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Abstract— Underrepresentation and misrepresentation of 
protected groups in the training data is a significant source of bias 
for Machine Learning (ML) algorithms, resulting in decreased 
confidence and trustworthiness of the generated ML models. Such 
bias can be mitigated by incorporating both objective as well as 
subjective (through human users) measures of bias, and 
compensating for them by means of a suitable selection algorithm 
over subgroups of training data. In this paper, we propose a 
methodology of integrating bias detection and mitigation 
strategies through interactive visualization of machine learning 
models in selected protected spaces. In this approach, a (partially 
generated) ML model performance is visualized and evaluated by 
a human user or a community of human users in terms of potential 
presence of bias using both objective and subjective criteria. 
Guided by such human feedback, the ML algorithm can 
implement a variety of remedial sampling strategies to mitigate the 
bias using an iterative human-in-the-loop approach. We also 
provide experimental results with a benchmark ML dataset to 
demonstrate that such an interactive ML approach holds 
considerable promise in detecting and mitigating bias in ML 
models. 

Keywords— fairness, bias, machine learning, visualization, 
human-computer interaction. 

I. INTRODUCTION

As machine learning (ML) has been playing an increasingly 
important role in the decision-making processes in modern 
society, fairness and bias in ML algorithms have attracted 
intense research interest in recent years. Although there have 
been significant progresses made in the detection and mitigation 
of bias in ML and other AI algorithms, human interactions and 
community feedback have not been seriously considered part of 
the solutions to bias detection and mitigation.  

“… mathematical formulas alone do not produce 
consistently relevant results. Human intelligence is still a very 
important part of the process.” [1]. Yet, most of the ML research 
pays very little, if any, attention to incorporation and utilization 
of human user participation in the ML process to improve speed, 
accuracy, and trustworthiness of the results. Broadly, there are 
two main motivations to include user participation in the ML 
process. The first is that combining machine algorithms with 
human intuition and knowledge will help the ML process faster, 
more efficient, more explainable, and more trusted by human 
users. In a 1985 seminal paper, Fisher [2] motivated a discussion 
on optimization/search algorithms that were interactive and 
allowed humans to be a part of the search process, especially for 
problems where human thought processes would provide 

“superior” advantage to the “algorithmic thinking” employed by 
a computer – for example, processes related to visual perception, 
strategic thinking, and the ability to learn. According to Fisher’s 
discussions, incorporating human interaction within the 
optimization algorithms could (a) facilitate model specification 
and revisions, (b) help cope with problem aspects that are 
difficult to quantify, and (c) assist in the solution process. The 
second motivation for interactive machine learning (IML), 
particularly in socio-technological applications, is that such 
community participation is the fabric of any democratic society 
that is a necessary condition for community engagement and 
stewardship in terms of the generated data-driven solutions. 
“Democratizing data science”, in our view, means ensuring that 
our discipline promotes the common good, which is often 
beyond the narrow commercial and demographic interests of the 
groups that most frequently use data science today” [3]. 

The need to incorporate human interaction in artificial 
intelligence (AI) based solutions to complex socio-technological 
problems, has been recognized by many researchers in multiple 
domains [4]. Indeed, the recently published 20-year roadmap of 
AI Research [4] by the Computing Community Consortium 
(CCC) and Association for the Advancement of Artificial
Intelligence (AAAI) identifies “meaningful interaction” as one
of the three research priorities, which they define as “comprising 
techniques for productive collaboration in mixed teams of
humans and machines, combining diverse communication
modalities (verbal, visual, emotional) while respecting privacy,
responsible and trustworthy behaviors that can be corrected
directly by users, and fruitful online and real-world interaction
among humans and AI systems” [5].

As an automatic method, ML algorithms act mostly as a 
black box, i.e. the users have very little information about how 
and why the algorithm work or fail or exhibit bias. Interactive 
machine learning can provide a mechanism through 
visualization to allow users to understand and interact with the 
learning process such that intervention can be properly applied 
when needed [6].  In the bias detection and mitigation domain, 
this will allow the users to: 

1) Help detect potential bias that may not be obvious from 
traditional bias detection metrics. Human and community 
sentiment, intuition and experience play a critical role in the 
detection implicit biases.  

