments
with a census-based income dataset from a different socially relevant domain

and utilizing a different sensitive attribute, namely gender.

4



We show that we can improve fairness in the three socially relevant dataset results in
the two distinct domains beyond what has been achieved in the published literature.
The results demonstrate that with feature enhancement and a good choice of fairness
loss function, we can reduce the trained model’s bias without deteriorating accuracy

even in unbalanced datasets.

1.4 Dissertation Organization

In Chapter [ we introduce the topic of our research. In Chapter [2], in addition
to the related work we list and define the bias metrics that we have used throughout
the dissertation. In Chapter [3| we describe three datasets used in this dissertation.
In Chapter [ we describe our first set of experiments with a demographical dataset
to make predictions and analyze the results. This is followed by Chapter [5 that
describes our second set of experiments with a feature rich dataset. Here we compare
the results with those of a demographic information based dataset using a similar
neural network architecture.

In Chapter [6] we lay out an approach to reduce sensitive atribute-based bias
and increase prediction accuracy by enriching a dataset followed by selecting a model
based on False Positive Rate Parity. This enables us to choose a prediction model
with least bias and high accuracy.

In Chapter [7], we lay out techniques to derive a feature-rich representation of
a dataset from the temporal information in the data, which improves fairness and
accuracy of predictions. We introduce a new fairness measure called Bias Parity
Score (BPS) that summarizes bias in a single measure.

In Chapter[§], we introduce a family of BPS inspired loss functions and use them

as a regularization component during the model training process in neural networks.



We demonstrate that with a good choice of fairness loss function we can reduce any

specific kind of bias in a model even in unbalanced datasets.



CHAPTER 2
Bias Metrics and Literature Review

In this chapter we introduce the Bias Metrics used in our research and in pre-

vious work and discuss the relevant Related Work in the area.

2.1 Bias Metrics

For various experiments covered in Chapters [4] [5], and [6] we computed several
metrics for our experiments: Accuracy, FPR (False Positive Rate), FNR (False Nega-
tive Rate), TPR (True Positive Rate), and TNR(True Negative Rate). We evaluated
bias by comparing FPR and FNR for the two major subpopulations. To compute False
Positive Rate Parity, we computed the ratio of False Positive Rates (FPR2/FPRI)
for the two subpopulations and marked it for various models as shown in the second
graphs in Figure and Figure The following definitions explain the metrics for
our experiments in recidivism prediction.

True Positive(TP): future recidivist predicted to recidivate.

True Negative(TN): future non-recidivist forecasted to not recidivate.

False Positives(FP): future non-recidivist incorrectly forecasted to recidivate.
False Negatives(FIN): future recidivist incorrectly predicted to not recidivate.

Accuracy: truthfulness of the predicted label - recidivist or non-recidivist.

TP +TN
TP+TN+ FP+ FN

Accuracy =



False Positive Rate(FPR): total number of false positive predictions (FP) divided
by the total number of all the non-recidivists (Negatives).
FP

FPR= ——F1+— 2.2
h FP+TN (22)

False Negative Rate(FNR): total number of incorrect negative predictions divided
by the total number of all the recidivists (Positives).
FN

FNR= pN TP 23)

True Positive Rate or Sensitivity(TPR): total number of true positive (TP)
predictions divided by the total number of all positives (recidivists).

TP

TPR = —————
& FN+TP

(2.4)

True Negative Rate or Specificity(TNR): total number of true negative (TN)

predictions divided by the total number of all negatives (non-recidivists).

TN
IR = Gp Ty 2

A model becomes accurate as both FPR and FNR approach a value of zero.
A high FPR signals that many non-recidivists are being predicted to be recidivists
while a high FNR indicates that many recidivists are being falsely predicted to be
non-recidivists. A high FPR and high FNR both individually or simultaneously
lead to lower accuracy. A high TPR, (also called Sensitivity or Recall)is desirable
as it indicates a higher proportion of actual recidivists that are correctly identified.
Similarly, a high TNR (also called Specificity or Selectivity) is desirable as it indicates
the proportion of non-recidivists that are correctly identified

Even though high accuracy, high TPR, and high TNR are always coveted in

machine learning models for recidivism predictions, race-based bias is here kept under
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control by having similar FPR and FNR for different subpopulations. Similar FPR

and FNR for different subpopulations is often achieved at the cost of accuracy.

2.2 Related Work

Several studies in recidivism prediction such as those by [12], [13], [14], and
[15], have used datasets described in Sections and that we have also used in
the current work. In the following we discuss the most relevant related work both in
recidivism prediction as well as in the broader area of fairness and bias in prediction

systems.

2.2.1 Recidivism Prediction

Impact of incarceration: One work by Bhati [12] used this data to consider
criminal history of offenders to delve into a theoretical approach to explore crimes
averted by offenders’ incarceration. Yet another study [13] used the same dataset
to study the degree of impact that incarceration had on an offender’s criminal tra-
jectory and found that while 4% of offenders displayed a criminogenic effect, 40%
of the offenders were released to a lower criminogenic trajectory than without the
incarceration.

Effect of sentencing models work: The work in [14] used one of the same
datasets as the current work to study the effect of different sentencing models on
offender recidivism. The data was used to compare release programs in six states and
the study found that the results varied by state, where mandatory parole release had
an impact in some, parole board discretionary release was more successful in other
states, while there was no noteworthy impact on recidivism in some states.

Bureau of Justice Statistics Report (3 year follow-up): A report by the

Bureau of Justice Statistics on the second dataset is provided in [16]. The dataset
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includes four ways to measure recidivism: re-arrest, reconviction, resentence to prison,
and return to prison (with or without a new sentence). The report uses a three-year
follow-up period after offender’s release to study recidivism. In our experiments, we
used reconviction as a measure of recidivism. This work included records of prisoners
who were alive for the 3 year follow-up period. Since we used all records, and not
merely the ones within the three years follow-up period since their 1994 release, we
used a feature vector in our input variables that specifies whether a prisoner was dead
or incarcerated for life.

Bureau of Justice Statistics Report (9 year follow-up): This is a follow-
up study |17] on prisoners released in 2005 across 30 states that found 83% of state
prisoners were re-arrested within 9 years of release. As per this report, 44% of prison-
ers followed were re-arrested in the first year, 34% during their third year, and about
24% during the ninth year. This report clearly indicated that prisoners continue to
recidivate long after the three-year follow-up period used in other works such as those
of Zeng et al. [15] and Ozkan [18]. It set us in the direction of splitting all arrest
records in our dataset to include all arrest cycles that were available.

Re-arrest and Adjudication as Measures of Recidivism Work: As indi-
cated above, the report by the Bureau of Justice Statistics on the dataset in [16] used
4 different variables to measure recidivism. Work by Zeng et at. [15] and Ozkan [1§]
on this data used rearrest and reconviction respectively as a measure of recisivism.
In contrast, we have chosen to only use reconviction as a measure of recidivism in
all of our experiments. We believe that arrest without a conviction is not a suffi-
cient premise for prediction. Hence, our outcome variables laterCNV, laterDRUG etc
record binary values of whether an offender was convicted for any, or for a specific

crime any time after the release.

10



Input Variables and Past Arrest Cycles Related Work: Zeng et at. [15]
did not use some of the personal activity-based features such as vocational or educa-
tional courses attended, and substance abuse treatments during the 1994 arrest cycle
as very few prisoner records from the 1994 release had valid entries for these. We
did use these variables and circumvented the "too few records” problem by consid-
ering each arrest cycle as a standalone record when the parole decision needs to be
made. Hence, these variables could be included in the records from 1994 and later
arrest cycles. We used -1 for missing values in pre-1994 cycles and added a binary
feature vector to indicate that the arrest cycle record was from 1994 or afterwards
to help neural networks decipher the temporal pertinence of these features in related
experiments (presented in Chapter [6).

The work in [15] used only records from 1994 for prediction purposes. In con-
trast, we used all the arrest records embedded with the 1994 release data for accruing
previous criminal activity information and the 1994 and post 1994 records for pre-
diction purposes to use substance-abuse related variables efficiently. We used all the
arrest records from 1994 onwards for prediction purposes. All records - before, dur-
ing and after the 1994 release were used to calculate crimes committed in each of the
broad crime categories. Like [15], we used drug, general violence, sexual violence,
and fatal violence crime categories to align our experiments (presented in Chapter [5)).
However, our crime categories were based on adjudication rather than on arrest for
these crimes. Furthermore, we categorized for property, public and other crimes as
well, since these were required to cover all types of crimes included in the adjudication
variables.

Sentence Length Correlation with Lower Recidivism work: As per the
work by Tiedt et al. [19], longer prison sentences correlate with lower recidivism.

Instead of limiting themselves to a single state, this study used criminal history data
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from 30 state repositories. They found that it is difficult to extricate effects related to
individual factors like age and previous criminal history from that of state practices
and policies on recidivism. They found a greater disparity in sentence length amongst
45 years old or older prisoners and less so in those released before they turned 45.

Conviction as a Measure of Recidivism Work: Another work by Ozkan
[18] used reconviction within three years after release as the outcome variable. Even
though, the work did consider 15 cycles of prior arrests in the feature selection process
for the 1994 arrest cycle, the study took binary variables for 15 prior arrests, while
we took a rolling sum of priors for each of the 26 individual crime categories before
we normalized the input vectors for our experiments (described in Chapter [f]).

Interpreting Black Box Models Work: As we use artificial neural networks
to increase prediction accuracy for recidivism, we are aware of the frequent criticism
of artificial neural networks being an opaque algorithm [20]. To investigate this, the
work in [21] presents an overview of literature covering the methods to explain systems
based on opaque and obscure machine-learning models. They propose classification
of methods to account for the specific explanation problem, the type of explanation
adopted, the black box model opened, and the type of data used in the black box
models.

Recidivism Prediction Based on Asymmetric Costs Work: Even though
many works of research have focused on the accuracy of recidivism prediction, the
work by Won et al. [22] brings to attention the disparate cost of errors in misrecog-
nizing those who do not cause recidivism versus those who do cause recidivism. They
weighed in that False Positive Errors cause additional monitoring while False Negative
Errors raise social and economic costs. This study found XGBoost based models to
have higher predictive accuracy and lower misclassification cost than those powered

by logistic regression, decision trees, artificial neural networks, and support vector
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machines. Hence, they aligned XGBoost based recidivism prediction with asymmet-
ric error cost. This work stirred us to include XGBoost to conduct experiments with
our dataset. However, as per our consideration, a rising ¥false positive rate for one
race is a cause of concern due to its implications in race-based bias. Therefore, we
have chosen to monitor both false positive and false negative rate.

Race Related Works: Several works [23] [24] [16] have shown different rates
of recidivism amongst Caucasians and African Americans. The Bureau of Justice
Statistics report [23] specified that African Americans recidivate at a higher rate than
Caucasians. Furthermore a report by Durose et al. [23] stated that different types
of crimes have different recidivism rates with the highest rates in public order crimes
and relatively lower for drugs, property, and least for violent crimes. Furthermore, we
believe that people who commit similar types of crimes, share other similarities - such
as similarity of prior criminal and substance abuse-based activities. Therefore, we
used several activity and substance abuse based input variables listed and explained
in Chapters [5] and [6] and aligned our experiments with crime categories.

As we pursue the goal of reducing race-based bias in recidivism predictions, we
are cognizant of the ethical concerns around the issue. Some studies left the sensitive
attribute of race [25] [10] out of the set of input variables while others [26] indicate
that removing contentious attributes like gender, ethnicity, race etc. means excluding
critical information. The work in [27] emphasized that eliminating sensitive attributes
such as race and gender may help some and harm others.

A work by Calders et al. [28] proposed training a model individually for every
value of the sensitive attribute of gender. Additionally, the work in [29] used the
approach of exposing the classifier to data related to one race at a time without ever
using the race feature vector explicitly. This allows using the race related information

without pitting one race against another. In our current work we have used different
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approaches, including this technique to study their impact on increased prediction
accuracy while monitoring the particular choice’s effect on race-based bias in the
decisions.

Another study [30] sought to compare different fairness-enhancing classifiers
with one another under a variety of fairness measures using different datasets, and to
figure out the basis of the differences. They found that many of these measures were
strongly correlated with each another. Furthermore, they found that the fairness-
preserving algorithms they worked with, were sensitive to variations in the compo-
sition of the dataset, thus suggesting that fairness interventions were more “brittle”
than believed earlier.

Disparity and Bias Related Works: Many anti-discrimination laws have
come into existence to prevent unfairness meted out to individuals based on sensitive
attributes such as gender, race, age, etc. Many studies [31, 11, 32] have shed light
on this unfairness in machine learning-based prediction results. The presence of bias
in prediction results could steer a practitioner away from machine learning-based
support systems, particularly given that Dressel et al. [10] found that laypeople were
as accurate as algorithms in predicting recidivism. However, other work by Jung et
al. [33] in the same domain found that algorithms performed better than humans
in predicting recidivism using three datasets. Jung et. al found this performance
gap to be even more prominent when humans received no immediate feedback on the
accuracy of their responses and in the presence of higher numbers of input features.
Thus, given the need for using machine learning-based decision support systems, it is
essential to find ways to increase accuracy and decrease bias in predictions.

Miron et al. [32] studied the causes of disparity between cohorts and found
that static demographic features have a higher correlation with the protected fea-

tures than the dynamic features such as substance abuse, peer rejection, and hostile
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behavior. They found that static features cause disparity between groups enin terms
of group fairness metrics. In the current work, we also found that using several fea-
tures like substance abuse variables, treatments taken and courses attended increased

the prediction accuracy and decreased bias in the prediction.

2.2.2  Fairness and Bias in Prediciton

Bias and Fairness: Bias has been classified into three categories by Zafar
et al. [34]: disparate treatment, disparate mistreatment, and disparate impact. Dis-
parate treatment represents different outputs for different subgroups with the same (or
similar) values of non-sensitive features. Disparate mistreatment indicates different
misclassification rates for different subgroups; For example, when different subgroups
have different False Negative rates (FNR) and False Positive rates (FPR). Disparate
impact suggests decisions that benefit or hurt a subgroup more often than other
groups.

Various studies such as |10, 25, |11], including our own work [29} 35] have demon-
strated this unfairness in the results of machine learning-based predictions in many ap-
plications such as diagnosing diseases, predicting recidivism, making hiring decisions,
etc, to name just a few. The presence of bias in machine learning-based prediction
results leads to disparities in impact and treatment of some cohorts. This disparity
has steered many researchers to conduct several studies such as [36], |37, |38} [34], to
decrease unfairness in the results.

Biswas et al. [39] trained two statistical models: one on balanced data and the
other on unbalanced data. They found that balanced data led to fairer prediction
models than the one made with unbalanced data. In the current work, we worked
with both balanced and unbalanced data sets. In addition, some of the feature en-

hancement work presented in this dissertation showed its benefits by changing an
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unbalanced recidivism data set into an enriched dataset that is a balanced dataset
for Caucasians and African Americans. In another work, Chouldechova et al. [40]
identify three distortions that trigger unfair predictions by machine learning-based
systems: human bias embedded in the data, the phenomenon that reducing average
error fits towards majority populations, and the need to explore. Human bias em-
bedded in the data is a major contributor to bias resulting from the dataset itself.
For example, recidivism data typically records rearrests but needs to predict reof-
fense. Therefore, in our work, we captured adjudication in each arrest cycle and used
that in the history considered and not prior arrests, assuming that re-arrests could
have human bias embedded but adjudication/reconviction may have relatively less
human bias. In contrast, a study by Zeng et al. [15] with whom we compare our
results, uses arrests for predicting recidivism for the same dataset. Reducing Aver-
age Error Fits Majority Populations refers to the phenomenon that machine learning
algorithms trained with accuracy or a similar error measure tend to favor correctly
learning larger groups over smaller groups. Fitting larger subgroups reduces overall
error faster than fitting smaller groups and hence minorities are disadvantaged. This
effect can be measured and somewhat reduced by additional data [41]. To this end,
we split the original dataset records as defined in Section and used point of
release in each arrest-release cycle as a point of time to make the parole decision.
This results in gaining many points of time of release in related arrest-release cycles
(historic cycles) for predictions and hence increases accuracy and other statistical
measures for both Caucasian and African American cohorts. Furthermore, we added
past criminal activities by including different numbers of past arrest-release cycles
in different experiments as described in Section [8.4.1] and compared in the results
listed in Tables 7.0l The Need to Explore refers to the observation that identical

settings tend to not translate to different problems, requiring the experimental inves-
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tigation of different options to determine the best system for the problem. In general,
the training data depends on past algorithmic actions; for example, one can observe
recidivism only if a suboptimal decision was taken to release a recidivistic offender.
To this end, we considered all arrest cycles of a given offender and not just the 1994
release cycle and labeled our data using subsequent adjudications (instead of future
arrests, which could be more biased). Using each arrest-release cycle as a standalone
record gave us access to many suboptimal decisions where people did re-offend. In
contrast, two studies that we compare our results with [15, |1§] used only 1994 data
for training and testing purposes, even though they used historical arrests features
in the records. Since the dataset contains data only up to approximately 1997, this
could have been a limitation if we included only 1994 records for training and testing.

Bias and Fairness Metrics Work: Many fairness measures are used to mea-
sure unfairness in Al-based systems [28] 42, |43| [11]. Bias in machine learning-based
systems has been observed in many works such as [10] |29, |35 25 |11]. Very often,
the values of pertinent metrics like FPR, FNR, etc are observed in sets for different
sub-populations. The difference in their values indicates the existence of bias, for ex-
ample in terms of higher FPR value and lower FNR value for a disadvantaged group
and vice versa for an advantaged group in recidivism. Similarly, bias shows up as
lower FPR value and higher FNR value for a disadvantaged group and vice versa for
an advantaged group in hiring decisions and loan applications. However, a general,
quantitative measure of bias for a predictive model that can be used for any statistical
measure has been missing so far. BP score, a metric we introduce in this work, fills
this gap. A BP score of 100 for FNR means that the FNR score for the two cohorts
being considered is identical and hence indicates perfect FNR fairness. Accordingly,
a BP score of 90 is much better than one of 80. BP score offers a decision maker

a way to quantify bias in a model to compare models and to accept or to reject it
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for decision making by observing one quantifiable fairness measure for each of the
pertinent statistical measures.

In this dissertation, we abstract an existing intuition and summarize bias in a
lone measure, namely bias parity (BP) score of any statistical measure, which is the
ratio of that statistical measure between two subsets of the population. We use the
lower statistical measure value in the numerator and the greater one in the denomina-
tor to achieve a symmetric measure for a pair of sub-populations. By multiplying this
fraction by 100, we express it as a percentage. This is maximized (i.e., reaches 100%)
when there exists no bias (i.e., full parity) with respect to the employed measure. The
BP score has the virtue of being a measure between 0 and 100 expressing full bias
(0) versus no bias (100). By using BPS, we are able to move from a binary fairness
notion of (fair/unfair) to a fairness score for any statistical measure deemed impor-
tant for fairness in a given situation, particularly as we take into consideration the
results demonstrated by Chouldechova that, as recidivism prevalence differs across
subpopulations, all fairness criteria cannot be simultaneously satisfied [42]. The work
in [42] illustrates how disparate impact can occur when error rate balance fails for a
recidivism prediction instrument.

Work by Krasanski et al. [44] states the p% rule [45], an empirical rule that
proscribes sensitive group identification from being less than a percentage of the
favored group identification. For this rule, there is a legal context and the Uniform
Guidelines on Employee Selection Procedures [46] mandate adherence to the 80% or
more rule. BP score gives the practitioner the prerogative to decide the ideal threshold
for BPS of a requisite metric, e.g., FPR and FNR BPS in recidivism, particularly
as the ability to collect pertinent data and improve algorithms further progresses.
Many machine learning researchers continue to use the 80% threshold. For example,

a work by Feldman et al. [36] states that the Supreme Court has resisted a “rigid
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mathematical formula” to define disparate impact. Feldman et al. adopt the 80% rule
recommended by the US Equal Employment Opportunity Commission (EEOC) [46]
to specify whether a dataset has disparate impact. Feldman et al. link the measure of
disparate impact on the balanced error rate (BER) and show that a decision exhibiting
disparate impact can be predicted with low BER. Given a dataset d = {(X, A,Y)},
with X representing the non-sensitive data attributes, A the sensitive ones, and Y
the data element’s correct binary label, and a classification function f(X), BER can
be defined as:
PIf(X) =0lY = 1]+ P[f(X) = 1]Y = 0]

BER(f(X),Y) = 5 .

A data set d = {(X, A, Y )} is e-fair if for some classification algorithm, f : X

Y, BER(f(X), Y) < «.

Feldman et al. |36] define Disparate Impact (“80% rule”) by stating that for a
given data set d, d ={(X, A, Y)}, with protected attribute A (e.g., race, sex, religion,
etc.), remaining attributes X, and binary class to be predicted Y (e.g., “will hire”),

d has disparate impact if

P(Y =1|A =0)

Py —ia=1) =708

Similarly, for a prediction C of Y, the classification has disparate impact if

Krasanakis et al. [44] employ Dppr and Dgngr as the differences in FPR and
FNR, respectively, of the protected and unprotected group while computing the over-
all disparate mistreatment. They combine those two metrics into |Drpr| + |Dryr| -

19



Given the predicted classification output is C' = f(X, A), the differences are repre-

sented as

Dppr=P(C#Y |Y =0,A=1)-P(C#Y [Y =0,A=0)
Dpxp=P(C#Y |Y=1,A=1)-P(C#Y |Y =1,A=0)

The related work recognizes that the presence of bias can be represented as a
ratio or the difference of a statistical measure for the two pertinent cohorts. When
laid out side by side for several statistical measures, as shown in Tables [7.147.6, BP
scores can tell us which model has least bias and hence should be selected from a set
of possible models. As a generic measure, BPS can be used for all statistical measures
and thus offers a unifying technique for representing bias.

Bias Mitigation Works Some recent works [47, 44] summarize bias mitigation
techniques into three categories: i) preprocessing [48, |36] 49] input data approaches,
ii) in-processing approaches or training under fairness constraints that focuses on the
algorithm and, iii) postprocessing approaches that seeks to improve the model.

The first technique involving preprocessing input data is built on the premise
that disparate impact in data results in disparate impact in the classifier trained
on such data. Therefore, these techniques are comprised of massaging data labels
and reweighting tuples of the dataset. Massaging is altering the class labels that
are deemed to be mislabeled because of bias, while reweighting involves increasing
weights of some of the tuples over the others in the dataset. Calders et. al. [48] assert
that these massaging and reweighting techniques yield a classifier that is less biased
than without such a process. They also note that while the massaging labels method

is intrusive in nature and can have legal implications [31], the reweighting method
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on the dataset to make the labels not dependent on the sensitive attribute does not
have these drawbacks.

The second technique of fairness under constraints [34] chooses one or more of
the disparate impact metrics [50, 34, [51]. This is followed by modifying the imposed
constraints during the classifier training or by additional linear program constraints
that steer the model towards the optimization goals |34} 51, 50, [52]. For example, in a
recent work Josifidis et. al. [50] change the training data distribution and monitor the
discriminatory behavior of the learner. When this discriminatory behavior exceeds a
threshold, they facilitate different fairness notions by adjusting the decision boundary
to prevent discriminatory learning.

The third technique to improve the results involves a postprocessing approach
to comply with the fairness constraints. The approach can entail selecting a criterion
for unfairness relative to a sensitive attribute while predicting some target. In the
presence of the target and the sensitive attribute, Hardt et. al. [53], show how to
adjust the predictor to eliminate discrimination as per their definition.

Definitions of Fairness. Current literature on fairness recommends several
formal concepts of fairness which require that one or more demographic or statisti-
cal properties are held across multiple subpopulations in the corpus. Demographic
parity, also referred to as statistical parity, mandates that the decision rates are inde-
pendent of the values of a sensitive attribute that represents membership of different
subgroups [54} 48, [55, [56]. For binary classification problems this is often mathemat-
ically represented as P(C' = 1|A = 0) = P(C = 1|A = 1), where C € {0,1} is the
decision made by the system. This, criterion, however, makes an underlying equality
assumption between the subpopulations which might not hold for all problems. To
address this, several recent works [53] focus on error rate balance where fairness re-

quires subpopulations to have equal false positive rates (FPR) or equal false negative
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rates (FNR) or both. Another commonly used parity condition is equality of odds
which commands equal true positive rate (TPR) and equal true negative rate (TNR).
While perfect parity as a constraint would be desirable, it often is not achievable
and thus quantitative measures representing the degree of parity have to be used
[57]. Refer to [43} |40, 11] for a more complete recent survey of computational fairness

metrics.
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CHAPTER 3
Datasets

The work in this dissertation is focused around three different datasets, two
of them being in the area of recidivism, and one being a standard Census Bureau
dataset focused on income characteristics. Use of these datasets permits the study of
different aspects of increasing accuracy while reducing bias in the context of different

sensitive attributes. Moreover, they allow effective comparisons with past results.

3.1 Dataset 1: “Criminal Recidivism in a Large Cohort of Offenders Released from
Prison in Florida, 2004-2008"

Dataset 1 [58] is used for experiments described in Chapters , , and . It is
assembled using the information and resources acquired from the Florida Department
of Corrections (FDOC) and the Florida Department of Law Enforcement (FDLE) [59).

The Offender-Based Information System (OBIS) stores and maintains offender
related information, such as sentence, termination date, offender location, new vio-
lations, DNA profile, status, risk classification etc., while the FDLE’s Computerized
Criminal History (CCH) database, holds criminal history information pertaining to
all arrests made in Florida. The dataset is comprised of information acquired from
OBIS and CCH pertaining to offenders released between January 1996 and December
2004. The offenders without criminal history were excluded during the dataset cre-
ation, as were the offenders released outside Florida. The FDOC data files provided

the current offense information for this dataset.
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3.1.1 Dataset 1 Description

The dataset categorizes charges into six groups: violent charges (murder, manslaugh-
ter, sexual offenses, and other violent offenses); robbery; burglary; other property
charges (including theft, fraud, and damage); drug-related charges; and other charges
(including weapons and other public order offenses). The dataset also categorizes
crimes byinto four main categories (MAINCAT): violent, property related, drugs,
and all others. The dataset uses FDLE criminal history records for offender rear-
rests information within 3 years of release while using arrest date for recidivism event
purposes and to calculate various time related features. Additionally, FDOC court
docket information is used to capture reconviction information. The dataset cap-
tures several pieces of information in many ways. We used the attributes listed here:
MAINCAT (crime main category), ADMAGE (admission age of offender ), RELAGE
(release age of offender ), TIME SRV (time served in jail by the offender), CHIST
(number of crimes committed by the offender prior to being arrested), RACE, MARI-
TAL (offender’s marital status), EMPLOY (offender’s employment status prior to be-
ing arrested), SEX, EDUCLAM (education claimed) and SUPER (whether parolees
were supervised or not after release). Many features like MAINCAT, MARITAL,
EDUCLAM etc. in this dataset are represented as categorical data, so we converted
each attribute value as a column indicating the presence or absence of that attribute
value. This removed the bias that can result from encoding the data values using
arbitrary categorical values during the normalization process.

The dataset is comprised of 156,702 valid cases, all of which are included in all
race models. The ratio of recidivists to non-recidivists in the entire dataset is 41:59.
There are proportionately more non-recidivists amongst the Caucasian race than in
the African American race in every category. In the entire dataset this ratio for

Caucasians was 34:66, while that for the African American sub populace was 46:54.
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3.2 Dataset 2: “Recidivism of Prisoners Released in 1994”

The second dataset is from the “Recidivism of Prisoners Released in 1994” study
[60]. This dataset is comprised of 38,624 records - one for each convict released in 1994
from one of 15 states in the USA. As these states account for two-thirds of prisoners
released that year, the dataset is a good representative of the offenders released in

1994. The individual criminal history information in the dataset is acquired from the

State and FBI automated RAP sheets).

