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This project was intended to demonstrate the bias that machine
learning algorithms may learn. We wanted to explore the impact
bias has on these algorithms and explore the methods that help cor-
rect these biases. Given data about stop-and-frisks instances, we ran
several different models on the data and maximized the accuracies
achieved by these models. After tuning the hyper parameters of
the models, we decided to explore logistic regression, which allows
us to manipulate the algorithm a bit more than the other models.
One means of achieving algorithmic fairness is the idea of statistical
parity, where the percentage of drivers of a certain demographic in
our dataset is equal to the percentage of individuals of that demo-
graphic in the overall population. Overall, we were able to achieve
statistical parity while maintaining a consistent accuracy. Thus we
learned that we should be aware of the inherent bias in data regard-
ing people and that algorithms can actually learn to be biased and
that we, as members of a larger society, should attempt to correct
these biases.
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1 Introduction
As machine learning algorithms continue to grow in popular-
ity, their use often precedes ethical analysis on their impact.
For example, machine learning algorithms that predict rates
of recidivism are currently being used, regardless of the fact
that some algorithms have been shown to have racially biased
results. In the interest of analyzing potential bias created by
algorithms around a controversial topic, we decided to work
with data on stop-and-frisk. The input to our algorithm is a
vector with numerical features. We then use several different
machine learning algorithms to output a binary predicted
stop outcome where a one corresponds to a non-negative
outcome (i.e. the suspect having been involved in illegal ac-
tivity that would have justified the stop).

2 Related Work
We did research on two disparate spheres. The first is statisti-
cal analysis on stop-and-frisk datasets. 10.1 and 10.2 analyzed
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which features tend to be the most predictive, which guided
our thoughts on feature selection, and illustrated different
ways of breaking down the dataset. The concept of a thresh-
old test similar to the one we conducted on our models is
also introduced in these papers, albeit with different models.
10.6 conducts a more thorough discussion of the threshold
test, which we used to frame our setup of statistical parity
through thresholding. The threshold test is introduced in 10.7
and is framed as a shift of probability distributions for each
racial group to align in the name of fairness.
The second sphere of research we conducted was around
algorithmic fairness and its mathematical and moral origins.
10.5 defines statistical parity, a type of algorithmic fairness
we aim to achieve in our project, in a different context (recidi-
vism) but we used that definition to shape our own: that an
equal proportion of drivers are stopped in each race group.
10.4 furthered our understanding of the topic and drove our
decision to focus on parity-based notions of fairness rather
than preference-based as the former translates into algorith-
mic alteration more readily and suits our dataset. 10.3 intro-
duces the concept of disparate mistreatment, another facet of
fairness that applies to our dataset and provides more justifi-
cation for the type of analysis we conduct by showing that
our dataset is "unfair."
Finally, 10.8 is the article that sparked the idea for our project.
It discusses the COMPAS algorithm, an algorithm used to pre-
dict recidivism rates, and uses statistical and error analysis to
prove the algorithm’s outcome (a risk score) is racially biased
against black defendants. This algorithm had real world im-
pact on many individuals before and after this analysis and
the company that created it still disputes the analysis done.
The article and its accompanying open source calculations
prompted us to question whether algorithms trained on a
potentially biased dataset would reflect the racially biases
that the researchers in 10.8 found.

3 Dataset and Features
We used a dataset compiled by the Stanford Open Policing
Project, from which we drew over 8 million examples from
the state of Washington (80% to training data, 10% each to
validation and test data). Each example contains all the in-
formation drawn from a single incident and corresponding
police report. We used the outcome of the stop as the ground
truth, which is positive if a ticket or violation was given.
From the raw input data consisting of 34 features (Id state,
stop_date, stop_time, location_raw, county_name, county_fips,

, Vol. 1, No. 1, Article . Publication date: December 2017.

