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Abstract— While type 2 diabetes is predominantly found
in the elderly population, recent publications indicate an in-
creasing prevalence in the young adult population. Failing
to diagnose it in the minority younger age group could have
significant adverse effects on their health. Several previous
works acknowledge the bias of machine learning models
towards different gender and race groups and propose
various approaches to mitigate it. However, those works
failed to propose any effective methodologies to diagnose
diabetes in the young population, which is the minority
group in the diabetic population. This is the first paper
where we mention digital ageism towards the young adult
population diagnosing diabetes. In this paper, we iden-
tify this deficiency in traditional machine learning models
and propose an algorithm to mitigate the bias towards
the young population when predicting diabetes. Deviating
from the traditional concept of one-model-fits-all, we train
customized machine-learning models for each age group.
Our pipeline trains a separate machine learning model for
every 5-year age band (i.e., age groups 30-34, 35-39, and 40-
44). The proposed solution consistently improves recall of
diabetes class by 26% to 40% in the young age group (30-
44). Moreover, our technique outperforms 7 commonly used
whole-group resampling techniques (i.e., random oversam-
pling, random undersampling, SMOTE, ADASYN, Tomek-
links, ENN, and Near Miss) by at least 36% in terms of
diabetes recall in the young age group. Feature important
analysis shows that the age attribute has a significant con-
tribution to the decision of the original model, which was
marginalized in the age-personalized model. Our method
shows improved performance (e.g., balanced accuracy im-
proved 7-12%) over multiple machine learning models and
multiple sampling algorithms.

Index Terms— Ageism, Fairness, Machine

Learning, Healthcare, BRFSS

Diabetes,

[. INTRODUCTION

TAGNOSING chronic diseases like diabetes is crucial,
given the substantial global burden of diabetes-related
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complications and deaths, particularly in low- and middle-
income countries [1], [2]. At the present rate of expansion,
the International Diabetes Federation predicts that by 2045,
a staggering 693 million individuals globally will be affected
by diabetes [3]. The prevalence of diabetes, specifically type
2 diabetes, has been steadily increasing over the past few
decades [4], [5]. While diabetes has traditionally been associ-
ated with the elderly population, recent studies indicate a rising
prevalence of diabetes among the younger population as well
[6]. According to the Centers for Disease Control and Pre-
vention (CDC), by 2060, type 2 diabetes cases might increase
by about 70-700% in the young population [7]. Young adults
with diabetes face a significantly elevated risk of early health
complications and even premature death compared to their
counterparts without diabetes [8]. Younger people diagnosed
with diabetes face an increased risk of developing early and
severe complications, encompassing microvascular (retinopa-
thy, neuropathy, ulceration, nephropathy) and macrovascular
(cardiovascular, cerebrovascular, peripheral vascular) diseases
[9]-[11]. We define the population group aged 30-44 years
as the “young adult group” relative to the whole age group
30-85 as well as based on multiple studies that highlight this
age range as a rising-risk demographic for early-onset type 2
diabetes. [10], [12]-[14] Early detection and awareness can
help the young population at risk take steps to prevent or
delay type 2 diabetes and early intervention can even reverse
prediabetes [15], [16].

Machine learning (ML) has been increasingly integrated
into the healthcare systems [17], [18] because of its potential
to assist clinicians and medical doctors in taking better care of
patients. Many machine learning models have been applied to
diagnose diabetes [5]. However, health data can be imbalanced,
which could potentially lead machine learning models to learn
patterns with existing bias from the provided data [19]-[22]
causing low performance [23]. Data bias, if not addressed,
can exacerbate and perpetuate inequalities in the performance
of algorithms in different subgroups [24], [25], particularly in
historically underserved populations like female patients [26],
black patients, or those with low socioeconomic status [27].
Artificial intelligence (AI) based models can be susceptible
to digital ageism, potentially leading to biased diagnoses that
could harm patients [28], [29]. Moreover, Al models existing
in the healthcare domain can show faithfulness issues [30].

This paper identifies that the traditional machine learning
models such as Logistic regression (LR), Multi-Layer Per-
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TABLE |
DATA DISTRIBUTION AMONG DIFFERENT AGE GROUPS

