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Abstract— Type 1 Diabetes (T1D) affects millions world-
wide, requiring continuous monitoring to prevent severe
hypo- and hyperglycemic events. While continuous glu-
cose monitoring has improved blood glucose management,
deploying predictive models on wearable devices remains
challenging due to computational and memory constraints.
To address this, we propose a novel Lightweight Sequential
Transformer model designed for blood glucose prediction
in T1D. By integrating the strengths of Transformers’ at-
tention mechanisms and the sequential processing of re-
current neural networks, our architecture captures long-
term dependencies while maintaining computational effi-
ciency. The model is optimized for deployment on resource-
constrained edge devices and incorporates a balanced loss
function to handle the inherent data imbalance in hypo-
and hyperglycemic events. Experiments on two benchmark
datasets, OhioT1IDM and DiaTrend, demonstrate that the
proposed model outperforms state-of-the-art methods in
predicting glucose levels and detecting adverse events.
This work fills the gap between high-performance modeling
and practical deployment, providing a reliable and efficient
T1D management solution.

Index Terms— Blood glucose prediction, continuous glu-
cose monitoring, sequential deep transformers, lightweight
deep learning.

[. INTRODUCTION

Type 1 Diabetes (T1D) [1] is a chronic autoimmune con-
dition requiring lifelong blood glucose concentration (BGC)
monitoring to prevent life-threatening complications such as
hypoglycemia (BGC below 70 mg/dL [2]) and hyperglycemia
(BGC above 180 mg/dL [3]). Continuous glucose monitoring
(CGM) [4] technology has transformed T1D management by
providing real-time tracking of glucose levels, enabling timely
interventions and improving patient outcomes. However, pre-
dicting future glucose levels accurately remains a critical
challenge, as it directly impacts insulin administration and
overall disease management.

State-of-the-art methods for BGC prediction leverage com-
plex deep-learning architectures, such as Transformers and
Recurrent Neural Networks (RNNs) [5S], to capture tempo-
ral dependencies and achieve high predictive accuracy. De-
spite their effectiveness, these methods are computationally
intensive and have large memory footprints, limiting their
deployment on resource-constrained wearable devices [6], [7].
Cloud-based solutions mitigate computational demands but
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introduce privacy concerns, latency issues, and reliance on
network connectivity [8], [9], reducing their reliability for
real-world applications. Furthermore, existing models often
struggle with the inherent imbalance in glucose datasets, where
adverse events (e.g., hypoglycemia) occur less frequently than
normal glucose levels, leading to suboptimal performance in
detecting critical events.

To address these limitations, this paper introduces a novel
Lightweight Sequential Transformer model for blood glu-
cose prediction in individuals with T1D. The proposed ar-
chitecture combines the attention mechanism of Transform-
ers with the sequential processing capability of RNNs, en-
abling it to effectively capture both long-term and short-
term temporal dependencies in BGC data. By employing a
compact neural network design, the model is optimized for
deployment on wearable devices with limited computational
resources. Additionally, a novel balanced loss function is
introduced to improve the detection of hypo- and hyper-
glycemic events, addressing the issue of dataset imbalance.
Experiments on OhioT1DM [10] and DiaTrend [11] show
that the proposed model outperforms state-of-the-art baselines
in predictive accuracy and adverse event detection. Beyond
supporting single- and multimodal inputs, its robustness is
validated through ablation studies on different training con-
figurations and feature combinations, as well as preliminary
investigations on personalization, complementing the main
focus on a generalized setting. Code of the proposed method
is available at: https://github.com/unimib-islab/
Diabetes_Sequential_transformer.

This work proposes a methodology to fill the gap between
high-performance blood glucose prediction and practical de-
ployment, aiming to provide reliable and efficient solutions
in edge computing systems. The proposed approach is a step
forward in improving T1D management, thus enabling real-
world adoption of advanced predictive models, thanks to its
performance and adaptability.

Il. RELATED WORK

Over time, machine and deep learning techniques have
proven to be accurate and reliable tools for estimating
BGC [5]. Various approaches for BGC prediction have been
explored, ranging from traditional statistical models, such as
the Autoregressive Integrated Moving Average (ARIMA) [12]
and the Unobserved Components Model (UCM) [13], to more
advanced machine learning algorithms, including Random
Forest and eXtreme Gradient Boosting (XGBoost) [14]. While
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these methods laid the groundwork for BGC prediction, they
cannot often model complex temporal dependencies and phys-
iological interactions, limiting their performance in dynamic,
real-world scenarios.

More recently, deep learning approaches have signifi-
cantly advanced the robustness and accuracy of BGC predic-
tion [15], [16]. Architectures such as Recurrent Neural Net-
works (RNNs) [17], [18], Convolutional RNNs (CRNNs) [19],
and Long Short-Term Memory networks (LSTMs) [20] have
been widely applied, but their ability to capture long-term
dependencies is often limited by vanishing gradients and the
sequential nature of their computation.