2) Identify the sensitive and non-sensitive variables that
are closely related to biased decisions and results so that 
effective interventions can be applied in a sampling space 
defined by these variables.  
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Our goal is to develop a visualization supported interactive 
ML platform to facilitate user initiated bias detection and 
mitigation. Through both objective metrics and user feedback, 
bias in a ML algorithm can be corrected iteratively through 
progressively reorganizing the training samples (for example, 
adding new samples with certain conditions). In this paper, we 
will demonstrate this approach based on a feedback loop with a 
single user. In practice this process can involve many users and 
even the community input to take into account of group 
sentiment. 

Interactive Machine Learning is an iterative process in which 
intermediate ML models are periodically examined by a human 
user or a community of human users, who provide appropriate 
performance feedback to the ML algorithm. Based on such 
feedback, the training dataset is suitably augmented for the next 
iteration of the ML process. This process of iterative mutual 
feedback and learning between the ML algorithm and the human 
user(s) continues until no further improvement is observed. 
Although this strategy had been previously applied to improve 
speed of learning and reduce data requirements [7], human 
factor can potentially play a more important role in bias 
mitigation because of the subjective nature of bias and farness.  

The rest of the paper is organized as follows. In section 2, 
we review the literatures related to bias detection and mitigation 
in ML algorithms, as well as some recent work on visualization 
and interactive techniques in interactive and explainable 
machine learning. In section 3, we discuss details of the 
interactive bias mitigation apprach proposed in this paper. In 
section 4, we describe experimental results with this bias 
mitigation approach as applied to a benchmark ML dataset. 
Finally, in section 5, we provide some concluding remarks and 
directions for further research. 

II. RELATED WORK 
Fairness and bias in ML have only become a popular 

research focus in recent years. A large number of research 
literatures have been published in the past few years addressing 
a variety of different issues related to fairness and bias in ML 
algorithms [8, 9]. In this paper, we will primarily focus on ML 
algorithms for binary classification problem as this is perhaps 
the most common ML application. Under various formal and 
informal definitions of AI fairness [10, 11, 12], several different 
metrics have been proposed to measure bias in ML algorithms 
[13, 14]. Specifically, metrics for ML-based classification 
algorithms have been proposed for parity and disparity biases in 
[15, 16, 17, 18]. Bias metrics related to disparity in prediction 
accuracies have been discussed in [12, 19]. 

Based on the fairness definitions and metrics, many 
techniques have been proposed to mitigate bias by protecting 
sensitive sociodemographic attributes. Not surprisingly, the 
class of bias mitigation methods for ML classification problems 
dominant in the literatures. These bias mitigation methods can 
generally be classified into Pre-processing, In-Processing and 
Post-Processing categories [9]. As a pre-processing method, [12] 
pre-arranges the training set such that the label ratios (e.g. loan 
approval rates) are the same for groups under a sensitive or 
protected variable (e.g. racial groups). A related strategy is to 
omit sensitive variables in the training set [20, 21, 22]. But due 
to the complex relationships between the sensitive variables and 

other related variables, these strategies often fail to generate 
unbiased results and can reduce the model accuracies as well 
[23]. For this reason, there has been research on analyzing the 
causal relationship between sensitive and non-sensitive 
variables [24, 25, 26] to better understand the causes of bias in 
the dataset so that repairs can be done appropriately in the 
training set [27]. Unfortunately, causal relationship analysis is 
not always possible or effective without extensive background 
information and context.  

Another class of methods for mitigating classification bias 
focus on developing sampling strategies to create training 
samples that are optimized for fairness, for example, 
oversampling in areas of decision boundaries [22]. In this 
approach, the training samples are split into groups based on 
combinations of values of the sensitive variables [14, 28, 29], 
and a classifier is trained on each individual subgroup. The 
selection of the subgroups, which is usually done at the pre-
processing stage, can be challenging in some situations. 
Therefore, some in-processing and post-processing steps, such 
as recursive partitioning and clustering, may be necessary to 
prevent issues such as overfitting and other violations of fairness 
metrics [30, 31]. 

While interactive and human-in-the-loop techniques have 
been applied in many areas of AI [32, 33], as far as we know, 
interactive techniques have not been used for bias mitigation 
purpose. Due to the complexity of bias and their relationships 
with sensitive and related no-sensitive variables, human 
experience, knowledge and perspectives are sometimes more 
valuable and effective than automatic algorithms in perceiving 
bias and their potential mitigation solutions. Visualization tools 
have been used to help users better understand ML and other AI 
algorithms [34, 35]. Multi-dimensional visualization and graph 
visualization techniques have previously been applied to depict 
the relationships between different components of the neural 
networks [36, 37, 38]. A visual analytics system is proposed in 
[39] to help ML experts better understand deep convolutional 
neural networks by clustering the layers and neurons.  

