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Abstract—In the past decade, the application of machine
learning approaches to clinical tasks such as risk prediction and
diagnosis of diseases has offered several potential benefits for both
patients and medical professionals. However, in the development
of these machine learning models, a factor is often overlooked:
algorithms can be unfairly biased against certain populations,
presenting disparate performances for different groups, defined
by protected attributes such as race/ethnicity, sex or gender, and
socioeconomic status, that are often insufficiently represented in
datasets. Implementation of these biased models for clinical use
could possibly worsen healthcare inequality. In this paper, we
investigate the fairness of health-related ML research by using
health survey data from the Centers for Disease Control and
Prevention (CDC) to predict cardiovascular disease risk. We use
two fairness metrics for the CDC data, and analyze the predic-
tion model performance for racial minority groups to evaluate
potential racial bias due to imbalanced or unrepresentative data.
Then, we utilize Fair Mixup, a data augmentation method, to
enhance fairness measures between racial groups and achieve
improvements in predictive accuracy.

Index Terms—Machine learning, Fairness, Data Augmentation,
Cardiovascular Disease Risk Prediction

I. INTRODUCTION

Artificial intelligence (AI) has shown increasing poten-
tial for use in healthcare, particularly in the applications of
machine-learning (ML) algorithms for clinical risk prediction
and diagnosis [1]. ML-based models can recognize corre-
lations and patterns within medical datasets and determine
the risk of patients developing conditions such as sepsis [2],
diabetic retinopathy [3], or myocardial infarction [4], allowing
clinicians to identify high risk patients and implement pre-
ventative treatments [5]. However, researchers have expressed
concerns regarding racial bias in ML algorithms intended for
use in healthcare [6], [7]. Algorithms are biased when they per-
form differently for one group compared to others, producing
less accurate or even discriminatory results. Racially biased
algorithms are often the result of biased training datasets [8],
which are unrepresentative and imbalanced for specific racial
groups due to discrimination, disparities in data collection, or
limited participation in studies or surveys [9]. Several studies
show that models have lower prediction accuracy for racial
minorities when trained on noninclusive data [10]-[12]. This
discrepancy may occur since algorithms become biased for
features specific to the large majority group in datasets to
achieve better overall performance [13]. Clinical implemen-
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tation of racially biased algorithms for risk prediction may
only exacerbate existing healthcare inequity and prevent fair
prioritization of high-risk patients for medical intervention.
In this work, we focus on cardiovascular diseases (CVDs)
as a specific case study. CVDs are a group of heart and
blood vessel disorders that include strokes, atherosclerosis,
aneurysms, and ischemic or coronary heart diseases (CHDs),
which directly leads to conditions such as angina and my-
ocardial infarction [14]. There were over 500 million cases of
CVDs and 18 million CVD-related deaths worldwide in 2019,
with coronary heart disease being the main cause of mortality,
accounting for 49.2% of deaths [15]. Using datasets recording
risk factors (age, smoking, hypertension, diabetes, obesity,
dyslipidemia, etc. [16]) and disease occurrence, ML models
can be developed to calculate the risk of patients developing
certain CVDs. However, existing CVD clinical prediction
models often fail to report or account for potentially imbal-
anced data and ensure unbiased performance of models across
racial groups [17]-[19]. This is a significant issue for CVD
prediction in particular since disease incidence and prominent
risk factors can vary across racial-ethnic backgrounds [20].
For example, cardiovascular risk studies conducted in the US
found that Black (African-American, Afro-Carribean, African)
women developed CVD at a much earlier age than non-
Hispanic white women [21], which may be the result of
earlier onset and high prevalence of hypertension within this
group [22]. Another study in the UK found that South East
Asians had dyslipidemia at a lower body mass index (BMI)
compared to other groups, and exhibited significant levels of
inflammatory high-density lipoprotein (HDL) cholestrol [23].
It is important to achieve fair CVD risk prediction for all
racial groups in diverse populations, as earlier implementation
of treatment can prevent occurrence of deadly cardiovascular
conditions such as myocardial infarction or stroke. We aim to
enhance the influence of racial equity on the prediction task
and boost the accuracy of CVD risk prediction by fine-tuning
two widely used group fairness metrics: Demographic Parity
(DP) and Equalized Odds (EO). A common way to achieve
this goal is through utilization of data augmentation methods.
In [29], the authors propose Fair Mixup, a data augmentation
method that constructs interpolated samples, generating a path
of distributions that connect sensitive groups and regularize
the smoothness of transitions along the path to improve the