To address these limitations, Transformer-based models
have gained attention for their self-attention mechanisms,
which facilitate parallel processing and improve the modeling
of long-range dependencies. Several Transformer variants have
been explored for glucose prediction and related time-series
tasks [21]-[25]. Among them, general-purpose architectures
such as Informer [26] and TimesNet [27] have demonstrated
strong performance when adapted to glucose forecasting [21].
Domain-specific designs, such as Gluformer [24], incorpo-
rate additional features like uncertainty quantification to en-
hance clinical usability. Hybrid approaches (e.g., Transformer-
LSTM [22]) have also been proposed, combining the strengths
of sequential models and attention mechanisms to improve
prediction accuracy.

Existing state-of-the-art methods can broadly be divided into
single-modality and multimodal frameworks. Single-modality
approaches rely solely on continuous glucose monitoring
(CGM) data, where Transformer-based solutions such as In-
former and TimesNet highlight the scalability of attention
mechanisms in time-series modeling. Multimodal methods, by
contrast, integrate additional inputs such as insulin delivery,
carbohydrate intake, and physiological parameters. Recent ex-
amples include BG-BERT [28], which employs self-supervised
pretraining with a BERT-like masked auto-encoder, and Bi-
GRU [29], which provides a parameter-efficient alternative for
multimodal modeling.

Despite these advances, efficiency remains an underexplored
dimension in BGC prediction. Most Transformer-based meth-
ods emphasize accuracy but rely on large parameter counts and
high computational overhead, which limits their deployment
in real-world scenarios such as edge devices or resource-
constrained clinical settings.

In summary, while Transformer architectures have already
shown promise for both single- and multimodal BGC predic-
tion, existing solutions often emphasize performance at the
expense of efficiency. The proposed Lightweight Sequential
Transformer is designed to fill this gap: it combines the
efficiency of sequential processing with the representational
power of self-attention, enabling accurate predictions with
substantially lower computational requirements. This design
makes it particularly suitable for real-world applications that
demand lightweight, resource-aware models without sacrific-
ing predictive accuracy.

[1l. METHODOLOGY

In this section, we outline the problem addressed and the
solutions proposed in this work. Specifically, we detail both
the designed architecture and the training strategy employed
to enable the model to effectively predict BGC and recognize
adverse events.

A. Problem Formulation

A glucose forecaster is a computational model M that
predicts future glucose levels given a sequence of observed
data. The input of the model M is a sequence of 7" glucose
observations g = {g¢1, - ,97}, where the length of T
depends on the forecasting horizon and usually ranges from
2 to 4 hours [28]. The output is a sequence of L glucose
predictions & = {§g1,- -+ , g}, where L stands for forecasting
horizon that usually is 30 or 60 minutes [30]. When available,
it is possible to use a multimodal approach by exploiting extra
features, such as quantities of basal, bolus, carbs, and other
physiological parameters, as input of the model M to get more
accurate predictions. Extra features are usually pre-processed
to obtain a sequence of the same length of g [30].

B. Proposed forecaster model

The proposed Sequential Transformer draws inspiration
from the architecture of the classical Transfomers [31] and
RNNs [32]. The main idea is to create an architecture that ex-
ploits the concept of attention typical of Transformers without
losing the notion of sequentiality that characterizes time se-
ries, which we consider fundamental for accurately predicting
future information. A standard Transformer handles the entire
observed sequence all at once, giving the same importance to
all the samples over time. However, this approach may not
fully capture the temporal dynamics necessary for tasks like
glucose level prediction. By contrast, similarly to RNNs, the
Sequential Transformer processes the elements of the observed
sequence incrementally, one at a time. This strategy empha-
sizes the most recent observations in the sequence, which
are temporally closer to the glucose levels to predict. This
approach aligns with the glucose behavior over time, which
typically fluctuates at a low frequency due to factors such
as meal intake, insulin response, and circadian rhythms [33].
At the same time, the Sequential Transformer retains the
attention mechanism (via query, key, and value), which is well-
known for outperforming traditional architectures because it
allows the model to capture long-range dependencies, handle
variable-length sequences effectively, and prioritize relevant
information dynamically [31]. Furthermore, the sequential
nature of our approach, thanks to the parameter-sharing policy,
inherently reduces the number of parameters compared to a
standard Transformer, making it more efficient.

The proposed model M, depicted in Figure 1, is designed to
handle both single-modality inputs, such as glucose sequences,
and multi-modality inputs, including feature sequences in
addition to the glucose one. Additionally, the model accepts
the daytime information corresponding to the observed in-
put sequences. The model architecture M consists of the
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Fig. 1. The architecture of the proposed Sequential Transformer M.
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Fig. 2. Time Sequence Encoder €.

concatenation of a Time Sequence Encoder £ and a Time
Sequence Forecaster F. Each of these modules is based on the
Multi-Layer Perceptron (MLP) operation and a slightly mod-
ified version of the Multi-head Cross-attention operation [34],
which we refer to as Sigmoid Cross-attention (SCA). These
are defined as follows:

a) Multi-Layer Perceptron: an MLP is defined as a se-
quence of two blocks, each composed of a linear projec-
tion, a GELU activation function [35], and a dropout layer.
Specifically, given a vector x, each block is defined as
dropout(GELU (Linear(x))).

b) Sigmoid Cross-Attention: a single-head cross-attention
operation is defined as: c#(qs, ke, vi) = o (thkI
where q;, k; and v, are the query, key and value at time
t, respectively, d is a scale factor and o is the sigmoid
activation function. The query, key, and value share the same
size N, which defines the embedding dimension of the entire
model. Cross-attention computes attention between different
sequences: queries are derived from one sequence, while keys
and values come from another sequence. A Multi-head Cross-
attention module, denoted as c{'f,, consists of D heads that are
processed in parallel and concatenated before being linearly
projected through a linear layer.

