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Abstract—The global rise in type 2 diabetes underscores
the need for scalable and cost-effective screening methods.
Current diagnosis requires biochemical assays, which are
invasive and costly. Advances in consumer wearables have
enabled early explorations of machine learning-based dis-
ease detection, but prior studies were limited to controlled
settings. We present SweetDeep, a compact neural net-
work trained on physiological and demographic data from
285 (diabetic and non-diabetic) participants in the EU and
MENA regions, collected using Samsung Galaxy Watch 7
devices in free-living conditions over six days. Each partic-
ipant contributed multiple 2-minute sensor recordings per
day, totaling approximately 20 recordings per individual.
Despite comprising fewer than 3,000 parameters, Sweet-
Deep achieves 82.5% patient-level accuracy (82.1% macro-
F1, 79.7% sensitivity, 84.6% specificity) under three-fold
cross-validation, with an expected calibration error of 5.5%.
Allowing the model to abstain on less than 10% of low-
confidence patient predictions yields an accuracy of 84.5%
on the remaining patients. These findings demonstrate that
combining engineered features with lightweight architec-
tures can support accurate, rapid, and generalizable detec-
tion of type 2 diabetes in real-world wearable settings.

Index Terms— Artificial intelligence, abstention machine
learning, bioelectrical impedance, blood pressure, deep
learning, diabetes, disease detection, edge computing,
electrocardiography, model calibration, photoplethysmog-
raphy, temporal encodings, wearable medical sensors.

[. INTRODUCTION

IABETES is a common metabolic disorder characterized
by impaired glucose regulation, increasing the risk of
heart disease, stroke, and kidney failure [1]. As of 2025, dia-
betes affects over 589 million people worldwide [2] (including
around 38 million in the U.S. [3]), many of whom are unaware
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they have the condition. Type 2 diabetes — the most common
type, accounting for around 90% of cases — is influenced by
genetics, age, and lifestyle factors, such as physical activity
and nutrition [1]. Given its growing prevalence and impact
[2], improving early detection of type 2 diabetes in at-risk
populations is a critical public health priority.

Detecting type 2 diabetes usually involves some combi-
nation of three biochemical tests [1]: fasting plasma glu-
cose (FPG), oral glucose tolerance (OGTT), and glycated
hemoglobin (Alc). These require blood samples, can be costly
and time-consuming, and sometimes yield inconsistent results
[4], making diagnosis particularly challenging and expensive.
Since the three tests rely on specialized laboratory procedures,
diabetes is tested less frequently than necessary, contributing
to substantial underdiagnosis (as high as 42.8% of all global
cases) [2]. As a result, many early-stage type 2 cases that could
still be treated or reversed remain undetected.

While biochemical approaches remain the clinical gold
standard for diagnosing type 2 diabetes in the U.S. [5] and
internationally [2], the disease also exhibits well-established
physiological correlates — such as blood pressure [6] and heart
rate variability [7] — that can be measured non-invasively and
at low cost. Multiple prior studies [8]-[10] have leveraged
these physiological markers to train machine learning models
that estimate diabetes risk and approximate glucose levels
in the laboratory. Each referenced study used one of three
non-invasive sensor modalities: bioelectrical analysis (BIA),
electrocardiography (ECG), or photoplethysmography (PPG).
These sensors are available in recent commercial smartwatches
[11], highlighting the potential for wearable AI solutions
capable of detecting type 2 diabetes in patients’ homes.

However, existing physiological models for detecting type 2
diabetes have shown limited validation in real-world settings.
Most are trained and evaluated under highly controlled condi-
tions (e.g., fixed timing of data collection, constrained move-
ment, regulated mealtimes, and exclusion of comorbidities or
concomitant medications), and their performance degrades in
everyday, naturalistic contexts [12]-[14]. As a result, devel-
oping robust, non-invasive detection models that generalize
across laboratory environments, diverse populations, and real-
world conditions remains an ongoing research problem.

We address this challenge by collecting a large dataset for
machine learning that combines features carefully extracted
from BIA, ECG, and PPG signals with family history and
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age questionnaire responses, across a diverse group of 285
participants from the EU and MENA regions. Of these, 162
are ND (Non-Diabetic) and 123 are T2D (Type 2 Diabetic).

In place of laboratory measurements, we adopt a regulatory
decentralized clinical trial (DCT) approach [15], where par-
ticipants record data at home using smartwatches (Samsung
Galaxy Watch 7). Each participant is instructed to take 2-
minute sensor recordings (instances) six times per day, before
and after meals (without strict meal timing) to capture diurnal
signal variations. All individuals are included in the study,
regardless of disease comorbidities or prescribed medications.

We apply this new dataset to train SweetDeep — a small,
edge-optimized neural network that leverages non-invasive
physiological signals, demographic information, and temporal
context to predict each participant’s diabetic status (ND vs.
T2D) in real time. SweetDeep is trained to separate the two
classes, and subsequently evaluated using three-fold cross-
validation testing, with an inter-patient split to prevent data
leakage between folds. We report instance-level and patient-
level accuracies, along with macro-F1, sensitivity, specificity,
and calibration error. We also introduce a post-training ab-
stention (“Don’t Know” class [16]) adapter that refuses to
classify under 10% of study participants with low-confidence
predictions at test time. Such cases can be referred for stan-
dard clinical testing, ensuring safety while maintaining higher
accuracy on confident predictions. SweetDeep makes progress
towards improving cost-effective type 2 diabetes screening in
primary care, telehealth, and consumer health settings.

Our main contributions are summarized as follows.

