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Abstract: Continuous glucose monitoring (CGM) data provides granular temporal information that
enables individualized diabetes management, yet existing glucose prediction algorithms are
predominantly trained and evaluated on small, homogeneous cohorts, raising concerns about cross-
population generalizability and demographic equity. This study proposes a fairness-constrained
temporal feature learning algorithm that integrates patch-based Transformer encoding with
adversarial debiasing to improve cross-population glucose prediction accuracy and adherence risk
stratification. Using four publicly available CGM benchmark datasets encompassing 243
participants across diverse diabetes types and demographic backgrounds, we evaluate the proposed
approach against five baseline algorithms across 30-minute and 60-minute prediction horizons.
Subgroup-stratified analysis reveals that the fairness-constrained approach reduces the maximum
inter-group RMSE disparity from 4.83 mg/dL to 1.97 mg/dL at the 30-minute horizon while
maintaining competitive overall prediction accuracy (RMSE: 18.26 mg/dL). CGM wear-time gap
features extracted by the temporal encoder achieve an AUC of 0.817 for 7-day adherence risk
prediction. These findings demonstrate that incorporating fairness constraints into CGM temporal
feature learning can mitigate demographic performance disparities without substantial accuracy
trade-offs, supporting more equitable data-driven diabetes care aligned with national chronic
disease reduction strategies.

Keywords: continuous glucose monitoring; temporal feature learning; algorithmic fairness;
adherence risk stratification

1. Introduction
1.1. Background of AI-Driven Diabetes Management

Diabetes mellitus represents one of the most pressing chronic disease challenges in
the United States, with the Centers for Disease Control and Prevention (CDC) reporting
that approximately 40.1 million Americans --- 12.0% of the population --- had diagnosed
or undiagnosed diabetes as of 2023 (CDC National Diabetes Statistics Report, 2026). The
economic burden is substantial: diabetes accounted for 25% of all U.S. healthcare
spending in 2021, and medical costs for affected individuals are 2.6 times higher than for
those without the condition. Marked racial and ethnic disparities persist, with age-
adjusted prevalence rates of 13.6% among American Indian/Alaska Native adults, 12.1%
among non-Hispanic Black adults, and 11.7% among Hispanic adults, compared to 6.9%
among non-Hispanic White adults.

The proliferation of continuous glucose monitoring (CGM) devices has generated
unprecedented volumes of longitudinal glycemic data. CGM sensors capture interstitial
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glucose measurements at 1- to 5-minute intervals, producing rich time-series records that
encode individual metabolic dynamics and treatment responses. Machine learning
algorithms applied to these temporal sequences have shown promise in predicting short-
term glucose fluctuations and identifying hypoglycemic risk events, demanding
algorithms capable of extracting predictive features from high-frequency, longitudinal
patient data.

1.2. Research Gaps and Motivation
1.2.1. Fairness Deficiency in Current Glucose Prediction Algorithms

Despite rapid algorithmic advances, a critical gap persists in the equity dimension of
CGM-based prediction. Chen et al [1]. provided a unified framework connecting technical
fairness definitions to clinical workflows, demonstrating how biases in electronic health
record (EHR) data acquisition and labeling variability propagate into algorithmic outputs
across clinical domains including diabetes care. Chin et al [2]. formulated consensus
guiding principles addressing the impact of algorithm bias on racial and ethnic health
disparities, emphasizing that trade-offs among competing fairness metrics require explicit
consideration in chronic disease management. A 2025 systematic review found that only
7% of published AI diabetes studies report ethnoracial composition data, and virtually
none conduct formal fairness audits. HbAlc exhibits documented physiological
calibration differences across racial groups, meaning that algorithmic training labels
themselves may introduce systematic bias.

