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ABSTRACT

This research investigates the potential of wearable physiological signals as a
source of temporal biomarkers for Type 2 Diabetes (T2DM) progression. Lever-
aging the AI-READI dataset, we analyze longitudinal data from wearable activity
monitors, focusing on heart rate, physical activity, and sleep patterns. We hy-
pothesize that temporal relationships within these signals differ across diabetes
stages (healthy, pre-diabetes, medication-controlled, insulin-dependent). We em-
ploy time series analysis techniques, including Dynamic Time Warping (DTW) for
similarity analysis, Gramian Angular Fields (GAF) and Recurrence Plots (RP) for
visualizing temporal dependencies. We then use these representations as input to
machine learning models for diabetes stage classification. The interpretability of
GAF and RP allows us to identify specific temporal patterns associated with each
stage, providing insights into the physiological changes occurring during disease
progression. We evaluate the performance of our approach using standard classi-
fication metrics (AUC, accuracy) and assess the interpretability of the learned pat-
terns through visualization and feature importance analysis. This research aims to
uncover novel, interpretable biomarkers that can improve our understanding and
management of T2DM.

1 INTRODUCTION

Type 2 Diabetes Mellitus (T2DM) is a chronic metabolic disorder with increasing global prevalence.
Early detection and precise monitoring of disease progression are crucial for effective management
and preventing severe complications. Wearable physiological sensors offer a non-invasive, contin-
uous, and cost-effective means of collecting rich longitudinal data, including heart rate, physical
activity, and sleep patterns. These signals hold immense potential for identifying subtle physiologi-
cal changes associated with T2DM progression (Vaddepally, 2025).

Existing work in leveraging wearable data for health monitoring often focuses on extracting static,
aggregate features (e.g., mean heart rate, total steps per day) from time series data (Saurabh et al.,
2025). While such approaches have shown promise, they may overlook the rich temporal dynam-
ics and intricate relationships within physiological signals that evolve as T2DM progresses. For
instance, changes in heart rate variability patterns over a day, or the fragmentation of sleep stages,
could be more indicative of disease state than simple averages. Other studies that do use time series
data often reduce them to extracted features, rather than modeling the raw temporal relationships
directly (Ouyang et al., 2023).

This paper explores a critical pitfall: relying solely on aggregate statistical features from wearable
sensor data may be insufficient for accurately classifying Type 2 Diabetes progression stages. Our
initial experiments, detailed herein, demonstrate that a baseline Multilayer Perceptron (MLP) model
trained on mean, standard deviation, min, max, and count statistics, along with sleep stage pro-
portions and age, struggles to precisely differentiate between the four distinct stages of diabetes
progression (healthy, pre-diabetes, oral medication-controlled, insulin-dependent). Despite hyper-
parameter tuning for batch size and ablation studies on imputation strategies, the model exhibits
moderate performance, with notable misclassifications between adjacent stages. This highlights the
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inherent limitations of static feature representations for capturing complex, evolving physiological
states.

Our ultimate goal, motivated by these baseline limitations, is to identify interpretable temporal
biomarkers of T2DM progression using advanced time series analysis techniques such as Dynamic
Time Warping (DTW) (Zhang et al., 2022), Gramian Angular Fields (GAF), and Recurrence Plots
(RP) (Mariani et al., 2025; Hatami et al., 2018). These methods are designed to capture and visualize
temporal dependencies, offering a path toward more nuanced and interpretable insights into disease
pathology (Zhao et al., 2025; Arystambekova & Pinsky, 2025). The current work serves as a crucial
foundation, demonstrating the challenges faced by simpler models and underscoring the necessity
for more sophisticated temporal modeling to unlock the full potential of wearable data in diabetes
management.