https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn


:2 • Madeline Saviano and Sarah Tieu

fine_grained_location, police_department, driver_gender,
driver_age_raw, driver_age, driver_race_raw, driver_race,
violation_raw, violation, search_conducted, search_type_raw,
search_type, contraband_found, stop_outcome, is_arrested,
violations, officer_id, officer_gender, officer_race, high-
way_type, road_number, milepost, lat, lon, contact_type,
enforcements, drugs_related_stop), we removed duplicate
features (ex. search_type_raw removed, search_type) and re-
moved uncategorizable data (ex. county_name). We started
with a set of ten features (bolded) and the predicted feature:
stop_outcome, a binary outcome of 1 if the outcome was an
arrest or a citation and 0 otherwise. Violations were manually
mapped to a scale where more severe violations had a larger
corresponding integer than minor violations and, for each
example, the violation of highest severity was used as the
input feature value. For each input feature, we added and re-
moved the feature from our feature set and ran the accuracy;
however, the accuracy decreased in all instances, and thus
our final feature set consisted of those ten features.

4 Methods
y denotes the stop outcome and x denotes the input features.
4.1 Multinomial Naive Bayes
Naive Bayes is a generative learning algorithm, an algorithm
that tries to model p(x |y) and p(y). Naive Bayes classifies
an example by calculating the probabilities of that example
being each class, and selecting the class with the highest
probability. Naive Bayes assumes that the input features are
independent. The output class can be calculated by:

arдmaxyp(y |x) = arдmaxy
p(x |y)p(y)

p(x)
= arдmaxyp(x |y)p(y)

= arдmaxyp(y)
m∏
i=1

p(x i |y)

4.2 Logistic Regresssion
Logistic regression is an approach to a binary classification
problem. The sigmoid function is the hypotheseshθ (x)which
outputs a value in the range between 0 and 1.

sigmoid function = hθ (x) = д(z) =
1

1 + e−z

Because this is a binary classification problem, we can set the
probabilities of each class as follows:

P(y = 1|x ;θ ) = hθ (x)
P(y = 0|x ;θ ) = 1 − hθ (x)

Simplified to: p(y |x ;θ ) = (hθ (x))y (1 − hθ (x))1−y

Maximizing the log likelihood we get:

dℓ(θ )
dθ j

=
d logL(θ )

dθ j
=

d log
(∏m

i=1(hθ (x (i))y
(i ) (1 − hθ (x (i)))1−y

(i ) )
)

dθ j

=
d
∑m

i=1 y
(i) loghθ (x (i)) + (1 − y(i)) log

(
1 − hθ (x (i))

)
dθ j

= (y − hθ (x))x j
Thus to maximize the log likelihood, we update θ as follows
(until convergence):

θ j := θ j + α(y(i) − hθ (x (i)))x (i)j
α is the learning rate and hθ (x) is the sigmoid function.
4.3 Support Vector Machine (SVM)
Support Vector Machines separates the data (given the fea-
tures) into different classes, essentially creating a decision
boundary where on one side, the data is categorized as 0 and
the other 1. SVMs utilize the idea of margins, the minimal
distance between a data point to the decision boundary. The
geometric margin is the smallest margin of the individual
training points. SVMs attempt to maximize the geometric
margin because as the geometric margin increases, the sep-
aration of the two classes increases. That in turn allows for
better classification accuracy.

Decision boundary:wTx + b

Geometric margin (single point): γ (i) = y(i)(( w

| |w | | )
Tx (i) +

b

| |w | | )

Geometric margin (training set): γ = min
i=1, ...,m

γ (i)