generalization of group fairness metrics. We follow this work
to regularize neural networks for CVD risk prediction by
interpolating data distributions between sensitive groups.
This paper consists of three main sections. First, we review
related works in the study of machine learning fairness and
the use of data augmentation for neural networks. Then,
we discuss our dataset, risk feature selection, and network
architecture, as well as our measurements for group fairness.
Lastly, we detail our experiment procedure and analyze the
experimental results, which show that we can obtain a 2% —3%
relative improvement in accuracy while maintaining fairness.

II. RELATED WORK

A. Machine Learning Fairness

With the increasing prevalence of Machine Learning (ML)
predictive systems in decisions that wield substantial influ-
ence over the lives of individuals—such as university ad-
missions, job recruitment, child custody, and criminal risk
assessment—fairness has emerged as a paramount requirement
[24]. Gajane and Pechenizkiy, in their work [25], delve into
the formalization of significant fairness concepts, including
statistical parity, equal opportunity, and individual fairness.
They also explore the impact of these concepts on distribu-
tive justice based on social science literature. Furthermore,
they elucidate two other fairness concepts extensively studied
in social science: resource equality and capability equality.
However, these concepts lack mathematical formalization. In
a separate study [26], the author categorizes fairness notions
into four distinct classes: statistical tests, absolute measures,
conditional measures, and structural measures. Statistical tests
merely signify the absence or presence of discrimination.
Absolute and conditional measures both gauge the extent
of discrimination, while conditional measures also consider
reasonable explanations for the observed discrimination.

B. Data Augmentation and Regularization

In [27], the authors suggest that when sufficient implicit
regularization is provided, not only are contributions to weight
decay and lost generalization redundant, but such techniques
can significantly degrade performance if hyperparameters are
not carefully tuned to the architecture and dataset. In contrast,
data augmentation systematically provides large generalization
gains and does not require retuning of hyperparameters. In
[28], regularization is adopted as a fundamental technique
used to enhance the generalization performance of a model by
constraining its complexity. Deep Neural Networks (DNNs)
often suffer from overfitting to the training data, and rely
heavily on regularizers such as data augmentation (DA) or
weight decay through the minimization of structural risk
(i.e., cross-validation) to adjust hyperparameters. In [29], the
authors propose the Fair Mixup method to generate a path
of distributions that connect sensitive groups and regularize
the smoothness of transitions among the path, improving the
generalization of group fairness metrics.

TABLE I
FEATURES SELECTED FOR RISK PREDICTION

Features from BRFSS 2015 Data

Demographics Health
Age (AGEG5YR) Hypertension (RFHYPES)
Sex (SEX) High Cholestrol (TOLDHI2)

Education (EDUCA)
Income (INCOME2)
BMI (BMIS)

Health Plan (HLTHPLN1)
Medical Costs (MEDCOST)
Smoking Status (SMOKE100)
Diet (FRTLT1, VEGLT1)
Heavy Drinker (RFDRHVY)

Recent Cholestrol Check (CHOLCHK)
Previous Stroke (CVDSTRK3)
Difficulty Walking (DIFFWALK)
Physical Health (PHYSHLTH)
General Health (GENHLTH)
Mental Health (MENTHLTH)
Physical Activity (TOTINDA)

III. METHODS
A. Dataset and Feature Selection

We used the 2015 dataset from the Behavioral Risk Factor
Surveillance System (BRFSS), which collects health-related
information via an annual telephone-based survey conducted
by the Centers for Disease Control and Prevention (CDC).
Responses were collected by interview from over 400,000
US residents in all 50 states and 3 territories (Guam, Puerto
Rico, and US Virgin Islands) [30]. Respondents were asked
questions regarding their demographics, mental and physical
health, medical conditions, access to healthcare, and lifestyle.
Fig. 1 shows the racial distribution of respondents in the
dataset before data processing. More than half of the respon-
dents were Non-Hispanic whites, while Asian, and American
Indian/Alaskan Native, and Native Hawaiian/Pacific Islander
individuals were the most underrepresented groups, collec-
tively making up less than 6% of the data, indicating that
the original dataset is significantly biased in terms of race.