2 RELATED WORK

The application of wearable physiological sensors in healthcare, particularly for chronic disease
management like Type 2 Diabetes, has seen rapid growth. Much of the early and current research
focuses on extracting static or aggregate features from wearable sensor data. For instance, studies
often utilize metrics such as average heart rate, daily step counts, or total sleep duration to predict
or classify various health conditions (Saurabh et al., 2025). While these aggregate features offer
a straightforward approach to analysis, they inherently discard the rich temporal dynamics embed-
ded within the raw time series, potentially limiting their ability to capture subtle, yet significant,
physiological changes indicative of disease progression.

More advanced approaches have begun to leverage time series analysis techniques. Some re-
searchers focus on extracting a diverse set of statistical features from time series segments, ef-
fectively transforming the temporal data into a higher-dimensional static feature vector for machine
learning models (Ouyang et al., 2023). While this is a step beyond simple aggregates, it still re-
lies on pre-defined feature engineering rather than directly modeling the raw temporal relationships.
Other works have explored deep learning models, such as LSTMs, to directly process time series
data for diabetes prediction (Farman et al., 2025). These models are capable of learning temporal
dependencies, yet their interpretability can be limited.

Our work is distinct in its explicit focus on time series transformation techniques designed to capture
and visualize temporal relationships for enhanced interpretability. Dynamic Time Warping (DTW)
is a well-established algorithm for measuring the similarity between two temporal sequences that
may vary in speed or duration (Zhang et al., 2022). Gramian Angular Fields (GAF) and Recurrence
Plots (RP) are techniques that transform one-dimensional time series into two-dimensional images,
encoding temporal dependencies as spatial patterns (Mariani et al., 2025; Hatami et al., 2018). GAF,
specifically, maps time series into polar coordinates to reveal temporal correlations by calculating
the angular summation or difference between points (Corrêa et al., 2023; Zheng et al., 2026). Re-
currence Plots, on the other hand, visualize recurring patterns and non-stationarity by plotting points
where the phase space trajectory of a system visits roughly the same area at different times. These
image-based representations have shown promise in time series classification, with some studies
comparing their effectiveness for different tasks (Senarathna et al., 2021).

The current study, however, takes a step back to critically evaluate the performance of a conventional
machine learning approach using only aggregate statistical features derived from wearable data.
This forms a necessary baseline to highlight the limitations of such simplified representations before
delving into the complexities of advanced temporal modeling. This focus on identifying pitfalls and
challenges aligns with the spirit of the ICBINB workshop.

3 METHOD

Our overarching research goal is to discover interpretable temporal biomarkers for Type 2 Diabetes
(T2DM) progression using advanced time series analysis techniques on wearable physiological sig-
nals. However, before embarking on complex temporal modeling, it is essential to establish a base-
line using simpler, commonly employed aggregate features. This section details the methodology

2



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Under review as a workshop paper at ICLR 2025

for our baseline experiments, which serve to highlight the limitations of such approaches and under-
score the necessity for more sophisticated temporal analysis.

3.1 DATASET

We utilize the AI-READI Development dataset, a multi-modal dataset containing longitudinal wear-
able activity monitor data from 100 participants. For these experiments, we focus solely on wearable
signals from Garmin Vivosmart 5 devices, specifically heart rate, physical activity (steps), physical
activity caloric expenditure, and sleep stage data. Each participant is assigned to one of four ordi-
nal diabetes progression stages: 0 (healthy), 1 (pre-diabetes lifestyle controlled), 2 (oral medication
and/or non-insulin injectable medication controlled), and 3 (insulin-dependent).

3.2 FEATURE ENGINEERING FOR BASELINE

For our baseline model, we extract a set of aggregate statistical features from each available wearable
signal for each patient. For numeric signals (heart rate, oxygen saturation, respiratory rate, stress,
physical activity, physical activity caloric expenditure), we compute the mean, standard deviation,
minimum, maximum, and count of valid readings. For sleep data, we calculate the proportion of time
spent in each sleep stage (light, deep, REM, awake) and the total count of sleep epochs. Additionally,
the patient’s age is included as a demographic feature. This results in a feature vector of 30 wearable
features and 1 age feature for each patient.

