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Abstract. Bias in healthcare data can negatively impact vulnerable populations
and reduce the reliability of predictive models. This work investigates the use
of data complexity measures to identify features that may introduce bias during
model training with machine learning (ML) algorithms. We analyze a synthetic
dataset on schizophrenia and depression and a real dataset on liver disease,
evaluating complexity across subgroups defined by protected attributes such as
sex and race. The approach is validated against traditional pre-training bias
metrics. Preliminary results suggest that data complexity measures can serve
as an early indicator of bias, supporting the development of fairer and more
transparent predictive models. This framework could inform bias mitigation
strategies to improve model fairness in health-related ML applications.

1. Introduction

Understanding the complexity of a dataset is fundamental to identifying biases in machine
learning (ML) models since the complexity metrics are directly related to the quality
and diversity of the data, as well as to the model’s ability to generalize without learn-
ing biased patterns. This topic holds particular significance in healthcare, as these mod-
els aid in diagnosing health conditions and recommending treatments. By identifying a
non-representative dataset, ineffective treatments for specific population groups can be
avoided, thus reducing the risk of medical complications. However, data analysis is often
complicated, mainly due to a lack of information, noisy data, missing or poorly updated
records, or information with input errors.

This work aims to explore the use of data complexity measures to identify fea-
tures at-risk of bias in health datasets, comparing the measures with existing pre-training
bias metrics to validate our approach. It is beneficial to use complexity measures in
this context, as they have shown value to recommend classifiers and pre-processing tech-
niques for a certain dataset, thus offering a new application for their use in a ML pipeline
[Lorena et al. 2019]. This proposal evaluates two datasets and their variations based on
protected attributes. It assesses complexity metrics and analyzes structure to determine
whether certain groups are underrepresented or disadvantaged. Our preliminary results
indicate that these complexity measures provide valuable insights and can be used along-
side pre-training bias metrics to identify biases for or against specific groups, providing
an additional method for evaluating biases in machine learning.



2. Related Work

The study of data complexity metrics has gained significant attention in recent years due to
their importance in learning the characteristics of datasets and their influence on classifi-
cation problems. For example, [Sotoca et al. 2005]] focused on describing these measures
and relating them to trained classifiers for a given problem, their performance directly
related to the characteristics of the data used. The study highlighted the main measures in
the literature, separating them into groups that best describe their characteristic and dis-
cussing their possible applications in pattern classification. Similarly, [Lorena et al. 2019]
analyzed measures derived from training datasets to characterize the complexity of the
corresponding classification problems. The implementation of the metrics is available in
an R package called ECoL (Extended Complexity Library), which allows the calculation
of metrics according to an arbitrary input dataset. [[Arruda et al. 2020] analyzes these met-
rics from another perspective, reducing some measures from the literature to the instance
level, demonstrating that they can provide a complementary concept on the difficulty of
1nstances.

One critical aspect discussed in the literature on data complexity is the presence of
pre-training bias in machine learning, which arises from imbalances or disparities in data
representation. Previous work of our group [Rodrigues 2023]] investigated the presence
of bias in health data using traditional pre-training bias metrics and assesses how it can
affect the performance of ML algorithms through modified datasets to introduce or reduce
bias metrics and correlate its values with the generated models’ performance. However,
an analysis of data complexity measures in this domain and a comparison with existing
metrics considering the potential to detect biases is a research topic that has not been
explored before.

3. Theoretical Background

The data complexity measures employed in this work, as presented in
[Lorena et al. 2019], describe the regularities and irregularities contained in a dataset and
are used to assess the difficulty of separating instances into their expected classes. We
divide the measures into three groups:

1. Featured-based measures: Describes the level of information provided by the
attributes available to distinguish the classes. Includes measures F1, Flv, F2, F3
and F4.

2. Linearity measures: Evaluates the feasibility of separating classes using a linear
approach. Includes measures L1, L2 and L3.

3. Neighborhood measures: Characterizes the presence and density of equal or
different classes in local neighborhoods. Includes measures N1, N2, N3, N4, N5
and N6.