(geometric margin is invariant to parameter scaling).
Thus SVM solves the following optimization problem:

max
γ ,w,b

γ s.t. y(i)(wTx (i) + b) ≥ γ , i = 1, ...,m and | |w | | = 1

= max
γ ,w,b

γ

| |w | | s.t. y
(i)(wTx (i) + b) ≥ γ , i = 1, ...,m

= min
γ ,w,b

1
2
| |w | |2 s.t. y(i)(wTx (i) + b) ≥ γ , i = 1, ...,m

4.4 Neural Network
Neural Networks is a form of ’deep learning’. Neural Net-
works allow for the creation of complex functions. Essentially
a neural network processes the data, computes a function and
passes it to the next layer. At the last layer, the output layer,
the neural network returns the output. At each output, there
is a weight matrixW and a bias matrix b that are learned,
and an activation function д (such as the sigmoid function
explained in 4.2) that is specified in the creation of the model.
When running a Neural Network, it first computes the pre-
dictions and runs the data through the layers (forward prop)
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and then calculates the error caused by each weight in both
the weight and bias matrix and updates these weights accord-
ingly (backward propagation).
W [i],b[i] denotes the weight, bias matrix of the i-th layer.
Forward Propagation:

Layer 1: z[1] =W [1]x + b[1]

a[1] = д(z[1])
Layer 2: z[2] =W [2]a[1] + b[2]

a[2] = д(z[2])
...

Layer i: z[i] =W [i]a[i−1] + b[i]

a[i] = д(z[i])

Back Propagation and Update Rule:

W [i] =W [i] + α
dL

dW [i]

b[i] = b[i] + α
dL
db[i]

α is the learning rate and L is the loss function.
In this case, we used a cross entropy loss and a softmax acti-
vation function.

Actual Output := y
Predicted Output := ŷ

Cross Entropy := −
k∑
j=1

yj log ŷj

Softmax (k-dim vector): = σ (z)j =
ezj∑k
i=1 e

zi

5 Experiments
5.1 Multinomial Naive Bayes
For our baseline, we ranMultinomial Naive Bayes on only the
violation type as the feature input. This achieved an accuracy
of training 79.20% and testing 79.21%.
Running Multinomial Naive Bayes on the full set of param-
eters (except latitude and longitude), we tuned the hyper
parameters of the Laplace smoothing operator using a form
of grid search. The Laplace smoothing operator accounts for
new values of features that have not been encountered in
the training data. Given a new feature, the probability of the
feature is equal to zero and because products are often calcu-
lated with sums of logs, logs of zeros would generate errors.
The smoothing operator allows the probability of a new fea-
ture to be a small feature. For instance a value of one would
allow the probability to be equal to 1

1+training dataset size . Thus

a larger smoothing operator corresponds to a larger proba-
bility of an example with a new feature. However, adding
the training operator did not make much of a difference as
we consistently achieved a training accuracy of 63.76% and a
validation accuracy of 63.81%.
5.2 Logistic Regression
Running Logistic Regression, the main hyper parameter we
tuned was the regularization parameter. Regularizing the
data prevents the model from over fitting. However, tuning
the parameter did not change the accuracy as much. The
best training accuracy was about 68.37% and the best testing
accuracy was 68.38%. Because we know that regularization
parameter did not drastically increase the accuracy, we can
infer that the training data examples are all generally similar.
Thus it explains the mediocre accuracy percentages of the
datasets because the data was similar across both classes, it
would be hard to distinguish between the two.
5.3 Support Vector Machine
With SVM, we tuned the penalty parameter c of the error
term. We ran different feature sets with different c values and
based on our results set c = 1.0.
5.4 Neural Network
Given that our feature set only consists of a few features, we
decided to use a one layer neural network with cross entropy
loss and the softmax activation function. To tune the neural
network to achieve the best accuracy, we tuned the learning
rate and the batch size. Then we tuned the number of units
in the hidden layer.

Tuning learning rate and batch size (training accuracy):
lr = 0.01 lr = 0.005 lr = 0.001

batch_sz = 2^8 0.706178 0.77181 0.705942
batch_sz = 2^9 0.720356 0.767995 0.703547
batch_sz = 2^10 0.727951 0.707703 0.66787

Tuning number of hidden units (on the training set)
Num Hidden 8 9 10 11
Accuracy 0.7144 0.6958 0.7718 0.6941

We ended up using a one layer neural network with ten hid-
den units, a batch size of 28 and a learning rate of 0.0005.
Giving us a 77.18% training accuracy and a 77.39% testing
accuracy.