)th,

C. Time Sequence Encoder

The model £, shown in Figure 2, encodes the inputs sequen-
tially using a Token Embedder, a DayTime Embedder, and a
Time Block module. The inputs consist of the features of the
observed sequence at time ¢ defined as f;, the corresponding
daytime at ¢, and a vector s;_; of dimension N.

In the single-modality case, f; corresponds to the glucose
level g;; in the multi-modality case, instead, g; at time t is
concatenated with the other additional features. Instead, the
vector s;_1 encodes the information and history of all observed
sequences from time 1 to time ¢ — 1. Initially, sy is randomly
initialized and is the same for all sequences.

a) Token Embedder: it takes f; as input and performs
a Linear Embedding operation to (1) optionally fuse the
multimodal input, and (2) project the input into an embedding
of dimension N. The output is a vector denoted as z;.

b) DayTime Embedder: it uses the sine and cosine func-
tions to project the daytime at time ¢ into an embedding of
the same size [V, as in [31]. The resulting embedding is defined
as 1my.

¢) Time Block module: it takes as inputs the embedding
z; representing the features at time ¢, the embedding m,
representing the daytime, and the encoding s;_; representing
the entire observed sequence up to t—1. In the first step, z; and
m; are combined into a new vector z’; using an MLP and a
SCA mechanism. Specifically, z’'; = MLP(C?%(mt,zt,zt)),
where m; serves as the query, and z; acts as the key and
value. This operation weights z; based on the daytime. In
the second step, z'; is combined with the sequence encoding
s¢—1 observed till that moment, resulting in a new vector s;
that encapsulates the entire sequence information, including
observations at time ¢. This step also employs an MLP and
SCA mechanism; however, in this case, s;_1 is considered as
the query, while z’; as the key and the value, emphasizing
the most recent element of the observed sequence. Formally,
St = MLP(C?” (St—la Z/t, Z/t)).

As previously mentioned, the entire Time Sequence Encoder
is applied iteratively to each element of the observed sequence
over t, resulting in 7' computations. After 7' iterations, the
final output is a vector s, which encodes the entire observed
sequence input.

D. Time Sequence Forecaster

The Time Sequence Forecaster F, illustrated in Figure 3,
predicts future glucose levels using a DayTime Embedder, a
Prediction Block, and a Regression Block module. Even in
this case, the inputs are processed sequentially with operations
repeated L times, where L is the number of glucose levels to
predict. The forecaster F takes as input a vector r;, where ¢
ranges from 0 to L — 1, and the daytime corresponding to the
next glucose level to be predicted, at time ¢ + 1. Initially, rg
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Fig. 3. Time Sequence Forecaster F.

is set to st, the output of the Time Sequence Encoder £. For
subsequent stages, when ¢ > 1, r; encodes the information
of the sequence from time 1 to 7" + ¢, thus including all the
observed sequence, from 1 to 7', and the estimated sequence,
up to time to 7" + 4. The output of F is §;11, the predicted
glucose level at time 7 + 1.

a) DayTime Embedder: it functions identically to the Day-
Time Embedder described in III-C.0.b. However, instead of
processing the daytime of the observed sequence, it handles the
daytime corresponding to the element to predict. Specifically,
it processes the daytime at time ¢+1 and outputs an embedding
b;+; of dimension V.

b) Prediction Block: it takes the embedding b;y; of the
daytime for the glucose level to be predicted at time ¢ + 1,
and the embedding of the sequence r; at time i. The output
are two vectors of dimension N: the first, r;; 1, represents
the estimated sequence at time ¢ + 1, and the second, p;+1,
represents the predicted glucose level at time ¢ + 1.

The process begins by combining b;y; with r; to ob-
tain a vector e;4;. This combination is performed using a
SCA mechanism. Formally, e; 1 = ¢} (bt 1,1, 1), Where
b;+1 serves as the query, and r; is considered as key and
value. Through this operation, e;; represents the estimated
information at time ¢ 4+ 1, computed by weighting the prior
information using the daytime of the element to predict. The
next step involves extracting r;;; and p;4+; from e; ;. This is
achieved using two separate MLP s: r;11 = MLP(e;41) and
pPi+1 = MLP(e;11).

¢) Regression Block: it is the final module of the proposed
model. It takes as input p;+; and predicts the corresponding
glucose level g;4; at time ¢ + 1. The module consists of a
sequence of linear layers.