For detailed information on each complexity measure, refer to GitHubﬂ It is im-
portant to note that these measures vary between 0 and 1, except for the N6 measure that
varies between 0 and 1 — %, with n being the number of instances in the dataset. The
closer the value is to the upper limit, the greater the complexity of the data analyzed.

The pre-training bias metrics used in this work follow the choices in our previ-
ous study [Rodrigues 2023 and consider for the calculation protected attributes with two
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facets: one representing the group favored by the bias, i.e., the historically favored group,
while the other represents the disadvantaged group, i.e., the historically disfavored group.
For example, if the attribute is sex, the favored group is male, and the disfavored group is
female. These metrics are as follows:

1. Class Imbalance (CI): Measures the imbalance in the distribution of instances
between the groups of the demographic attribute considered. The values vary
between -1 and 1, with positive values indicating that instances of the favored
group have greater representation than the disadvantaged.

2. Kullback-Leibler (KL) Divergence: Measures the difference between label dis-
tributions (for the predictions’ target attribute) on the protected attribute consid-
ered. The range of values for this metric is between 0 and oo, where values close
to 0 mean that the different values for the target attribute are evenly distributed.
Positive value means divergence; the larger the value, the more significant the
divergence.

3. Kolmogorov-Smirnov (KS): Measures the maximum divergence between labels
in the distribution for the groups of the demographic attribute considered. The
values vary between 0 and 1, with values close to zero indicating that the target
attribute is evenly distributed between the groups.

4. Conditional Demographic Disparity in Labels (CDDL): Evaluates demo-
graphic disparity by checking whether the target attribute is independent of the
demographic attribute considered. The values vary between -1 and 1, with pos-
itive values indicating demographic disparity and negative values suggesting the
opposite.

4. Materials and Methods
4.1. Datasets

The first dataset used for the experiments was the Intersectional-Bias Dataset
[Maslej et al. 2022]. It was created artificially, containing demographic and clinical at-
tributes of people with a possible diagnosis of schizophrenia or depression. This dataset
has two protected attributes, race and sex, and the diagnosis is the target attribute for the
prediction task. The dataset has a total of 11,000 instances and 19 attributes.

The second dataset used was the Indian Liver Patient Dataset
[Ramana and Venkateswarlu 2022]]. It comprises data from Andhra Pradesh, India,
and contains social and clinical information on patients with a positive or negative
diagnosis of liver disease. The protected attribute is sex, and the target attribute is
diagnosis. The dataset has a total of 584 instances with 11 attributes.

To better analyze the complexity measures concerning the protected attributes, we
derive artificial datasets from the original: For the Intersectional-Bias Dataset, we create
four versions: containing only women (6063 instances), only men (4937 instances), only
white people (4026 instances), and only non-white people (6974 instances). For the Indian
Liver Patient Dataset, we create two versions: containing only women (142 instances) and
only men (441 instances).

4.2. Complexity Measures and Pre-Training Bias Metrics

We calculate the complexity measures and pre-training bias with the generated datasets,
as outlined in Section 3} We employ the R package ECoL [Lorena et al. 2019] to obtain



the complexity measures. We utilize the code developed in [Rodrigues 2023] to assess
pre-training bias metrics. The target attribute is the input to calculate these metrics in all
instances.

The statistical technique PCA (Principal Component Analysis) was ap-
plied to investigate better the structure of the datasets used. According to
[Karamizadeh et al. 2013]], this method provides a tool that allows multidimensional data
to be reduced to lower dimensions, keeping most of the information. PCA 1is valuable for
understanding how instances of different classes are distributed in the dataset, enabling
the visualization of the overlap between classes.

5. Results

To better analyze our results, we compute the score for each complexity group, as outlined
in Section[3] This score uses the value of each complexity measure, following the formula
described in Equation[I] We decided to use these values because we believe that together
they provide a balanced and complementary view based on the grouped measures. The
Mean Absolute generally summarizes the average degree of complexity within the group.
Max Absolute is used to highlight the most critical measure within the group, and is ideal
for identifying relevant outliers. Std Dev reveals whether there is consistency or hetero-
geneity in the assessment of complexity within the group. A higher value can indicate
that some measures are in disagreement, contributing to greater complexity.