Visual analytics methods have been proposed for the 
performance analysis of ML algorithms in different applications 
[40, 41].  Interactive methods have also been proposed to 
improve the performance of ML algorithms through feature 
selection and optimization during parameter settings [35, 42, 43]. 
Other performance improvement methods such as training 
sample selection and model manipulations have also been 
explored in [44]. 

The method in [45] applies an incremental training sampling 
strategy. But it puts a very heavy burden on the user as finding 
similar images from a large image database or other sources, 
which can be difficult and time-consuming. A similar strategy is 
employed in [7], but the goal is to reduce the size of the training 
sample which is desirable in certain applications. 

III. INTERACTIVE BIAS MITIGATION 
Interactive approach allows the users to make decisions on 

what types of training samples are included in order to achieve 
the desired outcomes. This may include faster speed, data 
reduction and better accuracy [7]. In the bias mitigation domain, 
we explore an interactive approach that can identify properties 



or parameters of training samples that can impact the observed 
bias in the ML algorithm. This process will iteratively improve 
the bias problem, caused by inherent data bias, by 
augmenting/sampling the training data suitably to improve bias 
metrics of the resulting ML model.  

A. The Iterative Framework 
For a given dataset, let F be the feature space of this dataset,  

X ⊂ F be the starting training set, Y ⊂ F be an internal test set, 
and s be a sensitive variable with a detectable bias over its 
values {s1, s2, … , sk} based on the initial ML model. For each 
learned classification model Mi(y): F → {0,1}  after the ith 
iteration, we define a visual space Vi , which is formed by a 
subset of the set of all variables in the original dataset. This 
subset is identified interactively by the user through visualizing 
the disparities of the values of each variable with respect to the 
bias related values of the sensitive variable s. Let Zi ⊂ Vi be the 
projection of set Y in the visual space Vi , our tasks in this 
algorithm are: 

(1) Visualize the learned models Mi, as well as their values on 
the test set Zi, in the visual space Vi;  

(2) Identify areas in Vi  in which disparities of misclassified 
test samples (or other bias metrics) with respect to the 
values of s exist. These are the areas where sampling 
changes may impact the ML models in reducing the 
detected bias. 

In our experiment, we focus only on adding new training 
samples X′ ⊂ F in these identified areas such that the learned 
model Mi+1(y) using training set  X ∪ X′ ⊂ F is an improved 
model over Mi(y) in terms of the bias metric used. This process 
continues iteratively until the bias mitigation performance of 
the model is satisfactory or until the model can no longer be 
improved. Figure 1 shows a schematic diagram of our 
interactive and iterative machine learning algorithm for bias 
mitigation. 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 1: A schematic flowchart 

B. Bias Detection and Visual Space 
In most applications, biases are detected and measured on a 

sensitive or protected variable.  As discussed in Section 2, many 
different objective bias detection methods have been proposed 
to measure bias in a ML model. In a binary classification 
problem, one common observed bias is the parity and disparity 
impact in prediction accuracies of the model [12, 19]. For 
example, a bias exists when the model is consistently more 
accurate with one protected group over another. Although this 
type of bias can be automatically detected and measured, 
interactive bias detection can be valuable when other types of 
biases are also involved such as community-based fairness 
issues and counterfactual biases [23]. In our experiment, we use 
a simple prediction accuracy metric to detect and measure bias, 
but our approach is interactive and can be applied to most other 
types of bias metrics as well. 

 An important strategy in our approach is the separation of 
feature space and visual space. The visual space is the space in 
which the ML models and test samples are visualized. It 
contains variables which are part of the original data attributes, 
but are likely related to the detected bias. These variables are 
typically the ones the users can use to select or collect 
additional samples to add to the training set. Therefore, they 
need to be easily accessible, i.e. can be obtained from a data 
sample without significant effort. Since features used in 
machine learning algorithms are often either pre-computed by 
some dimension reduction methods (e.g. PCA) or selected 
through some feature selection algorithms, they are not easily 
accessible and hence not good variables for the visual space.  

To identify the visual space variables, we will first need to 
examine the behavior of each variable with respect to the 
different values of the bias variable s. If clear disparities can be 
observed in data distribution patterns, it is an indication that this 
variable may contribute to the detected bias, and it should be 
part of the visual space variables. Visualization techniques can 
be used to help the user observe variable behaviors. In our 
experiment, we apply a simple box plot technique to view the 
distributions of training samples on each of the variable axes 
(Figure 4). Disparities of sample distributions can be easily 
detected this way.  