« We prepare a new, large-scale and diverse dataset with
400+ participants across multiple countries, ages, med-
ication groups, and diabetic status (ND, T2D, and Pre-
Diabetic) to enable real-world model generalization.

o We apply signal processing techniques and smartwatch
application programming interfaces (APIs) to extract clin-
ically relevant features from noisy smartwatch signals
(ECG, PPG, and BIA), enabling representations that are
independent of exact sensor design.

e Our model, SweetDeep, achieves 82.5% patient-level
accuracy for classificaiton of T2D versus ND, with bal-
anced predictions (a macro-F1 of 82.1%), high specificity
(84.6%), and good sensitivity (79.7%).

o Test-time results from SweetDeep suggest that the model
is well-calibrated, with a low expected calibration error
of 5.5% at the patient level (5.4% at the instance level),
offering reliable probabilistic estimates of diabetes status.

« Our abstention modification utilizes calibration to reject
low-confidence patient predictions at test time, resulting
in an accuracy of 84.5% on the remaining patients.

The remainder of the paper is organized as follows. In Sec-
tion II, we discuss related work. We describe in detail our DCT
protocol, data collection process, dataset construction, model
training, and additional implementation details in Section III.
Section IV describes performance evaluation metrics used in
our study, while Section V presents our model results, both at
the instance and patient levels. Section VI presents concluding
remarks and future directions for our research.

[I. RELATED WORK

This section surveys prior work in biochemical diagnostic
assays, wearable sensing for diabetes detection, and neural
network reliability. We first describe biochemical ”gold stan-
dard” tests used to assign patient labels in our study, followed
by prior approaches for estimating diabetes risk using non-
invasive biophysical sensors. The section concludes with a dis-
cussion of strategies to improve the reliability of probabilistic
predictions, with an emphasis on model calibration.

A. The Biochemical “Gold Standard”

According to clinical “gold standard” criteria provided
by the American Diabetes Association (ADA) [5] and the
International Diabetes Federation (IDF) [17], type 2 diabetes
is diagnosed by combining three invasive biochemical assays.

The first of these, FPG, involves drawing a blood sample
to measure an individual’s glucose levels in fasting conditions
[5]. An FPG reading exceeding 126 mg/dL indicates diabetes,
while FPG measurements below 100 mg/dL are considered
normal (non-diabetic). FPG values between 100 mg/dL and
126 mg/dL indicate that an individual may be pre-diabetic,
trending towards type 2 diabetes but not yet diabetic.

Next, the OGTT uses chemical tests performed on blood
samples to track post-prandial (post-meal) fluctuations in
glucose levels caused by ingestion of a sugar solution [17].
OGTT has two variants, 1-hour and 2-hour, both of which
have specific thresholds (in mg/dL) for classifying individuals
as non-diabetic, pre-diabetic, or diabetic [5], [17].

Finally, the Alc assay provides a longer-term measure of
glycemic control by estimating average blood glucose levels
over the preceding 8-12 weeks, based on the extent of glucose
binding (glycation) to hemoglobin in red blood cells [18]. Alc
values below 5.7% are considered non-diabetic, while values
above 6.5% indicate diabetes [5].

According to ADA and IDF guidelines, a patient is classified
as diabetic if any of the three assays yields a diabetic-range
result, and as non-diabetic if all assays fall within the non-
diabetic range [5], [17]. We adopt this convention to assign
“ground truth” labels of diabetic status (ND or T2D) to patients
in our dataset. Our smartwatch-based machine learning frame-
work is designed to infer these clinically established labels di-
rectly from non-invasive physiological signals, enabling rapid
type 2 diabetes screening without costly laboratory testing.

B. Biophysical Sensing Alternatives

Unlike traditional biochemical tests, wearable biophysical
sensors provide a non-invasive means of monitoring physi-
ological activity (e.g., heart rate and blood pressure) using
electrical or optical probes. Although typically less specific
and more susceptible to interference compared to highly-
controlled biochemical assays, these sensors offer significant
potential for predicting and identifying physiological “finger-
prints” associated with diseases like diabetes.

In particular, type 2 diabetes is frequently accompanied by
Cardiac Autonomic Neuropathy (CAN) [19], [20], a cardiovas-
cular condition resulting from damage to the autonomic nerves



that regulate the heart and blood vessels. CAN progressively
develops — even in patients receiving anti-diabetic treatment
— as chronic hyperglycemia leads to glycation of glucose to
proteins and lipids [19], [21]. Early manifestations of CAN
can often be detected within the first year of diabetes onset by
examining heart rate variability (HRV) and the corrected QT
interval (QTc), both of which can be derived from biophysical
ECG signals [19]. Consequently, T2D individuals often exhibit
an ECG-based physiological “fingerprint,” proportional to dis-
ease severity, which is distinct from that of ND individuals.

A related study used ECG signals to detect elevated blood
glucose levels [9]. In that work, the authors extracted several
fiducial features — including HRV metrics and QTc — to train
a machine learning model that classified laboratory-acquired
ECG segments as hyperglycemic (above 100 mg/dL) or nor-
moglycemic [9]. While the referenced study provided valuable
evidence that ECG features can reflect glucose dysregulation,
it adopted a non-standard threshold for hyperglycemia (typi-
cally defined as >180 mg/dL [1]) and used an intra-patient
split, in which samples from the same individuals appeared
in both the training and test sets. Such an evaluation design
can overestimate performance by “leaking” patient-specific
physiological patterns to the test set [22], [23]. Our study
uses similar ECG-derived features to reflect the progression of
CAN in diabetic patients, but we also use clinically validated
diagnostic labels, smartwatch-acquired ECG signals collected
outside controlled laboratory settings, and an inter-patient split
to promote generalization across individuals.