3.2.1 Dataset 2 Description

Each record in the dataset is comprised of a convict’s 1994 release cycle and past
arrest records before the 1994 release and those ensuing in the subsequent three or
more years. Fach record consists of variables pertaining to a maximum of 99 arrest
cycles before and after the 1994 release cycles, each record containing information
about arrests, adjudications, and sentences for each of these arrest records. These
records maintain 91 fields related to the 1994 release, 64 fields for each of the prior or
ensuing arrest cycles, and up to 99 multiples of the 64 fields based on the total number
of arrests associated with the offender. Thus, each convict record is comprised of up
to 6,427 fields.

There are more Caucasians in this dataset than African Americans and the
difference is almost exclusively in records with fewer than 10 arrest cycles. There
are more Caucasians with fewer than 10 arrest records than African Americans. As
shown in Figure [3.1] after 10 arrest records, the proportion of the two races becomes

similar. There are very few offenders with more than 40 arrest records each.
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Figure 3.1: The Number of Prior Arrests for Different Sub-populations.

3.3 Dataset 3: “Adult Income Data Set”

Our third datset “Adult Income Data Set” [61] from the UCI repository [62] was
extracted from 1994 Census database. It is also known as ”Census Income” dataset
and is available via the University of California Irvine’s (UCI) Machine Learning
Repository. The dataset has 48,842 records and as per the UCI website, each record
represents an individual who was older than 16, had an adjusted gross income greater
than $100, worked for at least an hour a week and represented more than 1 person
in the general population during the 1994 census. The dataset holds socioeconomic
status, education, and job information pertaining to the individual. Therefore, it is
a demographical dataset just like Dataset 1 but in a different domain than Datasets
1 and 2. Unlike Datasets 1 and 2, where race is the sensitive attribute, gender is
the sensitive attribute in Dataset 3. For our work, similar to most previous work
involving this data set, we deem a salary higher than $50 K a ”positive” outcome
and less than $50 K to be a "negative” outcome. It is used for predicting whether an

individual’s income exceeds $50K/yr or not and for related statistical measures.
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3.3.1 Dataset 3 Description

The dataset is comprised of 48,842 records that are a mix of 6 continuous and
8 discrete attributes, and one class label. 3,620 records had some attributes missing.
However, we imputed these missing values as the mean value of the attribute. The 6
continuous attributes age, fnlwgt, education-num, capital-gain, capital-loss, and age
were normalized and the 7 discrete variables were treated using one-hot encoding to
convert each attribute value as a binary vector indicating the presence or absence of
that attribute value. We used income as a binary target variable and all remaining
attributes as input variables.

The ratio of records with class label ">50K" : ’<=50K" is approximately 24:76.
The ratio of males to female in the sensitive attribute gender is approximately 2:1.
There are proportionately more “positive” outcomes (income above 50K) amongst
males than amongst females. In the entire dataset the ratio of positive (above 50K)
to negative (below 50K) outcomes for males was approximately 9:4, while that for
the female sub population was approximately 8:1.

We split the dataset in a 80-20 ratio for training and testing purposes. The
training data was further split in a 90-10 ratio for training and validation purposes.

The dataset is used in experiments described in Chapter [§
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CHAPTER 4
Singular Race Models: Addressing Accuracy and Bias in Predicting Recidivism

4.1  Singular Race Models (SRM)

Our goal for these experiments was to study the potential of training sepa-
rate, Singular Race models versus a single, all-race model to increase the accuracy
of predicting recidivism while removing the potential for any race from being dis-
criminated against. We conducted five sets of experiments: one for the all-crime
category and four for each of the main crime categories. In each set, to start with,
we trained a model with data from all races and tested it with three different sets of
data encompassing all races, only Caucasian, and only African American. All-race
models in each set used records attributed to all races without using a feature vector
that stated an offender’s race information. By contrast, the Caucasian and African
American Singular Race models used data solely from the subpopulation for training,
again without including the race feature vector. The all-race models in each crime
category constituted our baseline to compare the results of the Singular Race Models.
In the same vein, the crime related models include violent, property, drugs, or other
crime related subsets only, without the race feature being included in the dataset.
The various crime related base models were trained on that particular crime-based
data pertaining to all races and tested on data pertaining to Caucasian and African
American races without including the race feature in the training or test data while
having the Singular Race Model dataset restricted to one race at a time.

We wanted to explore if models trained for a sensitive attribute value (Caucasian

or African American race) would prove to have higher predictive accuracy for the
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favored sensitive value over a model trained for all possible values of a sensitive
attribute. Our thought process was that comparing test subjects with others who
were similar to them in the training data, would lead to higher predictive accuracy.
Additionally, we believe that by comparing individuals to others just like them or
of the same race and committed crime category, we might reduce or eliminate bias
resulting from the unbalanced nature of the complete data set dramatically.

We used only Caucasian and African American race models because they repre-
sent over 98% of the dataset - where 42.6%, 55.6%, 1.6% of the dataset is attributed
to Caucasians, African Americans, and Hispanic races, respectively, while all other
races combined constitute 0.2% of the dataset.

Another recent study by Ozkan [18] investigated numerous statistical models
to improve predictive accuracy of recidivism prediction. It compared a conventional
logistic regression model with other machine learning models like random forests,
support vector machines, XGBoost, neural networks, and search algorithms and found
XGBoost and neural networks to outperform all other models. This guided us to
include artificial neural networks for our experiments with Singular Race Models. We
selected neural networks, the classifier that gave the best accuracy with our dataset.

We used a three-layered deep learning neural network model to develop, train,
and explore these new models. We used the Keras wrapper for low-level libraries like
TensorFlow [63] to program and develop our models. Adam [64], an optimization
algorithm for stochastic gradient descent, was utilized for training our deep learning

models.

4.2 Datasets

Dataset 1 described in Section [3.1] was used for the experiments included in

this chapter. It is the raw data from the studies “Recidivism of Prisoners Released
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in 1994”7 [60]. It was assembled using the information and resources acquired from
the Florida Department of Corrections (FDOC) and the Florida Department of Law
Enforcement (FDLE) [59]. A detailed description of the dataset can be found in

Chapter 3.

4.3 Experiments

Our goal for these experiments was to increase the accuracy of predicting recidi-
vism while removing the potential for one race from being discriminated against. We
conducted five sets of experiments: one using the all-crime category and additional
ones to predict the four main crime categories. In each set, to start with, we trained
a model with all races and tested it with three different sets of data, namely ones
comprised of all races, only Caucasians, and only African Americans. All-race models
in each set used records attributed to all races without using a feature vector that
stated offender’s race information. Similarly, the Caucasian and African American
models used data solely from the subpopulation without including the race feature
vector explicitly. The all-race models in each crime category constituted our baseline
to compare the results of Singular Race Models. In the same vein, the crime re-
lated models were exposed to violent, property, drugs, or other crime related subsets
only, without the feature of race being included in the dataset. The various crime
related base models were trained on that particular crime-based data pertaining to
all races and tested on data pertaining to all races, Caucasian and African American
races without including the race feature in the training or test data while having the
Singular Race Model dataset restricted to one race at a time.

We wanted to explore if models trained for a sensitive attribute value (Caucasian
or African American race) would prove to have higher predictive accuracy for the

favored sensitive value over a model trained for all possible values of a sensitive
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attribute. Our thought process was that comparing test subjects with others who
were similar to them in the training data, would lead to higher predictive accuracy.
Additionally, we thought that by comparing individuals to others just like them or
of the same race and committed crime category, we will reduce or eliminate bias
dramatically.

We used only Caucasian and African American race models because they repre-
sent over 98% of the dataset - where 42.6%, 55.6%, 1.6% of the dataset is attributed
to Caucasians, African Americans, and Hispanic races respectively, while all other
races combined constitute 0.2% of the dataset.

A study [18] investigated numerous statistical models like logistic regression
model with other machine learning classification models like random forests, support
vector machines, XGBoost, neural networks, and Search algorithm to improve pre-
dictive accuracy of recidivism prediction. It found XGBoost and neural networks to
outperform all other models [18]. This guided us to experiment with several mod-
els - artificial neural network, K-nearest neighbors (k=10 and 5), Random Forests,
AdaBoost, Decision Tree, and Support Vector Machines for comparison to see which
of these provided the highest accuracy and could be used for further experimenta-
tion with Singular Race Models. We conducted ablation analysis to understand the
effectiveness of each of the features in the dataset. This study showed that MAIN-
CAT, SUPER, MARITAL, EMPLOY, RELAGE, ADMAGE, TIME_SRV, CHIST,
EDUCLAM features brought out the best prediction accuracy. Even though adding
RACE and ETHNICTY increased the predictive accuracy of artificial neural net-
works, we excluded these and sliced the dataset by Caucasian and African American

races for various crime related models.
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Table 4.1: Experiment Results for Various Classification Models

Artificial

All Crimes Neural KNN(10) Random AdaBoost Decision | Support

All Races Forest Tree Vector
Network

Accuracy | 0.652 0.625 0.649 0.649 0.640 .646

FPR 0.235 0.196 0.176 0.209 0.242 184

FNR 0.513 0.637 0.607 0.557 0.533 .603

4.3.1 Selecting the Best Classifier

In order to select a classifier for Singular Race Models, we compared the pre-
diction accuracy of several conventional machine learning models (Table like
K-nearest neighbors (k=10 and 5), random forests, AdaBoost, Decision Tree, sup-
port vector machines, and artificial neural network. For finding the accuracy of each
of these models, we used the entire dataset comprised of 156,702 valid records with
80% used for training and the rest for testing the classification model. We left out
RACE, ETHNICITY, and GENDER from the dataset. Only MAINCAT, SUPER,
MARITAL, EMPLOY, RELAGE, ADMAGE, TIME_SRV, CHIST, EDUCLAM fea-
tures were used for the best classification model selection. Since artificial neural
networks had the highest predictive accuracy of 0.652, it was selected for further ex-
periments in Singular Race Models. At each step, we wanted to note not merely the
accuracy but also recidivism rates in the dataset, as well as the False Positive Rate
and False Negative Rate in the predictions as these represent measures of the bias in
the results.

The Artificial Neural Network that we selected for constructing Singular Race
Models accepts inputs, and processes it in hidden layers. The neural networks use and
adjust weights during the training phase to detect patterns in the input data to predict
a classification decision [65]. These weights are then used to predict classification

results for the test data. For this, we used Keras, an open-source python library.
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The K-nearest Neighbors (KNN) algorithm is a supervised machine learning
algorithm that uses the K closest training instances to predict the class of the test
record. We experimented with both K= 10 and 5, but chose K=10 due to its higher
accuracy. We used Scikit-learn’s KNeighborsClassifier model for our experiments.

Random Forests is an ensemble learning method [66]. The algorithm constructs
and fits many decision trees in the training phase and uses the aggregate of the classi-
fication decisions to label the test record. Aggregation increases the accuracy and the
algorithm is strong against overfitting. We used Scikit-learn’s RandomForestClassifier
model with default settings for our experiments.

AdaBoost is a machine-learning algorithm that combines the results of weak-
learner classifiers [67] using weighted sum to create a strong learning algorithm. The
weak-learning classifiers are tweaked in a way to boost the occasions where they ac-
curately label the previously mislabeled instances. We used Scikit-learn’s AdaBoost-
Classifier model for our experiments.

Decision Tree, a machine learning modeling technique, accepts various input
variables to predict an outcome. It graphically represents potential solutions based on
various conditions. Each leaf of the tree represents a target class for the classification
problem. We used Scikit learn’s DecisionTreeClassifier model with max_depth equal
to 6 for our experiments.

Support Vector Machines, a machine learning algorithm, accepts input to fit
it and find a hyperplane that best classifies or rather divides the data into different
classes. The features of the test records can then be used to locate its predicted class
based on its location relative to the hyperplane. We used Scikit learn’s LinearSVC

model for our experiments.
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4.3.2 Singular Race Models

We built Singular Race Models, a novel way of splitting the dataset one race at
a time, to train and test single race-based models and to increase prediction accuracy
without setting one race against another. In our experiments with several classifica-
tion models, artificial neural networks had the highest accuracy so we used them to
generate Singular Race Models for four different crime categories and to place their
results side by side and compare these with base models created using all crimes and
all races.

Our dataset did not contain offender related personal information like academic
courses attended, vocational training or months of internship completed during incar-
ceration or after release on parole. This propelled us to design Singular Race Models
that could use the demographic information one race at a time and thereby increase

the accuracy without putting any one race at a disadvantage.

4.3.3 Artificial Neural Networks

Neural networks learn patterns in the input data as the human brain does
and use multiple interconnected neural units to do so, thereby mutually affecting
each other’s activation state. During the process of neural network model building,
we experimented with different values for various hyperparameters like number of
neurons, number of layers, batch size, activation, optimization etc. to find the best
results. For example, we altered batch size and epochs values to several thousands.
However, we found that increasing batch size beyond 250 and epochs beyond 25 did
not increase the prediction accuracy. Therefore, we settled for a batch size and epochs
value of 250 and 25, respectively.  The results of experimenting with different neural
networks parameter values led us to a three-layered topology neural structure with

32 neurons in the input and in the hidden layer, and finally 1 neuron in the output
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Figure 4.1: The Number of Prior Arrests for different sub-populations.

layer as shown in Figure[d.1] We used the dropout regularization technique to prevent
overfitting so that randomly selected nodes were dropped out with a 10% probability
during each cycle as the neural network updated the weights associated with each
of the neural units while the network learnt using backpropagation. We used the
Keras wrapper for low-level libraries like TensorFlow to program and develop our
models. Adam, an optimization algorithm for stochastic gradient descent, was utilized
for training our deep learning model. This being a binary classification problem
(recidivist or not), we chose the logarithmic loss function binary_crossentropy for
training the model. We used ReLLU activation function in the first two layers and

Sigmoid in the output layer.

4.3.4 Bias Metrics for Experiment Results

Besides investigating the effect of using Singular Race Models on accuracy of

predictions, we also wanted to study their effect on bias in the predictions. Bias

35



metrics used in this chapter are TP, TN, FP, FN, Accuracy, Null Accuracy, FPR,

and TPR. These are explained in detail in Chapter 2.

4.3.5 FExperiment 1: All Crimes

We wanted to increase the accuracy of prediction by using race information
and yet remove the results’ dependence on race. By entirely removing the sensitive
attribute of race, we could be fair, we thought, but also lose accuracy by losing perti-
nent information. So, we trained our models in a way that the information regarding
race could not be used against any one. In order to do so, we trained three different
models: All_crimes, All_crimes_caucasian, and All_crimes_africanAmerican.For train-
ing the All_crimes model, we used a subset of the data without distinguishing by race.
Three test results from this model are comprised of subsets of all races, Caucasian
only, and African American only subpopulations.

All_crimes_caucasian, and All_crimes_africanAmerican models are trained and
tested using members of only the Caucasian and African American subpopulations,
respectively. In each of these three models the training data pertained to all crime
categories.

The All_crimes model was trained on eighty percent of the dataset containing
the following information: MAINCAT, SUPER, MARITAL, EMPLOY, RELAGE,
ADMAGE, TIME_SRV, CHIST, EDUCLAM from the original dataset. We did not
use directly race related features vector in any of the training or test datasets. For the
Singular Race Models, we segmented the dataset by race and provided a homogenous
dataset devoid of any race related features in the dataset to the model. We split the
dataset 80% for training and 20% for testing purposes and the experimental results
are depicted in Table [£.2] The All_crimes_caucasian dataset was comprised of all

features in All_crimes data set but limited to the data records where the race was
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Table 4.2: Experiment Results for All Crimes

All Races

All Races

ALl Crimes All Races | Train, Train, Train/Test /ﬁil;{ r'lfest

Train/Test | Test Test African | Caucasians .

. . American
Caucasian | American

Recidivists 0.406 0.341 0.457 0.341 0.457
Non-recidivists | 0.594 0.659 0.543 0.659 0.543
Null Accuracy | 0.594 0.659 0.543 0.659 0.543
Accuracy 0.652 0.675 0.633 0.685 0.638
FPR 0.235 0.180 0.290 0.121 0.345
FNR 0.513 0.603 0.458 0.692 0.383

Caucasian. Similarly, the African American dataset was comprised of all features in

All_crimes data set but limited to the records where the race was African American.

4.3.6 Results of Experiment 1: All crimes

In Experiment 1 for All_crimes (Table [£.2), the accuracy for the model with all
the races was 0.652. This model predicted recidivism with an accuracy of 0.675
and 0.633 for the Caucasian and African American subpopulations, respectively.
The All_crime_caucasian model has a higher prediction accuracy as compared to
the baseline at 0.685 but shows less improvement when one compares the mod-
els’ null accuracies with their accuracies. The All_crimes_caucasian model has a
higher FNR as compared to the baseline. A high FNR represents recidivists that
are erroneously released on parole and thus represents more preventable crimes. The
All_crimes_africanAmerican model has an accuracy of 0.638, but it improved the most
amongst the three models - particularly as one compares the null accuracy with the

accuracy: The All_crimes model improved from 0.594 to 0.652, the Caucasian model

from 0.659 to 0.685, and the African model from 0.543 to 0.638.
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Table 4.3: Experiment Results for Violent Crimes

All Races | All Races Train/Test
Violent All Races | Train, Train, Train/Test African
Crimes Train/Test | Test Test African | Caucasians .

. . American

Caucasian | American
Recidivists 0.314 0.232 0.381 0.232 0.381
Non-recidivists | 0.686 0.768 0.619 0.768 0.619
Null Accuracy | 0.686 0.768 0.619 0.768 0.619
Accuracy 0.702 0.758 0.656 0.769 0.654
FPR 0.113 0.073 0.154 0.031 0.167
FNR 0.700 0.802 0.652 0.894 0.637

The increase in FPR in the All_crimes_ africanAmerican model as compared
to the baseline represented that the African American race model would keep more
non-recidivist African American offenders incarcerated as compared to the baseline
model and the All_crimes_caucasian model.

When comparing Singular Race Models, FNR, for the African American race
model is lower than that of the Caucasian race model. A relatively lower FNR of
the African American race model means that proportionately more potential future
crimes perpetrated by African Americans will be prevented as compared to those
committed by Caucasians.

One should also notice that the base model predicts recidivism with higher FPR
and lower FNR for African American race than for Caucasian race. The magnitude
of this bias increases in Singular Race Models even though our original hypothesis
was that if the neural network learns from people from the same group, the prediction
accuracy will be higher, and bias will be lower. The results showed that the accuracy
did improve but the bias also increased in the direction established in the base model.
Since the base model already represented the bias in the absence of race information,

it means that several dataset features are strongly correlated with race.
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4.3.7 Experiment 2: Violent Crimes
We repeated the same experiments as in Experiment 1 but restricted the records

to those pertaining to violent crimes.

4.3.8 Results of Experiment 2:

In Experiment 2 for violent crimes (Table , the accuracy for the model with
all the races was 0.702. The Singular Race Model for the African American race in
this category is the only one in all experiments that failed to improve the accuracy
with respect to the base models. Violent_crimes_caucasian model has higher accuracy
than the base line but just like Experiment 1, improved less when null accuracy is
compared with the accuracy. Additionally, the FNR of the Caucasian model increased
from 0.802 to 0.894. A high FNR represents violent crimes that society would like
to be spared off so prediction using Violent_crimes_caucasian model for Caucasians
means 89% of the Caucasian recidivists will be declared non-recidivists and released
on parole. Violent_crimes_africanAmerican model has a lower accuracy, but it has
learnt more than the other two models in the category (comparing accuracy with
null accuracy). Additionally, the FPR for Violent_crimes_african American model is
higher (worse) than for the other two models in the category and FNR decreased
(improved) as compared to the base line model. This combination of FPR and FNR
results essentially means that prison population of African American violent crime
offenders will increase while that of Caucasians will decrease.

The base model indicated bias even in the absence of race information, suggest-

ing that several dataset features are strongly correlated with race.

4.3.9 Experiment 3: Property Crimes
We repeated the same experiment as in Case 1, for property crimes.
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Table 4.4: Experiment Results for Property Crimes

All Races | All Races Train/Test
Property All Races | Train, Train, Train/Test African
Crimes Train/Test | Test Test African | Caucasians .

. . American

Caucasian | American
Recidivists 0.472 0.420 0.538 0.420 0.538
Non-recidivists | 0.528 0.580 0.462 0.580 0.462
Null Accuracy | 0.528 0.580 0.538 0.580 0.538
Accuracy 0.612 0.613 0.612 0.618 0.618
FPR 0.345 0.311 0.399 0.273 0.518
FNR 0.436 0.493 0.379 0.534 0.266

4.3.10 Results of Experiment 3:

In Case 3 for property crimes (Table , the accuracy for Singular Race Mod-
els increased as compared to the Property_crimes_all race model. All three models
represent very different rates of improvement from the data (comparing null accuracy
and accuracy). The Property_crimes_caucasian model learnt the least amongst the
three models. Additionally, the FNR of Property_crimes_caucasian model increased
to 0.534. The FNR for the base model was already higher for the Caucasian sub-
population (0.493) than the African American subpopulation (0.379) and it increases
further for the Singular Race Models for Caucasians to 0.534, while it decreased to
0.266 for African Americans.

A high FNR here represents preventable property crimes. The Property_crimes_
africanAmerican model’s FPR is higher (worse) than that of the other two models
which means that when used, this model will keep more African American offenders
incarcerated even when they will not re-offend. A higher FNR of the Caucasian
model represents that Caucasians likely to reoffend after Property related crimes will
be released in over 53% of the cases while 27% of the African property crime related

reoffenders will be released.
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Table 4.5: Experiment Results for Drug Crimes

All Races

All Races

Drug All Races | Train, Train, Train/Test /ﬁil;{ r'lfest
Crimes Train/Test | Test Test African | Caucasians Ameri
. . merican
Caucasian | American

Recidivists 0.441 0.327 0.482 0.327 0.482
Non-recidivists | 0.559 0.673 0.518 0.673 0.518

Null Accuracy | 0.559 0.673 0.518 0.673 0.518
Accuracy 0.639 0.690 0.621 0.700 0.626

FPR 0.244 0.119 0.301 0.100 0.341
FNR 0.508 0.702 0.463 0.712 0.409

Thus, we observe that the Singular Race Models for both Caucasian and African
American race models increased the accuracy of recidivism prediction. However,
the bias measured by FPR and FNR observed in the base line model in the two
subpopulations increased further in the Singular Race Models.

The property crime related base model represented bias even without race in-

formation indicating dataset feature correlation with the missing race feature in this

category, too.

4.3.11 Experiment 4: Drug Crimes

We repeated the same experiment as in Case 1, for drug crimes.

4.3.12 Results of Experiment 4:

In Experiment 4 for drug crimes (Table , the recidivism prediction accu-
racy of the Singular Race models increased as compared to the base model and its
treatment of the subpopulations.

The Caucasian model had 1% better accuracy than the base model, 1% lower
FPR (good) and 1% higher FNR (not so good). The accuracy of the African American

related Drug crimes model also improved over the base model. FNR decreased to 0.409
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Table 4.6: Experiment Results for Other Crimes

All Races | All Races

Other All Races | Train, Train, Train/Test /ﬁil;{ r'lfest
Crimes Train/Test | Test Test African | Caucasians Ameri
. . merican
Caucasian | American
Recidivists 0.415 0.348 0.478 0.348 0.478
Non-recidivists | 0.585 0.652 0.522 0.652 0.522
Null Accuracy | 0.585 0.652 0.522 0.652 0.522
Accuracy 0.631 0.654 0.610 0.654 0.613
FPR 0.263 0.189 0.350 0.157 0.409
FNR 0.518 0.640 0.425 0.714 0.363

and this was an improvement but the FPR increased (worsened) to 0.341. Moreover,
in drug related crimes, too, one can expect the singular race model for Caucasians to
release 70% of the re-offenders to re-offend.

In this crime category, too, the presence of bias in the base model represents

the dataset features’ correlation with race.

4.3.13 Experiment 5: Other Crimes

We repeated the same experiment as in Case 1, but with other crimes.

4.3.14 Results of Experiment 5: Other Crimes

In Experiment 5 for other crimes (Table [4.6]), the results are similar to the
crime models covered in Experiments 1 through 4.

The African American model learnt more than the other models despite hav-
ing a relatively lower accuracy. Just like in previous cases, here too, FPR worsened
(increased) and FNR improved (decreased) as compared to the subpopulation treat-
ment in the base model. The base model showed bias even in the absence of race

information.
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4.4 Discussion

In this study we segmented the dataset by race to create Singular Race Models
- models that trained and tested using a single race at a time with the goal being to
increase accuracy and reduce bias by comparing people with those who were similar
to them and even committed similar crimes. The base models were developed using
records of people from all races. All Singular Race Models except for the African
American model in the violent crime category had higher accuracies as compared to
the base model of their crime category. However, the magnitude of bias in all Singular
Race models increased with respect to that established by the base models.

The fact that bias was present in the two race-based cohorts even in the absence
of race information and even increased in magnitude in the preexisting direction in the
presence of a more homogenized race-based population, primarily means that many
features present in the dataset are correlated to race. Secondly, it means that there
are several pieces of information that influence the outcome but are not captured in
the dataset. These additional factors must be correlated in a unique way to one sub
group and differently to the other to influence the results so strongly and hence the
system can figure out the memberships of the subjects even in the absence of race
information.

The Caucasian race-based models showed the highest accuracies but the least
improvement in accuracy with respect to the null accuracy in all sets of experiments.
This means that the system could learn significantly about the Caucasian offenders
even from an all-race group of offenders. However, the disadvantaged group, the
African American race, which had higher FPR and lower FNR in the base model,
had the highest increase in accuracy as compared to the null accuracy. This means

that the model had most to learn from the Singular Race Model for this cohort.
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However, the bias in the African American Singular Race Model also increased in the
direction established by the base model.

One essential characteristic of the dataset is that it is based on demographic in-
formation only and is completely devoid of the personal information regarding what
the offender might have done before, during or after incarceration like courses at-
tended, events attended, new skills acquired etc. - and this makes it hard for the
artificial neural network to learn from anything other than the demographic informa-
tion and hence the bias in the results.

The dataset that we used had a more balanced recidivism to non-recidivism ratio
amongst African Americans than amongst the Caucasians and this had an important
role to play in the bias in terms of FNR and FPR in the result. Since the African
American subpopulation data showed more recidivism than the Caucasian related
data, the test data for the former group showed higher FPR and lower FNR and
vice-versa in the latter subpopulation in the base multi-race model. This bias was
further increased in the Singular Race Models and the test population showed a
further increase in FPR and decrease in FNR in the African American models while
demonstrating a decrease in FPR and a decrease in FNR in the Caucasian models.

In simple terms, it means that the higher recidivism amongst African American
offender data also leads to higher attribution of recidivism to members of the group.
Lower recidivism in the Caucasian data leads to lowering the ascribing of recidivistic
behavior to members of this subgroup. We believe that one way to mitigate bias
would be to go beyond the demographics in the dataset and include more features

representing personal information regarding the offenders.
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4.5 Conclusion

In this study we focused on creating Singular Race Models - separate race-based
models that use a single race to train and test recidivism prediction. The homogenous
nature of training and test data was utilized with the intention to generate models that
would provide us with higher predictive accuracy and minimize the predictive bias as
they compared and learnt from people similar to each other and even commit similar
kinds of crimes. We found that all Singular Race Models increased the predictive
accuracy as compared to the base model. The only exception to this rule was the
African American based violent crime model that did not improve the already elevated
accuracy. The data for this crime category was the most unbalanced amongst all
crime categories and highly skewed with fewer recidivists than non-recidivists in each
category. The side effect of higher accuracy via Singular Race Models was that the
magnitude of bias of the prediction demonstrated in the base models was increased
further.