As described earlier, the entire Time Sequence Forecaster
operates sequentially, iterating over ¢, for a total of L times
where L corresponds to the number of glucose levels to
predict. At the end of the L iterations, the resulting output is
the vector g = {g1,---,Jr}, where each element represents
a predicted glucose level.

E. Loss function

The problem of BGC prediction is characterized by highly
imbalanced datasets, particularly for normal, hypo-, and hy-
perglycemic events. Addressing this imbalance during training

is crucial to ensure accurate predictions across all BGCs.
Standard loss functions, such as Mean Squared Error (MSE),
tend to be dominated by the majority class (i.e. normal
glucose levels), which can lead to suboptimal performance in
detecting rare but clinically critical events like hypoglycemia.
To mitigate this, we use a balanced MSE, defined as:

L
BalancedMSE(g, ) = Zwi (9i — 9:)* (1)
i=1

where w; represents the weight applied to the difference
between the predicted value and the target value, and it is
selected from the weights weyen: based on the type of event
associated with the target value ¢;.

The weights wWeyent are computed by first subtracting the
frequency of each event type (hypoglycemic, normal, and
hyperglycemic) in the training set from one. These values
are then scaled by a relevance.,en: parameter, according to
the decreasing frequency of the events in the training set:
hypoglycemic events, being the least frequent, are multiplied
by 3, hyperglycemic events by 2, and normal events by 1:
Wepent = Televancecyent - (1 - %)

The balanced MSE ensures that the model pays proportion-
ally more attention to less frequent but critical events during
training, improving its sensitivity to hypoglycemia, even if it
slightly sacrifices precision in the more frequent normal class.

V. EXPERIMENTS

In this section, we present the experimental setup and
metrics used to evaluate the proposed architecture.

A. Benchmark datasets

We conducted our experiments on two benchmark datasets:
OhioT1DM [10] and DiaTrend [11]. The OhioT1DM dataset,
widely used for BGC prediction, contains eight weeks of data
from 12 individuals with T1D collected during the 2018 and
2020 challenges. It includes 5-minute CGM readings, insulin
doses, blood glucose levels, carbohydrate intake, self-reported
events (e.g., exercise, stress), and optional wearable fitness
data (e.g., heart rate, activity levels). In contrast, the DiaTrend
dataset, one of the largest open-source resources for diabetes
research, features longitudinal data from 54 individuals with
TID. It comprises 27,561 days of CGM data at 5-minute
intervals, 8,220 days of insulin pump data (including basal
insulin for 17 subjects), bolus doses, carbohydrate intake,
pump settings, and detailed demographic and clinical profiles.
For our analysis, we focused on the 17 subjects with detailed
basal insulin data.

In line with prior studies [28], [29], we employed a
temporal-based data split, partitioning the dataset into 64%
for training, 16% for validation, and 20% for testing. This
approach trains the model on earlier data, validates it on
data closer to the training period, and evaluates it on future
data, offering a realistic assessment of predictive performance.
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See Supplementary Materials' for more details on the pre-
processing steps and the data split.

B. Baseline

To demonstrate the advantages of the Sequential Trans-
former, we compare its effectiveness against state-of-the-art
methods, including a statistical baseline (ARIMA) [36] and
a machine learning method (XGBoost) [37], as well as deep
learning models. Among the latter, we consider transformer-
based architectures such as Informer [26], TimesNet [27],
Gluformer [24], and BG-BERT [28], together with a RNN
baseline, Bi-GRU [29], with a particular focus on performance
and model parameter count. Specifically, we benchmark it
about two key settings: single-modal, using only the CGM fea-
ture, and multimodal, adopting the same features as BG-BERT
and Bi-GRU, such as CGM, carbohydrate intake, bolus insulin
dose, basal insulin rate, and Insulin-to-Carb Ratio (ICR) or
Galvanic Skin Response (GSR), depending on the dataset be-
ing utilized (DiaTrend or OhioT1DM, respectively). Informer
and TimesNet implementations are taken from https://
github.com/thuml/Time-Series-Library.

To support our hypothesis, we also compared our method
with an architecture based on the classical transformer encoder.
The Standard Transformer architecture consists of a standard
transformer encoder [31] followed by the same regression lay-
ers as our method (see Supplementary Materials' for details).

C. Experimental Setup

All experiments are carried out on the two datasets de-
scribed in the previous section, with two configurations (dif-
ferent observation and prediction windows) for each dataset.
Specifically, the first configuration features a 30-timestamp
window (150 mins) divided into 24 timestamps (120 mins) for
observed data and six timestamps (30 mins) for predictions.
The second configuration uses a 60-timestamp window (300
mins) divided into 48 timestamps (240 mins) for observed
data and 12 timestamps (60 mins) for predictions. These
configurations are defined as OhioTIDM with PH = 30
mins, OhioT1DM with PH = 60 mins, DiaTrend with PH
= 30 mins, and DiaTrend with PH = 60 mins. Since all
configurations exhibit a significant imbalance between normal
and adverse glucose levels, we applied the Synthetic Minority
Over-sampling Technique (SMOTE) for data augmentation
to the training set of all configurations [38]. This technique
helps improve the representation of adverse glucose levels by
generating synthetic samples based on k-nearest neighbors.