In addition to ECG, PPG sensing provides a complementary
biophysical signal for detecting T2D. PPG uses a colored
light source and associated photodetector to estimate blood
volume changes during heartbeats, enabling assessment of
cardiovascular health, including HRV and arterial stiffness pa-
rameters [10]. Similar to ECG, prior research has demonstrated
that PPG-derived features can distinguish diabetic from non-
diabetic individuals in laboratory settings, e.g., classifying “di-
abetes” (conservatively defined as >200 mg/dL from random
glucose readings) against healthy controls in real-time [10].

In practice, PPG sensors are highly prone to motion ar-
tifacts, especially in free-living conditions [24]. To mitigate
this, we align PPG samples with stable ECG segments for
motion-free measurements. Using built-in smartwatch APIs,
we extract 10 PPG-derived features related to arterial blood
pressure, which complement CAN-related ECG indicators by
reflecting diabetes-linked vascular activity [25], [26].

Recently, DiabDeep [8] applied a machine learning algo-
rithm trained on PPG and other smartwatch signals — including
Galvanic Skin Response and skin temperature — together with
questionnaire data, to detect type 2 diabetes in real-time.
While DiabDeep demonstrated that smartwatches can capture
physiological indicators of diabetes, its dataset included only
13 T2D and 27 ND individuals in tightly controlled labora-
tory conditions. In addition, DiabDeep’s evaluation process
involved an intra-patient split, further limiting generalization
of its results to larger, more diverse patient groups.

Our work extends DiabDeep and the other mentioned stud-
ies by combining biophysical sensors available on Samsung
Galaxy Watch 7 — including ECG, PPG, and BIA - with

a risk factor questionnaire, enabling accurate neural network
prediction of diabetes status in a decentralized fashion across
larger populations.

C. Model Reliability

To ensure that models like SweetDeep produce clinically
reliable predictions, prior studies have emphasized the impor-
tance of examining probabilistic behavior and calibration.

Most neural network classifier models report multiple prob-
abilities on the output softmax layer, reflecting the model’s
confidence that an instance belongs to each class. Given a set
of class-wise predicted probabilities p(y = i|x) for a single
instance, a two-class model would typically select the “correct
class” as the one with the highest probability:

SN IV |
() argig{l%p(y ilz) (1)

This formulation suffices in cases where we are only con-
cerned with accuracy. However, in clinical applications, it is
helpful to use predicted probabilities to determine how much
the model’s “correct” output should be trusted. For instance,
p(y = 1|z) = 55% would suggest that the model’s output
(class 1) is too unconfident to be taken seriously. Meanwhile,
a different p(y = 1|z) = 5% would suggest that the true label
for that instance is almost certainly class 0.

For predicted probabilities to be clinically meaningful, they
must be well-calibrated, i.e., reported probabilities should ac-
curately reflect the true likelihood of correctness. For example,
a well-calibrated model would ensure that among all instances
with p(y = 1|z) = 0.7, approximately 70% are positive cases.

Neural networks trained with standard cross-entropy loss are
often overconfident and poorly calibrated, making their prob-
abilistic estimates unreliable [27]. Post-hoc calibration tech-
niques can improve the reliability of probabilistic predictions,
but they require validation data (reducing the effective training
set) and may fail when training and validation distributions
differ, as is common with physiological signals [27], [28].

To address the calibration problem, we leverage a known
trend in the literature: larger networks (with greater width
and depth) tend to exhibit higher calibration errors, developing
emergent “overconfidence” on new test data [27]. Accordingly,
we adopt a compact architecture to limit overconfidence, with
shallow depth (just two hidden layers) and limited width
(at most 64 neurons per layer). In Section V-C, we show
that further increasing SweetDeep’s model size may degrade
calibration without improving accuracy.

[1l. METHODOLOGY

This section describes the methodology underlying dataset
and model construction. We first present the architecture and
key components of the SweetDeep real-time inference frame-
work. Subsequently, we detail procedures for data acquisition
and physiological sensor quality control. Next, we outline the
feature extraction approach, which integrates hand-engineered
features with smartwatch API-derived metrics. Finally, we
describe the SweetDeep model, including the training recipe
and rules for patient-level prediction and abstention.
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Fig. 1: An overview of the SweetDeep real-time inference framework, consisting of three main stages: signal and questionnaire
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A. Framework Overview

Fig. 1 shows the proposed framework for SweetDeep real-
time inference. For each data instance (sensor recording
session), smartwatch signals are converted into a small set
of engineered features, which is merged with patient-specific
questionnaire data (family history and age) to create a 35-
dimensional feature vector. This vector is fed to the neural
network, which produces two outputs: the T2D class probabil-
ity p(y = 1|z) and ND class probability p(y = 0|z). For each
patient, these probabilities are averaged across multiple data
instances, enabling more accurate patient-level predictions that
incorporate physiological data from different times of day.

Based on these probabilities, the model may decide (with
fixed thresholds) that the prediction is too unconfident, in
which case it abstains on classification by reporting the label
“Don’t Know” while referring the user to more comprehensive
biochemical testing. Otherwise, the diabetes screening result
(consisting of the predicted class and probabilities) is immedi-
ately reported to the user and relevant medical professionals.