Scoregroup = Mean Absolute + Max Absolute + Std Dev (D

Other results obtained during this work that were not included due to space con-
straints, such as the figures for each complexity measure and the PCA of the datasets.
These plots are available on Githubfl}

5.1. Intersectional-Bias Dataset

Figure |1(a)| shows the scores for the Intersectional-Bias Dataset and its variations from
the attribute sex. We highlight that the measures for the disadvantaged group were higher
than for the bias-favored group. This difference indicates that the available attributes in
the dataset with only women face more challenges separating the instances into their target
classes than the male variation. In addition, due to the increase in the linearity group, it
is inferred that separating classes using linear computing is more complicated. The PCA
analysis can explain the value in the group of neighborhood measures for both datasets,
which shows a more significant overlap between female and male instances.

The scores concerning the protected attribute race are shown in Figure Sim-
ilarly, the disadvantaged class also obtained higher metrics. The overlap of the instances
of the non-white dataset is likewise more significant, according to the PCA analysis for
both variations.

Table |1{ shows the pre-training bias metrics obtained for the Intersectional-Bias
dataset. We point out that this dataset has a more prominent representation of disadvan-
taged classes in both protected attributes, justifying the negative value for Class Imbal-
ance. All values were generally positive and close to zero, indicating slight bias, favoring
the privileged class. The scores in Figures and also show this behavior, with a
not-so-significant difference between the protected attributes groups.
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Figure 1. Scores for original datasets and variations

Table 1. Pre-Training Bias Metrics
for Intersectional-Bias Dataset

Metric name Value Table 2. Pre-Training Bias Metrics
Class Imbalance (Sex) 20103 for Ind'lan Liver Patient Dataset
KL Divergence (Sex) 0.076 Metric name s
KS (Sex) 0.194 Class Imbalance (Sex) 0.512
CDDL (Sex) -0.182 KL Divergence (Sex)  0.017
Class Imbalance (Race) -0.268 KS (Sex) 0.086
KL Divergence (Race)  0.017 CDDL (Sex) 0.063
KS (Race) 0.092

CDDL (Race) 0.075

5.2. Indian Liver Patient Dataset

The scores obtained for the Indian Liver Patient Dataset and its variations are illustrated
in Figure The analysis indicates that the female dataset reported higher values in
the Neighborhood and Linearity groups, indicating greater complexity. However, for the
Feature-Based group, the male dataset was demonstrated to be more complex, mainly due
to the significant increase in the F4 metric, impacting the score. Nevertheless, the score
difference for this group was approximately 1%, indicating a more similar complexity
compared to the other calculated groups. The PCA analysis obtained was very similar
for the two datasets despite the higher score in the neighborhood group obtained by the
female dataset.

The pre-training bias metrics for the Indian Liver Patient Dataset are displayed in
Table 2] The positive and higher value of the Class Imbalance measure demonstrates a
more significant representation of men than women with a considerable difference. Simi-
larly to the Intersectional-Bias Dataset, the other measures were positive and close to zero.
As evidenced by the majority of the scores, this result indicates a bias favoring the priv-
ileged class. However, the metrics’ values were insignificant for the protected attribute
considered.

6. Conclusion

Our results indicate that data complexity metrics can consistently reflect group-specific
bias in health datasets. In the Intersectional-Bias Dataset, the difference in complexity



between the disadvantaged and advantaged groups was evident from the scores and pre-
training metric calculations. Both the female and non-white groups proved to be the
most negatively affected in the overall context of the dataset. Nevertheless, in the Indian
Liver Patient Dataset, scores for the disadvantaged class did not increase in all complexity
groups, and the pre-training bias metrics were not considerably low values. However, as
the results show, we point out that the dataset is not free of bias that favors the male group.

The conclusions reached in this work contribute to the current context of machine
learning models and data classification and motivate further experiments. By calculating
the complexity of subsets of data divided according to a protected attribute and comparing
the results with pre-training bias metrics, we suggest that this new approach can pose a
new tool to obtain fairer results, especially in health scenarios. For future works, we aim
to expand our experiments to new datasets and conduct a systematic analysis of results to
derive stronger hypotheses and conclusions.
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