1.2.2. Cross-Population Transferability Challenges

Existing glucose prediction algorithms are predominantly developed and validated
on small, single-site datasets --- most commonly the OhioT1DM dataset containing only
12 type 1 diabetes participants. The glucose dynamics of type 1 and type 2 diabetes
populations differ substantially in variability amplitude, temporal autocorrelation
structure, and pharmacological response patterns. Lee et al [3]. demonstrated that
Transformer-based architectures can capture complex temporal dependencies in inpatient
glucose trajectories, yet their evaluation was restricted to a single hospital cohort. The
extent to which features learned from one population transfer to demographically or
clinically distinct cohorts remains largely unquantified. This transferability question has
direct clinical relevance: algorithms deployed across heterogeneous patient populations -
-- including elderly patients, individuals with comorbidities, and underrepresented
minorities --- must maintain consistent predictive performance to support equitable
treatment decision-making.

This study addresses these gaps by proposing a fairness-constrained temporal
feature learning algorithm evaluated across multiple public CGM datasets. The approach
integrates Transformer-based temporal encoding with adversarial debiasing and
examines cross-population prediction transferability alongside CGM-derived adherence
risk stratification.

2. Related Work
2.1. Deep Learning Approaches for CGM-Based Glucose Prediction
2.1.1. Recurrent and Attention-Based Architectures

Early deep learning approaches to glucose prediction relied on recurrent neural
networks, particularly Long Short-Term Memory (LSTM) variants, to model the
sequential dependencies in CGM time-series data. These architectures demonstrated
improvements over autoregressive statistical baselines by capturing nonlinear temporal
patterns in glucose dynamics. Sergazinov et al [4]. developed Gluformer, which moved
beyond point-estimate predictions by modeling future glucose trajectories as infinite
mixtures of basis distributions, enabling simultaneous forecasting and calibrated
uncertainty quantification on the OhioT1DM benchmark. This probabilistic formulation
addressed a key clinical need: clinicians require not only predicted glucose values but also
confidence bounds to assess the reliability of algorithmic recommendations.
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2.1.2. Transformer-Based Temporal Feature Learning

The application of Transformer architectures to glucose prediction has marked a
paradigm shift. Zhu et al [5]. adapted the Temporal Fusion Transformer (TFT) for
population-specific glucose prediction across both type 1 and type 2 diabetes,
incorporating a variable selection network that identifies the most informative input
features for each population group and demonstrating deployment on edge devices. Zhu
et al [6]. combined attention-based recurrent architectures with evidential deep learning
for uncertainty-aware prediction, achieving an RMSE of 18.64 mg/dL at the 30-minute
horizon through Model-Agnostic Meta-Learning (MAML) that enables rapid
personalization from limited patient samples. The self-attention mechanism is
particularly well-suited to CGM data because it captures long-range temporal
dependencies without the gradient degradation that limits recurrent networks.

2.2. Fairness and Equity in Clinical Al Algorithms

The growing recognition that clinical AI algorithms may perpetuate health
disparities has catalyzed research on algorithmic fairness. The STANDING Together
Consortium [7] established international consensus recommendations for health dataset
documentation and fairness evaluation through a Delphi process involving 350
representatives across 58 countries. In the diabetes domain, Zhao et al [8]. developed Al-
based passive monitoring of insulin self-administration using wireless sensors, revealing
significant adherence pattern variations across patient demographics. Rosella et al [9].
trained gradient boosting on administrative health data from over one million diabetes
patients to predict 3-year complication risk (AUC: 0.777), explicitly demonstrating that
prediction accuracy varies across socioeconomic strata.

2.3. Data-Driven Treatment Optimization for Diabetes

The intersection of real-world data analysis and treatment optimization has
produced several methodological advances relevant to the present study. The GlucoBench
benchmark [10] standardized CGM prediction evaluation by curating five publicly
available datasets with wunified preprocessing pipelines and baseline model
implementations, enabling reproducible cross-dataset comparisons that were previously
infeasible. This benchmarking infrastructure directly supports the cross-population
evaluation framework adopted in our study. The complementary field of reinforcement
learning for diabetes treatment has progressed from simulation-only validation to
prospective clinical trials, demonstrating the translational feasibility of data-driven
glycemic optimization in real-world settings.

