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Abstract—There is no doubt about the usefulness of machine
learning in today’s data environment. Machine learning algo-
rithms are used across many domains and across a variety of
problems. These algorithms are seen in e-commerce such as Ama-
zon’s recommendations , financing through loan applications,
image processing, autonomous vehicles, and speech recognition
among many others. Acknowledging the market penetration of
machine learning and its relevance to many big data related
challenges, it is important to address the effect of bias in machine
learning.

Index Terms—Al, Fairness,Algorithm, Context

I. INTRODUCTION

Bias in the context of machine learning refers to “any
basis for choosing one generalization over another, other than
strict consistency with the instances” . Bias comes from a
variety of sources including humans, machines, and nature.
Due to it being present in virtually every dataset, machine
learning methodologies base their results on a foundation
which can lead to possible unfairness in the affected groups.
According to Mehrabi et al., fairness is “the absence of
any prejudice or favoritism toward an individual or a group
based on their inherent or acquired characteristics” [3]. Due
to the omnipresence of machine learning in today’s society,
developers should strive to identify the underlying biases that
exist in their data in order to ensure no entity is treated unfairly.

Machine learning bias is not something that is as com-
plicated as it may sound, but rather it is an unconscious or
conscious skew in data. A great description of bias is “
omissions and deliberate choices of inclusion may show a
particular bias” [4]. There are many different types of bias and
not all of which are bad. But a rule of thumb is to always clean
the data and if something appears to be an outlier it is likely
worth looking into. The most common examples of data bias
are sample, exclusion, measurement, recall, observer, racial,
and association bias [5]. If you are cleaning data that you are
not familiar with it can be challenging because it is hard to
determine whether or not the data is skewed in an unintentional
way. When cleaning data, it is best to exercise caution as the
data may be valuable without appearing so during this phase
of the data analytics lifecycle.

Bias affects all types of data sets from any time frame,
this bias is often harmful when coming up with an algorithm
for machine learning. The machine learning algorithm can
only work off the data that you use to teach it. If you leave
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this skewed data in, it will perpetuate the bias to further
generations of data. This perpetual bias can create unfair work
environments, whether it be based on gender, ethnicity or
anything else that should not have an impact on the work
that is being performed. An example by Stolzfus indicating
the effects of underlying bias is “If it perceives that men
hold the vast majority of executive jobs, and the machine
learning process involves filtering through the raw data set and
returning corresponding results, it’s going to return results that
show a male bias.” [4]. There is no proven reason why men
should hold an executive position over women, so a machine
learning process like this will only serve to hurt the company
using it or show bias data that pushes false reasonings.

Bias is introduced into a dataset through a variety of means.
Examples include population bias where only survey recipients
who responded offer input, instrument-dependent bias [6]
where the sampling instrument measures data in a way that
alters the input received, among many other types of bias.
Bias has many definitions often suited to the project, domain,
or objective. One definition of machine learning bias can be
defined as “any basis for choosing one generalization over
another, other than strict consistency with the instances” [2].
Bias in the context of statistics can be defined as ”a model
or statistic is unrepresentative of the population” [7]. In either
case, bias has the opportunity to drive a machine learning
algorithm’s results in favor of one subgroup over another
causing unfairness. According to Caliskan et al., “machine
learning can acquire stereotyped biases from textual data” [8].
Another example from Datta et al. describes personalized ads
from Google showed discrimination by suggesting ads that
promised large salaries more frequently for males as compared
to females ”simulated male ads from a certain career coaching
agency that promised large salaries more frequently than the
simulated females.” [9]. Another example by Thelwall shows a
core component of some algorithms is the ability to deduce the
meaning of words by associating them with other words that
tend to occur in the same document. Using this approach can
lead to conservative implications, such as that homemaker is
part of the "meaning” of the word woman and that programmer
is part of the meaning of the term man [10].