Dataset Age group | Number of Samples | Diabetes Negative | Diabetes Positive | Ratio (Pos/Neg)
30-34 11,188 (5.59%) 10,864 (97.10%) 324 (2.90%) 0.03
35-39 13,878 (6.93%) 13,290 (95.76%) 588 (4.24%) 0.04
40-44 15,724 (7.86%) 14,661 (93.24%) 1,063 (6.76%) 0.07
45-49 16,077 (8.03%) 14,466 (89.98%) 1,611 (10.02%) 0.11
50-54 19,357 (9.67%) 16,836 (86.98%) 2,521 (13.02%) 0.15
BRFSS 2021 55-59 21,757 (10.87%) 18,155 (83.44%) 3,602 (16.56%) 0.20
60-64 24,672 (12.33%) 20,140 (81.63%) 4,532 (18.37%) 0.23
65-69 25,526 (12.75%) 20,422 (80.00%) 5,104 (20.00%) 0.25
70-74 23,121 (11.55%) 17,891 (77.38%) 5,230 (22.62%) 0.29
75-79 14,740 (7.36%) 11,257 (76.37%) 3,483 (23.63%) 0.31
80-99 14,096 (7.04%) 11,314 (80.26%) 2,782 (19.74%) 0.25
30-34 12,071 (5.72%) 11,751 (97.35%) 320 (2.65%) 0.03
35-39 14,024 (6.65%) 13,410 (95.62%) 614 (4.38%) 0.05
40-44 14,444 (6.85%) 13,528 (93.66%) 916 (6.34%) 0.07
45-49 16,166 (7.67%) 14,539 (89.94%) 1,627 (10.06%) 0.11
50-54 19,550 (9.27%) 16,999 (86.95%) 2,551 (13.05%) 0.15
BRFSS 2019 55-59 23,926 (11.35%) 20,197 (84.41%) 3,729 (15.59%) 0.18
60-64 27,223 (12.91%) 22,316 (81.97%) 4,907 (18.03%) 0.22
65-69 27,255 (12.92%) 21,540 (79.03%) 5,715 (20.97%) 0.27
70-74 24,115 (11.44%) 18,609 (77.17%) 5,506 (22.83%) 0.30
75-79 15,958 (7.57%) 12,254 (76.79%) 3,704 (23.21%) 0.30
80-99 16,142 (7.65%) 12,960 (80.29%) 3,182 (19.71%) 0.25

ceptron (MLP), Naive Bayes (NB), AdaBoost (AB), Ran-
dom Forest (RF), and K Nearest Neighbor (KNN), trained
on imbalance Behavioral Risk Factor Surveillance System
(BRFSS) dataset - with only 15% representing the diabetes
population [31], tend to misdiagnose diabetes more frequently
in the younger population (30-44 years) compared to other
subgroups.

We propose an effective solution which successfully miti-
gates bias from young groups and increases type 2 diabetes
(T2D) diagnosing sensitivity. None of the existing papers
developed any effective machine-learning-based approach for
effectively diagnosing T2D in the young population (30-44
years). To the best of our knowledge, our work is the first
precision T2D diagnosis paper using machine learning and
improving the diagnostic performance of machine learning
models to diagnose T2D in young populations.

In this study, we train diverse machine learning models,
including a transparent model like logistic regression, to un-
cover the roots of bias and missed detections. This is achieved
through a thorough analysis of association coefficients respon-
sible for shaping model decisions. The major contribution is
listed here.

o Contribution: We identified digital agism in detecting
diabetes in the young adult population and mitigated the
issue to achieve equitable performance.

e Method: We effectively utilized the Enhanced
Demographic-Parity (DP) resampling that adjusts
class balance only inside the target subgroup, followed
by age-specific model selection.

o Improvement: The enhanced model shows +26-40% re-
call and +7-13% balanced accuracy for young adults over
the baseline model.

[I. METHODS

A. Dataset

The Behavioral Risk Factor Surveillance System (BRFSS)
is an annual health survey conducted in the United States
to monitor various health behaviors such as cardiovascular
diseases, chronic diseases, diabetes, obesity, and other risk
factors that contribute to the leading causes of death and
disability [31]. The BRFSS datasets have been collected from
all 50 states in the U.S. and the District of Columbia and
included responses from over 400,000 participants which
makes it one of the largest publicly available datasets related
to public health. Each record contains an individual’s BRFSS
survey responses on various health behaviors and risk factors
such as tobacco use, physical activity, alcohol consumption,
existing chronic diseases, and mental health. The survey also
gathered demographic information such as age, gender, and
race/ethnicity, which are helpful to explore important correla-
tions and even causation.

This survey is conducted every year, and the CDC makes it
publicly available for research. In this study, we selected the
BRFSS dataset from 2021, which contains more than 400,000
subject information and 330+ attributes from each subject.
The BRFSS dataset is a valuable resource for identifying
health disparities and evaluating the effectiveness of public
health programs and policies. However, the dataset is not free
from challenges because a large portion of attribute values are
missing (25%) and this dataset can be a highly imbalanced
data imbalance (diabetes class 15%).