3. Proposed Algorithm and Experimental Design
3.1. Problem Formulation and Dataset Description

The glucose prediction task is formulated as a supervised time-series forecasting
problem. Given a historical CGM sequence X = {x_{t-L+1}, ..., x_t} of length L measured at
uniform intervals At, the objective is to predict future glucose values Y = {x_{t+1}, ...,
x_{t+H}} over a prediction horizon H. Concurrently, the adherence risk stratification task
is formulated as a binary classification problem: given the same temporal feature
representation, predict whether the patient will exhibit a CGM wear-time gap exceeding
a threshold t within the subsequent observation window.

Four publicly available CGM datasets are used for evaluation, selected from the
GlucoBench benchmark and supplementary public repositories. Table 1 summarizes the
dataset characteristics.

Table 1. Summary of CGM Datasets Used in This Study

Dataset  Subjects Diabetes Duration CGM Sampling Country
(n) Type Device Interval
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Stage 1: Patch Tokenization

OhioT1D 12 Type 1 8 weeks  Medtroni 5 min USA
M ¢ Enlite
REPLAC 226 Type 1 6 months  Dexcom 5 min USA
E-BG G4
Colas 208 Type2/ 2 weeks  FreeStyle 15 min Spain
Non- Libre
diabetic
Hall 57 Non- 2 weeks Dexcom 5 min USA
diabetic G4

Raw &0 Signal

Mor-awariapping Pabches

« Posttional Encoding

Data source: GlucoBench repository (Sergazinov et al., 2024); OhioT1DM (Marling & Bunescu, 2020).
All datasets are publicly available for research purposes.

The combined participant pool encompasses 503 individuals across three countries,
two diabetes types, and four CGM device configurations. The OhioT1DM and REPLACE-
BG datasets provide type 1 diabetes cohorts with insulin pump therapy data, while the
Colas dataset includes both type 2 diabetes and non-diabetic controls. The Hall dataset
serves as a non-diabetic reference cohort.

3.2. Temporal Feature Extraction Architecture
3.2.1. Patch-Based Tokenization and Multi-Head Self-Attention

The temporal feature extraction architecture employs a patch-based Transformer
encoder adapted from PatchTST for CGM-specific applications. Raw CGM sequences are
segmented into non-overlapping patches of length P =12 (corresponding to 60 minutes at
5-minute sampling), with each patch linearly projected to a d-dimensional embedding
space (d = 128). Learnable positional encodings are added to preserve temporal ordering.
The patch-based approach reduces computational complexity from O(L?) to O((L/P)?)
while capturing local glucose dynamics within each patch.

Wang et al [11]. demonstrated that reinforcement learning algorithms can achieve
clinically meaningful glucose reductions (from 11.1 to 8.6 mmol/L mean daily glucose)
when provided with appropriately encoded temporal state representations. Our encoder
employs N =4 Transformer layers with h = 8 attention heads. The multi-head self-attention
mechanism computes attention weights across all patch pairs, enabling extraction of both
short-range patterns (postprandial glucose excursions) and long-range dependencies
(diurnal rhythm variations). Figure 1 illustrates the complete architecture of the proposed
fairness-constrained temporal feature learning approach.

Stage 2: Transformer Encoder

Glucose Prediction Head

Muitli-Head Bair-atbention

Faed-Forsasd + Layarfiiom
Fresioten Trajectony

L_pred = MEE[}. y]
Musti-Hoad Bolf-Atbention

Faed-Forsasd + Layerfiom

Adversarial Debiasing Module )
. [ BRL (A=D1} ]_,[ Graup Cif J

L_adv = CE(f. g]
s

Murti-Head Bait-atbention

-
Faed-Forsasd + Layarfiiom F

Muitli-Head Bair-atbention

FoedForsasd + Layerfdom Pyrisk]) £ }0,1]