Besides the benchmark evaluation, we included an ablation
study comparing the performance of the Sequential Trans-
former with different training settings. In detail, a balanced
vs unbalanced training, with or without data augmentation,
and with a single or multi-modality approach. The experi-
ments are carried out in the same way as the benchmark

'Supplementary materials here: https://github.com/
unimib-islab/Diabetes_Sequential_transformer/
blob/23127d1le43e5c6bcec63d05a83ab800£5¢c31600d/
Supplementary%20material%20-%20IEEE_JBHI____
Sequential_Transformers_for_Glucose_Prediction.pdf

evaluation. In addition, we carried out two further ablation
studies: the first examined different feature combinations,
while the second assessed the impact of including or excluding
temporal information. These analyses were designed to isolate
the contribution of each module in the proposed architecture
and to investigate the role of specific input features, thereby
providing more detailed evidence to support the validity of
the findings. We also performed preliminary personalization
experiments, where a model pre-trained on one dataset was
directly evaluated on individual patients from a second dataset.
Subsequently, patient-specific fine-tuning was conducted by
retraining the model individually for each patient to assess the
potential benefits of a personalized approach.

The training setup for each experiment, in both benchmark
and ablation studies, has been characterized by 2000 epochs
and early stopping with a patience of 150. We adopted the
Adam optimizer with a learning rate of le~* and a Reduce
Learning Rate on the Plateau scheduler with 15 patience and
0.5 factor. The training strategies used for the state-of-the-art
models, such as the choice of the loss function, are the same
as proposed as default by the corresponding original works.

D. Evaluation Metrics

To assess the performance of the proposed model, we adopt
three complementary types of evaluation.

1) Analytical Evaluation Metrics: The analytical assessment
of each experiment—covering both benchmark and ablation
studies—relies on four widely used metrics in the context of
blood glucose prediction [28], [29]: Root Mean Square Error
(RMSE), Sensitivity to Hyperglycemic Events (Hyper Sen),
Sensitivity to Hypoglycemic Events (Hypo Sen), and Time
Gain (TG).

The RMSE, defined in Equation 2, quantifies the average
discrepancy between the predicted glucose levels g; and the
corresponding reference values g;:

2

The Hyper Sen and Hypo Sen metrics (Equations 3 and 4)
evaluate the model’s ability to correctly detect hyperglycemic
and hypoglycemic events, respectively:

True h "
Hyper Sen = rue hyper events

True hyper events + Missed hyper events
3)

Hypo Sen = True hypo events

True hypo events + Missed hypo events

Here, True Hyper Events and True Hypo Events denote hyper-
glycemic and hypoglycemic episodes correctly identified by
the model, whereas Missed Hyper Events and Missed Hypo
Events refer to episodes that the model failed to recognize.

Finally, the TG metric, reported in Equation 5, measures the
average anticipation time achieved by the model in detecting
adverse events:

TG(g,§) = PH — delay(g, §) (5)
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TABLE |
OVERALL PERFORMANCE ON OHIOT1DM DATASET’
PH = 30 mins PH = 60 mins
Model RMSE TG Hyper Sen §  Hypo Sen § RMSE TG Hyper Sen &  Hypo Sen §  Features © Params  Ranking
(mg/dL)  (mins) (%) (%) (mg/dL)  (mins) (%) (%)
ARIMA 15.85 7.51 86.86 75.75 25.48 8.21 78.35 62.44 -
XGBoost 10.77 13.81 84.55 46.31 17.80 26.84 72.64 24.04 - -
Informer 17.13 14.89 82.15 74.64 25.76 23.16 78.13 29.37 181K 5
TimesNet 13.63 14.71 90.22 85.72 23.48 23.40 80.21 67.27 18749K 9
Gluformer 17.27 19.12 74.33 0.33 27.14 29.46 43.07 0.48 11247K 8
Standard-T 15.37 14.90 69.11 8.96 24.43 30.58 50.09 0.89 107K 7
Sequential-T 14.96 17.56 96.26 75.82 2642 33.11 90.57 68.95 123K 1
BG-BERTT 14.02 16.56 82.54 73.24 23.67 31.16 69.24 54.12 v 2091K 4
Bi-GRU? 13.04 17.57 84.13 80.03 22.52 32.99 66.48 61.03 v 633K 3
Standard-T 17.17 15.57 82.98 5.21 24.74 29.81 63.49 0.03 v 107K 6
Sequential-T 16.00 17.79 94.66 81.45 28.99 33.59 89.32 69.96 v 123K 2

" In bold the best score and underlined the second best score (not including ARIMA and XGBoost); © The Features column indicates if the model considers a multimodal
approach using all the features available (v'), or uses only the glucose level (-); § Hyper Sen and Hypo Sen indicate the detection sensitivity of hyperglycemia and hypoglycemia

respectively; 1 Values reported form [28]; { Values reported form [29].

where PH is the prediction horizon used to generate g, and
delay(g, &) represents the optimal time shift k& minimizing
the distance between the reference and predicted glucose
trajectories:

L

delay (g, &) = argmin Y _(g; — 9i-r)’
i=1

(6)

In addition to these metrics, we also evaluate our sequential
model (considering both the CGM-only and the multi-feature
configurations) in terms of Specificity to Hyperglycemic
Events (Hyper Spec), Specificity to Hypoglycemic Events
(Hypo Spec) and False Alarm Rate (FAR), to assess their role
in mitigating alarm fatigue.