B. Data Preprocessing

According to the literature on the risk factors for diabetes,
[5], [32], we selected 30 attributes including diabetes labels.
Subjects aged over 30 are selected for this study [5], [33],
[34]. We identified individuals with type 2 diabetes based
on their self-reported response to the question: Has a doctor,
nurse, or other health professional ever told you that you have
diabetes? Individuals who answered “Yes” were labeled as
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Fig. 1.

The Enhanced-DP approach in contrast to traditional approaches, enriches the minority age groups and creates new training sets by

replicating diabetic samples (1 to n times) from a minority age group. n» machine learning models are trained on each of the n versions of the
training sets. The best model is selected based on performance metric balance accuracy (Bal-Acc) and area under precision and recall curve
(AUPRC). The top left bar chart represents age distribution (histogram) in the original dataset.

having diabetes. [5] We create age groups spanning 5 years
starting from 30 up to 80+ years. The selected cohort contains
200,136 subjects information where 169,296 subjects (84.6%)
are diabetes negative and 30,840 subjects (15.4%) are positive.

As we mentioned before, this dataset is not balanced for the
age, gender, and racial subgroups. In the age group 30-34, the
number of negative cases is 10,864 but the number of positive
cases is only 324. The age groups 35-39 and 40-44 are also
highly imbalanced as the positive-negative ratio is only 4.4%
and 7.2%. All subgroup data distributions are shown in Table
L

The selected variables fall into three distinct types: nom-
inal, ordinal, and binary. Nominal variables lack any inher-
ent order, ordinal variables possess a meaningful order, and
binary variables exclusively hold two distinct values. For
example, the presence of high blood pressure, cholesterol, or
heart disease can be represented by a binary variable. BMI
category, education level, and income level are considered
ordinal variables. On the other hand, marital status and race
are nominal variables. Binary variables are represented using
a binary encoding, where 1 signifies a positive outcome
and O represents a negative outcome. Ordinal variables are
encoded using integers, preserving their meaningful order.
Nominal variables are transformed into one-hot encoding for
appropriate representation. The selected variables are listed in
Fig. 9(c).

C. Performance Metrics

We evaluate model performance using standard performance
metrics. Starting with Recall of Class 1 (Rec_C1), also referred
to as sensitivity, represents the true positive rate for the
diabetes-positive class—measuring the proportion of actual
diabetes cases correctly identified. Recall of Class 0 (Rec_CO0),
also referred to as specificity, indicates the true negative rate
for the diabetes-negative class—capturing the proportion of

non-diabetes cases correctly identified. We also report the area
under the precision-recall curve (AU_PRC) for both classes
(PRC_CO and PRC_CI1 for class 0 and 1 respectively) to
assess the trade-off between precision and recall. Additional
metrics include overall accuracy (ACC) which represents the
total proportion of correct predictions). The balanced accuracy
(Bal_Acc) represents the average of sensitivity and specificity,
which accounts for class imbalance, and area under the re-
ceiver operating characteristic curve (AU_ROC), summarizes
the model’s ability to distinguish between classes. Addition-
ally, we report the F1 score, which is the harmonic mean
of precision and recall and is especially useful when class
distributions are imbalanced. Finally, we include the Matthews
Correlation Coefficient (MCC), a balanced metric that takes
into account true and false positives and negatives, offering
a more informative measure in scenarios with skewed class
distributions. Throughout the manuscript, we use C1 to denote
the diabetes-positive class and CO for the diabetes-negative
class.

D. Bias Mitigation Approach

We utilized a modified and enhanced version of the prior-
itized (DP) bias correction method (Fig. 1) which is inspired
by [35] prioritizes a specific subgroup, the young age group in
this case, that suffers from data imbalance. We incrementally
replicate data points of the minority class (diabetes positive
indicated by class 1) and choose an optimal unit of replication
based on the model performance. As a result, the enriched
training set contains the original samples as well as the
replicated samples. However, the vanilla DP technique by [35]
has several shortcomings, including the selection of replication
units.

Our proposed Enhanced-DP technique replicates all samples
of the diabetes class from the young population up to n times.
Each time the duplicated sample units are merged with the
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original dataset, including the original set. In our experiment,
we set the maximum DP unit “n” based on the lowest subgroup
positive-negative sample ratio. In order to achieve a balanced
set, the lowest subgroup ratio is for the age group 30-34. The
number of negative cases is 10,864 but the number of positive
cases is 324. So, the ratio is 34, which is the limit of DP unit n.
We also employed early stopping to select the best n quickly
as the performance curve contains a global maximum point.
This makes our Enhanced-DP algorithm faster compared to
the original DP algorithm [35].