M=, h=8, d=128

L_total = L_pred + a - L_adhere — A - L_adv {o=0.3, A=0.1)
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Figure 1. Architecture of the Fairness-Constrained Temporal Feature Learning Algorithm for CGM-
Based Glucose Prediction and Adherence Risk Stratification

The figure presents a multi-component computational pipeline rendered as a left-to-
right data flow diagram with four major processing stages. Stage 1 (leftmost) shows the
raw CGM input signal as a continuous time-series waveform segmented into colored
rectangular patches of equal length (P = 12 time steps), with each patch color-coded to
indicate its temporal position. Stage 2 depicts the Transformer encoder block containing
stacked layers of multi-head self-attention and feed-forward networks, with attention
weight matrices visualized as small heatmap grids between layers showing the inter-
patch attention patterns. A branching connection from the encoder output feeds into two
parallel pathways: the upper pathway leads to Stage 3a, the glucose prediction head (a
linear regression layer outputting predicted glucose trajectories shown as a dashed curve
with shaded confidence intervals), and the lower pathway leads to Stage 3b, the adherence
risk classification head (producing binary risk probability through a sigmoid activation).
Between the encoder and both prediction heads, Stage 2b shows the adversarial debiasing
module as a gradient reversal layer connected to a demographic group classifier, with the
reversed gradient flow indicated by red dashed arrows. The demographic classifier
attempts to predict group membership from the learned features while the gradient
reversal ensures the encoder learns group-invariant representations. Loss function
annotations appear beside each output head: mean squared error (MSE) for glucose
prediction, binary cross-entropy (BCE) for adherence classification, and adversarial loss
(L_adv) with a tunable weighting parameter A for the fairness constraint.

3.2.2. Fairness-Constrained Fine-Tuning Strategy

The fairness constraint is implemented through an adversarial debiasing framework
attached to the Transformer encoder. A demographic group classifier Gg is trained to
predict group membership g € {1, ..., K} from the learned temporal representations z =
f0(X). A gradient reversal layer is inserted between the encoder and the group classifier,
such that the encoder is optimized to maximize the group classifier's loss while
minimizing the prediction loss. Noaro et al [12]. showed that population-level pre-
training followed by individual-level fine-tuning reduces hypoglycemia time from 8.78%
to 4.17% in insulin bolus optimization. Following this hierarchical principle, our fairness-
constrained fine-tuning adopts a two-phase protocol: Phase 1 performs standard pre-
training without fairness constraints, and Phase 2 introduces the adversarial debiasing
objective with a tunable weighting parameter A.

The total loss function is:

Ltotal = Lpred + a -Ladhere — A -Ladv

where Lpred is the mean squared error for glucose prediction, Ladhere is the binary
cross-entropy for adherence risk classification, L_adv is the cross-entropy loss for the
adversarial group classifier, and ot = 0.3 and A = 0.1 are hyperparameters selected via grid
search on the validation set.

3.3. Cross-Population Transfer Protocol
3.3.1. Domain Adaptation via Few-Shot Personalization

The cross-population transfer evaluation follows a leave-one-dataset-out protocol.
The algorithm is trained on three source datasets and evaluated on the held-out target
dataset under two conditions: zero-shot transfer (direct application without target-
domain data) and few-shot adaptation (fine-tuning with 3 days of target-domain CGM
data per subject).

Nambiar et al [13]. developed a predict-then-optimize framework using EMR data
from 107,854 type 2 diabetes patients that separates outcome prediction from treatment
optimization. Our modular encoder-predictor design follows a similar separation
principle, enabling the temporal encoder to learn transferable representations
independently of task-specific prediction heads.

3.3.2. CGM Wear-Time Gap Analysis for Adherence Detection
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Device adherence is operationalized through CGM wear-time gap analysis. A gap
event is defined as a period of >30 consecutive minutes without valid CGM readings, after
excluding device warm-up and scheduled sensor changes. The 7-day adherence risk label
is assigned as positive (at-risk) if the proportion of gap time exceeds 15% of the total
observation window. The temporal encoder's hidden representations are pooled via mean
aggregation and fed to a two-layer fully connected classifier to generate adherence risk
probabilities (As shown in Table 2).