We primarily focused on predicting risk of coronary heart
disease and one of its commonly associated conditions, My-
ocardial Infarction (MI), as CHD is the most prominent car-
diovascular disease [15]. We chose features from the BRFSS
dataset based on general risk factors for CVDs, including
diabetes, hypertension, high cholestrol, BMI, diet, smoking
habits, and low physical activity, as well as basic demographics
including age, healthcare access, education, and sex. Table I
shows the features selected for use in our CVD risk prediction
model.

B. Network Architecture

We treated cardiovascular disease risk prediction as a
standard fair binary classification. We referenced the CDC
BRFSS codebook to select specific risk features as inputs
X € X C R? (RFHYPES represents high blood pressure,
BMIS5 represents body mass index, etc.) and CHD/MI oc-
currence as truth labels Y € Y = {0,1}. Race was used
as the sensitive attribute A € {0,1}. For example, if we
want to adjust the racial fairness for black people, we set
samples from black respondents in the dataset to 1 and all
other samples to 0. Prediction label Y € [0,1] is predicted
by model f : R? — [0,1]. The network architecture is a
neural network with 4 layers: Fully Connected (FC) Layer



86.0%

(a) Percentages of different racial groups in the dataset before
data processing.

B Hispanic, Latino/a, or Spanish origin
W Not of Hispanic, Latino/a, or Spanish origin

(b) The ratio of Hispanic to non-Hispanic individuals in the
dataset before data processing.

Fig. 1. The two race classification settings used in the experiment.

(input size, 200) = activation layer (RELU) = FC(200,400)=
RELU =- FC(400,400) = RELU = FC(400,200) = RELU
= FC(200,1). Fairness metrics are added to model losses as
regularization constraints.

C. Group Fairness Metrics

Various metrics have been proposed to measure the fairness
of machine learning models. Our interest in CVD risk predic-
tion is group fairness, where samples are grouped according
to a particular sensitive attribute, and statistics about model
predictions are calculated for each group and compared across
groups. While different kinds of group fairness measurements
have been proposed, we will focus on the two most commonly
used ones listed below.

Demographic Parity (DP): This requires the predictions Y

to be independent of the sensitive attribute A4, i.e., P(Y|A =
0)=P(Y|A=1).

Equality of Opportunity (EO): This metric takes into consid-
eration that different groups could have different distributions
in terms of label Y. EO requires Y and A to be conditionally
independent with respect to Y, ie., P(Y[|A = 1,Y = y) =
P(Y|A=0,Y =y) fory € {0,1}.

In reality, it is quite restrictive to have the equality constraint,
so we typically consider relaxed metrics:

ADP(f) = [Eznp, f(2) = Eonp, [ ()| 1

AEO(f) = Y [Bonp f(z) = Eonp f(z)] ()

y€{0,1}

where P, = P(-|A = a).

The simplest way of optimizing the above problem is to
regard it as a penalized optimization problem, and use Gap
Regularization to regularize the fairness measurement:

minE(, )~ pll(f (), )] + AAEO(f), “)

where [ is the classification loss. In [29], the authors show that
small training values of AP(f) do not necessarily generalize
well during evaluation. To improve generalizability, they in-
troduce a data augmentation strategy via a dynamic form of
group fairness metrics.