Each training set containing the original set and the du-
plicated n 1 to 34) units is used to train a single model.
In this way, we train 35 models (34 models trained on the
enriched training sets and 1 model trained on the original
training set) and select the best-performing model based on
balanced accuracy and the area under the precision-recall curve
(AU_PRC) of class 1. We identify the top three models with
the highest balanced accuracy values and select the model that
gives the highest class 1 AU_PRC for that particular age group.
This selected model is used only for diagnosing diabetes for
that particular group, e.g., the Enhanced-DP model trained
with duplicated age-group 30-34 samples is used to diagnose
new patients from age-group 30-34 years.

E. Sampling Algorithms

A frequently employed technique for addressing the chal-
lenges of data imbalance is the utilization of sampling meth-
ods. To evaluate the effectiveness of the sampling algorithms
detecting diabetes in young groups, we first compared multi-
ple sampling algorithms, including (1) random oversampling,
randomly duplicating instances from the minority class [36];
(2) random undersampling, randomly removing instances from
the majority class [36]; (3) Synthetic Minority Over-sampling
Technique (SMOTE), creating synthetic samples for the minor-
ity class by interpolating between existing instances [37]; (4)
Adaptive Synthetic Sampling (ADASYN), similar to SMOTE,
but generating more synthetic samples for difficult-to-learn
instances [38]; (5) Tomek Links, removing instances from
the majority class that are close to instances in the minority
class [39]; (6) Edited Nearest Neighbors (ENN), removing
instances from the majority class that are misclassified based
on the nearest neighbors from both classes [40]; and (7)
NearMiss, selecting instances from the majority class based
on their distance to instances in the minority class [41].
These techniques are widely adopted and remain foundational
in addressing class imbalance and have been proven to be
effective in the literature [42]-[45]; however, these techniques
are not tailored to tackle subgroup biases. As a result, diabetes
is misdiagnosed in the young population. Therefore, we utilize
a new concept of using one model for a single group which
deviates from the traditional one model-fits-all ideology.

F. Machine Learning Models

We selected six commonly used ML models including
Logistic Regression (LR), Random Forest (RF), Adaboost
(AB), Multilayer Perceptron (MLP), and Naive Bayes (NB)
to evaluate the effectiveness of the sampling strategy. We

purposely selected simple models such as logistic regression
because of their interpretability. It is very important for the
science community, especially for healthcare to create inter-
pretable models to find out the root cause of a prediction, how-
ever, [46] evaluated 511 scientific papers across different ML
domains and identified a notable deficiency in reproducibility
metrics, including dataset and code accessibility in clinical
ML domain papers. Moreover, complex and high-end models
which have recently been applied to the healthcare domain
might pose difficulties in reproducibility [47]. Using simple
models like logistic regression will pave the way both for
explaining the results and making it easy for other researchers
to reproduce the model and the same results. We used grid
search to tune hyperparameters both for best performance and
reproducibility. The hyperparameter search set and selected
parameters are listed in Supplementary Table 2.

The dataset undergoes a random division into three disjoint
sets namely training (60% or 120,081 samples), validation
(20% or 40,027 samples), and testing set (20% or 40,028
samples) through the utilization of the Python sklearn li-
brary. The training dataset serves as the foundation for model
training, while the testing dataset remains consistent across
all the experiments (for each trial), ensuring the robustness
and comparability of our results. The validation set is used
for hyperparameter tuning and to determine the number of
underlying models n in EnhancedDP method, ensuring no data
leakage. The performance of the models in each experiment
is conducted for 5 independent trials with different splits of
train, validation, and test set for consistency. Finally, we cal-
culated the mean and 95% confidence intervals (and standard
deviations) from the trials for consistent results.

To examine the potential unfairness in the datasets, we
calculated class-based accuracy, recall, AUROC, and PRC.
Nonetheless, our primary focus lies in prioritizing the recall of
the positive class, also known as sensitivity, as the detection
of diabetes holds paramount importance in our specific case.

G. Model Calibration and Threshold Tuning

Before converting probabilities into class labels, we cali-
brate each model’s output on the validation set using Isotonic
Regression [48] to improve probability accuracy. We then tune
the decision threshold to optimize balanced accuracy and F1
score for Class 1, allowing better control over the trade-off
between false positives and false negatives.

We first identify the top 3 thresholds with the highest F1_Cl1
scores and then select the one with the highest balanced accu-
racy on the full validation set to avoid overfitting, especially
in subgroups with limited samples (<100). The final threshold
(0.195) is averaged over 10 trials. Both F1 score and balanced
accuracy are used to ensure balanced performance.