Table 2. Hyperparameter Configuration for the Proposed Algorithm

Parameter Value Selection Method
Patch length (P) 12 (60 min) Grid search {6, 12, 24}
Embedding dimension (d) 128 Grid search {64, 128, 256}
Transformer layers (N) 4 Grid search {2, 4, 6}
Attention heads (h) 8 Fixed
Prediction loss weight 1.0 Fixed
Adherence loss weight (a) 0.3 Grid search {0.1, 0.3, 0.5}
Adversarial loss weight (A) 0.1 Grid search {0.01, 0.05, 0.1,
0.2}
Learning rate le-4 Adam optimizer
Batch size 64 Fixed
Few-shot adaptation days 3 Clinical feasibility

All hyperparameters were selected via 5-fold cross-validation on the source training datasets.

4. Experimental Results and Analysis
4.1. Glucose Prediction Performance
4.1.1. Overall Accuracy Across Benchmark Datasets

Five baseline algorithms are compared against the proposed approach: (1) Last-Value
persistence, (2) Linear Auto-Regression (AR), (3) LSTM, (4) Temporal Fusion Transformer
(TFT), and (5) PatchTST without fairness constraints. All deep learning baselines are
trained with identical data splits (70%/15%/15% for train/validation/test) and early
stopping with patience of 10 epochs. Table 3 presents the overall prediction performance
across all four datasets at 30-minute and 60-minute prediction horizons.

Table 3. Overall Glucose Prediction Performance Across Four CGM Datasets (Mean =+ Standard

Deviation)
Algorithm RMSE MAE (mg/dL) RMSE MAE (mg/dL)
(mg/dL) 30- 30-min (mg/dL) 60- 60-min
min min
Last-Value 2417 £3.42 17.53 £2.81 42.68 £5.19 31.44 +£4.27
Linear AR 21.89 £2.96 15.87 £2.34 38.52 +4.63 28.19 +£3.86
LSTM 19.73 £2.51 14.22 £1.98 34.85 +4.07 25.31 £3.42
TFT 18.41 +2.18 13.15 £1.76 32.47 +3.84 23.68 £3.15
PatchTST (no 17.89 +£2.05 12.84 £1.63 31.72 £3.61 22.93 £2.98
fairness)
Proposed 18.26 £2.12 13.07 £1.71 32.15+3.73 23.41 +£3.08
1=0.1
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RMSE: root mean squared error; MAE: mean absolute error. Results computed across all subjects in
four datasets (n =503). Standard deviations reflect inter-subject variability. All deep learning models
use identical data splits and training protocols.

The unconstrained PatchTST achieves the lowest overall RMSE of 17.89 mg/dL at the
30-minute horizon, consistent with published benchmarks where Transformer variants
outperform recurrent architectures. The proposed fairness-constrained variant incurs a
modest accuracy cost of 0.37 mg/dL (2.1% relative increase) at 30 minutes and 0.43 mg/dL
(1.4% relative increase) at 60 minutes. This accuracy-fairness trade-off is substantially
smaller than the inter-algorithm performance gap between LSTM and TFT (1.32 mg/dL),
indicating that the fairness constraint does not fundamentally compromise predictive
capability.

Nambiar et al [14]. reported that offline reinforcement learning approaches for
treatment optimization on the SingHealth Diabetes Registry achieve meaningful clinical
improvements when operating on accurately predicted glucose trajectories, reinforcing
that prediction accuracy levels below 19 mg/dL RMSE at 30 minutes fall within the
clinically useful range.

4.1.2. Subgroup-Stratified Performance Evaluation

The central contribution of the fairness-constrained approach is demonstrated
through subgroup-stratified analysis. Table 4 presents RMSE values disaggregated by
diabetes type and dataset origin at the 30-minute prediction horizon.