3.3 DATA PREPROCESSING

(a) Average Validation MAE by Batch Size (Base-
line)

(b) Average Validation MAE by Imputation Strategy
and Batch Size

Figure 1: Performance comparison of the MLP model. (a) illustrates the effect of batch size on
MAE for the baseline model using mean imputation. (b) extends this by comparing mean and
median imputation strategies across different batch sizes.

The raw wearable data often contains missing values and varies in scale. To address this, we perform
the following preprocessing steps:

1. Missing Value Imputation: We use ‘sklearn.impute.SimpleImputer‘ to fill missing values
in the feature matrix. In our experiments, we evaluate both ‘mean‘ and ‘median‘ strategies
for imputation (Wu et al., 2020).

2. Feature Scaling: After imputation, features are scaled using
‘sklearn.preprocessing.StandardScaler‘ to ensure that all features contribute equally
to the model training, preventing features with larger numerical ranges from dominating
the learning process (Kim & Moon, 2023; Swetha et al., 2026).
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3.4 MACHINE LEARNING MODEL

We employ a simple Multilayer Perceptron (MLP) as our classification model. The MLP consists of
three fully connected layers with ReLU activation functions between them. The output layer has a
single neuron, as the problem is framed as an ordinal regression task, predicting the diabetes stage
as an integer from 0 to 3 (Qu et al., 2025). The model is implemented using PyTorch.

• Input Layer: Matches the number of features (31: 30 wearable features + 1 age).

• Hidden Layers: Two hidden layers with 64 and 32 neurons, respectively.

• Output Layer: One neuron, predicting a continuous value which is then rounded and
clipped to the nearest integer within the range [0, 3] to represent the diabetes stage.

3.5 TRAINING AND EVALUATION

We use 5-fold stratified cross-validation to evaluate the model’s performance, ensuring that the dis-
tribution of diabetes stages is preserved across training and validation folds. This is crucial given
the imbalanced nature of clinical datasets (Afridi et al., 2025; Basandrai & Jain, 2025).

• Loss Function: Mean Absolute Error (MAE) loss (‘nn.L1Loss‘) is used as the primary
optimization objective, aligning with the ordinal nature of the labels.

• Optimizer: Adam optimizer with a learning rate of 0.001.

• Epochs: Models are trained for 50 epochs.

• Metrics: The primary evaluation metric is Mean Absolute Error (MAE) between the
rounded predictions and true labels. We also monitor training and validation loss per epoch.

• Hyperparameter Tuning: We performed tuning for the batch size, evaluating values of
16, 32, and 64.

4 EXPERIMENTAL SETUP

The experiments were conducted using the AI-READI Development dataset, specifically focusing
on wearable activity monitor data. The dataset consists of 100 participants, each categorized into
one of four diabetes progression stages (0-3). The wearable signals used were heart rate, oxygen
saturation, respiratory rate, stress, physical activity (steps), physical activity caloric expenditure, and
sleep.

For each patient, aggregate statistical features were extracted from their wearable data. These fea-
tures included the mean, standard deviation, minimum, maximum, and count for each numeric sig-
nal. For sleep, proportions of light, deep, REM, and awake stages were calculated, along with the
total sleep epoch count. Patient age was also included as a feature.

Missing values in the feature matrix were handled using ‘SimpleImputer‘ from ‘sklearn‘, with strate-
gies of ‘mean‘ and ‘median‘ being explored. Features were then scaled using ‘StandardScaler‘. The
target variable, diabetes stage, was treated as an ordinal outcome (0, 1, 2, 3).