To complement sensitivity, we report Hyper Spec and Hypo
Spec (Equations 7 and 8), which correspond to the speci-
ficity (true negative rate) for hyperglycemic and hypoglycemic
events, respectively:

True non-hyper events

Hyper Spec =
yPEr=pb True non-hyper events + False hyper events
7

True non-hypo events

H Spec =
YO obec True non-hypo events + False hypo events8
®)

The corresponding False Alarm Rates, which quantify the
probability of incorrectly forecasting adverse events (lower is
better), are defined as:

Hyper FAR = 1 — Hyper Spec 9

Hypo FAR = 1 — Hypo Spec (10)

2) Clinical Evaluation Metrics: To assess the clinical relia-
bility of BGC predictions, we employ Clarke’s Error Grid
Analysis (EGA) [39], a widely adopted tool in diabetes
management for evaluating the risks associated with prediction
errors. This method compares predicted and measured glucose
values on a grid divided into five zones (A-E). Predictions in
zones A and B are considered clinically safe, while zones
C and D indicate decreasing safety, and zone E denotes the
highest risk, where misclassification could lead to potentially
fatal consequences.

3) Deployment Evaluation Metrics: Finally, we evaluate the
feasibility of deploying the proposed models on edge devices
by analyzing their computational requirements, memory foot-
print, and inference time.

V. RESULTS AND DISCUSSION

Table I and Table II respectively show the results achieved
on the OhioTIDM and DiaTrend datasets, comparing the
proposed method and training strategy with the state-of-the-
art models. The reported experiments consider both the single
and multimodal approaches. All architectures are evaluated on
two dataset horizon configurations (30 and 60 minutes). Each
table shows the difference in terms of evaluation metrics and
parameters, indicating whether the experiment uses only CGM
or also additional features. To facilitate the readability of the
results, a Ranking column is also reported. The ranking is
determined, considering the two PH configurations separately,
by the average of the mean metrics’ score, with the score of
the parameters. Such scores are computed by normalizing the
results of each metric column between 0 and 1. For metrics
in which lower values correspond to better performance (e.g.,
RMSE), the complementary transformation (1 — normalized)
was applied after normalization. The parameter score is com-
puted in the same way on the Params column. The final
rank is then obtained by averaging the scores across the 30-
and 60-minute horizons, independently of the specific horizon
considered. It is worth noting that ARIMA and XGBoost are
not included in the ranking, as they represent statistical and
machine learning models without trainable parameters, and
a direct comparison with deep learning architectures would
therefore be less meaningful.

a) OhioTIDM: as observable in Table I, the best rank
is achieved by the proposed model with a single-modality
approach, while the multimodal version achieves the third
rank. This means that, on the OhioT1DM dataset, the Se-
quential Transformer proves to be optimal for real-life situ-
ations requiring edge computing, thanks to its extremely low
dimensionality in terms of parameters and its performance
considering only CGM. The second best performing model is
Bi-GRU [29]. However, it is important to notice that even if the
model is relatively small in terms of parameters and compared
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TABLE I
OVERALL PERFORMANCE ON DIATREND DATASET’
PH = 30 mins PH = 60 mins
Model RMSE TG Hyper Sen 8 Hypo Sen § RMSE TG Hyper Sen 8 Hypo Sen §  Features © Params  Ranking
(mg/dL)  (mins) (%) (%) (mg/dL)  (mins) (%) (%)
ARIMA 17.60 7.48 83.72 5770 27.74 8.25 73.51 38.61 - - -
XGBoost 11.77 14.14 81.60 15.84 19.30 27.54 67.85 8.67 - - -
Informer 16.57 13.56 79.83 50.76 25.85 23.41 70.14 14.78 - 181K 5
TimesNet 15.53 13.64 88.17 69.56 25.45 21.98 76.65 46.62 - 18749K 9
Gluformer 17.29 17.74 79.11 0.03 2522 29.94 55.64 0.43 - 11247K 8
Standard-T 17.55 16.11 7178 0.33 25.12 29.60 62.97 0.0 - 107K 6
Sequential-T 16.14 15.46 95.62 63.60 27.04 28.28 88.60 45.32 - 123K 1
BG-BERT | 14.85 16.47 81.34 62.27 24.95 3145 64.53 40.10 v 2091K 4
Bi-GRU ¥ 14.64 16.66 81.31 63.82 24.57 3247 65.72 31.64 v 633K 3
Standard-T 18.00 16.18 78.22 0.25 37.32 28.93 37.40 0.00 v 107K 7
Sequential-T 16.04 15.93 94.60 77.85 26.40 28.53 86.57 33.79 v 123K 2

" In bold the best score and underlined the second best score (not including ARIMA and XGBoost); © The Features column indicates if the model considers a multimodal
approach using all the features available (v'), or uses only the glucose level (-); § Hyper Sen and Hypo Sen indicate the detection sensitivity of hyperglycemia and hypoglycemia

respectively; 1 Values reported form [28]; { Values reported form [29].