[1l. RESULTS

The recall of the positive class (Rec_C1) in the 30-34 age
group is only 30%, whereas the Rec_Cl is 68-72% in the
gender group and 66-84% in the ethnic group. Moreover, we
bring attention to the fact that solely relying on Area Under
the Receiver Operating Characteristic curve (AUROC) can be
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Fig. 2.  Performance of logistic regression model trained and tested on the original BRFSS 2021 (left) and BRFSS 2015 (right). The x-axis

represents performance metrics and the y-axis represents groups (whole population and subpopulations). C1 and CO stand for class 1 (diabetes
positive) and class 0 (diabetes negative) respectively. Performance scores are reported using mean +/- 95% confidence interval from multiple

independent trials.

misleading — while the overall group’s AUROC is 82%, the
age group 30-34 exhibits a seemingly high 84% AUROC that
masks the poor diabetes detection rate (Rec_C1) within that
specific age group. So, we focus mostly on recall of class 1,
balanced accuracy (average recall of class 1 and class 0), and
AUROC for a fair comparison. Recall class 1 (Rec_C1) is also
known as Sensitivity or True Positive Rate (TPR) and recall
class 0 (Rec_CO) is known as Specificity or True Negative
Rate (TNR).

A. Performance of Original Model

The machine learning models trained on the original training
set show different performances for the minority diabetes-
positive group (C1) and the majority-negative group (CO). Fig.
2 (a) and (b) show the performance of the original logistic
regression model on 2021 and 2015 datasets. The whole group
Rec_C1 is 0.70-0.72 whereas Rec_C0 is 0.77-0.78. For males,
Rec_Cl is 0.72 and for females Rec_C1 is 0.68. The ethnic
groups such as White, Asian, and multicultural show Rec_Cl1
of 0.66, 0.66, and 0.73, respectively. On the other hand, Black,
Indian, and Hawaiian show Rec_C1 of 0.84, 0.82, and 0.84,
respectively.

However, the young age group suffers the most from missed

detection of diabetes. For age groups [30-34], [35-39], and
[40-44] Rec_C1 is only 0.30-0.31, 0.42-0.45, and 0.45-0.50,
respectively. This means out of 100 diabetic patients aged
30-34, 70 patients are misdiagnosed. The Adaboost, Naive
bias, random forest, and KNN models also show similar
performance, represented in Fig. 2 (c). The standard deviation
of each metric is less than 0.04 (from multiple experimental
trials) unless mentioned otherwise. The model behaves simi-
larly in the BRFSS 2015 dataset.

In imbalanced datasets, commonly employed metrics like
AUROC and accuracy can be misleading and do not accurately
represent the performance of the minority class. Despite po-
tentially poor performance in the minority class, these metrics
might indicate falsely elevated values. The AUROC of the
whole population, age groups [30-34], [35-39], and [40-44]
are 0.82, 0.84, 0.87, and 0.84. However, these age groups
show very poor Rec_C1 which is not reflected with AUROC.
In contrast to the AUROC and accuracy metrics which can be
overly optimistic, we use Rec_C1 to measure the true detection
rate reflecting the performance of the model.

We also statistically analyze the performance difference
(Supplementary Table IV) [49]. For each metric, we tested
residual normality (Shapiro—Wilk) and homogeneity of vari-
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ances (Levene’s test). Normality was consistently rejected, and
variances were sometimes unequal. Given these violations,
we applied the Kruskal-Wallis test (non-parametric ANOVA).
This revealed highly significant subgroup differences across
all four primary metrics (p < 0.001). We conducted Dunn’s
test with Holm correction to identify specific subgroup pairs
that differed, confirming that younger adults (ages 30-44)
underperformed in Class 1 Recall and AU-PRC compared to
the older subgroups (p < 0.05).

B. Enhanced-DP model improves diagnostic accuracy

The Enhanced-DP model for three age groups improves the
diabetes detection accuracy significantly (Fig. 4 (a)). Fig. 4 (b)
shows the performance difference between the Enhanced-DP
model and the original model in terms of positive recall and
balanced accuracy. Diff Rec_C1 means subtracting the recall
of class 1 of the original model from the Enhanced-DP model.
The Enhanced-DP model for age groups [30-34], [35-39], and
[40-44] improves the positive recall by 41% (SD 6.4%), 32%

Model Group Class 1 Recall | Balanced Accuracy
Baseline Age 30-34 | 0.186 + 0.078 0.582 + 0.038
XGB Age 35-39 0.36 + 0.033 0.66 + 0.013
Age 40-44 | 0.426 £ 0.038 0.677 = 0.013
Age 30-34 | 0.63 +0.072 0.73 + 0.017
Fnhanced DP " Rge 3539 | 0.702 £ 0.06 0.723 £ 0.037
Age 40-44 | 0.774 £ 0.06 0.751 = 0.032

(SD 6.4%), and 24% (SD 2.8%), respectively. This means the
Enhanced-DP models are better at detecting diabetes in the
young population.