A Multilayer Perceptron (MLP) model, implemented in PyTorch, was used for classification. The
MLP had an input layer matching the feature count, two hidden layers (64 and 32 neurons, respec-
tively) with ReLU activations, and a single output neuron for ordinal regression. The model was
trained using the Adam optimizer (learning rate 0.001) and ‘nn.L1Loss‘ (MAE loss) for 50 epochs.

Model evaluation was performed using 5-fold stratified cross-validation to maintain class distribu-
tion across folds. The primary performance metric was Mean Absolute Error (MAE). Hyperparam-
eter tuning was conducted for batch sizes: 16, 32, and 64.

5 EXPERIMENTS

Our experiments aimed to establish a baseline for predicting Type 2 Diabetes progression stages
using aggregate statistical features from wearable devices. We performed hyperparameter tuning
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for batch size and an ablation study on imputation strategies, evaluating performance using Mean
Absolute Error (MAE) across 5-fold stratified cross-validation.

5.1 BASELINE PERFORMANCE: BATCH SIZE TUNING

We first evaluated the impact of batch size on the MLP model’s performance using mean imputation
for missing values. Table 1 summarizes the average validation MAE for batch sizes 16, 32, and 64.

Table 1: Average Validation MAE for different batch sizes (Baseline with Mean Imputation)

Batch Size Average Validation MAE
16 0.78
32 0.77
64 0.69

As shown in Figure 1a, a batch size of 64 yielded the lowest average validation MAE (0.69), outper-
forming smaller batch sizes (0.78 for 16, 0.77 for 32). Analysis of the loss curves (see Appendix A)
revealed that while training loss consistently decreased across all batch sizes, validation loss often
plateaued or slightly increased after an initial drop, indicating signs of overfitting, particularly with
smaller batch sizes. Batch size 64 showed more stable validation loss and MAE curves, suggesting
better generalization.

5.2 ABLATION STUDY: IMPUTATION STRATEGIES

Next, we conducted an ablation study to compare the impact of mean versus median imputation
strategies, repeating the batch size tuning for each. The results are summarized in Table 2 and
visually presented in Figure 1b.

Table 2: Average Validation MAE for different imputation strategies and batch sizes

Configuration Imputation Strategy Average Validation MAE
Batch Size 16 Mean 0.81
Batch Size 32 Mean 0.81
Batch Size 64 Mean 0.73
Batch Size 16 Median 0.79
Batch Size 32 Median 0.76
Batch Size 64 Median 0.72

The findings indicate that median imputation, particularly with a batch size of 64, achieved the over-
all lowest average validation MAE of 0.72. This was marginally better than mean imputation with a
batch size of 64 (0.73). Similar to the baseline, smaller batch sizes continued to show higher MAE
values for both imputation strategies, and overfitting remained a consistent challenge (Appendix A).

5.3 ANALYSIS OF PREDICTIONS AND PITFALLS

The best-performing model (median imputation, batch size 64) achieved an average validation MAE
of 0.72. While this metric suggests a reasonable overall performance, a deeper analysis of the pre-
dictions against the ground truth reveals significant challenges in precisely distinguishing between
adjacent diabetes progression stages. Figure 2 illustrates the predictions for the mean imputation,
batch size 64 model (which performs very similarly to the best median imputation model).

The scatter plot shows that while the model generally captures the ordinal nature of diabetes pro-
gression (predictions tend to be close to the ground truth), there is considerable spread and mis-
classification, especially for intermediate stages. For instance, many individuals with ground truth
label 1 (pre-diabetes) or 2 (oral medication-controlled) are frequently misclassified into neighboring
stages. Few predictions accurately hit the exact stage, particularly for stages 0 and 3. This indicates
that the aggregate statistical features, despite being optimized and scaled, lack the discriminative
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Figure 2: Scatter plot of predicted diabetes stage vs. ground truth for the best-performing model
(mean imputation, batch size 64). The red dashed line represents ideal predictions.

power to capture the subtle physiological differences that delineate these distinct stages. The dif-
ficulty in precise categorical distinction, where the model often predicts a neighboring stage rather
than the exact one, is a key pitfall. This suggests that the current feature set is insufficient for robust,
fine-grained classification of diabetes progression. The limited dataset size and potential class im-
balance (especially for the insulin-dependent group) likely exacerbate this issue. Further details on
the distribution of predictions can be found in Appendix A.