 

 

 

 

 

 

 
Figure 2: Scatterplot lists 

C. Machine Learning Model Visualization and Interaction 
After each iteration, a new ML model is generated. The ML 

model is an implicit function defined on the feature space F, but 
it needs to be visualized in the visual space Vi, along with test 
results on the test set samples. The visualization method used 
in this paper is similar to the one in [7]. We use scatterplots to 



organize the visualization in multiple 2D subspaces of  Vi, each 
representing a cross-section of the model, and a projection of 
the test samples in this subspace. These scatterplots will be 
organized sequentially on separate lists. Each list represents a 
different value of the sensitive variable s for easy comparison 
to reveal disparities. As shown in Figure 2. 

A cumulative projection of a ML model to a 2D subspace 
does not provide useful information for the user. A carefully 
designed cross-section (non-linear) is generally more 
informative. Choosing the proper cross-section is, however, a 
challenging task. In our visualization design, the ML model will 
be displayed together with training and testing samples, it is 
therefore reasonable to generate a cross-section as an 
interpolation surface 𝑓𝑓(𝑥𝑥,𝑦𝑦), defined on the given 2D subspace, 
which passes through all training samples. The values (of the 
ML Model) on this cross-section surface will be color-coded 
within the scatterplot window. This interpolation surface is 
calculated within a 2D visual space. As described in [7], a 
triangulation-based interpolation method is applied to capture 
all pixels within a 2D window. The algorithm interpolates only 
the feature vectors of the model, which will then be used to 
compute the model function values for color coding.  

Based on the visualization of the ML model and the 
associated labels of the testing samples, the user can determine 
where the potential bias problems are in the training set such 
that adjustment can be made in the training set. There are 
several possible scenarios or principles that can guide the users’ 
actions: 

• Model Boundary Smoothness. The boundaries of the 
ML model can be visually inspected to identify areas with 
fragmented boundaries, especially if this problem only exists 
with part of the values of the sensitive variable. This could be 
an indication that some protected groups under the sensitive 
variable do not have enough training samples in these areas, 
leading to different performances for different groups.  

• Testing Errors. Disparities of testing errors in the test 
set, such as misclassified samples, provide hints about areas in 
the visual space where the model performs differently for 
different protected groups under the sensitive variable. This 
may mean that additional training samples should be added for 
some groups in these areas. 

• User Identified Clues. There may be other types of 
bias or disparities that the users visually detect from these pairs 
of scatterplots comparisons. There can also be bias or fairness 
issues which have been historical or common community 
concerns that the users may pay additional attention on. 

IV. EXPERIMENTAL RESULTS 
To test our interactive bias mitigation approach, we apply the 

algorithm to a real-world benchmark dataset collected by Home 
Credit, the Home Credit Default Risk dataset [46]. This dataset 
includes a variety of statistical information from the clients, such 
as biometric information, credit history, etc. We built a model 
based on this dataset to predict the clients’ repayment abilities, 
where the predicted result 1 represents that the client has 
payment difficulties and 0 represents all other cases.  

Bias in ML algorithms for loan decisions is a complex issue 
and have been discussed in literatures [47, 48]. Many types of 
potential biases can be introduced by ML algorithms for loan 
decisions due to inherited bias in the training samples from 
traditional loan decision-making policies and processes. Our 
discussion in this section is not meant to be a full solution for 
loan prediction bias problem. Instead, we aim to use this 
problem as a testbed to illustrate how our interactive approach 
works to mitigate a perceived bias (which may or may not be a 
significant problem in real world). 

The dataset we use includes 30757 samples, where 7689 
samples (about 25% of total samples) were used as test set (or 
validation set) and 23068 samples (about 75% of total samples) 
were used as train set in our experiment. Among this train set, 
we selected 3074 samples (about 1% of total samples) as internal 
test set to guide the user interaction to improve the accuracy and 
bias mitigation. The model was trained with a starting training 
set of 200 samples. 20 samples were added to the training set 
each time we select a location from the scatterplots to add 
samples during the iterations. 