The ratio of recidivists to non-recidivists in the all-crime dataset, the Caucasian
dataset, and the African American dataset, is approximately 41:59, 34:66, and 46:54,
respectively. This ratio is skewed more amongst the subpopulations for various crime
related groups. Therefore, in a future work, it would make sense to use Singular Race
Models with more balanced datasets to verify its influence on the bias in the results.
It will also make sense to use other machine learning algorithms to test Singular Race
Models. Additionally, the dataset used here has limited features. Having a richer
dataset with more offender activities before, during, and after incarceration - such as
vocational trainings completed, may also turn out to be a major force in producing
better Singular Race Models capable of predicting recidivism with a higher accuracy.

In this component of the dissertation, we looked at the dataset with the Machine

Learning lens and found that the Singular Race Models increased the accuracy of
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predicting recidivism. We also found that grouping individuals by races and the
crime category increased the accuracy for each subpopulation in most cases. The
presence of bias even in the absence of race leads us to ask which features are strongly
correlated with the race and most importantly, why are they correlated? We believe
that investigating this correlation and finding the factors that lead to this correlation
will lead us to contribute to effective prison reforms and hence we would like to explore

these in our future work.
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CHAPTER 5
Including Activity Information to Reduce Bias and Increase Prediction Accuracy

5.1 Introduction

We seek to increase accuracy and reduce the bias by increasing offender activity-
based information in the input feature set. To achieve this, we aggregated the previous
convictions for each of the seven broad crime categories committed before each arrest
cycle and used this for predicting recidivism at the end of each arrest cycle. Addi-
tionally, we organized our experiments by output variables for eight crime categories
and by two races. We used Singular Race Models (SRM) to increase accuracy and to
measure and analyze bias in results.

The four main contributions of the work included in this chapter are:

1. We studied the effect of offender’s personal activity information on the accuracy
of predicting recidivism and use Singular Race Models to study the effect on
race-based bias in the predicted results.

2. We examined the accuracy and bias in the results of prisoner recidivism predic-
tions via Singular Race Models for eight crime categories: convictions (for any
crime), fatal, sexual, general, property, drug, public, and other crimes.

3. We compared the results of the current work with a work based on a demo-
graphic information-based dataset(Dataset 1) to observe and display the change
in race based bias in the presence of personal criminal history, substance-abuse,
and related treatment data when used in conjunction with Singular Race Mod-

els.
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4. We analyzed the results and discussed the significance of the type of data in in-
creasing the overall accuracy and fairness in prediction results of each individual

crime category and all the crime categories together.

5.2 The Dataset

In this section we describe Dataset 2 [60] that we use for our current work along
with Dataset 1 [58], with which we often compared our current work. This is followed
by a sub section on dataset preparation, a sub section on input feature selection, and
another one on target variables. This section ends with a description of the dataset

limitations.

5.2.1 Data Availability

The dataset used in this study are the raw data from the studies “Recidivism
of Prisoners Released in 1994” [60] and “Criminal Recidivism in a Large Cohort of
Offenders Released from Prison in Florida, 2004-2008” [58]. Due to the sensitive
nature of the data, ICPSR prevents us from posting the data online. The datasets

analysed during the current study are available in the ICPSR repository. [1] P

5.2.2 Basic Dataset Description

The dataset used in this research came from Dataset 2 [60], a study based
on “Recidivism of Prisoners Released in 1994”. This report contains information
pertaining to 38,624 randomly sampled prisoners out of a total of 302,309 prisoners
released on parole in 1994 from U.S. prison systems in 15 States. Since the 302,309

prisoners released represent two-thirds of the prisoners released nationwide in 1994,

"https://www.icpsr.umich.edu/icpsrweb/NACID/studies/27781
Zhttps://www.icpsr.umich.edu/icpsrweb/NACID/studies/3355
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the dataset represents the released prisoner distribution in 1994 relatively well. The
criminal history related data covered in the dataset is assembled from State and FBI
automated RAP sheets. This dataset includes information concerning arrests, adju-
dications, and sentences pertaining to each crime cycle associated with each prisoner
released in 1994.

This dataset maintains information regarding the prisoners released in 1994
from 15 U.S. states (Arizona, California, Delaware, Florida, Illinois, Maryland, Michi-
gan, Minnesota, New Jersey, New York, North Carolina, Ohio, Oregon, Texas, and
Virginia). It logs their criminal history for 3 or more years following their release in
1994. The 1994 offender release records include arrest cycles prior to and following
the 1994 release cycle. This dataset is comprised of 38,624 rows - one per offender -
and has 6,427 columns. Each row holds 91 fields pertaining to 1994 related features.
Each row also holds 64 fields for other arrest cycles and up to 99 multiples thereof.
Each record can have a max of 99 arrest cycles related to an offender.

Whenever possible, we have compared our current results from the activity
based Dataset 2 [60] with those described in the study in Chapter {4 obtained from
a different largely demographic information based Dataset 1 [58] by crime category
as described in the previous chapter. This previous study does not have experiments
for Sexual, General, and Public crime categories due to limitations of underlying
Dataset 1. Hence, we were unable to compare the results of these crime categories
using Dataset 2 [60]. As discussed in Chapter 4, the previous study also uses arti-
ficial neural networks to generate base models and SRMs with similar bias metrics.
Dataset 1 [58] was compiled using Florida Department of Corrections (FDOC) and
the Florida Department of Law Enforcement (FDLE) resources [59] and is comprised
of demographic information pertaining to offenders released between January 1996

and December 2004 in Florida. In the comparison experiments, MAINCAT, SUPER,
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MARITAL, EMPLOY, RELAGE, ADMAGE, TIME_SRV, CHIST, EDUCLAM fea-
tures from Dataset 1 were used. These represented the main crime category, whether
supervised or not, marital status, employment status, offender’s release and admis-
sion age, time served in jail, number of crimes committed before arrest, and education
level respectively, thus largely representing demographic information with very lim-

ited personal attributes for each offender.

5.2.3 Dataset Preparation

RO11’ AO1
RO12" AS4
RO13’ AO2
RO14" | AO3
RO1 |<A94><A01><A02><A03><A04> <A97>
RO2 |<B94><B01><B02><B03> padding >
R0198" | A97
RO299" | BO1
R02100°| BO2
RO2101/ B94
RO2102'| BO3

Figure 5.1: Data Preparation by Splitting Dataset 2 Records.

To work with the more extensive Dataset 2 and to increase the amount of
personal information available for the prediction system, we split our dataset records
to create one record for each arrest cycle as shown in Figure |5.1} Thus, if a prisoner
was released in 1994 and had had no other arrests, we created one record out of that.
Additionally, we created as many standalone records as the number of arrest cycles.
After the split, we rearranged each offender’s arrest in the chronological order as in

the original [60] dataset. The 1994 record was always placed at the beginning of the
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record, followed by all other 0-99 arrest cycles. We used all the arrest cycles prior
to any given one to summarize each type of offense in the eight broad categories (
convictions (for any crime), fatal, sexual, general, property, drug, public, and other
category) and added these to each record that corresponded to one arrest cycle. In
other words, as per our encoding, each of these newly minted arrest cycle records
held information about the number of times the offender had committed different
types of crimes in any of the prior cycles. We treated each arrest cycle as a point of
time when a decision to release the offender needs to be taken. We used each of these
records to calculate personal criminal activity-based input features for the next arrest
cycle of a given offender. Thus, each of these derived criminal-activity based features
could now contribute towards an increase in the prediction accuracy. Our original
Dataset 2 [60] contained at most the three most serious judgement charges in each
cycle. Each of these three crimes belonged to one of the seven broad crime categories.
So, for each record (arrest cycle originally), we added seven input variables to hold
the total number of times an offender had been convicted for each of the seven crime
categories. An eighth variable counted the number of times an offender had been
convicted before. We incremented this eighth variable by one, each time an offender
was convicted in a previous arrest cycle - irrespective of whether it was for one or
more of the seven broad offense categories. We used these eight variables to serve as
additional input features in each arrest cycle. In our experiments, we used all the
records to calculate the criminal activity-based information for the subsequent arrest
records but used only the records associated with the 1994 release and beyond for

creating our training and testing datasets.
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5.2.4 Input Feature Selection

For our experiments, we took several input feature vectors available to us and
derived some others to increase the accuracy of predicting recidivism. Specifically,
the features used are vocational courses (VOCAT), Educational courses (EDUCAT),
HIV positive or not, substance abuse-related variables (DRUGAB, DRUGTRT, AL-
CABUS, ALCTRT), SEXTRT, number of prisoners represented by this samples case
(WEIGHT), dead or undergoing life sentence (DeadOrLifeCnf), Admission Age for
each cycle (AgeC), Admission Age for the first arrest cycle (AdAgeC1), crimes ad-
judicated for (or not) in an arrest cycle (convictions, fatal, sexual, general, property,
drug, public, and other category), sum of crimes adjudicated for in previous arrest
cycles (CUMcenv , CUMfatal, CUMsexual, CUMgeneral, CUMproperty, CUMdrug,
CUMpublic, and CUMother category), number of times in previous arrest cycles,
confined(CUMJO001CNF), involved in domestic violence (CUMJ0O01DMV), convicted
(CUMJO001CNYV), confined (cumJO01CNF), involved in Fire Arms (CUMJOO1FIR)
and whether the record was from the 1994 arrest cycle or a later cycle (‘after94R).
We encoded the values of the categorical attributes using a one-hot vector. This
allowed us to eliminate the bias that can result from using specific integer values for

each of the features.

5.2.5 Target Variables

We formulated eight recidivism prediction problems by generating eight vari-
ables: laterCNV | laterFATAL, laterSEXUAL, laterGENERAL, laterPROPERTY, la-
terDRUG, laterPUBLIC, and laterOTHER. These were binary variables representing
whether an offender was reconvicted for any crime, adjudicated for fatal violence, sex-
ual violence, general violence, property offenses, drug related offenses, public order

offenses, and other offenses in any arrest cycle after the given arrest cycle for which
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the prediction was being made. Since the 1994 arrest cycle and the associated before
and after arrest cycle variables are written differently in the dataset, we read the
crime committed from SMPOFF26, for the 1994 records, while for the crime cycles
before and after 1994, these were read from JOO1OFF1, JOO1OFF2, JOO1OFF3. In
order to calculate the eight target variables, all three crimes in each of the follow-
ing crime cycles were considered. For example, if an offender had been adjudicated
for both fatal violence and property related crime in any of the subsequent cycles,
both laterFATAL and laterPROPERTY variable recorded one for that cycle. How-
ever, when an offender was adjudicated for a crime category - say fatal crime - but
never recommitted a fatal crime again after release, the laterFatal for that arrest cy-
cle was set to 0. Moreover, if an offender was adjudicated for any crime whatsoever
in any of the cycles after a certain cycle, laterCNV was set to 1. For the 142,573
records, we recorded the percentage of records that each of laterCNV, laterFATAL,
laterSEXUAL, laterGENERAL, laterPROPERTY, laterDRUG, laterPUBLIC, and
laterOTHER variables recorded 1 (convicted) or not (0). Figure shows the per-
centage of records that have later crimes for each of the categories. Additionally,
for each record we also tracked the maximum number of broad crime categories the
offender committed after release. These crimes could be committed in several arrest
cycles/records after the one that we were considering. Figure shows the distribu-
tion of the number of crimes considered in each of the records.

Even though each of the crime categories could be subdivided further, we did
not narrow our search any further lest we reduce the size of our dataset too much
based on the crime category. Besides, limiting the crime categories also allowed us
to align our work with [16] and [15] with similar major crime categories. Unlike [15],
who chose arrest for any crime as opposed to conviction, we chose to use adjudication

to establish whether someone recommitted a certain kind of crime. We based this
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Figure 5.2: Percentage of Convicted(1) Not Convicted(0) Records for Different Crime
Categories

decision on the reasoning that unless a person is adjudicated for a crime, an arrest is
not sufficient to characterize guilt. An arrest without conviction could forebode the

bias in the system and would need further investigation.

5.2.6 Dataset Limitations

Some of the variables included in this dataset and used in this study do not pro-
vide very detailed information. For example, EDUCAT and VOCAT do not encode
the kind of courses they represent. Inmates’ prior education level, marital status,
employment history, family history etc. are not shared in the dataset. Addition-
ally, the substance abuse characterization and corresponding treatment information
is available for a small fraction of the population. Hence, it was impossible to com-
pare the results using merely demographic information-based data and more personal
activity-based information for the same dataset. Therefore, we resorted to comparing
the bias in this study with the similar study from the previous chapter ( see also [29])

that was based on the demographic information-based dataset to predict recidivism
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while using reconviction as an output variable and set up similar experiments as in

this study.

5.3  Methodology for Our Experiments

In this section we describe how we have structured our experiments and follow
it by how we selected artificial neural networks for our base model and SRMs. We
then define Singular Race Models and our neural network architecture along with the
various hyper parameters. We follow this up with a subsection on how to assess bias

in the results and another one on how race-based bias can be identified in the results.

5.3.1 Structuring of Our Experiments

In our study, we want to increase the accuracy of predicting recidivism and
decrease race-based bias by grouping offenders based on their similarities. We want
to pursue these offender similarities in terms of the types and frequency of crimes
committed, the addictions faced, and the courses participated in. We believe that
similar prior activities make offenders pursue similar crime trajectories after release

on parole. Therefore, by providing input in terms of the crimes committed and
55



treatment courses participated in and completed until the time of the parole decision,
we believe we can achieve higher accuracy in predicting recidivism and decrease bias in
predictions. Therefore, we align our experiments by crime categories and employ the
neural network to look for factors that align themselves for various crime categories
and use Singular Race Models [29] to monitor race-based bias in each of the set of
experiments.

For each of our experiments, we use several available and derived feature vectors:
Vocational courses, Educational courses, HIV positive or not, substance abuse-related
variables like drug abuser or not, took drug treatment, alcohol abuser or not, took
alcohol treatment, sexual treatment, weight or number of state prisoners represented
by each case, dead or undergoing life sentence, admission age for each cycle, admission
age for the first arrest cycle, crimes adjudicated for in an arrest cycle (convictions,
fatal, sexual, general, property, drug, public, and other category), sum of crimes
adjudicated for in eight broad crime categories in previous arrest cycles, number of
times confined/convicted /involved in domestic violence or fire arms in previous arrest
cycles, and whether the record belonged to the 1994 arrest cycle or a later one (af-
ter94R). Furthermore, in order to reduce the bias arising from utilizing specific integer
values for categorical data, we encode the categorical attribute values employing a
one-hot vector.

We conduct eight sets of experiments, namely all-crime category and seven
broad crime categories: all crimes, fatal, sexual, general, property, drug, public
and other. The derived variables laterCNV, laterFatal, laterSexual, laterGeneral,
laterProperty, laterDrug, laterPublic, and laterOther are the output variables for
each of these sets of experiments. The output variables specify whether an offender
will be convicted for any crime, fatal crime, sexual crime, general crime, property

crime, drug crime, public crime, or other crime respectively in any of the subsequent
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arrest cycles after the release in a given arrest cycle. In each of the eight sets of
experiments, we trained three models and conducted five experiments. In each set,
we trained models with data from all races, only Caucasians, and only African Amer-
icans. These models used all race or one race related data without ever using a race
feature explicitly. In other words, the three models were not aware of the race of
the offenders in the dataset. This gave us the leeway to prevent explicit race-based
discrimination while still monitor the presence of race-based bias in the prediction
results.

In each set of experiment, we tested the all-race model with the test data
from all races, the African American race and the Caucasian race. We tested the
SRMs trained on African American and Caucasian data respectively with the African
American and Caucasian offender test dataset only. This enabled us to compare the
prediction accuracy for all three models while also keeping track of the race-based
bias in each result set.

We employed Caucasian and African American race models for SRM because
they constituted 49% and 47% of our current Dataset 2 [60] respectively. Additionally,
we compared our SRM models with those generated using Dataset 1 [58]. Caucasian
and African American races constituted 43% and 56% of the latter dataset. The
offenders from other races did not have sufficient records in both datasets to train
and test different models.

Whenever possible, we compared the results from our study with those from
the previous study in Chapter [4] that used neural networks to create SRM and
used a dataset with primarily demographic information. As indicated previously,
this previous study used almost exclusively demographic information-based features,
including crime category (MAINCAT), post-release supervision (SUPER), marital

status (MARITAL), pre-arrest employment status (EMPLOY), age of release (RE-
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LAGE), age of admission (ADMAGE), time served in prison (TIME_SRV), number
of convictions before current record ( CHIST), education level before incarceration
(EDUCLAM) features that are demographic in nature. In the work presented in this
chapter, the input feature vector includes similar information as captured by MAIN-
CAT, ADMAGE, TIME_SRV in the previous study. However, while CHIST in the
previous study had access to only the number of convictions in previous cycles, in our
study in this chapter we could calculate a much higher level of granularity in terms of
history of different kinds of convictions in previous crime cycles from the raw dataset
for the current study. This, together with the information regarding courses and
treatments taken, gives this study significantly more access to individual, personal

information for each of the offenders.

5.3.2 Selection of Artificial Neural Network to Generate SRMs

Our objective was to find a way to have higher accuracy and lower race-based
bias in predicting recidivism in Dataset 2. Since FPR and FNR in conjunction can
expose race-based bias, we tabulated accuracy, FPR, and FNR for several classifiers.
We sought the highest possible accuracy with the lowest possible FPR and FNR
values. In pursuit of this goal, we compared several machine learning models (see
Table . In particular we evaluated Neural Networks, XGBoost, Linear SVC,
AdaBoost, Nearest Centroid, and Decision Tree and chose neural networks based on
its prediction accuracy for our derived input feature vectors from Dataset 2.

We divided our dataset of 142,573 records into training and testing subsets in
using an 80-20 ratio. For neural networks we took a 10% validation split from the 80%
training subset and used the validation to identify the best model. The training and
test data had a recidivist to non-recidivist ratio of approximately 52 to 48. We used

the same training and test sets for all 6 classifiers. We used the default parameters
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Table 5.1: Experiment Results for Several Classification Models (Dataset 2 )

Artificial

All Crimes Linear Nearest | Decision

All Races Neural AGB SVC AdaBoost Centroid | Tree
Network

Accuracy | 0.676 0.661 | 0.519 | 0.645 0.590 0.666

FPR 0.291 0.364 | 0.999 | 0.395 0.334 0.349

FNR 0.354 0.317 | 0.000 | 0.318 0.481 0.321

for these classifiers. For each of the Machine Learning algorithms, we used the same
feature vectors with all crimes and all races, albeit the race feature vector was not
explicitly included in the input vectors. We observed that the artificial neural network
had the highest predictive accuracy amongst the six algorithms. Additionally, we
found that FNR was reasonable with lowest FPR in the neural networks’ result. Even
though FNR in Linear SVC was minimal, the FPR was very high and the accuracy
was very low. This result is similar to the results in Chapter 4] where we also found
neural networks to perform better than several other classifiers when working with
Dataset 1, a demographic information-based recidivism dataset.

As indicated previously, our initial choice of classifiers to test was informed
by a recent study [18] based on recidivism which compared the results of logistic
regression, random forests, support vector machines, XGBoost, neural networks, and
Search algorithm for predicting recidivism. Even though, XGBoost and ANN had
outdone all other classifiers used in that study, in our case we found that artificial
neural networks had a higher accuracy amongst the two and a lower FPR between
the results of the classifiers. Hence, we again chose artificial neural networks for our

Singular Race Models.
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5.3.3 Singular Race Models

Singular Race Models (SRM) enable exposing a classifier to data of only one
race at a time without ever using the race feature as part of the feature vector.
SRMs allow models to gain information from data that pertains to only one race at
a time. This empowers the models to gain accuracy from the racial homogeneity of
the dataset without putting one race at a disadvantage as compared to another. The
work in Chapter {4] found Singular Race Models to increase accuracy in most models

generated with neural networks.

5.3.4 Neural Network Model

We used a three-layer neural network model to create the base model and SRMs
for our experiments. Neural networks is an algorithm that seeks to identify feature
relationships and related patterns embedded in the input feature set to each other and
to the output. The algorithm takes inspiration from the human brain in identifying
different pieces of information that influence each other and to use them to come up
with an outcome. Just like the brain, neural networks solve the problem in a highly
distributed fashion and adjust to the input features as their values vary. Neural
networks learn these patterns via multiple neural nodes that may or may not be fully
interconnected and alter each other’s activation state.

We tuned several hyperparameters such as number of neurons, number of layers,
batch size, activation, optimization to reach the highest accuracy in predicting recidi-
vism when using all crimes data for offenders from all races from the [60] dataset.
We reached the highest accuracy with a batch size of 256 and 80 epochs in a three-
layered topology neural structure with 70 neurons in the input and in the hidden
layer, and finally 1 neuron in the output layer. The network architecture used is

shown in Figure
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Figure 5.4: Artificial Neural Networks Model for Base and Singular Race Models
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We used an 80:20 ratio to divide the dataset into training and testing subsets.
We took a 10% validation split from the 80% training data subset and used validation
to find the best model.

Overfitting occurs in Neural Networks when the algorithm captures noise
embedded in the training data. In order to prevent overfitting, we used the dropout
regularization technique with a dropout rate of 10%. This means that during each
of the training cycles, the network drops 10% of the connections randomly from
otherwise fully connected layers as the neural network uses back propagation to learn
the weights related to each of the neural units . We used Keras wrapper for
TensorFlow [63], the Adam optimizer [64] instead of the classical stochastic gradient
descent, logarithmic loss function binary_crossentropy, the ReLLU activation function
in the hidden layers, and a Sigmoid function in the output layer to implement our
neural networks. We used this artificial neural network to implement and predict for

our binary classification problem of predicting possible recidivists.
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5.3.5 Assessing Bias in the Results

We recorded prediction accuracy using the artificial neural network. We as-
sessed the bias embedded in the results by tabulating recidivism rate, nonrecidivism
rate in the data, null accuracy, accuracy, FPR (False Positive Rate), and FNR (False
Negative Rate) in the predicted results for every model generated in each set of ex-
periments. We listed all six metrics for each set of experiments and compared these
values for various SRMs with those for the base model. Additionally, whenever possi-
ble, we compared the values of these metrics in a set of experiment in this study with
the one form Chapter This permitted us to compare prediction results and bias
encompassed between the personal activity based Dataset 2 and the demographics

information-based Dataset 1 using the exact same metrics.

5.3.6 Race-Based Bias

Underpredicting recidivism for a privileged class and overpredicting recidivism
for a disadvantaged class constitutes bias. Results showing bias in recidivism predic-
tions have been presented in several studies like [25], [10], [29], [15], and [1§].

To observe race-based bias, we assess and observe FPR and FNR in two race-
based groups simultaneously: Higher FPR in conjunction with lower FNR portends
a negative bias faced by a disadvantaged group (an example with strong bias for
Dataset 1 can be seen in Table where more non-recidivist members will be left
incarcerated and fewer recidivists will be mistakenly released. Lower FPR in conjunc-
tion with higher FNR signifies a positive bias is meted out to a favored group that
will have fewer non-recidivist members left incarcerated and proportionately more
recidivists released. Studies like [29], [10] and [25], found High FPR and low FNR
associated with the African American race and low FPR and high FNR associated

with the Caucasian race.
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When FPR in both race based groups had the same rate and at the same time
the FNR in the two groups had approximately the same rate, this meant absence of
bias in the results (an example of this can be seen in the FNR and FPR in the two
SRMs in Tables and for Dataset 2).

When, as compared to the base models, FNR decreased in both sub-population’s
SRMs, it was good for society - as fewer recidivists would be released erroneously -
and certainly a step away from the traditional race-based bias, but a lower FNR rate
in one of the SRMs compared to the other indicated some persisting bias. When
FPR in both SRMs increased simultaneously, this was also a break from the full
blown traditional race-based bias. However, having a higher FPR in one cohort than

the other represented some bias.

5.4 Experiments and Results

In this section, we describe eight sets of experiments based on crime types.
First, we described each experiment, then tabulate, compare and explain the results.
Whenever possible, we compare each experiments’ results with those of the similar

experiment with the Dataset 1 from Chapter [4]

5.4.1 Experiment 1: All Crimes

Increasing accuracy, transparency, interpretability, fairness, and decreasing bias
in decision support systems for making predictions are some of the most pertinent
goals for today’s researchers. In the current work we worked to increase prediction
accuracy and decrease race-based bias while predicting prisoner recidivism.

During the first round of selecting a classifier, we split the dataset using an 80-
20 ratio for training-testing purposes. Since artificial neural network-based models

had the highest accuracy, neural networks were used for creating SRMs. There-
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after, we aligned our experiments by crime type. People with similar characteris-
tics and activities will act similarly after release on parole - we hypothesized. So
we labeled our records with 8 possible outcome variables - laterCNV, laterFATAL,
laterSEXUAL, laterGENERAL, laterPROPERTY, laterDRUG, laterPUBLIC, and
laterOTHER. These were binary labels that indicated whether a person would ever
commit a certain kind of crime after release on parole. This meant that if a fatal crime
offender were to commit a fatal crime after two arrest cycles, laterFATAL indicated
one. If during subsequent release and arrest cycles, an offender committed general
and drug crime, the record indicated laterCNV (indicated conviction for any kind in
any of the following arrest cycles), laterGENERAL and laterDRUG to be one while
laterFATAL, laterSEXUAL, laterPROPERTY, laterPUBLIC, and laterOTHER, were
labeled 0, even when the offender had committed and was convicted of a fatal, sexual,
property, or other crime in the current arrest cycle. We used SRMs for two reasons:
to add the information of race without disadvantaging one race over another and to
track and compare race-based bias with that in the base model.

In all crimes experiment, we trained three models - all races, Caucasian and
African American races - with data from all types of crimes. The outcome variable
for this category was laterCNV and indicated a 1 if the offender was convicted of
any kind of crime in a subsequent arrest cycle. The input feature vector included all
the input variables mentioned in Section 3.3 “Feature selection”. We converted the
specific integer values for categorical data to a more homogeneous system using the

one-hot vector technique.

5.4.1.1 Results of Experiment 1: All Crimes

In the all crimes experiments (shown in Table , the all races-based model

achieved a prediction accuracy of 67.6%. The recidivism prediction accuracy was 68%
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Table 5.2: Experiment results for All crimes ( Dataset 2)

All Races | All Races Train/Test
All Crimes All Races | Train, Train, Train/Test African
Since 94 Train/Test | Test Test African | Caucasians .

. . American

Caucasian | American
Recidivists 0.519 0.494 0.492 0.492 0.525
Non-recidivists | 0.481 0.506 0.508 0.508 0.475
Null Accuracy | 0.519 0.506 0.508 0.508 0.525
Accuracy 0.676 0.680 0.674 0.688 0.676
FPR 0.291 0.281 0.297 0.278 0.397
FNR 0.354 0.359 0.351 0.293 0.259

Table 5.3: Experiment Results for All Crimes (Dataset 1).

All Races | All Races .