6 Results
The following is the best accuracies achieved with eachmodel
after hyper parameter tuning.
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Train Accuracy Test Accuracy
Baseline 0.7920 0.7921
Naive Bayes 0.6376 0.6381
Logistic Regression 0.6837 0.6838
SVM 0.7970 0.7779
Neural Network 0.7718 0.7726

The algorithms did similarly well on both train and test
datasets because the dataset came from one source and noth-
ing distinguishes one data point from being in the training
set and the testing set. The baseline did the best, however,
it was learning solely from the violations. While this may
seem ’fair’, to only look at the violation of each incident, it is
still important to acknowledge that there may be information
that can be learned from other features of each incident, such
as the bias from gender and race. Naive Bayes and Logistic
Regression performed similarly well, probably because they
are less capable of learning complex relationships between
the features, unlike SVM and Neural Networks.

After training the models, we added constraints to our models
to achieve statistical parity, which is that an equal proportion
of drivers are stopped in each race group. We first analyzed
our dataset to look at proportions of racial groups stopped,
then compared those percentages with the outcomes of our
models. An unexpected twist found here is that each algo-
rithm wildly changes the resultant percentages. For instance,
logistic regression was very racially biased, stopping far more
hispanic drivers than the police did (see above graph for com-
parison of the logistic regression model as thresholding was
implemented) and fewer white drivers. However, naive bayes
was also very racially biased, but in the opposite direction,
stopping far more white drivers and far fewer asian and his-
panic drivers. We then implemented thresholding on our
models, where we used a different threshold (to decide posi-
tive or negative outcome) for each racial group in order to
ensure that the percentages of drivers stopped in each racial
group were equivalent to the percentages present in the 2010
census for Washington state. Using this type of tuning, we
were able to mimic the 2010 census percentages quite closely

without decreasing the training accuracy more than a per-
centage or two. Thus, the use of race-specific thresholds is
clearly a viable technique to increase "fairness" and reduce
the spread of probability distributions for each racial group.

7 Discussion
As we discovered after training multiple models, our data con-
tains a relatively high level of bias, which could be explained
by bias in using police reports generated by the officers them-
selves (general human error or self-serving justification to
provide paperwork to support a stop) or inherent bias in
our dataset not possessing enough or the right features to
explain the complexity of a stop-and-frisk incident. The fact
that our models were more racially biased (although vari-
able in the type of racial biasing) in their labeling than the
true violations given by officers was surprising. Furthermore,
the act of manually adjusting thresholds based on race feels
wrong – should a single software engineer decide that one
race must meet a higher level of suspicion to be pulled over?
On the other hand, since unaltered model can themselves be
incredibly biased, software engineers, regardless of whether
or not they acknowledge it, have a large impact on potentially
devastating social impact issues.

8 Future Work
Wewould love to take test accuracy a step further by running
our best models (SVM and Neural Network) on a dataset from
another state; however, given that each state has slightly dif-
ferent features, this step would require a large amount of syn-
thesizing between models. We would also attempt to find less
biased data by consulting different stop-and-frisk datasets or
training on multiple different states from the Stanford Open
Policing Project to compare results.
Algorithmic Fairness as a whole is a relatively new area. Ev-
ery paper we referenced was published in the last few years,
with the threshold test only created this year, so each paper
using the technique adds valuable contributions to the field.
Although we implemented statistical parity, there is another
way to achieve algorithmic fairness: predictive equality. Pre-
dictive equality occurs when the percentage of drivers of
a certain demographic cited or arrested is equal to the per-
centage of that demographic in the population. It would be
interesting to see how prediction accuracy differs between
predictive equality and statistical parity. We also explored
algorithmic fairness in terms of racial bias but we could also
explore gender bias, whether or not the driver or officer gen-
ders were features that were learned in a biased manner.

9 Contributions
We split the models amongst ourselves and tuned the hyper
parameters on our own. The report, poster, and other sub-
missions were done together.
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