On the other hand, Diff Bal_Acc means subtracting the
balanced accuracy of the original model from the Enhanced-
DP model. The balanced accuracy (average recall of both CO
and C1 classes) is also improved by 13% (SD 2.3%), 10.5%
(SD 1%), and 7.7% (SD 2.8%) for the Enhanced-DP model.

Similarly, the enhanced DP method substantially improves
the detection accuracy for the XGBoost model as well (Figure
1L

C. Whole-population sampling

The whole group-based sampling approach doesn’t improve
the detection rate in the young group Fig. 5. Moreover, AdaSyn
(Rec_C1 0.19), SMOTE (Rec_C1 0.19), Tomek-Link (Rec_Cl1

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/



This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2025.3616312

AUTHOR et al.: TITLE

Whole 0.68+0.04 0.76+0.03 0.75%0.02 0.72 %0.01

"
< i
QO Age 35-39 0.32 = 0.03 0912001 REIPTIIH « ‘
2 |

Age 40-44  0.37+ 0.3 0.65 = 0.01

Whole 0.74+0.02 0.75+0.01 0.75 % 0.01

m Age 30-34 026+ 001
=

E Age 35-39 0.47 = 0.03

Age 40-34 0.7 :0.02

Whole 0.46x0.05

0.74 0.0

0.61 x0.01 SR LESN
i m
0.7 x 0.01 0.85 x 0.0

0.72£0.02 0.61%0.01 0.68 £ 0.0

ISS

.2 Age 30-34 0.49£0.08 | 0.7%0.05 0.69%0.05 0.59%0.02 0.62%0.0

Age 35-39 0.58£0.05 0.75%0.04 0.74+0.04 0.66+0.01 0.71 % 0.0

NearM

Age 40-44 0.52 :0.05 ©0.75£0.03 0.640.01 0.71%0.0

Whole 0.71 =0.03 0.76 £ 0.01  0.74 + 0.01

ing

i
Age 30-34 0.2 =0.02 CPLYIW .85 = 0.0

PO .o - 0.01 | 0.0 2 0.01 [EXTPETN m
0.69 +0.01 XTPYNY

0.76 £0.01 0.74 £ 0.01

i
L -
e m

0.93 = 0.01 [LXTINRTY

9zo0.01 EXIPTXIW 0.85 = 0.0

0.68 £0.05 0.76 £0.03 0.75%0.02 0.72 £ 0.01

0.97 0.0 | 0.95 0.0

Age 35-39

Oversampl

Age 40-44 o0.3a £0.02

Whole 0.71 =0.03

Age 30-34 0.97 £ 0.0 | 0.95% 0.0

Age 35-39 o0.a3 = 0.05 [LETPENTE

Undersampling

Age 40-44 0.3 = 0.02 [LETERE

Whole

E Age 30-34 0.29 = 0.08 [LXTTNTHEY

E Age 35-39  0.33 = 0.0a [LRTPLEN

Age 40-44 037 x0.0a LR

Whole 0.69+0.04 0.75£0.03 0.74 £0.02 0.72 + 0.01

= Age 30-34 o.3=xo0.08 NELELEIREEIELECE 0.63 + 0.04

Age 35-39 0.33=0.02 [PERNEREETERNEE o.64 = 0.0

TomekLinks

Age 40-44 0.38 = 0.03

Whole 0.63 = 0.04 0.75 £0.01 0.7  0.02

Age 30-34 0.72 £ 0.07 0.72 = 0.07

0.76 + 0.05

i

Age 35-39

Enhanced DP
(Age 35-39)

Age 40-44 0.73:0.08 0.76 +0.04 0.76 £0.04 0.74 = 0.07

nhol

zo
-0-

0

]

» o
Mean Value

Fig. 5.  Comparing whole group sampling method performance with
Enhanced-DP (age group 35-39) for the young adult age groups 30-
34, 35-39, and 40-44 along with the whole group. Performance scores
are reported using mean +/- 95% confidence interval from multiple
independent trials.

0.28), Random oversampling (Rec_C1 0.25) and undersam-
pling (Rec_C1 0.26) methods decrease the original detection
accuracy (Rec_Cl1 0.30) for age group [30-34]. A similar
performance decrease is observed in the other two age groups
[35-39] and [40-44]. Near Miss and ENN merely improve the
Rec_Cl1 by 9% and 2%. On the other hand, the respective
Enhanced-DP models (i.e., trained on age group [30-34] and
applied to age group [30-34]) improve the positive recall by
at least 24%.