B. Data Collection Protocol

The training data for SweetDeep were collected in a de-
centralized manner from 438 study participants over one year.
Each participant contributed six consecutive days of recordings
(~20 recordings per individual). The data collection protocol
was led by AP-HP Avicennes, the largest hospital network in
France, with similar coordination in the MENA region via the
CIC network in Algeria. In parallel, data collection has begun
in the United States to support future validation studies.

The study resulted in the diagnosis of 162 ND, 153 Pre-
Diabetic (PD), and 123 T2D patients, highlighting the preva-
lence of diabetes in the general population. The majority of
T2D patients were already taking diabetes-specific medication,
but 24 new T2D cases were also discovered. All patients
were included in our study, regardless of medication for
comorbidities including hypertension and high cholesterol. PD
patients were excluded from the model training and evaluation
to focus on ND/T2D comparisons, but their data are preserved
for later experiments. Clinical labels were determined for each
patient by applying the aforementioned biochemical “gold
standard,” combining the results of FPG, OGTT-1h, OGTT-
2h, and Alc assays, as recommended by the ADA and IDF.

(with two hidden layers), and optional

Sensor traces and questionnaire responses were gathered
from participants through two mobile applications: SweetDeep
Collect (on the Samsung Galaxy Watch 7) and SweetDeep
Manage (on the Samsung Galaxy S20 phone), respectively.

The SweetDeep Collect App used each watch’s sensor
logging module — with access to Samsung’s Privileged Health
SDK - to read raw ECG, PPG, BIA, Blood Oxygen, Skin
Temperature, and Heart Rate signals. In particular, ECG
recordings were manually initiated by patients before and after
each meal (about six times per day), and other measurements
(including time of day) were synchronized against ECG.
Watch signals were locally stored for the duration of the study,
then transferred to remote servers in Europe for model training.

Meanwhile, the SweetDeep Manage eCRF (electronic Case
Report Form) App was used by medical staff to enroll patients,
store clinical labels, check the status of data collection, stop
data collection, and monitor overall progress and high-level
statistics. It was also used to streamline application installa-
tions on the watch. Risk-related questionnaires (pertaining to
age, family history, and other factors) were presented once per
patient, and saved for later model training.

C. Sensor Quality Control

Although study participants were instructed to start ECG
recordings while fully stationary, we found that high-voltage
“spike” artifacts (due to finger slips or wrist movements)
still frequently appeared in traces. These artifacts cannot be
remedied by filtering alone, and we find that isolating and
processing stable segments using strict quality assessment
considerably improves the quality of extracted features.

Using a peak-finding approach, we align several stable
(i.e., spike-free), filtered ECG heartbeats by their R peaks
(maxima), then apply wavelet-based delineation to locate other
critical points (including Q troughs and T peaks). We follow
this step with outlier-based and clinical threshold-based filter-
ing on relevant intervals (including QT and RR) to eliminate
highly abnormal heartbeats. The resulting cleaned beats are
stable and consistent enough (as can be seen from Fig. 2) to
derive diabetes-related features including QTc and HRV.

If fewer than 10% of heartbeats remain after quality control
for an ECG signal, the corresponding data instance (i.e., all
sensor modalities and FindRisk inputs associated with that
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Fig. 2: Example delineation of many stable, filtered ECG beats
from a single recording after quality control steps are applied.
Notably, the and T Offsets, two components of QTc,
have consistent positions across heartbeats.

recording) is excluded from the dataset. This prevents the
model from learning spurious correlations between diabetes
labels and signal artifacts arising from low-quality data. In-
stances with low-quality PPG or BIA signals and out-of-range
features are similarly identified and discarded, to maintain high
dataset integrity for model training and evaluation.

During SweetDeep real-time inference, we can apply sim-
ilar quality checks to all sensors on the fly, to ensure that
physiological signal readings meet the standards required for
reliable neural network predictions. When data quality falls
below some threshold (e.g., due to motion artifacts or sensor
failure), the screening application would prompt users to retake
ECG recordings or wait before attempting again.

D. Clinical Feature Extraction

For ECG, PPG, BIA recordings that pass quality control,
it is essential to extract descriptive features that meaningfully
support diabetes classification. Specifically, each sensor trace
should be reduced to a compact set of temporal and mor-
phological features that capture the underlying physiological
“fingerprint” of diabetic versus healthy individuals.

While feature extraction is frequently automated using deep
learning on raw signal traces, we instead employ clinically
grounded features, including QTc, HRV, cardiac output (CO),
and basal metabolic rate (BMR). These domain-specific fea-
tures offer several advantages: They improve training effi-
ciency by reducing task complexity, mitigate overfitting to
spurious signal artifacts, enhance the interpretability of learned
representations, and promote cross-device generalization to
wearables with varying sensor configurations.

First, the ECG-derived corrected QT interval (i.e., QTc) is
known to increase in response to ventricular weakness, and
it frequently rises above normal levels as a result of diabetic
neuropathy conditions including CAN [19], [29]. We calculate
QTc using the Fridericia correction [30], to account for the

influence of heart rate on the measured QT interval:

QTc — delay(R Onset, T Offset) @)
[delay(R Peak, next R Peak)]'/?

The delay between consecutive R Peaks in the denominator
of Eq. (2), also known as the RR interval (or equivalently, the
inter-beat interval), appears again in the formulas for heart rate
variability. It is well known that decreased variability between
nearby beat interval lengths (HRV) can reflect autonomic
nervous system damage, exposing another detectable signature
of CAN [31]. We use two independent constructions of HRV
[31] that are based on the variation of RR intervals:

N
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where RR is the mean RR interval across N (not necessarily
consecutive) samples in the recording. ARR; is the difference
between consecutive RR interval lengths, iterating over M <
N — 1 such pairs. The combination of QTc, the Standard
Deviation of RR Intervals (SDNN), and the Root Mean Square
of Successive Differences (RMSSD) forms the ECG group,
with three features.