All Crimes All .Races Train, Train, _ Train/Test ‘{?11?3{ nTest
Train/Test | Test Test African | Caucasians A )
: . merican

Caucasian | American
Recidivists 0.406 0.341 0.457 0.341 0.457
Non-recidivists | 0.594 0.659 0.543 0.659 0.543
Null Accuracy | 0.594 0.659 0.543 0.659 0.543
Accuracy 0.652 0.675 0.633 0.685 0.638
FPR 0.235 0.180 0.290 0.121 0.345
FNR 0.513 0.603 0.458 0.692 0.383

and 67.4% for Caucasian and African American races respectively. The accuracy for
these two races improved to 68.8% and 67.6% respectively as we moved to the SRMs.
However, more significantly, FNR for both Caucasian and African American models
went to 29.3% and 25.9% respectively down from 35.4% FNR of the all race model.
This meant that fewer recidivists would be released from both races and that both
races were treated similarly in the all race model and in SRMs. FPR for African
American SRM was higher as compared to that for the Caucasian SRM. This meant
that in general - for all possible crimes- a model trained on African American race
related data will falsely label more non-recidivists as recidivists if they belonged to the

African American race. It was interesting to notice that the all race, all crime model
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showed less bias for the two races than the two SRMs. Bias in the African American
SRM was indicated by higher FPR and lower FNR as compared to lower FPR with
higher FNR for the Caucasian SRM. In contrast, the all race based model treated the

two races fairly similarly in the presence of the activity based input feature set.

5.4.1.2 Dataset 2 vs Dataset 1 Results

In contrast with Dataset 2, the demographical information based Dataset 1
showed a stronger disparity in the treatment of the races in both the base all race
model and the SRMs in Chapter . In the study with Dataset 1 (results for which are
repeated here in Table for convenience), the FPR for all races was 23.5% in gen-
eral but 18% for Caucasians and decreased further to 12% for Caucasian SRMs, while
it was 29% for African American race in the all race model and increased further to
34.5% in the African American SRM. Similarly, FNR was 51.3% in the all race model,
but 60.3% FNR for Caucasians in the all race model and increased further to 69.2% in
the Caucasian SRM. FNR was 45.8% for African Americans in the all race model and
decreased further to 38.3% in the African American SRM. This disparate treatment
of races when using a demographic information-based input feature set constituted
race-based bias introduced by the prediction algorithm. This was bias that showed up
in the prediction results because offenders’ criminal activity-based information was
not available in the input set. This bias meant that more non-recidivistic African
American offenders would be kept incarcerated and fewer recidivistic African Amer-
ican offenders would be released. It also meant that more recidivistic Caucasians
would be released and fewer non-recidivistic Caucasian offenders would be mislabeled
as recidivistic. The work in the current study using Dataset 2 [60] significantly re-
duces this biased treatment of the races. As we worked on the baseline case for this

study and lumped all crimes and all races together (in the absence of a race feature
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vector), the SRMs showed more bias in comparison with the treatment of races by a
model trained on all races (Table |5.2]), albeit to much less of an extent than a similar

experiment with Dataset 1 Table .

5.4.2 Experiment 2: Fatal Crimes

For Fatal crimes, we did experiments just like Experiment 1 for all crimes -
albeit this time for fatal crimes. If the offender committed a fatal crime in any of the
subsequent arrest cycles, we labeled our records with laterFATAL = 1. If the offender
never recommitted a fatal crime, despite being adjudicated for a fatal crime in the

current arrest cycle, laterFATAL was set to 0.

5.4.2.1 Results of Experiment 2: Fatal Crimes

The data in this crime category was very imbalanced with 2% recidivist test
cases with slightly higher percentage of African American offenders being non-recidivists
than of the Caucasian offenders. As shown in Table [5.4] despite the imbalance the
neural network models were able to increase the accuracy beyond null accuracy in
the all race models and SRM. FPR stayed close to 0% in all cases. FNR was close
to 15% for Caucasian SRM and 42% for African American SRM, which seems to
indicate positive bias in favor of African Americans in the related SRM. However,
one must pay close attention to the high prediction accuracy and realize that in the
two models, the number of false positives were rather low with 53 FN out of a total
of 13,582 records (281 TP) in the Caucasian model and 78 FN out of 13,870 total
records (108 TP) in the African American model. This meant that by using offender
activity-based input vectors, we could distinguish most recidivists from the others.

Of course, as researchers, we should ultimately strive to reach 100% accuracy.
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Table 5.4: Experiment Results for Fatal crimes (Dataset 2)

All Races | All Races .
Fa13al All Races | Train, Train, Train/Test Tra} n/Test
Crimes . . . African
. Train/Test | Test Test African | Caucasians .
Since 94 : . American
Caucasian | American
Recidivists 0.020 0.026 0.014 0.025 0.013
Non-recidivists | 0.980 0.974 0.986 0.975 0.987
Null Accuracy | 0.980 0.974 0.986 0.975 0.987
Accuracy 0.994 0.996 0.994 0.995 0.994
FPR 0.001 0.000 0.001 0.001 0.000
FNR 0.248 0.148 0.419 0.159 0.419

Table 5.5: Experiment Results for Violent Crimes (Dataset 1).

All Races | All Races Train/Test
Violent All Races | Train, Train, Train/Test African
Crimes Train/Test | Test Test African | Caucasians A )

: . merican

Caucasian | American
Recidivists 0.314 0.232 0.381 0.232 0.381
Non-recidivists | 0.686 0.768 0.619 0.768 0.619
Null Accuracy | 0.686 0.768 0.619 0.768 0.619
Accuracy 0.702 0.758 0.656 0.769 0.654
FPR 0.113 0.073 0.154 0.031 0.167
FNR 0.700 0.802 0.652 0.894 0.637

5.4.2.2 Dataset 2 vs Dataset 1 Results

The experiments included in the violent crime category in Chapter 4| from the
demographic information based Dataset 1 indicated lower accuracy for African Amer-
ican SRMs and bias that manifested itself in the form of higher FPR for Africans
Americans subpopulation/SRM, and proportionately lower FNR for Caucasian sub
population and SRM as shown in Table [5.5

The Dataset 2 experiments for fatal crimes included here, in contrast, showed
increasing accuracy in SRMs for the two races along with a lower FPR for African

American races and higher FNR for Caucasians. Additionally, even when FNR for
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African American race was higher in all race model, it did not increase any further

in the SRM. This was going against the grain of bias in the previous results.

5.4.3 Experiment 3: Sexual Crimes

In the Sexual crime category too, our experiments were again set up like Ex-
periment 1 for all crimes - though with sexual crimes this time. We assigned the
laterSEXUAL outcome variable to be 1 in our records if the parolee committed a
sexual crime in any of the subsequent cycles after release and 0 otherwise - even if a
sexual crime was committed in the current arrest cycle.

As in previous experiments, three models were trained for offenders - for all
races combined and for the two SRMs. The all race model was tested with all races,
Caucasian, and African American data. The two SRMs were tested using their re-
spective race related test data. All three models included input variables described

in Section 3.3 “Feature selection” but did not include race information explicitly.

Table 5.6: Experiment Results for Sexual Crimes (Dataset 2)

Sexual All Races | All Races Train/Test
).( All Races Train, Train, Train/Test ' 1 i

Crimes . ) ) African

. Train/Test | Test Test African | Caucasians .
Since 94 ) ) American

Caucasian | American

Recidivists 0.030 0.032 0.029 0.034 0.028
Non-recidivists | 0.970 0.968 0.971 0.966 0.972
Null Accuracy | 0.970 0.968 0.971 0.961 0.972
Accuracy 0.977 0.976 0.977 0.975 0.980
FPR 0.001 0.001 0.001 0.002 0.002
FNR 0.735 0.711 0.764 0.665 0.649
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5.4.3.1 Results of Experiment 3: Sexual Crimes

The results of this experiment are shown in Table There were 3% recidi-
vists in the imbalanced sexual crime category of the prepared dataset derived from
Dataset 2. Accuracy increased in African American SRMs. FPR went up minimally
for both SRMs but FNR went down for both SRMs. This was important - particularly
as the accuracy increased beyond the null accuracy in the highly imbalanced crime
category. The simultaneous movement of FNR and FPR in the same direction and
with nearly similar magnitude in the two SRMs meant strong reduction of race-based
bias in the results. Lower FNR in both SRMs meant that fewer recidivists would be
labeled as non-recidivists for both races. Having FPR and FNR move in tandem in
the same direction and with similar magnitude meant the race-based bias had been

lowered.

5.4.4 Experiment 4: General Crimes

For General crimes, we trained three models - one for all the races combined
and one each for the two SRMs - Caucasian and African American. We tested the
all-race model with all the races, Caucasian, and African American race data and
the two SRMs with their respective race related test data. The models did not have
explicit access to the race feature. We used the same input variables to the classifier as
the ones specified in the input variables described in Section 3.3 “Feature selection”.
The outcome variable laterGENERAL was set to 0 if the offender did not commit a
‘general’ category crime after the current cycle and was set to 1 if they ever committed
such a crime even with no prior history. The one-hot vector technique for categorical

data to reduce bias related to their integer values.
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Table 5.7: Experiment Results for General crimes (Dataset 2)

All Races | All Races .
Ge'n eral All Races | Train, Train, Train/Test Tra} n/Test
Crimes . . . African
. Train/Test | Test Test African | Caucasians .
Since 94 : . American
Caucasian | American
Recidivists 0.189 0.148 0.227 0.150 0.219
Non-recidivists | 0.811 0.852 0.773 0.850 0.781
Null Accuracy | 0.811 0.852 0.773 0.850 0.781
Accuracy 0.827 0.861 0.796 0.867 0.813
FPR 0.038 0.030 0.047 0.025 0.063
FNR 0.750 0.765 0.740 0.747 0.626

5.4.4.1 Results of Experiment 4: General Crimes

There were significantly (proportionally) more non-recidivists than recidivists
(81% versus 19%) in this General crime category in the data derived from Dataset
2 and more Caucasian non-recidivists than African American non-recidivists (85%
vs 78%) in the two SRMs as indicated in Table The African American model
learned more than the Caucasian one as one compares the accuracy and null accuracy
of the two SRMs individually. The predictive accuracy of two SRMs were better than
that of the mixed model for the two races (86.7% and 81.3% instead of 86.6% and
79.6% for Caucasian and African American races in the all race model). Additionally,
FPR for the Caucasian SRM decreased (good change) and went up for the African
American SRM (not good). FNR decreased for both Caucasian and African American
SRM (good change). Typically, race-based bias in predicting recidivism is represented
by a higher FPR and a lower FNR for the disadvantaged subpopulation and lower
FPR with a higher FNR for the favored group as compared to the disadvantaged
group. In the current results, not only did the accuracy go up, FNR went down

for both SRMs. This meant that fewer recidivistic offenders of both races would
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be erroneously released when SRMs are used in conjunction with offenders’ activity-

based input vectors.

5.4.5 Experiment 5: Property Crimes

We trained three models - all-races, Caucasian and African American SRMs.
We tested the former with all the races, Caucasian, and African American race records
and the two SRMs with Caucasian and African American race related test data. Race
feature vector was not explicitly available to any of the models - merely the data from
one race or another or from all races was available to the models to train and test
on. There were proportionally more non-recidivists than recidivists in the Property

crime category in the Dataset 2.

5.4.5.1 Results of Experiment 5: Property Crimes

The accuracy of predicting recidivism was 74.9% for the all-race base model in
this category and improved for both races individually when we used SRMs as shown
in Table 5.8

In the baseline model, prediction accuracy decreased slightly for African Amer-
ican race when we trained using data for all races together and tested for individual
races. However, both SRMs predicted property crime recidivism with higher accuracy
as compared to how the mixed-race base model treated each of the races individually.

The hallmark sign of results incorporating race-based bias show higher FPR
and lower FNR for the disadvantaged class while having relatively lower FPR and
higher FNR for the favored class. The results in this experiment did not show race-
based bias in the base model trained on all races as the individual races were treated
fairly equally - indicated by similar FPRs and FNRs for the two races in the base

models. However, in the two SRMs, as the accuracy went up, FPR went up slightly
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Table 5.8: Experiment Results for Property Crimes (Dataset 2)

All Races | All Races .
Pr?perty All Races | Train, Train, Train/Test Tra} n/Test
Crimes . . . African
. Train/Test | Test Test African | Caucasians .
Since 94 : . American
Caucasian | American
Recidivists 0.308 0.277 0.340 0.273 0.326
Non-recidivists | 0.692 0.723 0.660 0.727 0.674
Null Accuracy | 0.692 0.723 0.660 0.727 0.674
Accuracy 0.764 0.637 0.623 0.786 0.767
FPR 0.095 0.228 0.201 0.110 0.123
FNR 0.553 0.714 0.718 0.491 0.458

Table 5.9: Experiment Results for Property Crimes (Dataset 1).

All Races | All Races Train/Test
Property All Races | Train, Train, Train/Test African
Crimes Train/Test | Test Test African | Caucasians A )

: . merican

Caucasian | American
Recidivists 0.472 0.420 0.538 0.420 0.538
Non-recidivists | 0.528 0.580 0.462 0.580 0.462
Null Accuracy | 0.528 0.580 0.538 0.580 0.538
Accuracy 0.612 0.613 0.612 0.618 0.618
FPR 0.345 0.311 0.399 0.273 0.518
FNR 0.436 0.493 0.379 0.534 0.266

more for African American SRM than for Caucasian SRM. Similarly, FNR went down
for both SRMs(good) but slightly more for the African American SRM than for the
Caucasian SRM. Thus, one can say that in the presence of activity based features,
the base model trained on all races, treated all races similarly with reduced bias. The
SRMs that trained the models on one race at a time, increased the accuracy but also

added a small amount of bias in the result.

5.4.5.2 Dataset 2 vs Dataset 1 Results

Recidivists and non-recidivists were roughly equally distributed for property

crime in Dataset 1 [58], the demographic information-based dataset used in Chap-
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ter [4] for the property crime set of experiments. In those experiments, accuracy of
the mixed model was almost the same for the two races individually and for the two
related SRMs. However, the FPR indicated bias in results as it was lower for Cau-
casians than for African Americans in the mixed model (31.1% vs 39.9%) (see Table
, repeated here for convenience). SRMs also further heightened this difference - de-
creasing the FPR for the Caucasian model further while increasing it for the African
American model (to 27.3% and 51.8% respectively). FNR in the Dataset 1 property
crime experiments emphasized bias in the results as it was higher for Caucasians and
lower for African Americans (49.3% and 37.9% respectively) in the all-race model
and increased further for Caucasian SRM while decreasing further for the African
American SRM (53.4% and 26.6% respectively) In contrast to the results based on
Dataset 1, the current work shows significantly less bias in all models. Here both
FNR and FPR moved in the same directions in both SRMs (Table [5.8). Even as the
accuracy increased for both races in the SRM, FNR decreased significantly in both
SRMs as the FPR increased slightly.

5.4.6 Experiment 6: Drug Crimes

For drug crimes too we trained three models - one each for all races, Caucasians
and African Americans. We then tested all race model with all race data, Caucasian
data, and African American data. The two Singular Race Models trained with Cau-
casian and African American races were then tested using the same races. without
access to a race input feature vector. Eighty percent of the dataset - mixed and of
individual races - was used for training purposes while 20% was used for testing the
models. There were proportionally more non-recidivists than recidivists 76% vs 24%

overall in the drug crime category in the Dataset 2.

74



Table 5.10: Experiment Results for Drug Crimes (Dataset 2)

Dru All Races | All Races Train/Test
U8 All Races | Train, Train, Train/Test Lo
Crimes . . . African
. Train/Test | Test Test African | Caucasians .
Since 94 : . American
Caucasian | American
Recidivists 0.236 0.181 0.290 0.182 0.292
Non-recidivists | 0.764 0.819 0.710 0.818 0.708
Null Accuracy | 0.764 0.819 0.710 0.818 0.708
Accuracy 0.796 0.828 0.763 0.846 0.764
FPR 0.062 0.046 0.080 0.043 0.124
FNR 0.664 0.742 0.619 0.654 0.505
Table 5.11: Experiment Results for Drug Crimes (Dataset 1).
All Races | All Races Train/Test
Drug All Races | Train, Train, Train/Test Africa
Crimes Train/Test | Test Test African | Caucasians Heat
: . American
Caucasian | American
Recidivists 0.441 0.327 0.482 0.327 0.482
Non-recidivists | 0.559 0.673 0.518 0.673 0.518
Null Accuracy | 0.559 0.673 0.518 0.673 0.518
Accuracy 0.639 0.690 0.621 0.700 0.626
FPR 0.244 0.119 0.301 0.100 0.341
FNR 0.508 0.702 0.463 0.712 0.409

5.4.6.1 Results of Experiment 6: Drug Crimes

As compared to the base model trained on all-race data, the two SRMs in this
experiment had better predictive accuracies than the individual accuracies for the
races by the all-race model for drug related crimes in Dataset 2: 84.6% vs 82.8%
for the Caucasians and 76.4% vs 76.3% for the African Americans (see Table [5.10).
Another way to look at it is that the all-race model had lower predictive accuracy for
both races than the coressponding SRMs.

Presence of higher FPR in conjunction with lower FNR for the disadvantaged

group represents negative bias while lower FPR and higher FNR for the privileged
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group represents positive bias towards the privileged group. In the drug crimes related
experiments, the base model showed this difference in the two races. FNR went down
for both SRMs (good), as one compares the FNR in the all-race base model meted out
to the two races. This means that bias in the result went down. However, the FPR
went down in the Caucasian SRM and up in the African SRM. This characterizes
continued race-based bias - however much less in magnitude as compared to the one
shown in the predictions from the demographic information-based Dataset 1. This
meant that even in the presence of activity based input features, drug related crimes

still put African Americans in a disadvantageous position compared to the Caucasian

group.

5.4.6.2 Dataset 2 vs Dataset 1 Results

Recidivists and non-recidivists were roughly equally distributed for Drug crimes
in Dataset 1. The predictive accuracies of the two SRMs were better than the indi-
vidual accuracies of the races by the all-race model for drug crimes by all races: 70%
vs 69% for the Caucasians and 62.6% vs 62.1% for the African Americans as shown in
Table (again replicated here from the experiments in Chapter |4f for convenience).
FPR indicated bias in SRM results as it was lower for Caucasians than for African
Americans in the mixed model (11.9% vs 30.1%). SRMs also further heightened this
difference - decreasing the FPR for the Caucasian model further while increasing it
for the African American model (to 10% and 34.1% respectively). FNR emphasized
race-based bias in the results as it was higher for Caucasians and lower for African
Americans (70.2% and 46.3% respectively) in the mixed model and increased further
for the Caucasian SRM while decreasing further for the African SRM (71.2% and
40.9% respectively) In contrast to the results in Dataset 1, the drug related crimes

in the current study based on the augmented feature space derived from Dataset 2
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show a decrease in FNR in both SRMs. Similarly the disparity in the FPR is low in
both the SRM and in how individual races are treated in the all-race model. Thus
the drug crime based SRM models for prisoner activity based Dataset 2 show lower

race-based bias than the ones made from demographical Dataset 1.

5.4.7 Experiment 7: Public Crimes

We conducted the experiments also for public related crimes. Here too, we
trained models for all races, Caucasians and African Americans and tested the all
race model with all race data, Caucasian data, and African American data; then
continued to test the two SRMs with the related singular race data without the
explicit usage of the race feature vector. Training and test data were in the 80-20

ratio while the overall recidivists to non-recidivists showed a 31-69 ratio.

Table 5.12: Experiment Results for Public Crimes (Dataset 2)

All Races | All Races

Pu.b lie All Races | Train, Train, Train/Test Tra‘l /Test
Crimes : . : African

. Train/Test | Test Test African | Caucasians :
Since 94 : . American

Caucasian | American

Recidivists 0.311 0.302 0.319 0.298 0.306
Non-recidivists | 0.689 0.698 0.681 0.702 0.694
Null Accuracy | 0.689 0.698 0.681 0.702 0.694
Accuracy 0.746 0.750 0.744 0.762 0.760
FPR 0.075 0.078 0.071 0.120 0.120
FNR 0.650 0.649 0.651 0.515 0.514

5.4.7.1 Results of Experiment 7: Public Crimes

The two SRMs predicted recidivism with higher accuracy than the all-race base

model and improved upon the accuracies for the individual races by the all-race
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model for public crimes. Having disparate growth in FPR and FNR based on a group
membership - race in this case - reveals bias in the prediction. However, in this study,
as a result of more personal activity-based input feature vector, we found higher
predictive accuracy (approximately 76% in the two SRMs) versus 74.6% in the all
race model for public crime related experiments (Table[5.12). FNR decreased further
for both SRMs and remained almost the same, thus treating both groups similarly -

and therefore, not exhibiting increased racial bias.

5.4.7.2 Experiment 8: Other Crimes

“Other” was the last crime category of crimes defined in Dataset 2 that did not
fit in any other category. Here too, we trained three models that were completely
unaware of the races but were exposed to data from all races, Caucasians and African
Americans races respectively. We tested the first model with all race data, Caucasian
data, and African American data and the latter two SRMs with the same race data.
As in all previous experiments, training and test data was split at an 80:20 ratio.

Recidivists to non-recidivists were in a 4:96 ratio in the test dataset.

5.4.7.3 Results of Experiment 8: Other Crimes

In the current work, the null accuracy was very high for the race based SRMs
(95.7% for Caucasians and 96.6% for African Americans) (Table [5.13). The accuracy
in the two SRMs increased further to 96.5% and 97.7%. Bias is represented by
proportionally higher FPR and a lower FNR for the underprivileged class while the
privileged class enjoys lower FPR coupled with higher FNR. This was not the case
in this set of experiments too - as the prediction accuracy increased beyond the high
null accuracy and both FPR and FNR for both races decreased relative to their

corresponding values in the all race model.
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Table 5.13: Experiment Results for Other Crimes (Dataset 2)

All Races | All Races .
Other All Races | Train, Train, Train/Test Tra} n/Test
Crimes . . . African
. Train/Test | Test Test African | Caucasians .
Since 94 : . American
Caucasian | American
Recidivists 0.040 0.042 0.038 0.043 0.034
Non-recidivists | 0.960 0.958 0.962 0.957 0.966
Null Accuracy | 0.960 0.958 0.962 0.957 0.966
Accuracy 0.968 0.963 0.971 0.965 0.977
FPR 0.004 0.005 0.004 0.004 0.003
FNR 0.716 0.766 0.664 0.729 0.624

Table 5.14: Experiment Results for Other Crimes (Dataset 1).

All Races | All Races Train/Test
Other All Races | Train, Train, Train/Test African
Crimes Train/Test | Test Test African | Caucasians A )

: . merican

Caucasian | American
Recidivists 0.415 0.348 0.478 0.348 0.478
Non-recidivists | 0.585 0.652 0.522 0.652 0.522
Null Accuracy | 0.585 0.652 0.522 0.652 0.522
Accuracy 0.631 0.654 0.610 0.654 0.613
FPR 0.263 0.189 0.350 0.157 0.409
FNR 0.518 0.640 0.425 0.714 0.363

5.4.7.4 Dataset 2 vs Dataset 1 Results

In Dataset 1 recidivists and non-recidivists were in roughly 42:58 ratio (Table
. Accuracy of the two SRMs was approximately the same as that of the individual
race in the mixed model - a little higher overall for the Caucasian race and a little
lower for the African American race. However, both FPR and FNR indicated bias as
FPR was higher for the African race and lower for the Caucasian race as compared to
the values of the all races model. This bias was exacerbated in the SRMs as the FPR
increased further for the African American model and decreased for the Caucasian

SRMs with respect to the FNR values for individual races in the mixed model. FNR,
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on the other hand indicated bias in the results by showing higher values for the
Caucasian SRM and lower value for the African American SRM with respect to the

FNR values for individual races in the mixed model. The current work (Table [5.13)

does not show this increased bias in the results.

5.5 Interpretation and Discussion of the Results

Ubiquitousness of machine learning based decision support systems has made
the need to examine the accuracy, transparency, interpretability, fairness, and bias of
such decisions rather urgent. In the current work, we focused on increasing accuracy
and reducing bias.

The dataset used in this work had up to 99 arrest cycles associated with each
1994 arrest cycle of each offender tracked in the dataset. Each arrest cycle stored up
to three most serious offenses committed during each arrest cycle. This allowed us
to split each record into a maximum of 100 arrest cycles. Having 100 arrest cycles
with at most three most serious crimes recorded in each of them gave us the ability
to calculate a sum of crimes committed in each of the seven broad crime categories
in any of the the previous arrest cycles. Even though the 1994 arrest cycles had
several substance abuse related features, very few offenders had these recorded for
them. By using all arrest cycles since 1994 (Figure and removing the prisoner id,
date of birth etc from each arrest cycle record, we could remove correlating features
of the records and gain many records which did have several unique substance abuse
related features with different numbers of crimes committed in the previous cycle at
different ages. Fortified with a set of offender criminal activity and substance abuse-
based input feature vectors, we used SRM (Singular Race Models) for two purposes:
to increase accuracy without pitting one race against another, and to monitor race-

related bias in the results. The eight sets of experiments tracked all crime types
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together and seven types of broad crime categories committed. The base models in
each set of experiments used the entire data set and hence used data from all races.

A high FPR coupled with low FNR for a disadvantaged class, while concurrently
having low FPR and high FNR for the privileged class are the typical traits of biased
decisions and have been observed in many other studies [25], [15], [18] [10], and [29]
hereto. Singular Race Models used in the current study allowed the classifiers to
gain additional information and increase accuracy in all sets of experiments. Having
access to activity-based information like number of similar crimes committed in all
previous cycles and substance abuse information along with treatments started or
completed reduced the race-based bias in all but the all-crimes recidivism prediction
results. These derived activity based input features helped the neural network learn
more about the offenders and reduce bias learnt from solely demographic information-
based features. In the all-crime category, the all-race model with all crimes treated
both races similarly with very similar FPR, FNR, and accuracy. The SRMs in this
category barely increased the accuracy while increasing bias - which meant lower FPR
and higher FNR for Caucasian SRM while having higher FPR and lower FNR for
African American SRM.

In the seven broad crime related categories, as the neural network was exposed
to the crime specific outcome variable and required to predict whether an offender
would commit a specific crime any time after release, divergence of FNR and FPR
in the all race models was much lower for all races as compared to that shown in
similar crime categories in the demographic information based Dataset 1. Results in
most experiments improved the accuracy for both races while significantly reducing
race-based bias. For example, in Fatal crimes, the accuracy improved beyond the null
accuracy to 99.4% or beyond and the FPR stayed close to 1% for both races; FNR

stayed at 41.9% for the African American cohort. Even though this seemed large,
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the accuracy of 99.5% for the African American SRM meant that this represented a
small number of offenders.

Race-based bias in predictions in the current work was reduced in general as
compared to that in the similar experiments in Chapter {4] using Dataset 1. In the
current work, FPR and FNR often had similar values for both races in the all-race
model, while the values for FPR and FNR moved in tandem in similar directions for
both SRMs. For example, in the sexual crime category, where data was skewed in
favor of non-recidivism, the accuracy of predicting recidivism improved further to 98%
for the African American SRM. FPR increased minimally for both SRMs and FNRs
decreased significantly for both SRMs. In the general crime category, FNR decreased
in both SRMs as the accuracy increased in both SRMs. In property crimes, public
crimes, and other crimes category where all-race models had similar FPR and FNR
for both races, the accuracy increased in both SRMs while the FPR increased slightly
for both SRMs. Additionally, FNR decreased much more for both SRMs. In drug
crimes, and general crimes even though FPR for African American SRM increased,
FNR decreased for both Caucasian and African American models. In the fatal crimes
category, the accuracy, FNR, and FPR stayed the same across all categories.