6 CONCLUSION

This study set out to explore the potential of wearable physiological signals for Type 2 Diabetes
(T2DM) progression monitoring, with a specific focus on identifying pitfalls in current approaches.
Our baseline experiments, utilizing a Multilayer Perceptron (MLP) model trained on aggregate sta-
tistical features extracted from wearable data, revealed significant limitations. Despite careful hyper-
parameter tuning for batch size and an ablation study on imputation strategies, the model consistently
struggled to precisely differentiate between the four ordinal stages of diabetes progression.

The lowest Mean Absolute Error (MAE) achieved was 0.69 (with mean imputation, batch size 64)
and 0.72 (with median imputation, batch size 64). While seemingly acceptable, a detailed analy-
sis of predictions against ground truth highlighted frequent misclassifications, particularly between
adjacent stages. This indicates that static, aggregate features, such as means and standard devia-
tions of physiological signals, are insufficient to capture the nuanced and dynamic physiological
changes characteristic of T2DM progression. The prevalence of overfitting observed in the loss
curves across various configurations further underscores the challenge of extracting robust and gen-
eralizable insights from such simplified representations, especially within a relatively small dataset
like AI-READI.

This work serves as a critical ”I Can’t Believe It’s Not Better” finding, demonstrating that a straight-
forward approach using aggregated wearable data falls short of providing the precise stage differ-
entiation needed for effective clinical management. The inherent complexity of T2DM progression
necessitates a more sophisticated understanding of temporal patterns.

Looking forward, these findings strongly motivate the need to move beyond static features and em-
brace advanced time series analysis techniques. Future work will focus on leveraging Dynamic
Time Warping (DTW), Gramian Angular Fields (GAF), and Recurrence Plots (RP) to capture the
rich temporal dependencies within wearable signals. These methods offer the promise of transform-
ing raw time series into interpretable representations that can reveal distinct physiological patterns
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associated with each diabetes stage (Zhang et al., 2022; Mariani et al., 2025). By explicitly mod-
eling temporal relationships, we aim to uncover novel, interpretable biomarkers that can overcome
the limitations observed in this baseline, ultimately leading to more accurate and clinically action-
able insights for T2DM management. Addressing challenges like data quality and class imbalance
through more robust data handling and modeling will also be crucial (Donckt et al., 2024; Afridi
et al., 2025).
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SUPPLEMENTARY MATERIAL

A DETAILED LOSS AND MAE CURVES

This section provides additional plots detailing the training and validation loss, as well as valida-
tion Mean Absolute Error (MAE) curves across epochs for each batch size and imputation strategy
explored in our experiments. These plots offer a deeper insight into the training dynamics and the
challenges of overfitting.

(a) Loss Curves (Mean Imputation, Batch Size 16) (b) MAE Curve (Mean Imputation, Batch Size 16)

Figure 3: Training and validation loss and MAE curves for mean imputation with batch size 16. The
validation loss and MAE show signs of overfitting after 10-15 epochs.

(a) Loss Curves (Mean Imputation, Batch Size 32) (b) MAE Curve (Mean Imputation, Batch Size 32)

Figure 4: Training and validation loss and MAE curves for mean imputation with batch size 32.
Similar to batch size 16, overfitting is observed, with validation metrics plateauing or slightly in-
creasing.

B PREDICTION DISTRIBUTION FOR BASELINE MODEL

This histogram illustrates the distribution of predicted diabetes stages compared to the true ground
truth labels for the baseline model with batch size 64 (mean imputation), which was the best per-
forming baseline configuration.