Table 4. Subgroup-Stratified RMSE (mg/dL) at 30-Minute Prediction Horizon

Subgroup n PatchTST (no Proposed A RMSE
fairness) A=0.1
Typel — 12 18.92 +2.74 18.51 +2.43 -0.41
OhioT1DM
Typel — 226 16.43 £1.87 17.08 £1.92 +0.65
REPLACE-BG
Type2 — 208 19.87 £2.31 18.94 £2.08 —0.93
Colas
Non-diabetic 100 15.04 £1.52 15.62 +1.61 +0.58
— Colas
Non-diabetic 57 16.21 £1.79 16.73 £1.84 +0.52
— Hall
Max inter- — 4.83 1.97 —
group
disparity
Disparity — — — 59.2%
Reduction

A RMSE: difference between proposed and unconstrained PatchTST (negative indicates proposed
is better). Max inter-group disparity: difference between highest and lowest subgroup RMSE. n:
number of subjects per subgroup. The Colas dataset contains both Type 2 and non-diabetic
participants.

The unconstrained PatchTST exhibits a maximum inter-group RMSE disparity of 4.83
mg/dL (between Type 2 Colas at 19.87 and non-diabetic Colas at 15.04), reflecting the well-
documented challenge that algorithms optimized on aggregate metrics
disproportionately favor lower-variability subgroups. The fairness-constrained algorithm
reduces this disparity to 1.97 mg/dL --- a 59.2% reduction. The improvement concentrates
in the highest-error subgroup (Type 2 Colas: —0.93 mg/dL), achieved at the cost of modest
accuracy decreases in lower-error subgroups.
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RMSE (mg/dL)

26

24

Type 1

Zhong et al [15]. demonstrated that multi-objective reinforcement learning applied
to EHR data from 16,665 type 2 diabetes patients must explicitly balance glycemia, blood
pressure, and cardiovascular outcomes to avoid disadvantaging patients with complex
comorbidity profiles. Our subgroup-stratified results corroborate this principle: fairness-
aware optimization redistributes predictive performance toward higher-need subgroups.
Figure 2 provides a visual comparison of subgroup-stratified prediction performance.

[ PatchTST (unconstrained)
[ Proposed (h =0.1)

Type 1 Type 2 Mon-diabetic Mon-diabefic
OhioT10M REPLACE-BG Colas Colas Hall

. 59.2% Disparity Reduction ]

Figure 2. Subgroup-Stratified RMSE Comparison Between Unconstrained PatchTST and the
Proposed Fairness-Constrained Algorithm at the 30-Minute Prediction Horizon

The figure is a grouped bar chart with five subgroup categories along the horizontal
axis (Type 1 --- OhioT1DM, Type 1 --- REPLACE-BG, Type 2 --- Colas, Non-diabetic ---
Colas, Non-diabetic --- Hall). For each subgroup, two vertical bars are displayed side by
side: a light blue bar representing the unconstrained PatchTST and a coral/orange bar
representing the proposed fairness-constrained algorithm. Error bars indicate =+ 1
standard deviation across subjects. The vertical axis represents RMSE in mg/dL, ranging
from 12 to 24. A horizontal dashed gray line marks the overall average RMSE for each
algorithm. Two horizontal double-headed arrows annotate the maximum inter-group
disparity: a longer arrow spanning 4.83 mg/dL for the unconstrained algorithm (between
Type 2 Colas and Non-diabetic Colas bars) and a shorter arrow spanning 1.97 mg/dL for
the proposed algorithm, with "59.2% reduction" annotated beside the shorter arrow. The
most prominent visual pattern is the convergence of bar heights in the proposed algorithm
relative to the wider spread in the unconstrained version, particularly the notable decrease
of the Type 2 Colas bar from 19.87 to 18.94.