In the current work, accuracy, FPR, and FNR values were similar for both races
in most all-race models. This meant that the all-races-based model with activity-
based input variables was able to learn from offenders’ data irrespective of the race.
So, in almost all of the experiments, SRMs added accuracy without dramatically
adding race-based bias. The fact that all-race based base models treated both races
similarly is very significant. It has the potential to be the harbinger of the era where
the true minorities have a shot at getting a fair treatment even in the absence of same-
race offenders prior to their fate being decided by a decision support system. Since

the race-based bias decreased in the presence of offender activity-based information,
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we believe that it portends a fairer system than today. In this paper, we had grouped
26 different crime categories into 7 different categories, so it seems that maintaining
all 26 crime categories’ information in the input variables could potentially reduce
bias further while increasing accuracy.

Like in the previous study on Dataset 1, the Caucasian based SRMs showed
the highest accuracy in most experiments like those of public crimes, drug crimes,
property crimes, general crimes, Fatal crimes, and All crimes. In other crimes and
Sexual crimes though, the African American SRMs showed the highest accuracy (Fig-

ures [5.5], [5.6] (.9 5.10] [5.11] [5.12] reprise the results in more graphical form
by showing bar graphs of the accuracy, FPR, and FNR for each of the experiments).

This dataset enabled us to use offender activity information in each arrest cycle
directly and also derive additional variables like the total number of specific types
of crimes before each arrest cycle. This helped neural networks learn activity-based
patterns and to move away from race-based patterns. Splitting records by arrest
cycles also helped neural networks learn from each cycle and improve accuracy while

reducing bias.

Figure 5.5: Results for All Crimes Experiment (Dataset 2).
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Figure 5.6: Results for Fatal Crimes Experiment (Dataset 2).
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Figure 5.7: Results for Sexual Crimes Experiment (Dataset 2).
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Figure 5.8: Results for General Crimes Experiment (Dataset 2).
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Figure 5.9: Results for Property Crimes Experiment (Dataset 2).
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Figure 5.10: Results for Drug Crimes experiment (Dataset 2).
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Figure 5.11: Results for Public Crimes Experiment (Dataset 2).
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Figure 5.12: Results for Other Crimes Experiment (Dataset 2).
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5.6 Conclusion

In this work we focused on increasing accuracy and reducing race-based bias
in predicting prisoner’s recidivism. To achieve this, we studied the effect of adding
several criminal activity and substance-abuse based variables to the input feature set.
Splitting each offender’s record by arrest cycles permitted us to learn from many more
arrest cycles and predict for many more cycles than merely the 1994 release cycles.

As a result of these split records, we could not only use the criminal activity-based in-
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formation from these records but could also derive some additional ones - for example
age at each arrest, number of crimes committed in each of the broad crime categories
before each cycle etc. Having many records reduced neural networks from overfitting,
which lead to a higher accuracy on the test set. Having access to several records
of post 1994 nature, provided us with a way to include substance abuse variables in
several post 1994 records. Criminal activity and substance abuse-based information
provided neural networks with other means beyond demographical information - to
search for similarities amongst offenders who committed similar crimes.
Furthermore, using SRMs to train and test one race at a time was particularly
advantageous in using race-based information without race-based discrimination by
increasing the predictive accuracy and in observing the reduced bias in the results.
Our experiments showed that in the presence of the activity based information, the
base models treated both races similarly. SRMs increased the accuracy and often
reduced the bias - though not always. This is a huge step in the direction of fairness
for the two dominant races. This also leads us to our future work - namely how does

the personal activity-based input feature set treat minorities.
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CHAPTER 6

Reducing Race-Based Bias and Increasing Recidivism Prediction Accuracy by using

Past Criminal History Details

A recent survey paper on bias and fairness [43] found two potential sources of
unfairness in prediction results: those arising from the bias in the data and those
arising from the algorithms. Our previous work in Chapter [4| found bias in predic-
tion results and observed that the dataset was of a demographical nature and that
investigation into a personal information-based dataset will be a good next step to
pursue. As a result, we started to work with Dataset 2 which contains more personal
information in Chapter [5| and showed that using such data could not only increase
accuracy but, more importantly, could also reduce racial bias in the prediction results.
In this chapter, we extend this by more carefully analyzing the effects of preprocess-
ing the data set and in particular the effects of including historic information related
to previous crime histories as well as to treatment and education activities pursued
during incarceration. For this, we preprocess the data further to create and use,
among other things, a prisoner’s criminal activity, time between readmission, sub-
stance abuse, vocational/educational courses, and past criminal history as personal
features for prediction purposes.

The first objective in this work is to study the effect of an offender’s activity-
related personal data and the influence of prior arrest history on the accuracy of
predicting future recidivism and on the bias embedded in the prediction results.

The second objective in this work is to lay out steps to use our approach to

select a prediction model using False Positive Rate Parity to obtain the one that
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achieves high accuracy and least bias amongst the generated models. We compare
these models with each other and with the base model produced without considering
any prior arrest history.

The third objective in this work is to use our approach to predict recidivism for
the All crimes and Sexual crime category.

The fourth objective in this work is to analyze the results produced in this
research and compare them to results from other research to assess the benefits of the

used data augmentation technique.

6.1 Dataset

For this work, we again used Dataset 2, a dataset from “Recidivism of Prisoners

Released in 1994” study [60]. It is described in more detail in Section

6.2 Methodology

In this work, we use a unique approach to reduce bias while increasing recidivism
prediction accuracy. The previous work in Chapter 4] (and published in [29]), as well
as the work by Ozkan [18] that worked with numerous statistical models to improve
recidivism prediction accuracy found neural networks to deliver better results amongst
the classifiers used. Therefore, in this work, as with the work in Chapter [5 we
have again used neural networks to build our models. We performed seven sets of
experiments each for all crimes and for the sexual crime categories by varying the
used prior crime history to the previous 0, 10, 20, 40, 80, or 100 arrest cycles. The
goal here was to study the impact of including prior history in more detail and to
evaluate its impact on prediction accuracy and prediction bias. The overview of our

experiments’ methodological framework is shown in Figure [6.1]
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Figure 6.1: Overview of the Methodological Framework. ‘p’ stands for prior arrest
cycles in the datasets.
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We divide our approach into 4 steps: Data preprocessing, Algorithm execution
(neural networks), Model evaluation/selection, and Visualization/Metrics Analysis.

The details of the four steps in our approach are as follows:

Step 1 is Data Preprocessing. This is comprised of Input Feature Selection/Derivation,
Output Variable derivation (crime based), and Datasets generation. Step 1 includes
the following:

e Use the raw dataset.

e Split each offender’s record. Since each original record is composed of the 1994
arrest cycle and several other arrest cycles before and after the 1994 cycle for a
given offender, split these to generate one arrest cycle per record. This increases
the number of records from approximately 38 thousand to 442 thousand, each
with a unique history.

e Add 26 individual crime detail features to each record.

e Generate 7 baseline and experiment datasets with different crime history con-
siderations using a rolling sum of 26 individual crimes in the previous 0,10, 20,
40, 60, 80, and 100 prior arrest cycles for a given individual’s records.

e Prevent overfitting by removing details such as date of birth and rounding
features like age at arrest and age at first arrest.

e Convert categorical features such as VOCAT (vocational courses related fea-
tures) into one hot vectors to prevent integer values from biasing the prediction.

e Compute crime-based output variables laterCNV and laterSEXUAL to repre-
sent binary classification of whether an offender committed any crime or a sexual

crime, respectively, in any of the cycles succeeding a given one.

Step 2 is Algorithm Execution. This is comprised of data splitting into train-
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ing, test, and validation datasets, and Monte Carlo Validation. Step 2 includes the
following;:

e Split each dataset into training (80%), test (20%), and validation (10% of train-
ing) datasets.

e Tune hyperparameters to use neural networks with a batch size of 256 and 80
epochs.

e Run 10 iterations for Monte Carlo Cross-Validation for each of these 7 datasets -
once for predicting re-conviction for any crime in a later cycle (laterCNV output
variable) and once for predicting re-conviction for a sexual crime in a later cycle
(laterSEXUAL output variable). This yields a total of 140 sets of experiments

(10x7x2).

Step 3 is Model Evaluation and Selection. This is comprised of metrics gener-
ation and model evaluation based on given metrics. Step 3 includes the following:

e Generate Accuracy, FPR, FNR, TPR, TNR, and Ratio of FPR African Amer-
ican and FPR Caucasian for the test datasets. See Chapter 2 for definitions.

e Select a model based on False Positive Rate Parity. This means that we select

the model for which the ratio of FPR African American and FPR Caucasian is

closest to 1. This model treats the two races most similarly. See Chapter 2 for

definitions of various bias metrics.
Step 4 is Visualization, Metrics Analysis. Step 4 includes the following:

e Compute the average for Accuracy, FPR, FNR, TPR, TNR, and FPR ratio

from the 10 Monte Carlo Validation iterations in the previous step.
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e Visualize the metrics generated from the 10 iterations using each of the 7
datasets with rolling sum of individual crimes for the corresponding number

of prior arrests.

6.2.1 Notation

We use the following notation to formulate the problem of predicting recidivism
with a single sensitive attribute of race. We need to find the model that helps predict
with high accuracy and lowest bias possible amongst the given models each one of
which is developed with the rolling sum of prior individual crimes from N prior arrest
records. In this chapter, we will use the following notation to characterize aspects of

the datasets:

X € R%: quantified features of the dataset.

A € {0,1}: Race-based binary sensitive attribute (African American,Caucasian)

C = (X, A) € {0, 1}:prediction of the binary target variable (not reconvicted /reconvicted)
Y € {0,1}: target variable from the data set (will not reoffend/will reoffend).

Assumption: (X,A)Y) are generated from a distribution D denoted

as (X,A,Y) ~ D.

6.2.2 Fairness-Based Model Selection using FPR Ratio

We use the Fairness through Unawareness technique [69] by not including the
sensitive attribute of race to minimize disparate treatment and use False Positive
Rate parity to select the model that minimizes disparate impact for different sub-

populations.
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This assumes that the prediction results are the same with or without A, the
sensitive attribute of race.

C:i=c¢(X,A) = ¢(X)

We seek to prevent disparate treatment of races by removing the sensitive at-
tribute from the input features. We measure the disparate impact by testing our
models in two different ways - testing with all the test data and testing with only test
data pertaining to one race at a time without the race information.

False Positive Rate Parity: In the recidivism domain, this means that the
rate at which a non-recidivist member of either subpopulation may be mislabeled
as a recidivist should be the same. This definition embraces the fact that the two
subgroups may have different rates of recidivism. So FPR parity allows us to use the
race-based or group fairness |11] criteria of having a similar False Positive Rate for the
two sub groups while prioritizing fairness to individuals. When a decision erroneously
labels an individual to be a recidivist, the decision is unfair for the offender. Thus, by
minimizing the FPR and working to converge the FPR ratio of the two races, we seek
to minimize bias meted out to an individual in a disadvantaged class in the results.

In this work we want to focus not only on the recidivism prediction accuracy but
also on minimizing the prediction misclassification cost for a subpopulation. When
we compare the FPR of the two subpopulations, the one with higher FPR is having
its members mislabeled as recidivists at a higher rate. This means the subpopulation
with a higher FPR will be kept incarcerated at a higher rate than the privileged group.
Therefore, we compare the FPR for the two subpopulation by using the higher FPR
as the numerator and the lower FPR as the denominator for each of the models and
select a model that has False Positive Rate parity for the two subpopulations. We

assume that A=0 is the disadvantaged class as members of a disadvantaged class will
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have a higher rate of labeling non-recidivists as recidivists. A = 1 represents the
privileged class.
To achieve perfect error rate parity, the following must be true for the two sub
populations:
Py[C =clY # ] = P[C = c|Y # (] Ve

To achieve False Positive Rate e parity, the following must be true:
PC=1]Y =0,A=0]
PC=1Y =0,A=1]

p is the maximum percentage by which the ratio of labeling mistakes among the

< 1+ ¢, where €, is p/100

two groups can deviate in order for of labeling mistakes the system to be willing to
accept the result while still calling it fair. This is the ratio of FPR of the disadvantaged

class and FPR of the favored class.

6.3 Experiments

In this work, we increased the accuracy of predicting recidivism and decreased
race-based bias by using offenders’ activities and crime-based personal history. In
order to empower neural networks to find crime-based similarities amongst offenders
and ignore their membership in a race-based group, we excluded race information and
included several available and derived input variables described later in this section.

We conducted experiments for two different types of crimes - one all encompass-
ing “All Crimes” category and another looking at a specific “Sexual Crimes” category.
We chose the All crimes category for prediction purposes as this was used in another
work [18] on the same dataset [60]. We chose the sexual crime category because it was
a violent crime that had almost similar recidivism rates for the two subpopulations
—29% and 26% recidivism rates for African Americans’ and Caucasians’ records, re-

spectively. The All crimes category in contrast had a similar recidivism rate of almost
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84% for both Caucasian and African American records in our generated datasets with
rolling sums of 26 individual crimes for different numbers of prior arrest cycles (0, 10,
20, 40, 60, 80, and 100) .

For each of the two crime categories, we set up our experiments to use 80% of
the records from each of the seven datasets to train and validate (10% of training
dataset for validation) the model, and 20% for the test dataset to predict whether
the offender would commit “All Crime” or a “Sexual Crime” in any of the following
cycles. Two derived binary variables were used to indicate the future outcome for a
given offender record.

For our experiments, we trained the model using all the races without ever using
the race information. We tested the model performance using test data of all races
but lacking race information. In order to asses how the model treated each of the
race, we extracted Caucasian data and African American data from the test data and

used it for the model after removing the race-based information from each subset.

6.3.1 Model Evaluation

We evaluated our model’s performance by using ten independent iterations of
Monte Carlo cross-validation [70]. We randomly selected an 80-20 ratio to split the
data into training and test sets, while 10% of the training data was used for validating
the model by Keras’ deep learning model. We repeated this process 10 times for
Monte-Carlo cross-validation. We partitioned the data (80-20 split) independently for
each run. After tabulating all values for the ten iterations, we computed the average
values for Accuracy, FPR, FNR, TPR, TNR, and the ratio of FPR African American
to FPR Caucasian for all model evaluation and bias metrics. Even though we use
Accuracy and FPR parity in our approach, we calculated all the mentioned metrics

as researchers often use some of these to evaluate and compare the performance of
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their models with those of others. Their graphical representation is presented in this

work. See Figure [6.3| and Figure |6.4]

6.3.2 Input Variables

For input variables, we used several features that were explicitly present and
created several derived ones. We chose the input features that seemed subjectively
to be the most relevant ones. We excluded the correlated features as they did not
increase the accuracy of prediction and included the most informative ones that added
information about offenders’ activities during the prison time and criminal history.

Available input variables: We used vocational courses (VOCAT), Educa-
tional courses (EDUCAT), HIV positive or not (HIV), substance abuse-related vari-
ables (DRUGAB, DRUGTRT, ALCABUS, ALCTRT), behavior modification treat-
ment participation variables (SEXTRT), number of state prisoners represented by a
convict (WEIGHT), dead or undergoing life sentence (DeadOrLifeCnf), Admission
Age for each cycle (AgeC), Admission Age for the first arrest cycle (AdAgeC1), re-
leased prisoner’s 1994 release offense (SMPOFF26), felony or misdemeanor (JOONEM),
conviction for adjudication offense (JOONCNV), confinement for adjudication offense
(JOONCNF), confinement length for the most serious adjudication charge (JOONPMX)
and crimes adjudicated for (or not) in an arrest cycle (convictions, fatal, sexual, gen-
eral, property, drug, public, and other category)

Derived input variables: We included several derived variables based on an
offender’s current activities and past criminal history as these affect what they do af-
ter release on parole. Furthermore, individuals tend to repeat the kind of crimes they
committed earlier and often do not switch to crime categories very different from what
they have committed earlier. We included 26 broad crime categories related binary

variable to indicate the crime types committed during a cycle in every record. We also
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included sums of each of the specific 26 crime categories committed in the previous
N cycles (cumCR-01, cumCR-02, .... cumCR_26) followed by normalization of these
variables. We then encoded the values of the included categorical attributes to binary
variables. We included other derived variables such as the number of years between
admission of past and current arrest cycles (Years_To_LastCyc), sum of crimes adjudi-
cated for in the N previous arrest cycles (CUMcnv , CUMfatal, CUMsexual, CUMgen-
eral, CUMproperty, CUMdrug, CUMpublic, and CUMother categories) crime count
in the N previous arrest cycles of confinement(CUMJ001CNF), involvement in do-
mestic violence (CUMJ001DMV), conviction (CUMJ001CNV), involvement with Fire
Arms (CUMJO001FIR) and whether the arrest record was from the 1994 arrest cycle

or a later cycle (after94R).

6.3.3 Output Variables

In this work, we formulate two recidivism prediction problems by generating
two output variables: laterCNV and laterSEXUAL. These are binary variables and
indicate whether an offender is reconvicted or adjudicated for any crime or sexual
crimes in any of the ensuant arrest cycles after the arrest cycle for which recidivism

is predicted.

6.3.4 Bias Metrics for Experiment Results

We computed five metrics for each of our models: Accuracy, FPR (False Pos-
itive Rate), FNR (False Negative Rate), TPR (True Positive Rate), and TNR(True
Negative Rate). We evaluated bias by comparing FPR and FNR for the two major
subpopulations. We computed FPR2/FPR1 for both subpopulations and marked it
for various models. See second graphs in Figure [6.3] and Figure [6.4. We selected a

prediction model based on the least FPR ratio. The remaining metrics enable us to
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compare our model performance with those of models developed differently than in

this work.

6.3.5 Artificial Neural Networks

In this set of experiments, we employed a three-layer Neural Network Model. A
Neural Network is an algorithm that detects the pattern buried in the input feature
set of a given dataset and relates it to the output. The algorithm is not very different
from how the human brain recognizes different pieces of input features that impact
each other and relates them to an outcome. Since the neural networks can learn these
patterns even as they change, we do not need to reprogram them.

By learning the patterns embedded in the input by using several nodes that
may not be fully connected, the network is able to influence the activation state of
the other nodes [29).

As we tuned the possible hyperparameters such as number of neurons, number
of layers, batch size, activation function etc., to achieve the highest accuracy with the
lowest race-based bias possible, a three-layered neural network with 256 batch size
and 80 epochs with 126 neurons in the input and in each of the hidden layers and 1

neuron in the output layer were found to be ideal. See Figure 6.2

6.4 Results and Discussion

Our results presented in Figures for the All cries category and in Figure [6.4]
for the Sexual crimes category, showed that with the increase in the number of prior
arrest cycles used to calculate the cumulative sum of individual crimes in each arrest
cycle, the accuracy increased while the FPR and FNR decreased - though not always
equally for each rolling sum of crime datasets. The Caucasian subpopulation in the

test dataset showed a lower FPR and a higher FNR rate than the corresponding rates
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Figure 6.2: Artificial Neural Networks with Neurons, synapses and Weighted Sum for
Each Layer Used to Create Rolling Sum of Individual Crimes for Prior Arrest Cycles’
Models.
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for the African American subpopulation — a hall mark of bias in results - to some
degree in all models - though much less than that in [18]. A more detailed comparison
with their results will be presented in Section [6.5] In our dataset, a higher percentage
of Caucasians had fewer than 10 records than African Americans. Most convicts had
under 40 arrest cycles. At the 40 prior record level for “All Crimes”, 91% of all African
American records and 94% of all Caucasian records are taken into consideration. 61%
of African American records and 66% of Caucasian records were in the 20 or fewer
records category.

We found that our models achieved the highest accuracy of 89.8% and 90.4%
for African Americans and Caucasians, respectively, with 40 prior dataset models.
However, at a minimal loss of accuracy, the least biased model was achieved using
the 20 prior dataset. Here an FPR African American/FPR Caucasian ratio of 1.21 was
achieved. The FPR ratio of 1.32 for the base model with 0 priors was considerably
improved to 1.21 by using the 20 priors dataset. Considering more arrest cycles
than 20, deteriorated (increased) this ratio for the “All Crimes” category and hence

increased the bias in the result.
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Figure 6.3: Monte Carlo cross validation Average Accuracy and Bias Metric Values
for All Crimes models with rolling sum of individual prior crimes for 0, 10, 20, 40,
60, 80, and 100 prior arrest cycles.
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Figure 6.4: Monte Carlo Cross-Validation Average Accuracy and Bias Metric Values
for Sexual Crimes models with Rolling Sum of Individual Prior Crimes for 0, 10, 20,
40, 60, 80, and 100 Prior Arrest Cycles.
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Similarly, for the “Sexual Crimes” category, an accuracy of 86% was possible
using any of the 20 or more prior arrest datasets for both race-based cohorts but the
least FPR ratio of 1.07 spurs selection of the 40 priors dataset model.

Thus our experiment results for “All Crimes” indicated that selecting models
generated with 20 prior arrests provided us with an average accuracy of 89.7% and
90.1%; FPR of 36% and 30%; FNR of 5.6% and 6.1%; TPR of 94.4% and 93.9%; and
TNR of 64% and 70.3% for African Americans and Caucasians, respectively.

Similarly, our experiment results for “Sexual Crimes” indicated that selecting
models generated with 40 or 60 prior arrests provided us with an average accuracy
of 86%; FPR of almost 8% for both groups; FNR of almost 8%; TPR of 72% and
67% for African American and Caucasian cohorts; and TNR of almost 90% for both
groups.

Selecting the model with the lowest FPR ratio allows us to minimize the bias
meted out to the disadvantaged group - thus following a group-based criterion. By
focusing on FPR we focus on the individual fairness as a lower FPR means fewer

non-recidivists mislabeled as recidivists and languishing needlessly behind bars.

6.5 Performance Comparison with Other Works

An earlier work by Ozkan [18] with the same dataset employed six classifiers -
namely, Logistic Regression, Random Forests, XGBoost, Support Vector Machines,
Neural Networks, and Search algorithms. They used 1994 records to train and test
their models. They achieved the best Accuracy /FPR /FNR /TPR /TNR of 0.778
/0.406 /0.054 /0.946 /0.594 using XGBoost /logistic Regression /SVM /SVM /Logis-
tic Regression, respectively - while overall XGBoost and Neural Networks worked the

best for them. We, in contrast, used all arrest records for training and testing pur-

poses and could achieve 0.899/0.329/0.058,/0.942/0.671 and much closer FPR parity
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for the two races from the same model using the dataset with a rolling sum of 20
prior arrest records for All Crimes. We selected this model because it had the best
FPR ratio for the two race-based cohorts amongst all models. See Figure [6.3] In
other words, we could achieve a higher accuracy, lower FPR and FNR, same TPR
and a higher TNR for a model that offered FPR parity or reduced bias to the two
race-based cohorts.

Another work by Zeng et al. [15] on the same dataset developed the “SLIM
scoring system for arrest”, used only 1994 records for training and testing purposes,
and used future arrests as representative of recidivism. This is not the same as our ap-
proach where we use all arrest records and future reconviction to indicate recidivism.
This work [15] does not publish its accuracy. Additionally, their emphasis was on the
interpretability of results while ours was on increasing accuracy and reducing bias.
They had a mean fivefold CV TPR/FPR of 78.3%/46.5%. Our values for the mean
of 10 Monte Carlo Validation for sexual crimes (see Figure for the two metrics
are 94.2%/32.9%. Additionally, their mean fivefold CV TPR/FPR for Sexual Crimes
was 43.7%/19.9%, while ours for reconviction with all arrest records and mean of 10
Monte Carlo Validation is 70.2%/8.1%. Thus our model achieved significantly better

predictions with much lower error rates.

6.6 Conclusion

In this work we recommend a new approach to increase accuracy in predicting
recidivism while decreasing race-based bias in the results. The algorithm trains several
models using a race blind dataset. It increases the number of derived features based
on offenders’ current offenses/activities and prior criminal history. The approach
trains models on different numbers of prior arrests. It tests each of these models to

check how each model treats the all-race population and different subpopulations,
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without ever using a race input feature set. In this approach, we select a model
that increases the accuracy while minimizing race-based bias. The results revealed
that the method delivers a model that is both more accurate and fairer than without
adding personal activities and criminal history information. Our approach can be
used for both predicting future general “All Crimes” or specific crime categories like
future “Sexual Crimes” convictions. This approach may also be used for applications
such as loan application acceptance, dating, hiring, etc where personal history may
be emphasized and considered for better predictions.

In future work it would be interesting to study accuracy and bias in other types
of crimes and in domains other than recidivism. Varied datasets with varying numbers
of prior personal history may be considered for each model. In the recidivism domain,
since very few offenders had substance-abuse and treatment related information, it
would be interesting to study the effect of more of such information on accuracy and
bias. Furthermore, it would be interesting to prod the model during the training

period to further reduce the bias using FPR and FNR parity.

104



CHAPTER 7
Using Bias Parity Score to Find Feature-Rich Models with Least Relative Bias

7.1 Introduction

In this chapter, we extend the work on machine learning (ML) classification-
related problems in the criminal justice and recidivism domain. As in the previous
chapters, we focus on increasing the accuracy and measurably reducing the bias by
using offenders’ criminal history, substance abuse, and treatments taken. We further
show that using offender history helps us negate the traditional view of the accuracy-
versus-fairness trade off by both increasing accuracy and reducing bias while attempt-
ing to address the limitations in the previous chapters with respect to the absence
of a generic way to quantitatively measure different aspects of fairness. For this, we
introduce a new measure called Bias Parity Score (BP score or BPS) that allows us to
use one numeric value to compare models based on the bias still embedded in them.
In the recidivism classification problem, we again used neural networks on the dataset
from the “Recidivism of Prisoners Released in 1994” study [60] to predict recidivism
in released offenders. To increase the capabilities of the trained models and to permit
selection among multiple models to optimize fairness, we again created models using
different numbers of past arrest cycles, evaluated them for bias using the BPS score
of several fairness measures, and present the results in this chapter. As we tabulated
our results using the various fairness measures and accuracy in conjunction with BPS,
we observe that BPS helps us see the quantitative reduction in bias in different bias
metrics. Our main contributions here are three-fold: (i) to use the offender history to

reduce bias and increase accuracy, (ii) to introduce and define BP score, and (iii) to
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use BP score to measure and compare bias in the models generated in our experiments
and to facilitate selection of the least biased model without sacrificing significantly in

terms of accuracy.

7.2 Bias, Bias Parity Score and Statistical Measures

In this section, we describe bias in the recidivism domain and state the defini-
tions and formula for Bias Parity Score. The definitions of various statistical measures
[11] [43] that we will use in our work are included in Section [7.2.2] The statistical
measures such as False Positive (FP), False Negative (FN), True Positive (TP), True
Negative (TN), False Positive rate (FPR), False Negative Rate (FNR), True Positive
Rate (TPR), True Negative Rate (TNR), Positive Predicted Value (PPV), Negative
Predictive Value (NPV), False Discovery rate (FDR), False Omission Rate (FOR),
etc. are based on the confusion matrix, a table that presents predicted and actual
classes in a machine learning classification model. In our representation, the posi-
tive class is the true labeling of future recidivistic behavior of an offender, while the
negative class is the true labeling of future non-recidivism of an offender.

Bias: In the recidivism domain, underpredicting recidivism for a privileged class
and overpredicting recidivism for a disadvantaged class represents bias 25| |10, |15} |29,
35, (18].