D. Dynamic Formulation of Fairness: Paths Between Groups

We follow [29], which considers a dynamic metric that mea-
sures the change of Y while transitioning gradually from F,
to P;. This dynamic formulation bridges two groups with an
interpolator T'(xg, x1, t), which generates interpolated samples
between zo and z; based on step t. Let 7 : X% x [0,1] — X
be a function that is continuously differentiable for t w.r.t
such that T'(xg,z1,0) = o and T(xg,z1,1) = z;1. For any
differentiable function f, we have

ADP(f) =

/0 %/f(T(JCO,:U1,t))dP0($0)dP1(m1)dt‘ —

interpolation

[ Gt
(/)

(&)

)

AEO(f) =

1
) / i f<T<xo,xl,t»dPg(xo)de’(xl)dt\- (

y€{0,1}

6)

where we define 1f(t) = Eyynpyoi~op f(T(20,21,t)) , the
expected output of f with respect to T (xg,x1,1t).

The interpolator T adopts the standard mixup by setting
the linear interpolation in the input space: T'(zg,x1,t) =



txg + (1 — t)x1. The resulting smoothness regularizer has the
following closed-form expression:

Ry (f) =

! 7
/ /<vzf(T),xo — 21)dPy(x0)d Py (1) |dt. 2
0
Ryf(f) =
1
> / (o f(T), 20 — 21)dPY (x0)dP! (z1)|dt.  ®
ye{o,1} ' 70

The regularizer can be easily optimized by computing the
Jacobian of f on mixup samples. Here, the methods from [29]
regularizes the expected inner product between the Jacobian on
mixup samples and the difference xo—x;. We can reformulate
Gap Regularization (Equations 3 and 4) using Equations 7 and
8, i.e. enforce fairness via dynamic data augmentation of paths
between groups:

(FairMixup) : min By, ) p[H(£(2). 9)] + ABumisup(£). )

IV. EXPERIMENT

A. Data Pre-processing

For a machine learning model, we hope that the labels of
the training samples input for the model are as balanced as
possible. Only in this way can good prediction performance be
obtained. Therefore, we make the dataset balanced in a 50-50
split of non-CHD and CHD individuals. There are a sufficient
number of samples to do this randomly and yield predictive
results. There are 398,881 (reporting no MI or CHD) + 38,633
(reporting having MI or CHD) such that we can make a new
50-50 binary dataset of 23154 heart disease risk samples, and
23154 samples without heart disease.

For the diabetes records, we need to combine the pre-
diabetics with the diabetics, and non-diabetics, or remove
them entirely. We refer to the previous work [33], and add
prediabetic individuals to the diabetic group, as it indicates
potential progression towards diabetes and entails similar
health risks [31]. Ultimately, we make a new 50-50 binary
dataset of 33,998 diabetic risk individuals to 33,998 randomly
selected non-diabetics. The respondent distribution of various
racial groups in the processed datasets for CHD and diabetes
is shown in Table II.

B. Experiment Setup

We use 3 methods for experiments: 1) FairMixup data
augmentation method (Equation 9), 2) GapReg basic fairness
regularization method (Equations 3,4), and 3) Without Fairness
Regularization (WFR). We retrain each model 3 times and
recorded the mean accuracy and fairness measurements. The
dataset is randomly split into a training, validation, and testing
sets with partitions of 60%, 20%, and 20%, respectively. The
models are then selected according to the performance on the
validation set.

TABLE II
DISTRIBUTION OF UNDERREPRESENTED RACES AFTER DATA PROCESSING

Disease: MICHD

Race sensitive attribute A = 1 | sensitive attribute A = 0
Black 3575 42733
Asian 815 45493
American Indian 941 45367
Native Hawaiian 275 46033
Hispanic 2118 44190

Disease: DIABETES

Black 6623 61373
Asian 1443 66553
American Indian 1470 66526
Native Hawaiian 482 67514
Hispanic 3836 64160
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Fig. 2. Race: Black, Changes in the average precision (AP) observed with
changes in fairness metrics (ADP and AEO).