As observed in Figure 8, the model struggles with accurate class balance. For instance, the model
under-predicts stage 0 (healthy) and stage 3 (insulin-dependent) while over-predicting stage 1 (pre-
diabetes). This imbalance in predictions further highlights the difficulty in distinguishing between
the different progression stages, suggesting the model tends to gravitate towards the more populous
intermediate classes. This issue is likely compounded by the inherent class imbalance in the AI-
READI dataset, particularly the small size of the insulin-dependent group, which can lead to biased
model training (Chien & Lee, 2024).
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(a) Loss Curves (Mean Imputation, Batch Size 64) (b) MAE Curve (Mean Imputation, Batch Size 64)

Figure 5: Training and validation loss and MAE curves for mean imputation with batch size 64.
This configuration shows more stable validation metrics and reaches the lowest MAE among mean
imputation strategies.

(a) Loss/MAE Curves (Median Imputation, Batch
Size 16)

(b) Loss/MAE Curves (Median Imputation, Batch
Size 32)

Figure 6: Loss and MAE curves for median imputation with batch sizes 16 and 32. Overfitting is
visible, with validation MAE fluctuating significantly after an initial drop.

Figure 7: Loss and MAE Curves (Median Imputation, Batch Size 64). This configuration yields the
overall best MAE, with relatively stable validation metrics after initial convergence.

C RISK FACTORS AND LIMITATIONS

Our study faces several inherent limitations and risk factors that are important to acknowledge,
especially in the context of real-world deployment and generalizability:

1. Limited Dataset Size and Generalizability: The AI-READI dataset, while valuable, con-
sists of only 100 participants. This small sample size, particularly the limited representation
in the insulin-dependent group, significantly restricts the generalizability of our findings to
a broader, more diverse population (Shayan et al., 2026). Clinical populations are often het-
erogeneous, and models trained on small, specific cohorts may not perform well on unseen
data.

2. Wearable Data Quality and Compliance: The quality of wearable sensor data can be
highly variable due to factors such as device placement, user compliance, sensor malfunc-
tions, and environmental interference (Donckt et al., 2024; Greenlee et al., 2025; Vad-
depally, 2025). Missing data, uneven sampling rates, and noise are common challenges
(Lago, 2024; Chien & Lee, 2024; Torres et al., 2025; Brindle et al., 2024). While we em-
ployed imputation and scaling, these methods cannot fully compensate for inherently poor
data quality or prolonged periods of non-wear.
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Figure 8: Histogram of predicted diabetes stages vs. ground truth for the baseline model (mean
imputation, batch size 64). The plot shows the frequency of each stage for both predictions and
actual labels.

3. Choice of Models and Features: The current baseline relies on aggregate statistical fea-
tures and a simple MLP. While this serves to highlight limitations, the choice of time series
analysis techniques (DTW, GAF, RP) and machine learning models (e.g., Random Forest,
SVM, CNN) can significantly influence results (Mehta & Kaur, 2025; Afuan & Isnanto,
2025; Muhammad et al., 2025). The interpretability of learned patterns, while a goal, can
also be challenging and may require substantial domain expertise to validate clinical rele-
vance (Zhao et al., 2025; Arystambekova & Pinsky, 2025).

4. Class Imbalance: The distribution of diabetes stages in clinical datasets is often imbal-
anced, with fewer participants in advanced or specific stages. This can lead to models that
perform well on overall metrics but struggle with minority classes, as suggested by our
prediction distribution plots (Afridi et al., 2025; Basandrai & Jain, 2025).

5. Ethical Considerations: The use of personal health data from wearable devices raises
significant ethical concerns, including privacy, data security, and potential algorithmic bias
(Radanliev, 2025). Ensuring transparency, accountability, and robust data governance is
paramount for any real-world deployment.

These limitations underscore the complexities of developing robust and reliable AI systems for
health monitoring using wearable devices and highlight areas for future research and development.
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