Bias Parity Score (BPS): In this work we define a new measure, BP Score, that
helps us quantify the bias in a given model. BP Score can be computed as follows,
where measure(A = 0) and measure(A = 1) are the values of a given metric for the

sensitive and non-sensitive subpopulations, respectively:

min(measure(A = 1), measure(A = 0)) * 100

BPS — measure = (7.1)

max(measure(A = 1), measure(A = 0))
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BPS is 100 when there is no bias as measured by the metric that has the values
measure(A = 0) and measure(A = 1) for the two subpopulations represented by
the sensitive attribute values of 0 and 1, respectively. BP Score will enable us to
see how much more a model needs to improve to be bias-free. As per the work
by Won et al. [22], the cost of mislabeling non-recidivistic people is different from
mislabeling recidivistic offenders. A practitioner may decide that a minimum BP
Score of 90 for FNR and 95 for FPR, for example, is acceptable to strike a balance
between releasing a potentially non-recidivating offender and keeping society safe from
a future recidivating offender.

BP Score for each statistical measure can be computed by plugging in the values
of measure(A = 0) and measure(A = 1) in the BPS formula stated above. In our
experiments, the best BPS for most metrics was achieved with a model generated
with five prior arrest cycles. If not indicated differently, we state the metric and BPS

values for this model.

7.2.1 Interpreting Statistical Measures and Parity in Recidivism

One can observe that the best values of FPR, FDR, PPV, and TNR are 0, 0, 1,
and 1, respectively and are achieved when FP is 0 or minimal. This is achieved when
the algorithm can identify the negative class easily. In our dataset, this means that
the non-recidivists need to be easily identifiable to have optimal values for FPR, FDR,
PPV, and TNR. It should be noted that the best values of FOR, FNR, NPV, and TPR
are 0, 0, 1, and 1, respectively and are achieved when FN is 0 or minimal, or when the
algorithm can distinguish between the positive and the negative classes accurately.
In our dataset, this means that the recidivists need to be easily identifiable to have
optimal values for FOR, FNR, NPV, and TPR. The best value of Equal Opportunity

is 1 and is achieved when both FP and FN are zero.
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Furthermore, when non-recidivists and recidivists can be identified accurately,
the accuracy of prediction goes up. Therefore, in our methodology, as we included
information regarding the history of past criminal activities, substance abuse, and
treatments taken, the neural network can improve its ability to distinguish between
the positive and the negative class (i.e., the recidivists and the non-recidivists). In
our experiments we show that this leads to both an increase in prediction accuracy

and a decrease in race-based bias.

7.2.2 Notation and Statistical Measures for Recidivism Prediction

We use the notation included in this section to formulate the problem of pre-
dicting recidivism with a single sensitive attribute of race. We need to find the model
that helps predict with high accuracy and lowest bias possible amongst the given
models, each one of which is developed with the rolling sum of prior individual crimes

from N prior arrest records.

X € R4 quantified features of each elemnt in the dataset.

A € {0,1}: Race-based binary sensitive attribute (African American, Caucasian)

C € {0,1}: predicted variable (not reconvicted/reconvicted)

Y € {0, 1}: target variable (will not reoffend/will reoffend).

Assumption: (X, A, Y) are generated from a distribution d denoted as (X, A,Y) ~ d.
measure(A’) : value of a metric for subpopulation with A = 0.

measure(A) : value of a metric for subpopulation with A = 1.

TP: True Positive (TP) is a correct positive prediction. In our work it means

that a future recidivist was correctly forecasted to recidivate.
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TN: True Negative (TN) is a correct negative prediction. In our work it means
that a future non-recidivist was correctly forecasted to not recidivate.

FP: False Positive (FP) is an incorrect positive prediction, when a future non-
recidivist was falsely forecasted to recidivate

FN: False Negative (FN) is an incorrect negative prediction. In our work it
means that a future recidivist was erroneously labeled as nonrecidivist.

Positive Predictive Value: PPV, also referred to as Precision, is the total number
of True Positive cases divided by a total of all predicted positive cases. The best
possible value of PPV is 1 and is achieved when FP becomes zero, i.e., when none of
the future non-recidivists are wrongly accused of being a recidivist. The worst value of
PPV is 0 and happens when none of the individuals predicted to recidivate are actually
recidivists, i.e., when TP is zero. Therefore, it is desirable to have PPV as close to 1
as possible. PPV also refers to the probability of an offender to truly belong to the
positive class, P(Y =1 | C = 1). measureppy(A=0)=PY =1|C=1,4A=0)
and measureppy(A=1)=P(Y =1| C =1,A =1). PPV parity [42] is achieved
when measureppy (A = 0) = measureppy (A = 1). Average PPV and BPS for the

model with 5 past arrest cycles and all race data were 0.853 and 97.9, respectively.
TP

T TP+FP

False Positive Rate: FPR is the total number of incorrect positive predictions

PPV (7.2)
divided by a total of all the non-recidivists (FP + TN) in the dataset. The best
possible value of FPR is 0 and is achieved when FP becomes zero, i.e., none of the
future non-recidivists are wrongly accused of being a recidivist. The worst value of
FPR is 1 and happens when all future non-recidivists are falsely labeled as recidivists

such that TN becomes 0. Therefore, it is desirable to have FPR as close to 0 as
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possible. FPR is represented as P(C' =1 | Y = 0). measureppr(A = 0) = P(C =
1Y =0,A=0) and measureppr(A=1)=P(C=1|Y =1,A=1).

FPR parity or False Positive Error Rate Balance [42] or predictive equality [71]
is achieved when measureppr(A = 0) = measurerppr(A = 1). Average FPR and
BPS for the model with 5 past arrest cycles and all race data were 0.378 and 83.7,
respectively.

P

FPR=t5 75 (7.3)

False Negative Rate: FNR is the total number of incorrect negative predictions
divided by a total of all the recidivists (FN + TP) in the dataset. The best possible
value of FNR is 0 and is achieved when FN becomes zero, i.e., none of the future
recidivists are erroneously labeled as a non-recidivist. The worst value of FNR is 1
and happens when all future recidivists are falsely labeled as non-recidivists such that
TP becomes 0. FNR is represented as P(C' =0 | Y = 1). measurepng(A = 0) =
P(C=0|Y =1,A =0) and measurepnp(A =1) = P(C=0]Y =1,A=1).
FNR parity is achieved when measurepyr(A = 0) = measurepyr(A = 1). Average
FNR and BPS for the model with 5 past arrest cycles and all race data were 0.056

and 93.9, respectively.

_FN
 FN+TP

It is desirable to have both FPR and FNR as close to 0 as possible. A high FPR

FNR (7.4)

represents many future non-recidivists wasting behind bars while a high FNR means
many future recidivists let lose to commit many needless crimes in the world. Both
FPR and FNR mean different types of error and associated cost to society. Both

higher FPR and higher FNR cause a decrease in the predictive accuracy.
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False Discovery Rate: FDR is the total number of incorrect positive predictions
(FP) divided by a total of all positive predictions (TP + FP). The best possible
value of FDR is 0 and is achieved when FP becomes zero, i.e., none of the future
non-recidivists are mislabeled as recidivist. The worst value of FOR is 1 and happens
when all future recidivists are falsely labeled as non-recidivists such that TP becomes
0. Therefore, it is desirable to have FDR as close to 0 as possible. FDR refers to the
probability of a positively labeled individual to actually belong to the negative class,
(P(Y = 0] C = 1), or the probability of a person kept incarcerated to be a non-
recidivist. measureppr(A =0) = P(Y =0 | C = 1,A = 0) and measureppr(A =
1)=P(Y=0|C=1,A=1). FDR parity is achieved when measurerpr(A =0) =
measureppr(A = 1). Average FDR and BPS for the model with 5 past arrest cycles

and all race data were 0.071 and 89.8, respectively.

FP

FDR=——
R=Tp+Fp

(7.5)

False Omission Rate: FOR is the total number of incorrect negative predictions
(FN) divided by a total of all predicted non-recidivists (TN + FN). The best possible
value of FOR is 0 and is achieved when FN becomes zero, i.e., none of the future
recidivists are mislabeled as non-recidivist and let go. The worst value of FOR is 1
and happens when all future non-recidivists are falsely labeled as recidivists such that
TN becomes 0. Therefore, it is desirable to have FOR as close to 0 as possible. FOR
refers to the probability of a positive class to be labeled negatively, (P(Y =1 |C =
0), or the probability of a someone who is let go to be a recidivist. measurepor(A =
0)=PY =1|C=0,A=0) and measurepor(A=1)=PY =1|C=0,A=1).

FOR parity is achieved when measureror(A = 0) = measurepor(A = 1). Average
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FOR and BPS for the model with 5 past arrest cycles and all race data were 0.323
and 93.4, respectively.
FN

FOR= om0 (7.6)

Negative Predictive Value: NPV is the total number of True Negatives divided
by the total number of negative predictions. The best possible value of NPV is 1. The
worst value of NPV is 0 when all negative class are predicted to be positive class such
that FN =0. NPV refers to the probability of a negative prediction to truly belong
to the negative class, P(Y = 0 | C' = 0), or the probability of someone predicted to
be a non-recidivist to actually be a non-recidivist. measurexpy(A = 0) = P(Y =
0| C=0,A=0)and measurexnpy(A=1)=P(Y =0| C=0,A=1). NPV parity
is achieved when measureypy(A = 0) = measureypy(A = 1). Average NPV and
BPS for the model with 5 past arrest cycles and all race data were 0.677 and 96.8,
respectively.

TN

NPV = T Fw 0

True Positive Rate: TPR is the total number of True Positive cases identified
divided by the total number of positive cases. The best possible value of TPR is 1
and is achieved when FN is equal to 0. TPR, also known as sensitivity or recall, is
the probability of the positive class to be labeled as positive, P(C' =1|Y = 1) or
the probability of a recidivist to be labeled as one. measurerpgr(A = 0) = P(C =
1Y =1,A=0) and measurerpr(A=1)=P(C=1|Y =1,A=1). TPR parity

is achieved when measurerpr(A = 0) = measurerpr(A = 1). Average TPR and
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BPS for the model with 5 past arrest cycles and all race data were 0.944 and 99.6,
respectively.
TP

TPR= 7p %N (7.8)

True Negative Rate: TNR is the total number of correctly labeled negative
predictions divided by all the negative cases. The best possible value of TNR is 1
and is achieved when FP is 0. TNR refers to the probability of a negative class being
labeled negative, P(C' = 0 | Y = 0). This in our predictions is the probability of
non-recidivists being labeled a non-recidivist. measureryr(A=0)=P(C =0|Y =
0,A = 0) and measureryr(A = 1) = P(C =0|Y = 0,A = 1). TNR parity
is achieved when measureryr(A = 0) = measureryr(A = 1). Average TNR and
BPS for the model with 5 past arrest cycles and all race data were 0.622 and 89.8,

respectively.

TN

TNR:FP+TN

(7.9)

Accuracy: Accuracy is the total number of appropriately labeled predictions
divided by the number of all the cases. The best possible value of Accuracy is 1 and
is achieved when both FP and FN are 0. Accuracy refers to the probability of accurate
labeling for both positive and negative classes, P(C = Y). This in our predictions is
the probability of being correctly labeled as a recidivist or non-recidivist as the case is.
measureacc(A =0) = P(Y = C, A =0) and measureacc(A=1) = P(C =Y, A=

1). Accuracy parity is achieved when measurescc(A = 0) = measurescc(A = 1).
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Average Accuracy and BPS for the model with 5 past arrest cycles and all race data

were (0.892 and 99.4 respectively.

TP+ TN

1
TP+ FP+TN+ FN (7.10)

Accuracy =

Statistical Parity or Group Fairness or Demographical Parity [72] or Equal
Acceptance Rate [73] is the property that the demographics of those labeled with a
positive (or negative) classifications is the same as the demographics of the population
as a whole [72]. In other words, this is true if all subgroups have equal probability
to be labeled as the positive class P(C =1 | A =0) = P(C =1]| A =1) [L1].
measuresp (A =0)=P(C =1,A=0) and measuresp(A=1)=P(C=1,A=1)
and the condition measures p(A = 0) = measures p (A = 1) is satisfied. The fraction
of all positive predicted cases from all cases and BPS (statistical parity) for the model
with 5 past arrest cycles and all race data were 0.854 and 97.9, respectively.

The situation may be unfair for an individual even as statistical parity is ac-
complished. As per Dwork et al. [72], this can provide fair affirmative action but may
be insufficient in other situations, e.g., if one subgroup has in fact more members with
positive class than the other group or when more unqualified members are chosen to
fulfill the condition [72]. In our dataset, it is used to give members of different races

a possibility of parole but this may not be fair if one group reoffends more.
TPl1+ FP1 B TP2+ FP2
TP1+FP1+TN1+FN1 TP2+ FP2+TN2+ FN2
(7.11)

Statistical Parity —

Treatment Equality [74] or False Negative to False Positive Ratio is achieved
when the ratio of errors, i.e., False Negatives and False Positives for the subpopula-

tions are equal, such that measurer g (A = 0) = FN1/FP1 and measurerp (A =
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1) = FN2/FP2 and the condition measurer g (A = 0) = measurerp (A = 1) is
satisfied. In our dataset this means that for both African-Americans and Caucasians,
the ratio of recidivists labeled as non-recidivists (FN) to non-recidivists labeled as
recidivists should be the same. The average fraction of all False Negative cases to
False Positive cases from all cases and BPS (Treatment Equality) for the model with
five past arrest cycles and all race data were 0.798 and 83.8, respectively.

FN1 FN2

Treatment Equality = ——— =

FP1  FP2’ (7.12)

7.3 Experiments

In the current chapter, we show that BP Score can quantify the bias in a
given model and represent it using one number per statistical measure for different
subpopulations in the dataset. We increase the accuracy and decrease the bias in
the generated models by using different numbers of past arrest cycles to include the
past criminal activity, substance abuse, and courses taken during incarceration. This
increased the accuracy and reduced the bias as the neural network’s decision is now
based on individuals’ crime and activity similarity in the absence of race information
from the training dataset.

We used a three-layered neural network model and divided the data using an
80 to 20 ratio for training and testing purposes and utilized 10% of the training
dataset for validation purposes. We tuned various hyper parameters to finally select
a batch size of 256 training for 80 epochs with a network comprised of 127 neurons
in the input and hidden layers and 1 neuron in the output layer as this is a binary
classification problem. We used the Keras wrapper for the TensorFlow library to build

and train the network. Furthermore, we used Adam as the optimization algorithm
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for stochastic gradient descent for training our deep learning model. We excluded
race while training the model using the input feature set described in the following
section. We evaluated the model for biased results by testing it three ways: once with
data from all the races, and twice using the two sets of individual race data while
excluding race from the test sets and calculating BP Scores for various measures. We
pre-processed our dataset to use some of the existing raw features, ran 10 iterations
of each experiment for Monte Carlo cross-validation, computed the average for each
metric, tabulated it, and graphed the values with each model’s BP Score for each
statistical measure. We used a total of 127 normalized numerical and binary input

features (from categorical attributes) in our feature vectors to run our experiments.

7.3.1 Input and Output Variables

Input Variables: Dataset 2, the dataset from the “Recidivism of Prisoners Re-
leased in 1994” study [60] as described in Section 3.2} provided us with several features
that we used as is, for example, date of release, and we derived many others such
as the total number of convictions prior to an arrest-release cycle. All direct and
derived features could be categorized into demographic features, personal activity
during incarceration features, test results before 1994 release features and past crim-
inal activity features. We included all of these while eliminating any related features
that did not improve algorithm performance.

Demographic features: This group is comprised of features like date of release
or number of state prisoners represented by a convict (WEIGHT). We combined dead
or undergoing life sentence into DeadOrLifeCnf, and multiple attributes like the birth
day, birth month, birth year and arrest year to derive Arrest Cycle Admission Age
(AgeC) and Admission Age for the first arrest cycle (AdAgeCl).
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Personal Activity features: This group was comprised of features with informa-
tion on vocational courses attended, completed or not (VOCAT), educational courses
attended, completed, or not (EDUCAT), and behavior modification treatment par-
ticipated in, completed, or not (SEXTRT). Since these features were not available for
any of the arrest-release cycles prior to 1994 release cycles, we recorded —1 for these
features for pre-1994 cycles.

The 1994 Test results features: This group encompassed tests taken and their
results just prior to the 1994 release cycle. These are comprised of HIV-positive or
not (HIV) and substance abuse-related results (DRUGAB, DRUGTRT, ALCABUS,
ALCTRT). Since these features were not available for any of the arrest-release cycles
prior to 1994 release cycles, we recorded —1 for these features for pre-1994 cycles.

Criminal Activity features: This group included features like the released pris-
oner’s 1994 release offense (SMPOFF26), felony or misdemeanor (JOONFM), con-
viction for adjudication offense (JOONCNV), confinement for adjudication offense
(JOONCNF), confinement length for the most serious adjudication charge (JOONPMX)
and crimes adjudicated for (or not) in an arrest cycle (convictions, fatal, sexual, gen-
eral, property, drug, public, and other categories). In this group we used several
features that are derived variables based on an offender’s current activities and past
criminal history as these affect what they do after being released from prison. Fur-
thermore, individuals tend to repeat the kind of crimes they committed earlier and
often do not switch to crime categories very different from what they have committed
earlier. Here, we included 26 broad crime categories using binary variable to indicate
the crime types committed during a cycle in every record. We included sums of each
of the specific 26 crime categories committed in the previous N cycles (cumCR_01,
cumCR_02, .... cumCR_26) followed by normalization of these variables. We then

encoded the values of the included categorical attributes to binary variables. We
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included other derived variables such as the number of years between the admission
of past and current arrest cycles (Years_To_LastCyc), sum of crimes adjudicated for
in the N previous arrest cycles (CUMcnv , CUMfatal, CUMsexual, CUMgeneral,
CUMproperty, CUMdrug, CUMpublic, and CUMother categories), crime count in
the N previous arrest cycles of confinement(CUMJ001CNF), involvement in domestic
violence (CUMJ001DMYV), conviction (CUMJO01CNV), involvement with Fire Arms
(CUMJO01FIR), and whether the arrest record was from the 1994 arrest cycle or a
later cycle (after94R).

Output Variable: For each arrest cycle, we computed a binary variable indicat-

ing whether the offender was adjudicated in a subsequent arrest cycle.

7.3.2 Experiment Setup

Our objective is to increase the accuracy of prediction while reducing bias.
We measure bias embedded in predictive models using BPS for various statistical
measures. We reduced bias by adding personal history from different numbers of
past arrest-release cycles. We split each offender record into multiple records, which
contained multiple arrest and release records of each offender along with 99 pre and
post arrest-release cycles of the 1994 release cycle. We set up multiple experiments
such that each arrest-release cycle incorporated a rolling sum of the prior 0, 1, 3,
5, 7, 10, 15, 20, 40, 60, 80, and 100 crime cycles’ criminal activity, substance abuse
behavior, and courses taken. Each of our experiments was set up to use records
generated using a fixed number of past arrest cycles at a time. This means that in
each experiment we used the influence of the past 0 or 1 or 3 or 5 or 7 or 10 or 15
or 20 or 40 or 60 or 80 or 100 arrest cycles. In each experiment, the training data
consisted of records from all races. The test data was comprised of three sets: records

of offenders of all races, records of offenders of only the Caucasian race, and records
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of offenders of only the African American race. We used the records from the two
dominant races in the dataset, i.e., Caucasian and African American, to compute
the BPS while ignoring the data from other races, such as Asian, as the number of
corresponding records was very small.

Using this setup we then studied the effect of different numbers of past arrest
cycles in the dataset on both accuracy and bias for various measures. Evaluating the
BP scores for different arrest cycle histories then provides a means of selecting from
among these models the one that provides the predictions with the highest degree of
fairness. This model, in turn, is then compared agains other techniques that were
applied to the same dataset both in terms of prediction accuracy and prediction bias.

The benefit of this data augmentation and model selection process, as illustrated
by the results presented below, is that we can obtain a model that not only achieves
significantly higher accuracy as compared to previous work, but that we can do so
while also improving fairness by reducing bias. Most of this is achieved through
the data augmentation which results in datasets that are multiple times larger than
the original dataset. In this case, the dataset grew from 38,624 records to more
than 442,000 records. However, since we are using neural networks for our classifier,
this increase in data set does not directly reflect in the required training time (and
thus computational complexity) for each model. In our experience, training with the
extended set did not significantly increase training time for each model. The main
computational cost of our approach thus results from the need to train and evaluate
multiple models with different history length in order to be able to select the lowest
bias model for the desired BP scores. The model selection approach presented here
thus increases training effort linearly in the number of history lengths used, a cost
that is easily compensated by the improvement in performance and the reduction in

bias achieved.
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7.3.3 Bias Metrics for Experiment Results

Tables show average accuracy, several bias metric values, and their
BP Scores for All Crimes models with the rolling sum of individual prior crimes
for 0,1,3,5,7,10, 15,20, 40, 60,80, and 100 prior arrest cycles using 10-fold Monte
Carlo cross-validation, In each table, the results for all races, Caucasians, and African
Americans are listed for each arrest cycle number as well as the BPS score indicating
the level of parity between Caucasian and African American populations. Best results
in each of the categories are indicated in bold. In recidivism, ACC, FPR, and FNR
are frequently used to measure bias. Since some of the prior works on this dataset
(See Section that we compare our results with use TPR and TNR to measure
results, we have included these, too. The results in these tables show consistently
that the incorporation of past release cycles in the dataset improves fairness with
the highest fairness achieved with either 5 or 20 release cycles, depending on the
statistical measure (as indicated by the bolded entries for the BP Scores).

To further study the effect of the number of arrest cycles on the BP scores for
the different statistical measures, Figures|7.1land [7.2|show the BP scores for different
statistical measures plotted against the number of arrest cycles used.

These graphs show two important observations, namely (i) that for all measures
the inclusion of past arrest records in the data significantly improved the fairness (i.e.,
the BP score), and (ii) that for different measures the detailed relation of arrest cycles
to BP score behaved differently. In particular, behavior seemed to fall into one of
three groups, indicated with different colored graphs in the figures. In the first of these

groups (comprising ACC, NPV, and FOR), fairness increased until around 40 arrest
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Table 7.1: Average Accuracy.

Arrest Cycles All Races All Races All Races BPS

Train/Test Train, Test Train, Test

Caucasian Afr. Amer.
0 0.879 0.883 0.875 99.032
1 0.888 0.893 0.884 99.062
3 0.891 0.894 0.888 99.383
5 0.892 0.895 0.890 99.419
7 0.894 0.897 0.892 99.420
10 0.896 0.899 0.894 99.399
15 0.898 0.900 0.896 99.484
20 0.899 0.901 0.897 99.583
40 0.899 0.902 0.898 99.557
60 0.900 0.902 0.898 99.530
80 0.899 0.902 0.897 99.536
100 0.899 0.902 0.897 99.440

Table 7.2: Average Positive Predictive Rate.

Arrest Cycles All Races All Races All Races BPS

Train/Test Train, Test Train, Test

Caucasian Afr. Amer.
0 0.853 0.838 0.867 96.645
1 0.857 0.843 0.865 97.412
3 0.848 0.838 0.858 97.740
5 0.853 0.844 0.862 97.915
7 0.849 0.838 0.858 97.657
10 0.852 0.842 0.862 97.648
15 0.847 0.835 0.855 97.717
20 0.844 0.835 0.854 97.779
40 0.853 0.842 0.863 97.544
60 0.845 0.835 0.854 97.716
80 0.842 0.832 0.851 97.773
100 0.846 0.836 0.855 97.804
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Table 7.3: Average False Positive Rate.

Arrest Cycles All Races All Races All Races BPS

Train/Test Train, Test Train, Test

Caucasian Afr. Amer.
0 0.417 0.360 0.474 75.938
1 0.393 0.347 0.438 79.134
3 0.366 0.330 0.401 82.150
5 0.378 0.344 0.411 83.742
7 0.357 0.321 0.393 81.542
10 0.362 0.324 0.398 81.433
15 0.333 0.300 0.364 82.448
20 0.329 0.297 0.360 82.481
40 0.354 0.317 0.389 81.496
60 0.327 0.293 0.359 81.591
80 0.320 0.287 0.351 81.798
100 0.333 0.299 0.365 81.751

Table 7.4: Average True Negative Rate.

Arrest Cycles All Races All Races All Races BPS

Train/Test Train, Test Train, Test

Caucasian Afr. Amer.
0 0..583 0.640 0.526 82.156
1 0.607 0.653 0.562 86.016
3 0.634 0.670 0.599 89.308
5 0.622 0.656 0.589 89.810
7 0.643 0.679 0.607 89.320
10 0.638 0.676 0.602 89.072
15 0.664 0.700 0.636 90.881
20 0.671 0.703 0.640 91.041
40 0.646 0.683 0.611 89.456
60 0.673 0.707 0.641 90.637
80 0.680 0.713 0.649 91.041
100 0.667 0.701 0.635 90.492
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Table 7.5: Average False Negative Rate.

Arrest Cycles All Races All Races All Races BPS

Train/Test Train, Test Train, Test

Caucasian Afr. Amer.
0 0.059 0.069 0.061 88.059
1 0.058 0.061 0.056 92.904
3 0.060 0.063 0.059 93.262
5 0.56 0.059 0.055 93.938
7 0.058 0.061 0.056 92.058
10 0.055 0.057 0.053 91.688
15 0.058 0.060 0.056 93.258
20 0.058 0.061 0.056 91.740
40 0.053 0.056 0.050 88.990
60 0.057 0.060 0.055 91.598
80 0.059 0.062 0.057 92.288
100 0.057 0.059 0.055 93.019

Table 7.6: Average True Positive Rate.

Arrest Cycles All Races All Races All Races BPS

Train/Test Train, Test Train, Test

Caucasian Afr. Amer.
0 0.935 0.931 0.939 99.123
1 0.942 0.939 0.944 99.544
3 0.940 0.937 0.941 99.551
5 0.944 0.941 0.945 99.624
7 0.942 0.939 0.944 99.488
10 0.945 0.943 0.947 99.496
15 0.942 0.940 0.944 99.568
20 0.942 0.939 0.944 99.470
40 0.947 0.944 0.950 99.353
60 0.943 0.940 0.945 99.467
80 0.941 0.938 0.943 99.495
100 0.943 0.941 0.945 99.565
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Figure 7.1: Bias Parity Score (BPS) by number of past arrest-release cycles ( 0, 1, 3,
5,7, 10, 15, 20, 40, 60, 80, 100 ).

Group 1: BPS-Avg. Accuracy, BPS-Avg. Negative Predicted Value, BPS-Avg.
False Omission Rate.

Group 2: BPS-Avg. False Negative rate, BPS-Avg. True Positive Rate, BPS-Avg.
FN-to-FP-ratio. Averages: Computed using 10 iterations of Monte Carlo cross-
validation.
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Figure 7.2: BP Scores by number of past arrest-release cycles ( 0, 1, 3, 5, 7, 10, 15,
20, 40, 60, 80, 100 ).

Group 3: BPS-Avg.False Positive Rate, BPS-Avg. True Negative Rate, BPS-Avg.
Positive Predictive Value, Avg.False Discovery Rate. Averages: Computed using 10
iterations of Monte Carlo cross-validation
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cycles and then dropped. In the second group (comprising FNR, TPR, and FN to
FP ratio), fairness (BP score) peaked at five arrest cycles and then dropped slightly,
while in the third group (comprising FPR, TNR, PPV, and FDR), fairness reached
close to highest performance again at five cycles and then stayed relatively constant.
These results suggest that we can use the desired balance of measures to pick the least
biased model for later use, In this case, since we will compare against systems that
largely evaluated their models in terms of FPR, FNR, TPR, and TNR, we selected
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our model with five prior arrest cycles for the comparison shown in Table [7.7, More

detailed discussion of the results and observations are provided in Sections[7.4]and [7.5]

Table 7.7: Performance evaluation comparative results with the same dataset.