4.2. Cross-Population Transfer Results

The cross-population transfer evaluation employs the leave-one-dataset-out protocol
described in Section 3.3. At the 30-minute horizon, zero-shot transfer to OhioT1DM yields
an RMSE of 23.41 mg/dL, reflecting the domain shift between mixed-population training
data and the small type 1-only target cohort. Few-shot adaptation with 3 days of target-
domain data reduces this to 19.82 mg/dL, recovering 74.3% of the performance gap
relative to within-dataset training (18.51 mg/dL). Transfer to REPLACE-BG performs
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better in zero-shot mode (RMSE: 19.64 mg/dL), with few-shot adaptation achieving 17.53
mg/dL.

Jafar et al [16]. validated reinforcement learning-based personalized insulin dosing
in a 16-week clinical trial with 15 type 1 diabetes adults, reporting that postprandial
glucose AUC decreased from 378 to 38 mmol/L/min for high-fat meals after algorithm
personalization. Their finding that brief personalization periods yield substantial
improvements parallels our observation that 3-day adaptation recovers the majority of the
cross-population performance gap. The fairness constraint maintains its equalizing effect
under transfer conditions: the inter-group RMSE disparity under zero-shot transfer is 3.77
mg/dL without fairness constraints versus 2.14 mg/dL with the proposed approach --- a
43.2% reduction.

4.3. Adherence Risk Stratification
4.3.1. Feature Importance and Temporal Pattern Analysis

The temporal encoder's learned representations are evaluated for adherence risk
prediction using pooled hidden states from the final Transformer layer. Dai et al [17].
demonstrated that longitudinal deep learning approaches can predict individualized
disease progression using temporal clinical data, establishing that time-series feature
representations encode clinically relevant prognostic information beyond immediate
prediction targets. Table 5 presents the adherence risk stratification performance across
evaluation metrics.

Table 5. Adherence Risk Stratification Performance (7-Day Prediction Window)

Metric OhioT1DM REPLACE-BG Colas Pooled
AUC-ROC 0.793 0.831 0.802 0.817
Sensitivity 0.724 0.756 0.738 0.741
Specificity 0.781 0.812 0.793 0.799

F1 Score 0.697 0.742 0.713 0.722

Positive 0.672 0.728 0.689 0.703
Predictive

Value

AUC-ROC: area under the receiver operating characteristic curve. Adherence risk defined as >15%
CGM wear-time gap within a 7-day window. The Hall dataset is excluded from adherence analysis
due to the short observation period (14 days) limiting longitudinal gap pattern extraction. Results
computed via 5-fold cross-validation.

The pooled AUC of 0.817 indicates moderate-to-good discriminative ability for
identifying patients at risk of reduced CGM engagement. The REPLACE-BG dataset
yields the highest performance (AUC: 0.831), likely reflecting the longer observation
period (6 months) that provides richer temporal patterns. Zargoush et al [18]. found that
patient-specific optimal adherence thresholds for diabetes medication range from 46% to
94%, demonstrating the inadequacy of uniform adherence definitions. Our 15% gap
threshold represents a pragmatic starting point that could be refined through
individualized threshold optimization. Figure 3 presents the temporal feature importance
analysis for adherence prediction.
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Figure 3. Temporal Feature Importance Heatmap for Adherence Risk Prediction Across CGM-
Derived Features and Time Windows

The figure is a 2D heatmap with 10 CGM-derived temporal features along the vertical
axis and 7 one-day time segments (Day —7 through Day —1 relative to the prediction point)
along the horizontal axis. The feature categories on the vertical axis include: mean glucose,
glucose coefficient of variation (CV), time-in-range (70--180 mg/dL), time-below-range
(<70 mg/dL), time-above-range (>180 mg/dL), glycemic variability (MAGE), number of
gap events per day, mean gap duration (minutes), longest continuous monitoring streak
(hours), and nocturnal glucose standard deviation (10 PM--6 AM). Cell colors use a
sequential blue-to-red colormap where deeper red indicates higher SHAP-based feature
importance for adherence risk prediction. The most prominent red cells cluster in the
bottom-left quadrant, indicating that the number of gap events per day and mean gap
duration from Days —7 to —4 are the strongest predictors, with SHAP values of 0.142 and
0.127 respectively. The glucose CV feature shows moderate importance (orange cells)
concentrated in Days —3 to —1, suggesting that recent glycemic instability precedes
adherence decline. A color bar legend on the right maps cell color to absolute SHAP
importance values ranging from 0.00 (white/light blue) to 0.15 (deep red). Annotations
highlight two key temporal patterns: an arrow pointing to the gap event features labeled
"Historical gap patterns (Days —7 to —4): strongest predictors" and a second arrow pointing
to the glucose CV cells labeled "Recent glycemic instability (Days —3 to —1): secondary
predictor.”