From the PPG sensor, we extract 10 features using Sam-
sung’s Health Data SDK, corresponding to estimated Total
Peripheral Resistance (TPR) and CO. These blood pressure-
related features (the PPG-BP group) must be calibrated about
once a month with a discrete blood pressure monitor, but
remain accurate over the course of our study.

We use the same SDK to extract 10 metabolism-related
features (the BIA group) from the bioelectrical impedance
sensor, including BMR and Body Fat Mass (BFM). These
features remain relatively stable throughout the day, serving as
useful indicators of long-term metabolic health and lifestyle.

While extracted via smartwatch-specific APIs, the afore-
mentioned PPG-BP and BIA features are based on standard
sensors and signal processing methods, and can be replicated
(with proper calibration and testing) on other wearable plat-
forms equipped with PPG, BIA, and access to raw sensor data.

Questionnaire responses contribute four more relevant fea-
tures. Specifically, continuous Age (in years) comprises one,
and categorical Family History of diabetes is one-hot encoded
into three features: 0 (no history), 1 (grandparent, uncle,
aunt, or cousin), and 2 (parent, sibling, or child). The dataset
thus has 27 features that cover cardiovascular, metabolic,
demographic, and genetic dimensions of diabetes pathology.

E. Time-of-Day Representation

Many of the aforementioned feature categories exhibit well-
documented circadian variation, characterized by predictable
fluctuations over a 24-hour period. For example, arterial blood
pressure typically rises in the early morning, peaks in the early
afternoon, and declines toward night [32]. In contrast, HRV
metrics, such as SDNN, tend to reach their highest values
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Fig. 3: Time-of-day counts (clustered by hour) for instances in non-diabetic and diabetic cohorts. Most hours have >50 instances
from both cohorts, supporting the inclusion of time-of-day features to account for circadian variations in physiological signals.

in the early morning, decrease throughout the afternoon, and
increase again during sleep [33].

As shown in Fig. 3, the dataset provides adequate coverage
across most hours of the day for both type 2 diabetic and
non-diabetic cohorts. We leverage this temporal diversity by
augmenting the model input with a set of eight Time features,
allowing us to directly account for the confounding influence
of time on physiological measurements.

Specifically, time-of-day information is represented using
sinusoidal encodings, analogous to positional encodings in
vanilla transformers [34] and temporal encodings in envi-
ronmental and energy forecasting models [35], [36]. To our
knowledge, this is the first application of sinusoidal temporal
features in a tabular dataset for disease classification.

We first encode the time of each instance, in seconds relative
to midnight (?), as a circadian phase ¢ between 0 and 27:

2t
= 5
¢ 86400 ®)
From this circadian phase, we create eight Time features:

{sin(¢), cos(¢), sin(2¢), cos(2¢),
sin(3¢), cos(3¢), sin(4¢), cos(4¢)}

This representation is cyclical: the phases of times 23:59 and
00:00 differ by nearly 27, producing almost identical feature
values at the day boundary. Each successive pair of sinusoids
oscillates at a higher frequency, enabling the model to capture
increasingly fine-grained temporal context.

Overall, the combined feature set (35 features), including
the time-of-day encodings, provides a compact input repre-
sentation (see Table I) that supports diabetes screening under
free-living conditions with a smartwatch at any time of day.

F. Fold Creation and Model Training

The SweetDeep dataset is split into three class-stratified
folds (95 patients in each) using an inter-patient split to pre-
vent subject-level leakage. Features in each fold are min-max
normalized on the training partition (excluding Time features
to preserve their [—1, 1] sinusoidal range), and SMOTE [37]
is applied to each training set to mitigate class imbalance.

SweetDeep is a fully connected network with 35 inputs, two
hidden layers, with 64 and 8§ units, and two softmax outputs.
Each layer performs a linear transformation followed by 1D

Feature Group | Features (Abbrev.)

ECG QTc, SDNN, RMSSD

PPG-BP 8XTPR, 2xCO

BIA BodMag, 4xConMag, BodDeg,
BFM, SMM, TBW, BMR

Age Age (in years)

Family History | None, 2"-degree, 1%-degree

Time 8 sinusoidal encodings

TABLE I: The 35-feature set used to train SweetDeep.

BatchNorm (BN) [38], ReLLU, and Dropout (DO; ppo = 0.1)
[39]. The model is trained using Adam [40] with batch size
512 for 50 epochs (to reach ~90% training accuracy while
limiting overfitting) without additional hyperparameter tuning.

G. Prediction and Abstention

At the data instance level, T2D predictions are given by
the softmax probability p, = p(y = 1|z), with a standard
threshold of 0.5, enabling screening results after just one
recording if desired. Meanwhile, patient-level predictions (also
thresholded at 50% probability) summarize the model’s overall
probabilistic judgment over all of a patient’s measurements.