TABLE Il
SEQUENTIAL TRANSFORMER PERFORMANCE ON OHIOT1DM AND DIATREND DATASETS IN DIFFERENT TRAINING SETTINGS”
PH = 30 mins PH = 60 mins
Dataset Bal*  Aug* Feat® RMSE TG Hyper Sen §  Hypo Sen § RMSE TG Hyper Sen 8 Hypo Sen §  Ranking
(mg/dL)  (mins) (%) (%) (mg/dL)  (mins) (%) (%)
- - - 13.56 15.75 77.54 20.14 2265 2933 5273 8.93 8
- v 14.20 16.05 80.83 28.17 22.88 28.56 69.34 13.48 7
- v - 13.06 16.00 85.72 29.54 21,67  30.55 64.94 12.67 5
OhioT1DM - v v 13.83 16.32 82.06 38.11 2316 2938 71.70 11.21 6
v - - 13.93 15.65 95.42 68.07 24.47 30.63 87.79 65.88 3
v - v 14.29 16.08 92.57 7437 26.18  31.56 89.71 59.40 4
v v - 14.96 17.56 96.26 75.82 2642 33.11 90.57 68.95 1
v v v 16.00 17.79 94.66 81.45 28.99 33.59 89.32 69.96 2
- - - 15.13 15.04 75.84 113 2390  29.90 59.88 5.5 8
- v 14.75 14.75 81.95 28.13 23.48 30.37 66.01 7.59 5
- v - 14.95 15.57 80.29 4.88 2395 28.62 59.98 271 7
DiaTrend - v v 14.81 14.90 83.88 2227 23.43 29.63 67.11 8.36 6
v - - 15.54 14.88 92.55 61.00 26.41 26.61 88.31 36.48 3
v - v 15.61 14.37 93.00 57.81 2598 2859 86.37 29.83 4
v v - 16.14 15.46 95.62 63.60 27.04 28.28 88.60 45.32 1
v v v 16.04 1593 94.60 77.85 2640  28.53 86.57 33.79 2

" In bold the best score and underlined the second best score; T The Balance column indicates if the loss used was balanced (v) or unbalanced (-); * The Data aug column
indicates if the data augmentation has been applied (v') or not (-); ® The Features column indicates if the model considers a multimodal approach using all the features available

(), or uses only the glucose level (-);

with other architectures, its dimension can still be a problem
on wearable devices. Another fundamental analysis regards the
identification of future adverse events. The proposed strategy
with the Sequential Transformer can always achieve the best
or among the best results in detecting hyper and hypo events.
On this particular issue, it is possible to observe that the
multimodal Sequential Transformer outperforms the Bi-GRU,
thus being more suitable in a real-life scenario.

b) DiaTrend: Table II shows a trend similar to the
OhioT1IDM dataset. However, in this case, the Sequential
Transformer takes both the best and second-best positions on
the ranking. The single-modality version achieves the best
ranking, with the multimodal version reaching the second
place. As before, the Sequential Transformer in every version
achieves the best or among the best performance in detecting
adverse events. The only exception is TimesNet [27], which
achieves the second-best performance in Hypo Sen. Nonethe-
less, its number of parameters makes it unsuitable for real-life
scenarios where edge computing results in a better solution.

A. Ablation studies

In this section, we evaluate different configurations of the
proposed method through a set of ablation studies.

Hyper Sen and Hypo Sen indicate the detection sensitivity of hyperglycemia and hypoglycemia respectively.

1) Training strategies: We investigate the effectiveness of
using balance and unbalanced loss for training, the advantages
of data augmentation, and the exploitation of multi- and single-
modality approaches. As for the afore-described experiments,
a Ranking is defined to better identify which method performs
best. This ranking only considers the evaluation metrics since
all tested configurations use the same architecture.

The first rows of Table III report the scores obtained on
the OhioT1DM dataset with different settings. The best-ranked
method is represented by our Sequential Transformer using the
proposed balancing strategy, implementing data augmentation,
and, as determined before, using only CGM. The second-best
is the multimodal version, with the same setting in terms
of loss and data augmentation. It is interesting to notice
that, based on the ranking, the balanced versions represent
the first four best choices, demonstrating the effectiveness
of the defined training strategy. Similar conclusions can be
drawn for the DiaTrend dataset. The first rank is still taken
by the single-modality setting with a balanced strategy and
data augmentation. The second is the same setting but with a
multimodal approach. Even in this case, it is possible to notice
that the four best-ranked settings are all based on the balance
training strategy, remarking once again on the importance of
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such implementation.