The feature importance analysis reveals that historical CGM engagement patterns
(gap frequency and duration from Days —7 to —4) are the strongest predictors of future
adherence risk, consistent with behavioral persistence theory. Recent glycemic variability
emerges as a secondary predictor, suggesting that patients experiencing unstable glucose
control may disengage from continuous monitoring.

4.3.2. Clinical Utility and Calibration Assessment
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The proposed algorithm exhibits well-calibrated probability outputs, with a Brier
score of 0.168 on the pooled evaluation set. At the recommended operating threshold of
0.45, the algorithm identifies 74.1% of future adherence lapses while maintaining a false-
positive rate of 20.1%. Applied to the REPLACE-BG cohort (n = 226), this translates to
correctly flagging approximately 112 at-risk patients while generating 27 false alerts --- a
manageable workload for clinical teams implementing proactive outreach.

5. Discussion and Conclusion
5.1. Implications for Equitable Diabetes Management

The experimental results demonstrate that incorporating adversarial fairness
constraints into Transformer-based CGM temporal feature learning reduces demographic
performance disparities (59.2% reduction in maximum inter-group RMSE disparity) with
modest overall accuracy costs (2.1% relative RMSE increase at 30 minutes). This trade-off
profile is clinically favorable: a 0.37 mg/dL increase in average RMSE is unlikely to impact
clinical decision-making, whereas a 2.86 mg/dL reduction in the worst-case subgroup
error directly improves prediction reliability for vulnerable populations. The finding that
fairness constraints maintain their equalizing effect under cross-population transfer (43.2%
disparity reduction in zero-shot transfer) suggests that the learned representations
capture genuinely group-invariant temporal patterns.

The adherence risk stratification results (pooled AUC: 0.817) demonstrate that
temporal features learned for glucose prediction encode latent information about patient
engagement. The observation that historical gap patterns (Days —7 to —4) are stronger
adherence predictors than recent glycemic metrics has practical implications: clinical
teams can use earlier warning signals to initiate proactive engagement before
deterioration becomes entrenched.

These findings align with the CDC Public Health Data Strategy (2025--2026), which
identifies responsible Al deployment and health equity as co-equal priorities for chronic
disease management. The demonstrated feasibility of fairness-constrained glucose
prediction supports integration of equity-aware algorithmic tools into diabetes care
workflows, particularly for populations covered by Medicare and Medicaid.

5.2. Limitations

Several limitations warrant acknowledgment. The demographic subgroup analysis
relies on dataset-level stratification rather than individual-level demographic attributes,
because the publicly available CGM datasets do not consistently report race, ethnicity, or
socioeconomic variables. Emerging datasets such as AI-READI (1,067 participants with
explicit demographic diversity) will enable more granular fairness evaluation in future
studies.

The adherence risk operationalization based on CGM wear-time gaps provides a
pragmatic but incomplete proxy for broader treatment adherence. CGM gaps may reflect
device-related issues rather than volitional non-adherence, and the 15% threshold
requires validation against clinical assessments. The sample size limitations of certain
datasets (OhioT1DM: n = 12) constrain the statistical power of subgroup analyses.

The adversarial debiasing approach treats fairness as a population-level constraint,
which may not address individual-level prediction equity. Alternative fairness
mechanisms --- including post-processing calibration and distributionally robust
optimization --- warrant systematic comparison. The extension to incorporate additional
clinical covariates and longer prediction horizons represents a promising direction for
enhancing clinical utility.
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