For a given participant X, let mx denote the unknown,
underlying distribution of the data instances. Assuming a
sufficient number of instances that cover diverse times of day,
each observed instance x; can be regarded as an independent
and identically distributed sample from 7wx. The true patient-
level probability of a T2D outcome is then defined as the
expected value of all instance-level probabilistic predictions:

Px = Bprry (D] (6)

We approximate this expectation as the empirical mean over
the IV observed instances for patient X:

1 N
mzﬁ2m ™



In particular, when model probabilities p, are well-
calibrated at the instance level, patient-level predictions px
are also well-calibrated, due to the linearity of expectation. We
apply this calibration guarantee to implement an abstention
protocol, where low-confidence predictions (i.e., px ~ 0.5)
are cautiously labeled as “Don’t Know.” We apply the criterion

lpx — 0.5] < 0.08 8)

to decide when to abstain. In practice, this rule abstains from
classifying under 10% of study participants across three folds.

V. PERFORMANCE EVALUATION METRICS

This section provides a brief overview of the performance
evaluation metrics used to assess SweetDeep, beginning with
accuracy-related metrics (i.e., accuracy, specificity, sensitivity,
and macro-F1) and ending with expected calibration error.

A. Accuracy Measures

SweetDeep is trained to assign a binary “hard” label (ND
or T2D) to each instance x and patient X by thresholding
the predicted probability (p, or px) at 0.5. Predictions with
p > 0.5 are labeled T2D (positive), while those with p < 0.5
are labeled ND (negative).

If a prediction matches the ground truth, it is True — either
True Positive (TP) or True Negative (TN). Otherwise, it is
False — False Positive (FP) or False Negative (FN). These
four cases help define several standard performance metrics.

Accuracy is given by

TP +TN
Accuracy = ©)]
TP + FP + FN + TN
Although widely used, accuracy can be misleading under
class imbalance. For example, if 90% of samples are ND, a
trivial model that always predicts ND achieves 90% accuracy
yet fails to identify any diabetic patients, yielding a 100% false
negative rate with a 0% ‘sensitivity’ to the disease.
Formally, sensitivity quantifies detection of T2D cases:

TP

Sensitivity = ——— 10
ensitivity TP + EN (10)
while specificity measures how rarely false alarms occur:
TN
Specificity = ——— 11
pecificity TN + FP 1n

An accuracy measure robust to class imbalance is macro-F1
(F1) [41], which averages F1 scores across both classes:

P 2TP 2TN 12
' 9 \2TP+FP+FN ' 2TN + FP + FN

Together, these four complementary metrics provide a more
reliable view of model performance than accuracy alone.

For model evaluation, a three-fold cross-validation strategy
is employed to mitigate potential bias associated with a partic-
ular test set. To derive cross-validation performance measures,
counts (TP, FP, FN, TN) are summed across all folds at the
patient or instance level, to obtain aggregate binary classifica-
tion results. Each reported accuracy, sensitivity, specificity, and
F1 is calculated using the aggregated counts from the same
three-fold data partitioning, enabling consistent comparison of
metrics both within and across models.
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Fig. 4: Toy calibration curves, with 10 evenly spaced bins.
(green = well-calibrated, = poorly calibrated)

B. Calibration Error

To assess the quality of “soft” probabilistic predictions
from SweetDeep, we use calibration error metrics to compare
predicted T2D probabilities p with observed test outcomes.

Calibration is typically evaluated using a /0-bin approach,
where predictions falling within the same interval — e.g.,
p € [0.7,0.8) — are grouped. The empirical frequency of
diabetes within each bin (P, ) is then compared with the mean
predicted probability (ppin) of T2D within that bin.

This relationship is often visualized with a calibration curve,
where each bin-wise summary (Pyin, Poin) forms a point, as
exemplified by Fig. 4. A model whose calibration curve closely
follows the dotted diagonal line Py, = Phin is considered to be
well-calibrated, indicating strong agreement between predicted
and observed T2D probabilities in the testing set.

To make this observation more concrete, Expected Calibra-
tion Error (ECE) [27] measures the average bin-wise residual
between observed and predicted probabilities:

ol
ECE= ) 1L||Pb—pb

bebins |

13)

given |b| samples in bin b and |Dyy| samples in the entire
test set. Lower ECE indicates better calibration, with 10% as
a typical reference for well-calibrated models [27].

Similarly to accuracy, we use three-fold cross-validation to
collectively bin test samples from all three folds, resulting in
aggregate calibration curves and ECE values that reflect overall
calibration performance of SweetDeep across the dataset.

V. EXPERIMENTAL DATA AND RESULTS

This section highlights our overall experimental findings
after training and evaluating the SweetDeep dataset across all
three folds. First, the accuracy and calibration performance of
SweetDeep is studied. Then, ablations of the training approach,
including architectural layer removals, larger model sizes,
feature elimination, and threshold adjustments, are tested and
compared against the unaltered SweetDeep model. The section
concludes by analyzing cohort-specific trends and discussing
results after an optional confidence-based abstention step.



SweetDeep Result | Accuracy (%) [1] | Sensitivity (%) [1] | Specificity (%) [1] | F1 (%) [1] | ECE (%) [|]
Instance-Level 80.9 77.5 82.9 79.8 54
Patient-Level 82.5 79.7 84.6 82.1 5.5

TABLE Il: Cross-validation performance metrics of the SweetDeep model. [1] indicates that ‘higher is better, while [|] means ‘lower
is better. Best values are shown in bold. On an average, a patient has 20 instances, enabling more informed patient-level predictions
of type 2 diabetic status compared to instance-level classification alone.
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Fig. 5: SweetDeep three-fold calibration curves. Points closer to the dotted diagonal line indicate better bin-wise calibration.