The whole group sampling methods also show poor perfor-
mance in terms of balanced accuracy. For example, for the

Rec_C1 Bal_Acc
P s & I/3 8 3%
3 o | 8 8 /8 &8 S
s 5| 5 & 5| & & &,
< | < < | < < < alue.
Baseline ALL 030 045 045 063 070 0.68
5 0.12 026 035 055 0.62 0.64
AdaBoost
15 041 048 051 066 0.70 0.69
Logistic 5 0.1 020 0.36 055 0.59 0.65 075
Regression 15 0.38 052 056 064 0.70 0.71
Multilayer 5 0.02 0.15 0.23 0.51 0.56 0.59
Perceptron 15 036 045 050 0.63 0.66 0.66 050
Random 5 0.04 022 030 052 060 0.63
Forest 15 038 048 054 064 069 0.70
K Nearest 5 0.00 0.07 0.10 0.50 0.53 0.54
Neighbour 15 048 060 061 0.62 068 0.67 0.25
Naive 5 0.00 0.00 0.15 0.50 0.50 0.55
Bayes 15 042 050 051 060 0.64 0.63
DP (ours) ALL 0.75 0.84 069 0.77 0.80 0.76

0.00

Fig. 6. Models trained on age-segmented training sets composed
of age groups spanning 5 years or 15 years. The models are trained
and tested on the same or overlapping age group. We utilized all 7
resampling techniques (Fig. 5) and reported the best performance for
each model. The baseline model represents logistic regression model
trained on the whole training set whereas DP is our proposed model.

age group [35-39] all of the methods decrease the balanced
accuracy from the original value. On the other hand, the
Enhanced-DP model increases balanced accuracy by 3-9%.

D. Segmented training

We compared the performance of models trained on age-
segmented datasets, where the original dataset was divided
into groups with 5-year and 15-year spans. Each model was
trained and tested on data from the same or overlapping age
groups. For example, a model trained on individuals aged
30-34 was evaluated using a test set from the same age
range. Similarly, a model trained on the 30-44 age group
was tested across the 30-34, 35-39, and 40-44 age groups.
Each model was calibrated using the Isotonic Regression and
model-specific decision threshold was calculated. We applied
all seven resampling techniques outlined in Fig. 5 and reported
the best performance for each model. As shown in Fig. 6,
the DP method consistently performed the best. Interestingly,
models trained on 15-year spans outperformed the baseline
model trained on the entire dataset. These findings were also
consistent with results obtained from the BRFSS’15 data.

E. Fairness aware ML performance

To address fairness across age groups, we evaluated two
standard fairness-aware ML methods: reweighting (using
balanced class weights) and subgroup-specific thresholding.
These experiments were conducted using logistic regression
for consistency with our resampling and Enhanced-DP exper-
iments. Reweighting did not improve recall for the 30-44 age
group, which remained low, similar to baseline and resampling
methods. Subgroup-specific thresholding, implemented using
Microsoft’s Fairlearn toolkit [50]. Performance is shown in
Fig. 7 demonstrates the improvement was still very limited
compared to our proposed Enhanced-DP method.
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model performance. Performance scores are reported using mean +/-
95% confidence interval from multiple independent trials.

F. Cross-group performance

Enhanced-DP model trained for a specific age group is
applied to all other age groups Fig. 8 and Supplementary Fig.
10 shows the performance. For example, a DP model trained
for age group [30-34], is tested on age groups [30-34], [35-39],
and [40-44]. We also compare the whole group’s performance
with the DP models. The original model shows very poor recall
C1 for all three age groups. Interestingly, the DP model trained
for the age group [30-34] can also be applied to age groups
[35-39] and [40-44]. DP model for age group [35-39] shows
the highest recall C1 of 73% - 84% for all age groups. The
balanced accuracy is also high when one DP model is applied
to another age group.

On the other hand, the DP model trained for the young
age group shows poor performance when applied to gender or
ethnic groups for which the DP model is not trained. The recall
of class 1 goes down by 8% and 19% when the DP model
for the age group [40-44] is applied to the female and Asian
groups, respectively. The balanced accuracy also declines if
age group DP models are applied to female or Asian groups.

G. Feature analysis

One of the major motivations for selecting a logistic re-
gression model is its interpretability. [S1] showed that deep
learning models are mostly black-box and cannot always be
correctly interpretable.

Fig. 9 shows the logistic regression model coefficients of
the original and the Enhanced-DP models. It shows that the
original model had a strong correlation with the subject’s
race (-0.40), employment status (-0.40), and marital status (-
0.54). The Enhanced-DP model reduces the strength of these
attributes by at least 19%. Moreover, age was positively corre-
lated in the original model while it was negatively correlated
in the Enhanced-DP models. Other attribute coefficients show
minor changes.