Work ACC FPR FNR TPR TNR
Ozkan. et al. |1§] 77.8% 40.6% 05.4% 94.6% 59.4%
XGBoost Log.Reg. SVM SVM Log.Reg.
Zeng et al. [15] - 46.5% - 78.3 % -
Current Work 89.2% 37.8% 5.6% 94.4% 62.2%

BPS 994 BPS837 BPS939 BPS99.6 BPS 898

7.4 Performance Evaluation

To evaluate the overall performance of our model, we compare the performance
of our lowest bias model with the results of two previous papers that used the same
dataset.

The work by Ozkan [18] utilized six classifiers, namely, Logistic Regression,
Random Forests, XG-Boost, Support Vector Machines, Neural Networks, and Search
algorithms on the same dataset as used in this work. Just like Zeng et al. [15],
they used only the 1994 records for training and test purposes while we used all
arrests cycles for training and testing purposes. Zeng et al. [15] used rearrests as
representative of recidivism while [18] the current work uses reconvictions as indicators
of recidivism. Though the previous two works used some history, we use a more
detailed history that takes the rolling sum of 26 different types of crimes, substance

abuse and courses taken into consideration for each cycle.
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The work by Ozkan [18] achieved the best results for Accuracy using XGBoost
at 0.778, for FPR and TNR using Logistic Regression at 0.406 and 0.594, respec-
tively, and for FNR and TPR using SVM at 0.054 and 0.946, respectively. For our
comparison, we will use these best scores even though they are not achieved by one
consistent model and can thus not be achieved simultaneously by their system.

In contrast to the comparison data from Oskan, we used a single model for all
of the performance results for our model by picking the model with the lowest average
bias in all the comparison categories which turned out to be the one considering five
past arrest cycles. The classifier trained here is a single neural network as described
in Section and thus achieves all comparison results simultaneously. This model
achieved an accuracy of 0.892, FPR of 0.378, FNR of 0.056, TPR of 0.944, and TNR
of 0.622. Comparing this with Ozkan’s results shows that our model achieves signif-
icantly higher accuracy while obtaining better FPR and TNR, with approximately
equivalent FNR and TPR compared to their best values in each of the categories.

Zeng et al. [15], who were pursuing transparency rather than accuracy or
reduction of bias, achieved a mean five-fold cross-validation TPR and FPR of 78.3%
and 46.5%, respectively, while we achieved 94.4% and 37.8% for these metrics using a
10-fold Monte Carlo cross-validation, thus significantly improving in both measures.

Neither of the comparisons directly evaluated a single fairness score and their re-
sults are thus optimized irrespective of fairness across groups. To test that our model
can not only achieve better performance but also fairer predictions, we evaluated the
BP scores. The achieved BP scores of 99.4 for Accuracy, 83.7 for FPR, 93.9 for FNR,
99.6 for TPR, and 89.8 for TNR show that our system succeeded at obtaining high

levels of parity in all of the metrics. See Table for the complete comparison.
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7.5 Results and Discussion

We used a three-layer deep learning neural network on a recidivism dataset.
The dataset had more Caucasian records than African American records. However,
the African American offenders had more rearrests than Caucasians. As a result,
when we split the original offender 1994 release records that included up to 99 prior
and /or subsequent arrest records to create multiple records, each with a single arrest
and subsequent release information, there were more African American records than
Caucasian records. When we used neural networks to predict recidivism without each
prior arrest’s history being included in the records, the results had significant bias
embedded in them. The inclusion of information from past arrests increased accuracy
and reduced bias. We conducted experiments by including history information from
0,1, 3,5, 7,10, 15, 20, 40, 60, 80, and 100 past arrest cycle records. This increased
the accuracy and decreased the bias using the various given metrics. We used BP
Score for each metric for each of the given sets of experiments and found that for
most metrics, the model generated with the data using the past five arrest cycles’
information had the least bias. See Tables [LIHZ.6l for the detailed results of the
different models. If it was not the least bias, it was close to the least bias amongst
the given BP scores.

The results from processing the raw data without a prior history, even in the
absence of race, designates more recidivism labels to non-recidivating African Ameri-
cans (higher FPR) than to non-recidivating Caucasians (lower FPR). Furthermore, it
assigns fewer non-recidivating labels to recidivating African Americans (lower FNR)
and more non-recidivating labels to recidivating Caucasians (higher FNR). This trend
was reduced as we included a rolling sum of 26 types of individual crimes, substance
abuse, and courses and treatments taken during incarceration for 0, 1, 3, 5, 7, 15,

20, 40, 60, 80, and 100 past arrest records. We can determine if a classifier is fair
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by using the BP Score that compares metric values for the different subpopulations.
Only a practitioner can decide whether having a given BP Score, for example 90, for
all or a subset of the fairness metrics can be considered fair or the model needs to be
improved further. As the quality of data improves and the ethical standards of our
society are raised, we assume that society will continue to demand an ever-increasing
value of the BP score, until it is close to a near-perfect 100. The BP score can allow
a practitioner to identify bias in a model using different statistical measures, where
100 and 0 are the best and the worst values, respectively. In recidivism, high FPR
means more non-recidivists will have to languish in jail while a high FNR means that
society is at risk, because recidivists are being let out of jail. A parole officer may
decide to use BPS for both Accuracy and FPR above 90 and for FNR above 80. On
the other hand, a loan officer may use a minimum BPS for False Negative Error Rate
Balance (Equal Opportunity) [42, [72] for a model to determine the loan worthiness
of a client. Any new fairness measures that may evolve after this paper can also use
BP Scores to determine the bias embedded in models and choose the one with the
highest BPS or the least bias amongst the given models.

We plotted BP Scores for different metrics based on models created using differ-
ent numbers of past arrest cycle details (0, 1, 3, 5, 7, 10, 15, 20, 40, 60, 80, 100 prior
arrests). We saw our BP Scores fall into three groups as shown in Figure and :
Group 1 is comprised of BPS-Average Accuracy, BPS-Average Negative Predicted
Value, and BPS-Average False Omission Rate. This group experiences a steady in-
crease in BPS until around 40 past arrest cycles of information. This means that
considering long histories improve these metric values until only very few individuals
are in the long history category, upon which fairness suffers (BPS goes down). Group
2 consists of BPS-Average False Negative Rate, BPS-Average True Positive Rate, and

BPS-Average FN-to-FP-ratio (Treatment Equality). For these metrics, short histo-
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ries are beneficial but then have significant dips in BP scores with additional history.
This means that long histories can produce significant bias issues in Average False
Negative Rates, Average True Positive Rates, and Average False Negative to False
Positive Rates (Treatment Equality). Group 3 is comprised of BPS-Average False
Positive Rate, BPS-Average True -Negative Rate, BPS-Average Positive Predictive
Value, and Average False Discovery Rate. These show similar effects as Group 2 early
on. This group shows a rapid increase in BP score by adding a little bit of history but
is then largely unaffected when increasing the history further. As a result of looking
at the BP scores, especially for Group 2, we chose the model created with information
from five past arrest cycles. This model minimizes bias reflected in most metrics used
in this work. A decision maker can use BPS similarly. Averages have been calculated

using 10 fold Monte Carlo cross-validation.

7.6 Limitations

We have used the “Recidivism of Prisoners Released in 1994”7 [60] dataset and
our work is limited by the data provided in it, which in turn is limited by the time
frame for which data is captured. Prisoner records for up to 1997 (and in some cases
beyond 1997) have been included in the dataset. We have utilized all of these in our
experiments. It is possible that a number of individuals committed crimes after 1997
but their criminal activities were not included in the dataset. Additionally, race is
stored in our dataset as a discrete value. We have accordingly assumed racial dis-
jointness of the offenders, as done in substantial amounts of the related literature,
including 25} [15, |18, |10] and many more. However, demographic groups intersect and
it is likely that mixed-race offenders are recorded as only one of the races. Further-

more, we use re-conviction as an indicator of recidivism, as opposed to using re-arrest,
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as frequent re-arrest could be indicative of human bias. However, if there was human

bias in the reconviction decisions, algorithmic decisions will embody them, too.

7.7 Conclusions

In this chapter, we used a three-layered neural network classifier to train a
recidivism predictor and computed several statistical measures (defined in Section
for a recidivism dataset and demonstrated how these can be used to compute the
fairness of a prediction model. We introduced a new metric called BP score, which
quantifies the bias in models and allows easy comparison of model results to identify
the one with the least bias. The original recidivism dataset was comprised of one
record per offender, where each record was a 1994 release record and included up to 99
prior and /or subsequent arrest-release records in each record. We used each record to
mint multiple records, each comprised of a single arrest and subsequent release event.
We then made multiple models, enriched with features containing different numbers
of past arrest cycles and related offenders’ criminal history, substance abuse history
and any courses or treatments taken during incarceration. We demonstrate that
by adding personal history we could increase prediction accuracy and measurably
decrease bias. We demonstrate how to use BP score to measure reduction in bias
using any of the statistical measures described in the paper. Using the metric BP
score for the demonstration of the quantitative measure of the reduction of bias using
one number is an important contribution of this paper because BP score can be used
to compare bias embedded in multiple models and can be used with any underlying
statistical measure. Using past history to increase prediction accuracy and decrease
bias is important because similar techniques can be applied to applications in many
domains like dating, loan application acceptance, hiring, granting parole, insurance

coverage, and medical diagnosis as each of these have related history.
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7.8 Future Work

As machine learning-based decision support systems continue to be deployed in
many domains, the bias and fairness of their results have become significantly perti-
nent for our world. As a result, the need to alleviate bias in the resulting predictive
models has become increasingly important to keep our world fair. The impact of
our work is very broad and can be applied in multiple areas such as medical diag-
nosis, loan application acceptance, dating, hiring, etc. Furthermore, many sensitive
attributes such as gender, race, age, income, weight, zip code, mental health status,
etc. [10, 9] can influence the unfairness in prediction results. Their effects in different
domains can be studied and mitigated with the methodology used in this work. In
the current chapter, we developed an approach to adding history to the input vector
that increased accuracy of prediction models. Yet another contribution of the current
chapter is the fairness measure BP score that can be used to quantify bias in the
prediction models for different statistical measures. Both of these lead us to multiple
directions of future work.

So far we have applied the approach to predict total crimes. Using the enriched
recidivism dataset we could predict the three most serious crimes committed after
release on parole as the current dataset stores three most serious crimes committed
in each arrest-release cycle. This would allow more detailed predictions and should
be followed up by measuring bias in these enhanced prediction models.

When making more complex predictions for different crime categories, it might
become important to develop new measures to measure the accuracy of multiple types
of concurrent crimes (outcomes) in the prediction model that could also consider the
severity of the individual crimes. This should be followed up by creating correspond-
ing models, verifying their accuracy and efficacy, and evaluating the presence of bias

in them.
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While the current work uses the BP scores to select a model, it does not use
them to modify the training of the model. To address this we will in the next chapter
develop different BP Score-based loss functions, namely FPR-BPS, FNR-BPS, TPR-
BPS, TNR-BPS, FPR-FNR-BPS, and TPR-TNS-BPS, to train models with multiple
recidivism-based datasets. The bias in the resulting models will be measured using
BP Scores for the pertinent statistical measures to see if even better models can be
achieved when explicitly pursuing fairness during training.

We could apply similar techniques to first enrich datasets from dating, hiring,
medical diagnosis, and other domains, followed by measuring bias in these models
with BP score. Similarly, we could consider applying these techniques in the context
of a broader range of potential factors for bias, using them to reduce age, income,

weight, zip code, or mental health status-based bias in other domains.
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CHAPTER 8

Increasing Fairness in Predictions Using Bias Parity Score Based Loss Function

Regularization

8.1 Introduction

The use of automated decision support and decision-making systems (ADM)
[53] in applications with direct impact on people’s lives has increasingly become a
fact of life, e,g. in criminal justice |75, 35, 10|, medical diagnosis [75, |1], insurance
[6], credit card fraud detection [76], electronic health record data [77], credit scoring
[78] and many more diverse domains. This, in turn, has lead to an urgent need for
study and scrutiny of the bias-magnifying effects of machine learning and Artificial
Intelligence algorithms and thus their potential to introduce and emphasize social
inequalities and systematic discrimination in our society. Appropriately, much re-
search is being done currently to mitigate bias in Al-based decision support systems
[1, 75, (54} |49, 52, 138].

Bias in Decision Support Systems. As our increasingly digitizing world
stows away more data with the passing of each day, more and more decision mak-
ers are using Al based decision support systems. With this, the need to keep the
decisions of these systems fair for people of diverse backgrounds becomes essential.
Groups of interest are often characterized by sensitive attributes such as race, gen-
der, affluence level, weight, and age to name a few. While machine learning based
decision support systems do often not consider these attributes explicitly, biases in
the data sets, coupled with the used performance measures can nevertheless lead to

significant discrepancies in the system’s decisions. For example, many minorities have
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traditionally not participated in many domains such as loans, education, employment
in high paying jobs, receipt of health care. This can lead to unbalanced datasets as
the minority-based data may be combined with the majority sensitive attribute-based
data. Similarly, some domains like homeland security, refugee status determination,
incarceration, parole, loan repayment etc., may be already riddled with bias against
certain subpopulations, even in the absence of Al based decision support system.
Human bias seeps into the datasets used for Al based prediction systems which, in
turn, amplify it further. Thus, as we begin to use Al based decision support system,
it becomes important to ensure fairness for all who are affected by these decisions.
Contributions. We propose a technique that uses Bias Parity Score (BPS)
measures to characterize fairness and develops a family of corresponding loss func-
tions that are used as regularizers during training of Neural Networks to enhance
fairness of the trained models. The goal here is to permit the system to actively
pursue fair solutions during training while maintaining as high a performance on
the task as possible. We apply the approach in the context of six fairness measures
based on parity across groups and investigate multiple loss function formulations and
regularization weights in order to study the performance as well as potential draw-
backs and deployment considerations. In these experiments we show that, if used
with appropriate settings, the technique reduces bias in the models and outdoes the
cross-entropy alone loss function mode on two recidivism related datasets as well as
on a commonly used Adult Income dataset in terms of accuracy, false positive rate,
false negative rate, true positive rate, and true negative rate. By using these Loss
functions, we were able to measurably reduce bias in the recidivism results for the
two race-based cohorts and demonstrate on the gender-based Adult Income dataset
that the proposed method, for appropriate choice of regularization loss function, can

outperform state-of-the art techniques aimed at more targeted aspects of bias and
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fairness. In addition, we investigate potential divergence and stability issues that can
arise when using these fairness loss functions, in particular when shifting significant
weight from accuracy to fairness.

In the work presented here, we utilize a quantitative measure of parity as our
concept of fairness in the form of Bias Parity Score applied to metrics that include

FPR, FNR, TPR, TNR, and FPR, as well as combinations thereof.

8.2 Notation

In this chapter we will present the proposed approach to actively improve fair-
ness in the context of trained Neural Network models largely in the context of class
prediction tasks with groups of interest indicated by a binary sensitive attribute. How-
ever, the approach can easily be extended to multi-class sensitive attributes across
which fairness is to be enforced as well as to regression tasks, both of which will be
briefly discussed. For the description of the approach in the context of our primary
prediction domain, we use the following notation to describe the classification problem
and measures to capture group performance measures to be used to assess prediction
bias:

For each element of the dataset, D = {(X,A,Y);}, each data point is repre-
sented as an attribute vector (X, A), where X € R? represents the quantified features
of each element in the dataset, and A € {0,1} is the binary sensitive attribute indi-
cating the group the data item belongs to. C' € {0, 1} where C' indicates the value of
the predicted variable, and Y € {0,1} is the true value of the target variable in the
training set.

To obtain fairness characteristics, we use parity over statistical performance

measures, m, across the two groups indicated by the sensitive attribute, where m(A)
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indicates the measure for the subpopulation where the sensitive attribute A = 1, and
m(A") representing the measure for the subpopulation where A = 0.

Since this chapter will introduce the proposed framework in the context of
binary classification prediction, the fairness related performance measures used here
will center around different elements of the confusion matrix and in particular False
Positive Rates, False Negative Rates, True Positive Rates, and True Negative Rates.
In the notation used here, these metrics as well as the corresponding measures can
be represented as:

False Positive Rate: P(C=1]|Y =0).
mppr(A=0)=P(C=1]Y =0,4A=0)
mppr(A=1)=P(C=1]Y =0,A=1).

False Negative Rate: P(C=0|Y =1).
mpyr(A=0)=P(C=0|Y =1,A=0)
mrnr(A=1)=P(C=0]Y =1,A=1).

True Positive Rate: P(C=1]|Y =1).

mrpr(A=0)=P(C=1|Y =1,A=0)

mrpr(A=1)=P(C=1|Y=1A=1).
True Negative Rate: P(C=0]|Y =0).

mryr(A=0)=P(C=0]|Y =0,A=0).

mryr(A=1)=P(C=0]|Y =0,A=1).

Strict parity in any of these or similar measures is achieved when the measure
for both groups are identical, i.e. if m(A) = m(A’).

Definitions of Fairness. Current literature on fairness recommends several
formal concepts of fairness which require that one or more demographic or statisti-
cal properties are held across multiple subpopulations in the corpus. Demographic

parity, also referred to as statistical parity, mandates that the decision rates are inde-
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pendent of the values of a sensitive attribute that represents membership of different
subgroups [54, 48, [55, [56]. For binary classification problems this is often mathemat-
ically represented as P(C' = 1|A = 0) = P(C = 1|A = 1), where C' € {0, 1} is the
decision made by the system. This, criterion, however, makes an underlying equal-
ity assumption between the subpopulations which might not hold for all problems.
To address this, several recent works [53] focus on error rate balance where fairness
requires subpopulations to have equal False Positive Rates (FPR) or equal False Neg-
ative Rates (FNR) or both. Another commonly used parity condition is equality
of odds which commands equal True Positive Rate (TPR) and equal True Negative
Rate (TNR). While perfect parity as a constraint would be desirable, it often is not
achievable and thus quantitative measures representing the degree of parity have to
be used [57]. Refer to [43, 40, |L1] for a more complete recent survey of computational
fairness metrics.

In the work presented here, we utilize a quantitative measure of parity as our

concept of fairness in the form of Bias Parity Score applied to metrics that include

FPR, FNR, TPR, TNR, and FPR, as well as combinations thereof.

8.3 Approach

As indicated above, achieving increased fairness or reduced bias in decision sup-
port systems is an important property and a range of techniques have been proposed
to measure fairness. The work presented here is aimed at providing a framework
to allow a deep learning-based prediction system to learn fairer models for known
sensitive attributes by actively pursuing improved fairness during training. For this,
we first need a quantitative measure of fairness that can be widely addressed. We
propose to use the Bias Parity Score (BPS) which evaluates the degree to which a

common measure in the subpopulations described by the sensitive attribute is the
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same. Based on this fairness measure we then derive a family of corresponding loss
functions that are differentiable and can thus be used as part of the training loss

function as a regularization term in addition to the original task performance loss.

8.3.1 Bias Parity Score (BPS)

In machine learning based predictions, bias is the differential treatment of ”simi-
larly situated” individuals. It manifests itself in unfairly benefitting some groups while
posing others at an unfair disadvantage 79} |25, 10, |15, 29} |35, [18]. Bias in recidivism,
for example, may be observed in a higher FPR accompanied by lower FNR for one
subgroup which implies that individuals in this subgroups are more often incorrectly
predicted to reoffend and thus denied parole, putting them at an unfair disadvantage.
Similar bias may be observed when predicting whether to invite job candidates for
interviews or making salary decisions, resulting in preferential hiring opportunities or
salary offers to one cohort and the opposite for another cohort.

To capture this, the relevant property can be captured as a measure and parity
between subgroups can be defined as equality for this measure. In this work we
capture the similarity of the measures for the subgroups quantitatively in the form
of Bias Parity Score (BPS) as introduced in Chapter |7l and published in [57]. BPS is
a fairness measure that helps us quantify the bias in a predictive model in a single
number. Given that ms(A = 0) and ms(A = 1) are the values of any given statistical
measure, s, for the sensitive and non-sensitive subpopulations, respectively, BPS can

be computed as:

min(ms(A =1),ms(A =0))
mazx(mg(A=1),m,(A=0))

where the multiplication factor of 100 leads to a percentage measure, making

BPS, = 100 (8.1)

it easier to read.
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A BPS of 100 represents perfect parity and thus the highest possible degree of
fairness while a BPS of 0 represents maximal bias between the groups. BPS of any
statistical measure is thus the ratio of that statistical measure between the two groups.
The smaller and the greater statistical measure values are used in the numerator and
the denominator, respectively, to compute a symmetric measure for two groups. BPS
provides us with a universal fairness measure that can be applied to any property
across subgroups and to evaluate fairness in any predictive model generated using
any given machine learning classifier.

We here defined BPS in terms of a binary sensitive attribute, i.e. in the context
of fairness between two groups. While this is the case we will investigate in this
dissertation when evaluating the benefits of translating this to loss functions and using
it to train a Neural Network predictor, this fairness measure can relatively easily be
expanded to a situation with a multi-valued sensitive attribute A € {aq,...a;} in a

form such as:

@ mzn(ms(A = ai)v ms())

BPS, = kE mazx(ms(A = a;), mg())

aq

where my() is the value of the underlying measure for the entire population and
thus measures fairness as the average bias of all classes compared to the population
average. Similarly, the worst bias of any class could be used instead of the average.

Even though, BPS can be used for many statistical measures as described in
Chapter [7] [57] we will use it for evaluation purposes here with False Positive rate
(FPR), False Negative rate (FNR), True Positive rate (TPR), and True Negative rate
(TNR) as these are often used for classification systems. In addition we will utilize
it on prediction rate to obtain a BPS equivalent to quantitative statistical parity in

order to facilitate comparisons with previous approaches in the Adult Income domain.
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8.3.2 BPS-Based Fairness Loss Functions

While BPS scores of statistical entities such as FPR represent a measure of
fairness, it does not lend itself directly to training a deep learning system since it
is not generally differentiable. To address this, we need to translate the underlying
measure into a differentiable form and combine it into a differentiable version of
the BPS score that can serve as a training loss function. As we are using FPR,
FNR, TPR, and TNR here as measures we first have to define continuous versions
of these functions. For this, we build our Neural Network classifier to have a logistic
activation function as the output (or a softmax if using multi-attribute predictions),
leading, when trained for accuracy using binary cross-entropy to the output, y, of the
network to represent the probability of the positive class, y = P(Y = 1|X, A). Note
that in the experiments performed, we will withhold the sensitive attribute from the
input of the classifier and thus practically y = P(Y = 1|X) in our experiments. Using
this continuous output, we can redefine a continuous measure approximation mcs()

for FPR, FNR, TPR, and TNR as:

Z(X AY);:A;=k,Y;=0 Yi
mce A=k)= S e
FPR( ) Z(X,A,Y)i:Ai:k Yi

DX, AY) A=k, v;=1(1=¥i)
mcFNR(A = ]{) = S Lt 1(1_ )

(X,A,Y);:A;=k\ LT Yi (8 2)
me (A o ]C) o Z(X,A,Y)i:Aizk,Yizl Yi
TPR 2U(X,AY) A=k Vi

X, ALY A=k, v;—0 (1Y)

chNR(A = l{) = Lt L

22(x,Av);: A=k (1=¥i)
It is important to note that this is not equal to mg() as it is sensitive to devia-

tions in the exact prediction probability, for example if the output changes from 0.6
to 0.7 the continuous measure, mcg(), changes while the full measure, mg(), would

not change since both would result in the positive class.
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To reduce this discrepancy, we designed a second measure approximation, ms,(),

1
1+e=%?

that uses a sigmoid function, S(x) = to more closely approximate the full sta-

tistical measure by reducing the occurrences of intermediate prediction probabilities:

22X, A, ) A=k, v;=0 S (¥i—0.5)
ms A=k)= e
rP ) 2o(x,A,y) 4=k S (¥i—0.5)
(XA Y )4 =k, v =1 S (0-5—i)
mspnr(A = k) = = S
(X,A)Y);:A;=k O=Yi (83)

. (X, AY) A=k, y;—1 S(¥i—0.5)

mSTpR(A =k)=

) 2o(x, A,y A=k S(¥i—0.5)
) (X, ALY A=k, Y;—0 5(0.5—yi)
do(x,AY ) A=k S(0.5—y:)

msryr(A =k
In the same way sigmoided versions of the measures can be derived for the other
statistics.
Once measures are defined, a continuous approximation for BPS fairness for
both the continuous and the sigmoided measures can be defined as

_ min(mes(A=1),mecs(A=0))
BPSCS " maz(mcs(A=1),mcs(A=0))
)

(8.4)

(
_ min(mss(A=1),mss(A=0)
BPSSS "~ maz(mss(A=1),mss(A=0))
These, in turn can be translated into loss functions that can be used during
training by inverting them, and further expanded by allowing to weigh the importance

of small biases versus large biases by raising the loss to the k' power which depresses

the importance of fairness losses close to 0 (i.e. when the system is almost completely

fair).

LFc( = (1 — BPS¢,)"
(sh) = ( ) (85)

LFs(s) = (1 — BPSs,)"
These loss functions are continuous and differentiable in all but one point,
namely the point where numerator and denominator are equal and thus in the min-

imum of the loss function. This, however, can be easily addressed in the training

algorithm when optimizing the overall loss function.
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8.3.3 Fairness Regularization for Neural Network Training

The approach proposed in this dissertation is aimed at training Neural Network-
based deep learning classifiers to obtain more fair results in decision support systems.
The tasks we are addressing here are classification tasks with a goal of achieving
high accuracy predictions that are also fair. The underlying task is thus maximizing
accuracy which is commonly encoded in terms of a binary cross entropy loss function,
LFpcE.

Starting from this, we utilize the fairness loss functions derived in the previous
sections as regularization terms resulting in an overall loss function, LF'c¢ and LF's

for continuous and sigmoided fairness losses, respectively:

LFC(O_Z, /2) = LFpcr + Zsz’ aiLFc(si:kl) (8 6)

LFs(d,k) = LFpcr + Y., aiLFs(s, 1)

where @ is a weight vector determining the contribution of each of the dif-
ferent fairness loss functions to the fairness regularization, k is a vector of powers
to be used for each of the fairness losses, and s is the vector of the 4 loss metrics,
< FPR,FNR,TPR,TNR >. Setting an «; to 0 effectively removes the correspond-
ing fairness criterion from the loss function.

These loss functions can be used to train a Neural Network classifier where
different values for &, /2, and the choice of sigmoided vs continuous loss puts different

emphasis on different aspects of the underlying fairness characteristics.

8.4 Experiments

To study the applicability of the proposed use of fairness losses as regularization
terms, we conducted experiments on three differnt datasets, two in the the recidivism
domain and one in income prediction domain, and analyzed the behavior and effects

of different function and weight choices.
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8.4.1 Datasets

D1: Dataset 1 is the main dataset used in this study and has been previously
used in our experiments in Chapter [4] It is the raw data from the study“Criminal
Recidivism in a Large Cohort of Offenders Released from Prison in Florida, 2004-
2008 (ICPSR 27781)” [58|. This dataset is described in Chapter |3| and available in
the ICPSR repository. [[| It is based on the information provided by Florida De-
partment of Corrections (FDOC) and the Florida Department of Law Enforcement
(FDLE) [59]. It is comprised of 156,702 records distributed in a 41:59 ratio of re-
cidivists to non-recidivists records. This ratio of our two underlying subpopulations
is 34:66 for Caucasians and 46:54 for African Americans which makes it very un-
balanced between these groups and leads to significant bias in traditional recidivism
prediction approaches. In each crime category, the dataset has a higher propor-
tion of non-recidivists Caucasians than African Americans. The dataset covers six
crime categories and provides a large range of demographic features, including crime
committed, age, time served, gender, etc. We employed one-hot encoding to treat
categorical features and trained our system to predict whether an offender would be
reconvicted within the next 3 years.