C. Results

Fig. 2 to Fig. 6 show changes in Average Precision (AP) of
the model across different fairness metrics DP and EO with
application of the Fair Mixup and GapReg methods for the
underrepresented racial groups in the dataset (Black, Amer-
ican Indian/Alaskan Native, Asian, Native Hawaiian/Pacific
Islander, and Hispanic). The Fair Mixup data augmentation
method could almost consistently achieve a higher AP for
every racial minority group while minimizing ADP compared
to the GapReg and WFR methods. An exception is the
performance of the model on the Asian group, shown in
Figure 4 (a), where the AP achieved is still higher than the
baseline methods, while the trade-off with ADP is slightly
worse compared to results for other races.

For the EO fairness metric, the Fair Mixup method also
performs better than the other methods, as it achieves a high
AP at relatively low AEO for most racial groups in comparison
to performance from direct regularization of the EO measure-
ment with GapReg. This indicates that Fair Mixup not only
improves generalization of fairness constraints, but overall
accuracy of the model for predictions in underrepresented
groups as well.

We also perform additional tests of our model for diabetes
risk prediction using the mixup method and the WFR method.
Individuals with diabetes have a high risk of developing CVD,
as many of the same major risk factors are relevant for both
conditions (obesity, dyslipidemia, hypertension, smoking, etc.)
[32]. This also suggests that diabetes risk prediction algorithms
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Fig. 3. Race: American Indian, Changes in the average precision (AP)

observed with changes in fairness metrics (ADP and AEO).

and unrepresentative datasets. The results for these experi-
ments are shown in Table III. For almost all underrepresented
races, the mixup method achieves comparably high AP at
lower ADP and AEO compared to the WFR method. There
is slightly less AP with the mixup method for the Native
Hawaiian and Hispanic groups, while for the Black, Asian,
and American Indian groups, there is a general improvement
in AP for both group fairness metrics. Overall, the results are
similar to those from the CVD risk prediction experiments, as
fair mixup achieves a better trade-off between ADP or AEO
and AP compared to baseline methods.

TABLE III
RESULTS FOR DIABETES PREDICTION
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Fig. 4. Race: Asian, Changes in the average precision (AP) observed with
changes in fairness metrics (ADP and AEO).
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Fig. 5. Race: Native Hawaiian, Changes in the average precision (AP)
observed with changes in fairness metrics (ADP and AEO).
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Fig. 6. Race: Hispanic, Changes in the average precision (AP) observed with
changes in fairness metrics (ADP and AEO).

could face similar issues with bias when trained on imbalanced

Disease: DIABETES

Method:mixup
Race AP(DP) | ADP | AP(EO) | AEO
Black 0.787 0.017 0.787 0.001
Asian 0.784 0.015 0.788 0.001
American Indian 0.781 0.021 0.787 0.001
Native Hawaiian 0.776 0.017 0.762 0.001
Hispanic 0.795 0.019 0.782 0.001

Method: WFR
Black 0.778 0.029 0.778 0.102
Asian 0.764 0.020 0.782 0.745
American Indian 0.770 0.039 0.776 0.086
Native Hawaiian 0.769 0.037 0.773 0.067
Hispanic 0.769 0.047 0.783 0.088

V. CONCLUSION

We employ a data augmentation technique called Fair
Mixup to enhance the accuracy of ML models for cardiovas-
cular disease risk prediction across different racial minority
groups in health datasets, with the goal of promoting unbiased
clinical algorithms for diverse populations, so that high-risk
patients requiring medical interventions or treatment can be
equitably identified. Experimental results indicate that the
method is effective, demonstrating a relative increase in accu-
racy of about 2%-3% for most underrepresented minorities in
the dataset while maintaining fairness. Therefore, utilization
of Fair Mixup or related data augmentation methods could
be an effective option for reducing biases in clinical risk
prediction, by improving the generalization of models to all
groups in the population, even with unrepresentative training
datasets. In our experiment, we examined various features that
are significantly involved in CVD risk, including hypertension,
high cholesterol, BMI, smoking habits, and diet. However, our
current methods do not differentiate between the contributions
of each feature to fairness and accuracy. An development that
could be made in future experiments is the implementation
of dynamic feature selection for fairness and accuracy during
the model training process, which could further improve both
aspects. Another potential area to consider in future research
is feature selection using feature decomposition methods to
improve the model’s fairness and accuracy in regard to racial
factors.
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