IV. DISCUSSION

The machine learning trained on the original dataset shows
poor diabetes diagnosis performance in the young group.
Because the diabetes data is limited in the original dataset the
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Fig. 8. Cross-group performance analysis using class 1 recall
(Rec_C1) and balanced accuracy (Bal_Acc) on BRFSS 2021. Each
column corresponds to an Enhanced-DP model trained for a specific
subgroup. Each row represents a subgroup that a model is evaluated
on. Performance scores are reported using mean +/- 95% confidence
interval from multiple independent trials.

traditional machine learning model tends to pick the general
statistics to build a diagnostic model. As a result, the models
show poor performance in the minor young group. Whole
group-based data enrichment such as sampling methods cannot
overcome the problem of poor performance as it doesn’t
enhance the young group. Some of them such as SMOTE, a
popular sampling method which is well known for removing
bias from imbalanced datasets, decrease the performance.
This is because these sampling methods are not equipped to
reduce disparate ratios in the minority group. Moreover, we
tested multiple and diverse machine learning models. However,
all the models show consistently poor performance in this
scenario.

We proposed an enhanced version of the double prioritized
bias correction technique (DP) to make the model effective and
useful for the young age group. By replicating the minor group
population dynamically, the technique improves the model’s
performance. However, one DP model can be targeted for one
particular group. The results show that the DP model trained
for the young age group is not applicable for both genders or
ethnic groups. This limitation can be easily overcome by using
multiple DP models for each minor group. However, one of
the limitations of this approach is the use of multiple models
compared to a single model. We need three separate models
for each of the underperforming young adult (age 30-34, 35-
39, 40-44 years) subgroups and another model for the rest
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Fig. 9. Logistic regression model coefficient values which are as-
sociated with each feature from the original model and Enhanced-
DP models. The one hot encoded feature (marital status, employment
status, and race) coefficients are averaged

of the population. It requires more computation time to train
these separate models; however, it doesn’t affect the inference
time. Training multiple DP models will take more time than
a single model approach but the DP model will take the same
time during diagnosis as only one model is going to be used
for predicting a particular sample. Interestingly, this technique
has broader applications beyond the specific dataset evaluated
and can be utilized in any domain to overcome bias or data
limitation challenges. Our proposed method also aligns with
recent CDC data showing a rising incidence of type 2 diabetes
among individuals under 45, highlighting the need for age-
aware modeling strategies. [52].

We considered improving diabetes detection (or diagnosis)
as the primary task, as recall class 1 was poor in the original
model for the young adult age group, while other metrics,
such as AUROC, are similar across the subgroups. Using our
method, the recall of young adults improved substantially,
which means the diabetes detection rate improved. We also
show the balanced accuracy, which is the average of positive
and negative class recall.

We also investigated the root cause of bias in the original
model by visualizing the coefficients of the logistic regression
model. Being a white box model, we can easily understand
the feature importance and the correlation of each feature
with the detection probability. The original model shows a
strong correlation with non-medical attributes such as marital
status, employment status, and race. The DP model decreases
the strength of correlation with these factors significantly.

Moreover, the original model is positively correlated with age.
It means the diabetes-positive probability increases with age.
However, this positive correlation was one of the key factors
why the original shows poor performance in the young age
group.

We can also use real-world data in the form of the ob-
servational medical outcomes partnership (OMOP) common
data model (CDM) or any other data sources. The core
methodology will be the same as the DP method is model-
agnostic as well as data-type agnostic. The OMOP-CDM
might need to be preprocessed (e.g., relevant cohort selection,
data cleaning, data scaling) before feeding to our proposed
DP model. Our approach can be applied to any kind of data
including OMOP-CDM.

V. CONCLUSION

We address a critical gap in the literature by developing a
machine learning approach specifically designed for precision
type 2 diabetes (T2D) diagnosis in a young adult population
(30-44 years old). This is a new study to target this specific
age group for T2D diagnosis using machine learning. We also
demonstrate that multiple machine learning models and a num-
ber of resampling techniques fail to achieve fair performance
in terms of detecting T2D in young adults. Our proposed
bias correction technique is specifically for improving T2D
diagnosis in young adults, and demonstrates the effectiveness
of subgroup-focused bias correction, promoting fairer and
more accurate machine learning models in healthcare settings.
This approach has the potential to mitigate bias issues in the
diagnosis of diabetes among young adults, offering a pathway
toward more equitable and accurate healthcare practices in this
demographic.

Data and code availability: The dataset used
in the study is publicly available from [31] and our
code is publicly available at an anonymous repository -
https://github.com/PiasTanmoy/Diabetes-BRFSS-DP .
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