A. Model Performance

Table II provides a summary of SweetDeep cross-validation
performance, at both the instance and patient levels. At the
instance level, SweetDeep achieves an accuracy of 80.9%
and an JFj-score of 79.8%, indicating balanced classification
performance. The model exhibits higher specificity (82.9%)
than sensitivity (77.5%), reflecting a conservative bias toward
ND predictions. This behavior reduces the likelihood of ‘false
alarm’ outcomes but slightly lowers sensitivity to true T2D
cases. Adjusting the prediction threshold from 50% enables
a trade-off between sensitivity and specificity (see Sec. V-E),
although accuracy and F; scores are affected accordingly.

Averaging predictions across all instances per subject (i.e.,
labeling based on px > 0.5) results in higher patient-level
performance, with accuracy increasing to 82.5% and speci-
ficity to 84.6%. These results indicate that integrating multiple
recordings per individual — across various days and times
— enhances performance compared to isolated instance-level
classification. At the patient level, F; (82.1%) closely matches
accuracy, further demonstrating that SweetDeep maintains
class-balanced classification performance.

Calibration results are presented in Fig. 5. Both instance-
and patient-level predictions exhibit well-calibrated probability
estimates, with expected calibration errors of 5.4% and 5.5%,
respectively. In both cases, the empirical fraction of positives
tracks the dotted diagonal line, indicating that predicted prob-
abilities align well with observed bin-wise frequencies.

Overall, these findings support the conclusion that Sweet-
Deep provides reasonably accurate and well-calibrated predic-
tions of T2D likelihood, by enabling both rapid instance-level

screening and robust patient-level assessment, depending on
the desired timescale of smartwatch-based inference.

B. Architectural Ablations

Table III shows the effects of various ablations and training
variations on the patient-level performance of SweetDeep.

The architectural ablations selectively remove DO and
BN layers to assess their contribution to performance. Both
DO and BN serve as regularizers, mitigating overfitting and
stabilizing training. In the “No DO + No BN” ablation, all
accuracy-related metrics degrade, indicating that these layers
improve test performance. Similar but smaller declines occur
when either DO or BN is removed individually, suggesting
that both contribute to model generalization.

Conversely, calibration improves when one or both of these
layers are removed, as reflected by lower ECE. This trend
aligns with prior findings that BN [27] and DO [42] can
increase miscalibration due to train-test discrepancies in layer
activation patterns. The notably low ECE (2.8%) observed for
the “No DO + No BN” model suggests more reliable probabil-
ity estimates, potentially allowing for trustworthy, continuous
communication of diabetic risk to users and clinicians after
aggregating multiple sensor recordings.

C. Model Size Variations

Next, model size variations evaluate how increasing net-
work width and depth affects test performance. Larger models
are often associated with degraded calibration [27]; hence, this
experiment tests this hypothesis with SweetDeep.



Category Ablation / Variation | Acc (%) [1] | Sens (%) [1] | Spec (%) [1] | F1 (%) [1] | ECE (%) [{]
Architectural No Dropout 82.1 78.9 84.6 81.7 5.2
No BatchNorm 81.4 78.9 83.3 81.1 5.1
No DO + No BN 81.1 78.0 83.3 80.7 2.8
Model Size Wider Layers 82.1 76.4 86.4 81.6 5.2
Deeper Network 81.4 78.0 84.0 81.0 6.4
Wider + Deeper 81.1 74.8 85.8 80.5 6.0
Feature No PPG-BP 81.1 78.9 82.7 80.7 3.8
No Family History 81.1 79.7 82.1 80.8 4.7
No ECG 80.4 78.9 81.5 80.0 55
No Time 79.3 77.2 80.9 79.0 4.0
No BIA 79.3 78.9 79.6 79.0 7.3
No Age 75.4 70.7 79.0 74.9 8.6
Threshold 40% 80.4 82.9 78.4 80.2 5.5
60% 80.4 69.1 88.9 79.5 55
None SweetDeep 82.5 79.7 84.6 82.1 5.5

TABLE Ill: Patient-level results after various ablations / variations of SweetDeep. [1] indicates that ‘higher is better, while [|] means
‘lower is better. Best metric values are in bolded purple, while worse values compared to the original SweetDeep are in light gray.

The baseline configuration has layer widths [35, 64, 8, 2].
Three variants are examined:

« Wider Layers: [35, 128, 16, 2]

‘— Each hidden layer doubles in size.

« Deeper Network: [35, 64, 64, 8, 2]

— The first hidden layer is duplicated.

o Wider + Deeper: [35, 128, 128, 16, 2]

‘— Combines both “Wider Layers” and “Deeper Network.”

As shown in Table III, the “Wider + Deeper” and “Deeper
Network™ models exhibit slightly higher ECE values, consis-
tent with expectations that larger architectures reduce calibra-
tion quality. The “Wider Layers” variant, however, shows a
marginal improvement in ECE (by 0.3%).

These calibration effects (within 1% ECE) are modest
and unlikely to meaningfully affect probabilistic reliability.
Nonetheless, all larger models show lower accuracy and Fi,
suggesting increased overfitting without compensatory gains
in calibration. Hence, expanding SweetDeep’s size beyond the
baseline configuration appears suboptimal for this dataset.

D. Feature Ablations

Feature ablations selectively eliminate each related group
of features (e.g., ECG) to infer the contribution of each feature
set to classification accuracy and calibration. As can be seen

from Table III, every feature ablation results in accuracy and
JF1 losses — some more drastic than others — with similar
overall decreases in sensitivity and specificity. This result
indicates that every feature group contributes meaningfully to
smartwatch-based classification of T2D.