Bias in big data shows that people often make conscious or
unconscious decisions that can have major effects on people’s
lives. Big Data gets used to create machine learning algo-
rithms, basing the algorithm off of biased data will lead to the



same biases down the line. Some of the mitigation strategies
are to be diligent when cleaning the data to make sure that
there are not obvious biases being shown. Also, diversifying
the data making sure it comes from different sources, as well as
having a robust amount of data sets. As with all data, including
big data, bias is always a concern that developers and analysts
need to be cognizant of. Nowadays, many developers try to
integrate bias mitigation steps by developing private tools that
generally have the same goal. There are 3 different steps
during the process to incorporate these methods which include
pre-processing, in-processing, and post-processing. The pre-
processing starts at the beginning of searching through the
data. If a dataset is found to have bias, steps to mitigate
can be addressed at this point. Some data sets may contain
unwanted biases, an example could be selection bias where
”t is usually associated with research where the selection of
participants isn’t random” [11]. Collecting multiple sources
of data is an easy way to prevent selection bias using di-
verse samples to represent the population. The pre-processing
method allows developers to catch unbalanced and unfair data
before entering the in- process stage. For in-process, meta-
algorithms (machine learning algorithms that learn from other
machine learning algorithms) collect fairness metrics as input
then returns new classifiers that are optimized in favor of the
fairness metric. The last category is post-processing. Because
the data was trained already, adjustments based on bias will be
trained classifiers. This method spends less time than others
because it uses trained data so there is no need to look back
to the original dataset. However, for this method the accuracy
needs to be validated. [12]

II. METHOD

The proposed methodology for this assessment will begin
with the identification of publicly available tools to identify
biases within a dataset. Each tool identified will then be
compared to the other available tools to understand their
capabilities. Tools being considered for comparison IBM Al
Fairness 360, Google Tensorflow Fairness Indicators, Pymet-
rics Audit-Al, Datascience.com Labs Skater

After understanding how each tool functions, including sim-
ilarities and dissimilarities, the authors will devise a ranking
mechanism to score performance of each tool to ultimately
identify the best available option for general use.

In order to find a dataset with a known bias, the authors
will perform extensive literary review of research articles. The
research articles studied will be related to machine learning
projects. The identified dataset must have one or more of
the following characteristics : Protected attributes, Significant
volume, Contain individual or group bias

The dataset may require pre-processing in order to be
utilized by each of the tools evaluated. The pre- processing
that occurs will be done in accordance with best practices
documented by the tools being used. The pre-processing that
occurs will not affect any intrinsic bias as to keep biases
consistent across processed data sets and tools [1]-[8].

Fig. 1. Number of cases/deaths across time

Fairness and Al Applications in social media can be de-
tected based on different tools in Social media [9] [10], [11]
[12], [4] . [10], and [11] [13]. [14]-[30]

Each tool will be used with the identified biased dataset.
The tools will then be evaluated utilizing the previously
identified ranking mechanism. The authors then will select
the “best” tool according to their ranking system, compare
and analyze the implications of utilization by each tool, and
recommend the results to the reader. By understanding the
capabilities of each tool, the authors hope to recommend
a relevant publicly available tool to help improve machine
learning projects through identification of biases in data.

A. Ranking Mechanisms Method and Evaluation Criteria

The authors decided to use the Analytic Hierarchy Process
(AHP) as the means for scoring each tool against each other.
This process was developed by Dr. Thomas L. Saaty in the
1970s. The process “allows the decision makers to visually
structure a complex problem in the form of a hierarchy having
at least two levels: objectives (criteria for evaluation) and
activities (productions, courses of action, etc.).” [18]. The AHP
excels in decision making processes when it comes to ranking
or priority setting for projects [19]. The authors chose to
evaluate the tools based on the following objectives outlined
in the next sections.

The applicability of this objective refers to scenarios such
as availability of documentation, pre-processing requirements,
etc. Tools will be scored based on presence or absence and
extensiveness.

Applicability refers to scenarios such as relevance to ma-
chine learning algorithms, frequency of updates, language
support diversity, and use throughout a project. Relevance
to machine learning algorithms refers to the support a tool
provides across issues being tackled by any given machine
learning algorithm. Use throughout a project refers to a tool’s
ability to support identifying bias in either pre-processing, in-
processing, or post-processing stages.

The applicability of this objective refers to a tool’s ability to
work across the many development environments available in
today’s IT landscape, support requirements within a language,
etc. Each tool will be evaluated on its ability to support varying
sizes of datasets as well as its speed to process such varying



sizes of datasets. Accuracy. Each tool will be evaluated on its
ability to identify bias from a known biased dataset.

III. ESSENTIAL RESEARCH DEVELOPMENT

The timeline below will provide an approximate schedule
for execution of project goals, starting with the initial project
proposal creation and submission. Each section of the pro-
jected timeline may be extended or contracted as necessary to
maintain an accurate project road map.
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