D2: Dataset 2 is a secondary dataset described in Chapter [3| and has been
used in Chapters in this dissertation. In this chapter we mainly utilized the
less balanced Dataset 1 but used Dataset 2 for this study to validate results from
Dataset 1. This dataset ensued from the “Recidivism of Prisoners Released in 1994”
study [60]. It contains data from 38,624 offenders that were released in 1994 from one
of 15 states in the USA. This is a very comprehensive dataset in the recidivism domain
that contains up to 99 pre and post 1994 criminal history records , treatments and

courses taken by offenders while they were still in prison. As described in Chapter [6]

'https://wuw.icpsr.umich.edu/icpsrweb/NACID/studies/27781
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and [7| (and published in [35] |57]), each of the 38,624 records was split to create one
record per arrest cycle and treat each arrest cycle as a point in time for a parole
decision to be made. Any subsequent relapse into criminal ways was used to label
records for recidivism. This process resulted in approximately 442,000 records that
use demographic and history information to predict reconviction. This dataset is
significantly more balanced between the two underlying subpopulations, allowing us
to verify effects identified in Dataset 1 in a dataset with different characteristics.
D3: Dataset 3 is the UCI Adult dataset or “Census Income” dataset [62] de-
scribed in Chapter [3] a dataset extracted from the 1994 census data includes input
variables such as age, occupation, education, race, sex, marital-status, native-country,
hours-per-week etc. and indicates income exceeding $50K /year or not. This dataset
is also a demographic dataset and is used to evaluate bias mitigation techniques for

gender-based inequities.

8.5 Performance Evaluation using Recidivism Data
8.5.1 Constructing Neural Networks

For the two recidivism datasets and all settings of the fairness regularization,
we trained neural networks with 2 hidden layers with 41 units in each of them. Each
input and hidden layer was followed by ReLU activation function and dropout [80]
with 10% probability. This was followed by Batch Normalization of each layer. Batch
Normalization makes the optimization smoother [81]. The output layer had 1 unit
which used a logistic output function as indicated previously. We tuned various
hyper parameters to select a batch size of 256 and 100 epochs and trained our neural
network model using the Adam [64] optimization algorithm for stochastic gradient

descent. While training each parametrized model, we saved it only if its accuracy
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improved over the one created in the previous epoch iteration. The size, structure,
and hyperparameter settings of the network was chosen based on experience in the

work presented in the previous chapters. another work with these datasets.

8.5.2 Evaluation Study

To assess the operation of and evaluate the characteristics of the proposed
fairness loss regularization in the context of the recidivism datasets with race-based
fairness criteria, we conducted experiments with 6 setting for the measures used in
the fairness for both continuous and sigmoided loss functions, employed 4 different
exponents for the continuous case, and ran experiments for 10 different weight settings
for the degree of influence of the fairness regularization. In particular, we chose
settings that used each of the 4 statistics individually as well as ones that used FPR
and FNR or TPR and TNR simultaneously with equal weights. Weights a were varied
between 0.1 and 1 in steps of 0.1, and for the continuous loss functions, powers of 1,
2, 3, and 4 used to train networks. The same experiments, except only using a power
of 1 was repeated with sigmoided loss functions. The goal here was to be able to
compare the effects of different settings on the behavior of the system both in terms
of accuracy achieved of the final model, the resulting fairness, and the stability of the
solution. The Baseline model used only BCE loss and no fairness regularization.

To capture the impact of training variance on these models, Monte Carlos cross
validation with 10 iterations was conducted for each of the setting and the means of
the individual metrics for the resulting models are reported here to increase reliability
of any conclusions drawn and reduce the chance of outliers. In addition, stability of
the resulting solutions was evaluated using the variance across the 10 training runs.

To study the effects, both BPS and loss function values were recorded and evaluated.
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8.5.3 Results and Discussion

The goal of the set of experiments conducted here is to evaluate whether the
proposed approach to active fairness training in deep learning systems through fair-
ness regularization can achieve the desired goal and to evaluate the effect of different
loss function and regularization weight choices on the performance both in terms of
accuracy and fairness. To perform this study in the context of recidivism we utilized

mainly Dataset 1 due to its higher imbalance and studied the effect of different as-

pects of the loss function design in Sections|8.5.3.1} [8.5.3.2, and [8.5.3.3l We then used

Dataset 2 to validate some of the results on a more balanced dataset in Section[8.5.3.4]

Measuring Bias in Results: After conducting the experiments, we investigated
the effect of the loss functions by studying prediction results’ characteristics for resid-
ual bias and measured these by computing the Bias Parity Score for the four main
statistical measures, FPR, FNR, TPR, and TNR, as well as Bias Parity Score for
Accuracy. In addition we recorded Accuracy as well as the values for BCE loss and
for each of the fairness loss functions used in the respective experiment. This allowed
us to analyze effects of loss function choice and parameter settings on performance
both in terms of the internal operation of the approach (i.e. loss functions) and of

the desired performance metrics (Accuracy and BPS scores).

8.5.3.1 Applicability and Effect of Regularization Weight

To study the basic performance of the system as well as the effect on fairness
and accuracy, a set of experiments were conducted for each of the six continuous
fairness measures in the linear case (i.e. with a power of 1). In these experiments,
the regularization weight was increased step-wise, starting from the Baseline with no
regularization (o« = 0) and moving to equal contributions of BCE loss and regular-

ization (o = 1). Figure shows the average BPS scores, accuracy result, and loss
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function values as a function of the regularization weight, o. Values for Accuracy and
Loss functions are multiplied by 100 to be in the same scale as BPS scores. In this
figure, results for LF'c(ppr1), LFc(rnr,), and LFcpyr1) + LFcppr,1) experiments
are shown. Behavior for LFcirpr1), LFcrnr1), and LEcrpr1) + LEcryr1) was
similar.

Figure 8.1: BPS Measures, Accuracy, and Loss function values as a function of reg-

ularization weight, a, for LF'¢(ppr1) regularization (top-left), LFcpng,) regulariza-
tion (top-right), and LFc¢(ppray + LFc(pnr,1) regularization (bottom).
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In all of the cases, these graphs show that introducing the fairness regularization
loss immediately leads to an increase in the corresponding BPS score, and thus the
corresponding fairness measure, while only very gradually decreasing accuracy of the
prediction model as the influence of the fairness loss increases. This demonstrates
the viability of the proposed technique to obtain more fair prediction models for
decision support systems without destroying task performance. Moreover, in this
case, regularization for one statistic also yields improvement in the other statistics,
at least initially, which can be explained with the close relation of FPR, FNR, TPR,
and TNR in the context of accuracy as a performance metric.

However, the experiments with the three different loss functions also show some
important differences that give important information regarding important consider-
ations when determining regularization weights. In particular, while the experiments
with LEcpyry) and LFcpyr1) + LFcrpr,) show a relatively steady increase in
fairness as the regularization weight is increased, the case of LFc(rpg1) shows that
after an initial strong increase in fairness, the fairness measure encoded in the reg-
ularization loss function, BPScppg, starts to decrease and finally collapse once the
regularization weight, a;, exceeds 0.2. At the same time it can be observed that the
regularization loss, LF'c(ppr,1), continues to decrease, showing a decoupling between
the core fairness measure and the loss function at this point. The reason for this
discrepancy is that in order to obtain a differentiable loss function it was necessary
to interpret the network output as a probabilistic prediction and thus the loss func-
tion can be improved by changing the output y; from 0.4 to 0.3 which has no effect
on the actual fairness measure. Decreasing the output for one negative item from
0.4 to 0.1 while simultaneously decreasing an output for a positive data item from
0.51 to 0.49 here represent an improvement in loss function value while reducing the

corresponding fairness BPS as the second item classification became incorrect.
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8.5.3.2 Sigmoided Loss Function

One way to address the decoupling of the loss function from the fairness measure
is the use of the proposed sigmoided fairness loss function which aggressively moves
metric values for the loss function towards 0 and 1. Figure 8.2 shows the results for
the corresponding cases to the previous section but using the sigmoided version of

the fairness loss function for LF'szyr1), LES(rpr1), and LF'spyr1) + LES(Fpr1).-

Again BPS values, Accuracy, and loss function values are shown.

Figure 8.2: BPS Measures, Accuracy, and Loss function values as a function of regu-
larization weight, «, for sigmoided loss functions LF'sppp 1) regularization (top-left),
LFspng1y regularization (top-right), and LFsppr1y + LFspng1) regularization

(bottom).
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While these results when compared to the linear results in Figure([8.1]as expected
show less of a decoupling between loss function and fairness (except between the
baseline and the first result with regularization weight of 0.1), tend to impose higher
levels of fairness earlier, and maintain fairness more reliably throughout the full range
of regularization weights, the results also show a stronger degradation in accuracy and,
when looking at the regularization loss function for higher weights also exhibit strong
signs of instabilities, reflected in significantly increased variances across the 10 runs
used in these results. This implies that while there are advantages in terms of how
well the sigmoided loss function represents fairness, optimizing these regularization
functions is significantly harder for the algorithm due to much steeper gradients,
leading to less stable convergence. When choosing between these two options it is

thus important to consider this tradeoff and to have ways to monitor gradient stability.

8.5.3.3 Effect of Loss Function Power

Another way to modify the effect of the regularization losses is to increase the
power of the loss function. Raising the power will reduce the impact of small amounts
of bias near a fair solution while increasing importance of the fairness measure if
fairness losses are high. The goal here is to reduce small changes near the solution and
thus to reduce the small scale adjustments most responsible for divergence between
fairness and corresponding loss function. Figure 8.3 shows the effect of different
powers for the continuous loss function LF¢(ppg k) for powers k or 1, 2, 3, and 4. This
was the example in the initial, linear experiments where a strong decoupling between
loss function and fairness metric occurred. This pattern can also be observed with
Dataset 3 in [R5 and B.6] and discussed in more detail in Section [R.6] below.

These graphs show that as the power of the loss function increases, the improve-

ment in fairness becomes smoother and the loss function and fairness measure diverge
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Figure 8.3: BPS Measures, Accuracy, and Loss function values as a function of reg-
ularization weight, «, for different powers of the continuous loss function functions
LFcppr,) regularization (top-left), LFcpppr o) regularization (top-right), LFc(ppr,3)
regularization (bottom-left), and LFc(ppg.4) regularization (bottom-right).

less and significantly later. However, the graphs also show that a significantly larger
regularization weight is required to optimize the function with a higher power loss
function, with the power 4 experiment not reaching the best fairness even at a weight
of « = 1. While this is not a problem in this case as the fairness loss function is
relatively low, it might become a problem in datasets where fairness loss is inherently
larger, thus over-emphasizing the effect of fairness. The best performance here seems

to be achieved with power 3.
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8.5.3.4 Effects in More Balanced Data

Dataset 1, as described before, contains relatively biased data, reflected in the
initially relatively low fairness scores in the range of 70 - 80. Also, this dataset only
contains relatively basic attributes, thus limiting achievable accuracy to around 65%.
Due to this, this dataset offers relatively significant room for improvement in fairness
without significant deterioration in accuracy. To see if similar benefits can be achieved
in the context of a less biased and significantly richer dataset, the experiments were
repeated on the Dataset 2. In this dataset initial fairness in the baseline case is
closer to 90 and accuracy reaches 89%. To see how similar loss function settings
work in this case, Figure [8.4] shows the results for the best settings for Dataset 2
for both continuous and sigmoided loss functions for the FPR -based reguarization.
In particular, it shows the continuous case with power 3, LF's(rpr3) and the basic

sigmoided case of LF's(rpr,1)-
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Figure 8.4: BPS Measures, Accuracy, and Loss function values as a function of regu-
larization weight, o, for Dataset 2 with LFc(ppg ) regularization (left), and sigmoided
LFs(ppp,1) regularization (right).
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These results show that even for the less biased dataset where improvement in
fairness is more difficult to achieve, the proposed regularization method is successful
at increasing the desired fairness characteristic without a dramatic drop in accuracy.
However, while in the first dataset an increase in fairness in one metric tended to go
hand in hand with increases in fairness in the other metrics even though they were
not explicitly used as part of the training, this effect does not occur in Dataset 2.
In order to improve fairness in one metric in this less biased dataset, application of
the corresponding loss function, while leading to improvement in that fairness metric
yields degradations in others. This is not entirely unexpected here as the smaller

amount of improvement potential is bound to require more tradeoffs.

8.6 Performance Evaluation using Dataset 3

To demonstrate that the applicability and results for the proposed fairness
approach extend beyond the recidivism domain and race-based bias, as well as to
be able to compare overall performance with other state of the art approaches, we
applied our approach on Dataset 3 and compared the results with those published in
[44) 144] 182, 134, 83]. To do these comparisons we again evaluated effects of different
settings in the loss functions but also experimented with multiple Neural Network

architectures and certain data pre-processing methods, including data normalization.

8.6.1 Neural Network Architectures

To determine the best network architecture we experimented with a number of
hyperparameters, varying the number of layers, the number of units in each layer,
the activation functions used in the hidden layers, and the drop out rate to find
the architecture with the highest accuracy. As a result of this, we developed two

architectures that were used in the experiments.
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Architecture 1: The first architecture was directly derived from the ones
used for recidivism datasets and was comprised of two hidden layers, each with ReLU
activation function and 108 neurons.

Architecture 2: The second architecture was modified based on experiences
with the Dataset 3 and was comprised of two hidden layers, each with leaky ReLLU
activation function but 108 and 324 neurons respectively.

The main considerations in the design of the second architecture was the achieved
accuracy when trained without any fairness considerations, representing a slight im-
provement in that condition from the baseline accuracy of 84.5% for Architecture 1

to a baseline accuracy of 84.747% for Architecture 2.

8.6.2 Results and Comparison

8.6.2.1 Effect of Loss Function Parameters

Varying loss function weights, continuous vs sigmoided loss functions, and loss
function powers in the context of the Dataset 3 yielded very similar observations
as in the case of the recidivism datasets as shown by the graphs in Figure for
Architecture 1 and Figure [8.6] for Architecture 2.

The figures here show the results for different powers (1, 2, 3, and 4) using
positivity rate (P(C' = 1]X)) as the underlying measure which, as a BPS score cor-
responds to a BPS version of the Statistical Parity fairness measure. As in previous
experiments, increasing the power reduced decoupling between the loss function and
the BPS score and led to smoother improvements. Additional studies with sigmoided
loss function on Dataset 3 further demonstrated the same behavior as for the recidi-
vism datasets, demonstrating the generality of the proposed framework. In this case,

however, power 4 on continuous loss functions seemed to achieve the best results.
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Figure 8.5: BPS Measures, Accuracy, and Loss function values as a function of reg-
ularization weight, «, for LFc(grp;) regularization (top-left), LF c(sTp2) regulariza-
tion (top-right), LFcsrpg) regularization (bottom-left), and LFc¢grpa) regulariza-
tion (bottom-right). Architecture 1.

Architecture 1: ReLLU Activation Fn. in the 2 hidden layers having 108 neurons each.
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Figure 8.6: BPS Measures, Accuracy, and Loss function values as a function of reg-
ularization weight, o, for LFc(gpp) regularization (top-left), LFcsrpg2) regulariza-
tion (top-right), LFc(srpg) regularization (bottom-left), and LF'c(grpa) regulariza-
tion ((bottom-right)) Architecture 2: leaky ReLU Activation Fn. in the 2 hidden
layers having 108 and 318 neurons respectively.
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8.6.2.2 Effect of Architectures on D3 Dataset

. We used two architectures for our experiments: Architecture 1 and Archi-
tecture 2. These were selected after tuning hyperparameters like number of neurons,
number of epochs, weights associated with the loss function and the loss function
itself. Architecture 1, was comprised of two hidden layers, each with ReLLU activation
function and 108 neurons. Architecture 2, was comprised of two hidden layers, each
with leaky ReLU activation function but 108 and 324 neurons. Both architectures
produced very similar patterns as were shown with Dataset 1 and Dataset 2 too.
However, Architecture 2 improved BPS scores further as shown in and 8.6 In
particular, Architecture 2 achieved slightly higher accuracy at the same level of BPS

score and was thus chosen for comparison experiments.

8.6.2.3 Comparison with State of The Art Results

To compare the approach proposed here to previous work, we compared to the
recent results to Zhang’s work that optimized p-rule (i.e. statistical parity) [84], and
the work by Krasanakis [44] that used adversarial training to achieve results with
closely matching FPR and FNR across genders.

As [84] used p-rule as the fairness criterion, we utilized BPS on prediction rate
to incorporate corresponding loss functions into our approach. As observed in the
previous experiments on recidivism, applying BPS-based fairness loss in Dataset 3
again changed the overall accuracy only to small degree with an imposition of a
very high degree of fairness loss to compare against prior p-rule work [84], yielding
a drop from 84.5% to 82.3% as shown in Table using Architecture 1, but while
BPS-Acc improved from 86.6 to 89 and pRule changed from 33.9% to 99.128%. By

further changing to Architecture 2 the accuracy could be further improved as shown
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in Figure 8.6l In this case, Architecture 2 with a power of 4 seemed to perform
the best with weights around a value of 0.8 and thus a finer scaled grid search was
performed for a values between 0.825 and 0.842 as shown in Figure to find the
best results at a = 0.84 with a BPSsrp (pRule) of 99.9% and an accuracy of 83%.
Thus our approach offered higher accuracy than [84] while maintaining a pRule

of approximately 100%.

Figure 8.7: BPS Measures, Accuracy, and Loss function values as a function of regu-
larization weight, «, for LF'c(grp4) regularization. Architecture 2,POW=4,a=0.84
Architecture 2: leaky ReLLU Activation Fn. in the 2 hidden layers with 108 & 324
neurons respectively. Accuracy 82.618% pRule(BPS-STP) 99.858%
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The comparison of our results with both Architecture 1 and Architecture 2 to

previous work with pRule-based fairness is shown in Table illustrating that the
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proposed approach can outperform the more specialized approaches, including ones

used specifically for the pRule.

Table 8.1: Adult Income dataset disparate impact elimination for BPS-FPR-FNR-
based Loss Function. Accuracy and pRule Comparison with published results of other
techniques.

Architecture 1 values with STP-Loss Function, POW=4, a=0.8

Architecture 2 values with STP-Loss Function,POW=4, a=0.84

Fairness Technique Adult Income
pRule acc
Krasanakis et.al. None 2018 [44] 27% 85%
Krasanakis et.al. 2018 [44] 100% 82%
Zafar et.al. 2017 [34] 94% 82%
kamishima et. al. 2012 [83] 85% 83%
None (Neural Networks Current work) | 34% 85%
Architecturel 99% 82%
Architecture 2 100%  83%

To compare to the work in [44] who are aimed at achieving similar FNR and
FPR values for both genders, we utilized a combined fairness loss function that em-
ployed BPSryg and BPSppg together in the training phase. The FPR and FNR for
adult income dataset using our technique as shown in Table were approximately
equal across the two gender based groups at 0.0589 versus 0.0628 and at 0.4431 versus
0.5105, respectively. BPSrpr and BPSgyg for our results was a 94 and 87 respec-
tively with Architecture 1, where a BPS of 100 means no unfairness while a BPS of 0
means complete unfairness. With Architecture 2 , we could further improve BPSrpgr
and BPSpygr while maintaining low absolute values of FPR and FNR of the two
gender based cohorts and thus outperformed the BPSppr and BPSpyg in [44] as

shown in Table [8.2]
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Table 8.2: Adult Income dataset: False Positive Rate (FPR) and False Negative
Rate (FNR) for income bracket prediction for the two gender based groups, with and
without debiasing.

Architecture 1:ReLLU Activation Fn. in the 2 hidden layers having 108 neurons each.
Architecture 2:leaky ReLLU Activation Fn. in the 2 hidden layers having 108 and 318
neurons respectively.

Architecture 1 values with FPR-FNR-Sigmoided-LF,POW=4,a1=0.05, «2=0.05
Architecture 2 values with FPR-FNR-Sigmoided-LF,POW=3,a1=0.1, a2=0.125

Female Male BPS
Without With | Without With
FPR | 0.1875 0.0308 | 0.1200 0.1778 | 17.3
FNR | 0.0651 0.0822 | 0.1828 0.1520 | 52.6
FPR | 0.0248 0.0647 | 0.0917 0.0701 | 92.0
FNR | 0.4492 0.4458 | 0.3667 0.4349 | 97.5
FPR | 0.0319 0.0589 | 0.1203 0.0628 | 93.9
FNR | 0.4098 0.4431 | 0.3739 0.5105 | 86.8
FPR | 0.0319 0.0610 | 0.1203 0.0708 | 93.3
FNR | 0.4098 0.4785 | 0.3739 0.4862 | 98.4

Beutel et al. [82]

Zhang et al. [84]

Architecture 1

Architecture 2.

8.7 Conclusions

In this work we have proposed elements and considerations to impose fairness
on Neural Networks during the training phase. In particular we proposed to translate
Bias Parity Score-based fairness metrics into corresponding loss functions that can
then be used as regularization terms during training to actively achieve improved fair-
ness and reduced bias between subpopulations in the data. For this, we introduced
a family of derived fairness loss functions and conducted experiments on recidivism
prediction data where we investigated different regularization weights and fairness
loss function settings that are added to the task function which represents accuracy
through a binary cross entropy loss function. In these experiments we demonstrated
how to use the loss functions to bring measurable improvement in equity to predic-
tions and hence to the cohorts involved. In contrast to some of the other previous

works, this work does not depend on changing input or output labels to make fair
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recommendations while simultaneously not forsaking accuracy. By building our loss
functions and yet dropping the sensitive attribute information from the input feature
vector of the neural networks model, we ensure that the this work is also guided by
fairness by unawareness guidelines.

This work illustrates that by concurrently using one or more BPS measure-based
loss functions in concurrence with binary cross entropy can design automated decision
support systems that can optimize for social objectives such as fairness. However,
this work also shows that a correct pick of the regularization weight and the fairness
loss function form can be essential to address convergence stability and to address
specifics challenges with a dataset, such as different levels of bias in the data and
varying levels of improvement potential due to limitations in available attributes or
initial performance. This work also shows that besides a correct weight, choice of
power of the loss function or the use of a sigmoided loss introduces both benefits and
challenges, where use of sigmoided losses, for example, can decrease the loss more
rapidly and avoid divergence between fairness metric and loss function, but can also

destabilize the convergence.

8.8 Future Directions

In this chapter we presented a family of loss functions and showed potential
benefits and detriments of different choices. In future work we would like to investigate
methods that could automatically adjust fairness regularization terms according to
properties of the dataset used.

Beyond Neural Networks: There are many machine learning algorithms suitable
for numerous applications in different domains and there is much room in those to

increase the fairness in the model itself.
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Sensitive Attribute Disjointedness: Not unlike most of the fairness literature,
we assume that the race attributes are accurate. There is an assumption that there is
a disjointedness in the race attribute, however demographic groups intersect. There

needs to be research on such a racial intersection.
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CHAPTER 9
Conclusion

9.1 Summary of Contributions

This dissertation uses three socially relevant datasets from two different do-
mains, namely recidivism and income prediction. Two of these are Department of
Justice (DOJ) datasets while one is a Census-based adult income dataset. One of
the DOJ datasets and the adult income dataset hold mostly demographic informa-
tion. The second DOJ dataset has information related to offenders’ criminal history,
substance-abuse, and treatments taken during incarceration. In Chapter [4f and Chap-
ter [8) we work with two datasets with largely demographical features. Our prediction
results indicated presence of race-based and gender-based bias respectively in them
that are much in-line with the published literature on similar datasets. In Chapter
we demonstrate our work with a personal history based dataset and demonstrate
that such a dataset produces prediction results with much less bias than the result
based on a demographical feature based dataset.

In Chapter [6, we demonstrate an approach that uses personal data such as
criminal history along with treatment and education activities availed during incar-
ceration to further enrich the dataset before it is used for making predictions. In
our approach, we demonstrate how to preprocess the dataset and derive additional
features from the given data. This is followed by selecting models created using data
with 0, 10, 20, 40, 60, 80, and 100 past arrest cycles, computing the values of various

statistical measures for each model and using the ratio of FPRs for the two race-
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based cohorts to find the model having the FPRs as close to parity as possible. This
approach improved both accuracy and fairness.

In Chapter [7] we improve our techniques to derive additional features from
the temporal information in the data. Rolling sums of 26 past individual crimes
committed in the past 0, 1, 3, 5, 7, 10, 15, 20, 40, 60, 80, and 100 arrest cycles
further improve fairness and accuracy of predictions. The dataset with 5 past arrest
cycle history length produced the fairest predictions. We introduce a new fairness
measure called Bias Parity Score (BPS) that summarizes bias in a single measure
and facilitates model selection for improved fairness and accuracy. We illustrate its
usage and application. BPS is a versatile measure that divides the values of the same
statistical measure in two cohorts, multiplies it by 100, and represents the relative
bias as a percentage with 100 indicating no bias and 0 indicating full bias. This in
turn offers a very easy way for a layperson and experts alike to select most appropriate
model.

In Chapter [§, we propose a group of BPS inspired loss functions and utilize
them as regularization component in neural network to reign in race based bias in the
recidivism datasets and gender based bias in the census-based adult income dataset.
We analyze the effects of loss function choice, and various loss function parameter
settings on accuracy and fairness. We demonstrate that with pertinent sets of fair-
ness loss functions, corresponding weights, and powers to which the BPS-inspired
loss functions are subjected, we can reduce any specific kind of bias in a model even
in unbalanced datasets. We establish that for recidivism Dataset 1 by using a com-
bination of binary cross entropy, BPSrpr and BPSpygr based loss functions with
different weights associated with each component, we could achieve a BPS of 93.3
and 98.4 for FPR and FNR with a minimal drop in accuracy. This is better than

any to-date published results. We illustrate that by using a STP-based loss function
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we could achieve a BPSgrp (pRule) of 99.9% and an accuracy of 83% for income
dataset. Thus, this approach outperforms the more specialized ones used for pRule.

Thus, in this dissertation we identify bias in prediction results using traditional
statistical measures, enrich datasets, and show that richer datasets with derived at-
tributes can help produce results with improved fairness and accuracy. We then
introduce a metric called BPS to measure bias in one number and then use BPS
based loss functions to mitigate bias in the training phase of a neural network. We
demonstrate that the prediction results using our approach outperform the ones pub-
lished so far using the same datasets by other studies. Furthermore, our technique can

be applied in datasets with a different sensitive attribute and from different domains

9.2 Future Work

Our work leads to many future directions. Here are some of them:

e Find ways to automate exploration of sources of bias in diverse domains and
mitigate bias in these

e Find ways to completely automate the process of finding appropriate neural
network architecture, requisite loss functions, and hyper-parameters to generate
models that mitigate bias in different domains for different sensitive attributes

¢ Find ways to mitigate bias using other machine learning classifiers. Investigate
how BPS can be applied in other algorithms

e Establish techniques to identify and mitigate bias as the underlying data un-
dergoes content drift while working in a dynamic environment with data stream
evolving over time

e Find techniques to adjust the hyper-parameters to the changing distribution of
sensitive attributes using an evolving data stream where predictions need to be

made in a live environment
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e Use and create better datasets that go beyond ones with simple demographic
features like attributes and establish frameworks that can automate feature
extraction and preprocessing of data

e Use and create datasets that acknowledge the overlap of sensitive attributes.
For example, our current datasets and related work assume disjointedness of
race feature vector values. Demographic groups intersect and both the data
and the requisite research needs to examine this racial intersection as well as

the presence of multiple sensitive attributes
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