Effects of these ablations on model calibration are less clear-
cut, with some feature groups (PPG-BP and Time) decreasing
ECE by >1% when removed, suggesting that these features
appear detrimental to calibration. This may be due to factors
such as sensor or timing fluctuations, or the use of SMOTE
(a class rebalancing technique during training) disrupting the
feature distribution between training and testing.

The Age feature leads to the largest accuracy decline when
dropped, suggesting that it is the most “important” feature.
Indeed, the risk of elevated glucose and type 2 diabetes in
the general population increases progressively with age [43],
[44]. The next most influential feature group, BIA, estimates
a patient’s metabolic profile (including body fat and metabolic
rate), which is closely linked to diabetes risk [1]. Time
encodings are also important, as they allow sensor information
to be contextualized by time of day, capturing the influence
of circadian rhythms on physiological readings.

E. Thresholding Variations

Table III also presents two thresholding variations, which
examine the impact of adjusting the probability threshold on
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Fig. 6: Distributions of test-time patient-level predictions by SweetDeep for ND, PD, and T2D cohorts. PD probabilities are obtained
from a model trained on the full ND vs. T2D dataset. While ND and T2D distributions are concentrated in regions of high confidence,
the PD distribution is bimodal and flatter, reflecting greater ambiguity.

Coverage (%) | Accuracy (%) [1]

Sensitivity (%) [1]

Specificity (%) [1] | F1 (%) [1] | ECE (%) (1]

90.5 84.5 81.1

87.1 84.2 5.5

TABLE IV: Patient-level performance metrics, when abstention is applied for probabilities between 42% and 58%. Note that due
to decreased dataset coverage, these results cannot be directly compared with the baseline SweetDeep model’s performance.

performance. SweetDeep uses a standard threshold of 50%,
reflecting equal weighting of ND and T2D predictions. Here,
the same model is evaluated at alternative thresholds, without
retraining or recalibrating (hence ECE stays the same).

Changing the threshold trades sensitivity for specificity. At
a 60% threshold, the model is less likely to predict T2D,
resulting in higher specificity (88.9%) but lower sensitivity
(69.1%). Conversely, lowering the threshold to 40% increases
sensitivity to 82.9% while decreasing specificity to 78.4%.

Both threshold adjustments lead to more than 2% reductions
in accuracy and F; score. Since SweetDeep is well-calibrated,
manipulating the threshold would flip more correct predictions
than it fixes wrong ones. Therefore, unless targeting a specific
objective (e.g., minimizing false alarms), adjusting the thresh-
old from the default 50% provides minimal improvement and
may reduce diabetes screening performance.

F. Cohort-Specific Trends

SweetDeep is trained and tested on ND and T2D data, but
it is also informative to examine predictions for individuals
with PD. PD patients may exhibit early physiological changes
associated with elevated glucose, including subtle alterations
in cardiac function detectable by ECG, but they are not yet
fully diabetic. Consequently, they may be assigned to either
class by models like SweetDeep.

To assess model behavior on PD patients, who are not
included in the cross-validation folds, we train a version of
SweetDeep on all ND and T2D patients using the same hy-
perparameters. The resulting prediction distribution is graphed
in Fig. 6, with histograms and kernel density plots from ND
and T2D cross-validation also included as a reference.

As expected, most ND patients have predicted probabilities
below 50%, while most T2D patients have probabilities above

50%, consistent with prior thresholding analysis (Section V-
E). Both ND and T2D distributions are unimodal, with modes
near high-confidence regions (p ~ 0 or p ~ 1, respectively).
In contrast, the PD distribution is bimodal and flatter, with
peaks near both extremes, indicating that PD patients are not
consistently classified as either ND or T2D.

Future work may investigate a three-class model trained on
data from ND, PD, and T2D patients. Such an extension may
require more informative or additional sensors, as PD is less
readily characterized using current biophysical signals.

G. Abstention Results

Finally, we propose an abstention adapter applied after the
softmax layer, requiring thresholding with no additional model
training. This modification trades reduced dataset coverage for
improved credibility by allowing the model to explicitly defer
uncertain predictions. Leveraging SweetDeep’s well-calibrated
probabilities, patients with predictions between 42% and 58%
are predicted as “Don’t Know.” This range, centered on the
50% threshold, was empirically selected to abstain on at most
10% of patients during cross-validation.

As shown in Table IV, accuracy-related metrics among
retained predictions appear higher, reflecting the exclusion of
27 low-confidence patients from the dataset during evaluation.
However, this does not constitute a genuine gain in model
capability, as abstention reduces coverage and consequently
leads to fewer correct detections of T2D or ND. Nevertheless,
abstention can enhance the model’s perceived trustworthiness
by explicitly acknowledging predictive uncertainty.

If abstention is employed in practice, users or clinicians
should be clearly informed that follow-up biochemical tests
(e.g., FPG or OGTT) are necessary to accurately determine
the diabetic status of uncommon “Don’t Know” cases.



VI. CONCLUSION

In this article, we introduced SweetDeep, a compact neural
network with fewer than 3,000 parameters, trained to de-

tect

T2D using smartwatch sensing and questionnaire data

alone. Data collection was conducted through a decentralized
clinical trial in participants’ own homes, closely mirroring
real-world deployment conditions. By integrating cardiovas-
cular, metabolic, demographic, genetic, and temporal features,
SweetDeep achieves accurate (82.5%) and well-calibrated
predictions, demonstrating the feasibility of wearable-based
diabetes screening as a precursor to standard clinical testing.
With continued validation across larger and more diverse
populations, SweetDeep could enable accessible and reliable
diabetes detection in everyday settings, helping to lower bar-
riers to timely diagnosis and support proactive care.
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