Some pre-processing was needed before applying the ML 
algorithm. First, the categorical data was encoded with ordinal 
encoder to convert the categorical data to ordinal integers. Then 
all the entries of the data were normalized with the standard 
scaler to remove the mean and scale to unit variance, and then 
missing values were filled with the mean value of that feature. 
A linear SVM model was trained using the starting training set 
to predict the clients’ repayment abilities. The test set was split 
into different subsets by the values of the protected feature, and 
the classification prediction accuracies on these subsets were 
calculated. In our experiment, we chose the clients’ gender as a 
protected (sensitive) variable and the test set was split into two 
groups - the female samples and the male samples.  

 

 

 

 

 

 

 

 

 
Figure 3: Model accuracies 

Figure 3 shows the accuracies of the model on these two 
groups. Due to the clear difference in prediction accuracy for 
these two groups, we perceive that a bias exists in this ML 
classification model against male in terms of prediction 
accuracy or effectiveness. Our next step is to identify variables 
that may be related to these two gender groups by visualizing 
sample distributions with other variables in these two protected 
groups. Figure 4 shows some examples of the box plots of the 
data distributions separated by gender. There is some clear data 
distribution difference in the two groups with the variable 
“OWN_CAR_AGE” (first row) which indicates that this 



variable may contribute to the detected bias and can be a good 
candidate as a visual space variable. Similarly, several other 
variables were also selected (these variables can be different in 
different iterations). These include: “FAMILY MEMBERS”, 
“FAMILY STATUS”, “LIVE REGION RATING”, etc. 

 

 

 

 

 

 
 

 

 
Figure 4: Box plots to show data distributions  

After selecting the visual space variables, the scatterplot lists 
were used to visualize the model and test samples. The user can 
add new data samples in areas where there is a disparity in 
misclassified test samples between the two protected groups. 
Additional samples can also be added in areas with many 
misclassified samples in both groups (to improve the overall 
prediction accuracy) and areas the decision boundaries are not 
well defined. Figure 5 shows the scatter plot lists of one iteration 
of our experiment. The left panel is for female test samples; the 
right panel is for male test samples; the background colors 
represent different predict values of the model; and the triangles 
represent the misclassified samples on the internal test set. New 
samples were added in areas where misclassified sample 
distributions were different between the two groups to help 
improve the bias in prediction accuracy. 

 

 

 

 

 

 

 

 

 

 
Figure 5: Scatterplot lists for different values of the protected variable 

 Figure 6 shows the bias mitigation performance in this 
experiment. We used the difference of the accuracies of the two 
protected groups to monitor and measure the bias status. The 
orange line represents the bias mitigation performance by 
randomly adding the same number of new data samples as that 
in our algorithm. The blue line represents the bias mitigation 
performance by interactively selecting new data samples. From 
Figure 6, we can see that at the beginning the prediction 

accuracy on the two groups differ by about 6%. By using 
interactive data selection to mitigate the bias, this difference is 
reduced quickly. Figure 7 shows the improved accuracies in 
male group after two iterations. This same effect cannot be 
achieved by randomly added samples. It is conceivable that this 
platform will allow the user to explore and experiment other 
types of actions such as removing samples or adding samples 
with specific training goals. 

 

 

 

 

 

 

 

 

 
 

Figure 6: Performance chart for bias mitigation 

 
 
 
 
 
 
 
 
 

Figure 7: Changes in prediction accuracies after two iterations 

V. CONCLUSIONS 
Bias in the training data or its sampling can degrade the fairness 
of predictions of ML models, thereby adversely affecting the 
confidence and trust of the human users. Such fairness 
degradation can be monitored both by objective fairness 
criteria, as well as human subjective judgments, utilizing 
innovative ML model visualization techniques. This paper 
proposes and develops an interactive machine learning method 
for iterative bias mitigation by utilizing both visualization, as 
well as an iterative sampling strategy for training data provided 
to the ML algorithm. We demonstrate, via experimental studies 
with a benchmark dataset, that such an interactive approach has 
the potential to mitigate ML bias by integrating both human 
intuition and judgment as well as objective measures of bias. 
 
While this paper introduces such an interactive approach to bias 
mitigation, several research questions remain open that can be 
further investigated within this framework. The modalities of 
interactions between the human user and the ML algorithm, 
particularly for technically challenged users, can be broadened 
beyond only visualization of ML models. Also, the iterative 
sampling methodology needs to be adapted to problems where 
multiple potentially mutually conflicting criteria for fairness 



and bias exist, as for example, representing multiple users in a 
user community. This naturally fits into the well-known 
paradigm of multi-criteria decision-making that are prevalent in 
any democratic, social decision problem. 
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