In summary, this study demonstrates that the proposed
method coupled with the proposed training strategy, is optimal
in edge computing systems, thanks to its dimension and
the single-modality performance, which remove the problem
of communication between multiple and heterogeneous de-
vices [40]. However, the results also indicate that the imple-
mentation of the multimodal approach can be refined, leaving
room for potential future enhancements.

2) Feature combinations: We evaluated different feature
combinations to analyze the contribution of each input signal.
Table IV reports the results obtained on the OhioT1DM and
DiaTrend datasets when combining CGM (i.e. glucose level)
with additional features such as basal and bolus insulin,
carbohydrate intake, and other subject-specific information
(e.g., GSR or ICR). The results show that CGM alone provides
highly competitive performance, often achieving the lowest
RMSE and superior sensitivity values across both prediction
horizons. For instance, on the OhioT1DM dataset, CGM
alone yields the best RMSE at both 30 and 60 minutes,
while also achieving the highest hypoglycemia sensitivity.
Similarly, on the DiaTrend dataset, CGM alone again leads
in terms of RMSE and hypoglycemia sensitivity, confirming
its effectiveness as a standalone input modality. Nevertheless,
some multimodal configurations bring improvements on spe-
cific metrics. For example, on OhioT1DM, combining CGM
with carbohydrate intake improves hyperglycemia sensitivity
at PH = 60, while on DiaTrend, CGM plus bolus insulin
dose achieves the best hyperglycemia sensitivity at the same
horizon. These findings indicate that, while CGM is the most
informative feature for glucose prediction, complementary
signals can provide marginal benefits for selected metrics.
Overall, this ablation study highlights that CGM is sufficient
to ensure strong performance in most cases, but that carefully
selected multimodal settings may further enhance specific
aspects of prediction accuracy.

3) Temporal information: The third ablation study focused
on assessing the impact of temporal information. To better
understand the contribution of each module in the proposed
architecture, we selectively disabled the module associated
with time (the daytime embedder), in order to evaluate whether
the remaining input features could effectively operate on their
own. In particular, for this study, only the CGM has been
considered as input, while a series of zeros has substituted
the time information. Table V reports the results on both
OhioT1DM and DiaTrend datasets. The findings show that the
inclusion of temporal information consistently enhances the
model’s ability to detect glucose excursions. In OhioT1DM,
the daytime embedder improves both hyperglycemia and hypo-
glycemia sensitivity, particularly at shorter horizons. Similarly,
in DiaTrend, temporal information increases sensitivity —
especially for hypoglycemia detection — even if this comes
at the cost of a slightly higher RMSE. Overall, these results
highlight that temporal context is an essential complementary
signal to raw physiological features. While the features alone
can achieve competitive performance, the inclusion of tempo-
ral information enriches the representation and enables more
reliable glucose prediction across different scenarios.

B. Clarke Error Grid Analysis

The Clarke Error Grid is a valuable instrument for assessing
the clinical acceptability of BGC predictions at 30- and 60-
minute horizons. In this analysis, we report the percentage of
samples in each grid zone (see Supplementary Materials' for
the plots visualization and more details).

For OhioT1DM, the proposed model achieves the following
results: 94.15%, 5.67%, 0.01%, 0.17%, and 0.00% in zones
A, B, C, D, and E, respectively, for the 30-minute PH, and
82.54%, 16.70%, 0.29%, 0.46%, and 0.02% for the 60-minute
PH. On the DiaTrend dataset, the model performs similarly
with 93.13%, 6.64%, 0.03%, 0.21%, and 0.00% in zones A-E
for the 30-minute PH, and 82.42%, 16.60%, 0.23%, 0.72%,
and 0.03% for the 60-minute PH. These results highlight the
model’s strong performance in predicting BGC at shorter time
horizons (30 mins), with only minor deviations, as indicated by
the small proportion of samples in zone B. Though there are a
few samples in zones D and E, indicating larger errors, these
are relatively rare. For longer horizons (60 mins), accuracy
decreases as expected, but a significant proportion remains in
zone A, showing the model’s reliability despite more clinically
less accurate predictions. This reflects the usual trade-off
between accuracy and time horizon in time-series modeling.

C. Managing Alarm Burden

We further evaluate our sequential model (in both the CGM-
only and multi-feature configurations) in terms of Specificity
and False Alarm Rate, with a focus on their relevance to alarm
fatigue.

The detailed results, reported in Table I of the Supplemen-
tary Materials !, include Time Gain, Hypo/Hyper Sensitivity,
Hypo/Hyper Specificity, and the corresponding False Alarm
Rates across all training configurations. Overall, the model
excels at forecasting hyperglycemic events and maintains good
performance on hypoglycemic sensitivity, except OhioT1DM
at PH = 60, which yields lower scores. Importantly, in all
settings the model reaches specificity values above 95% with
False Alarm Rates lower than 5%, with the only exception of
OhioT1DM at PH = 60, where specificity slightly falls below
the threshold (93.87%, corresponding to a 6.13% FAR).

These findings reinforce the robustness of the proposed
method and underline its clinical relevance. In daily life,
individuals with diabetes must promptly react to predicted
adverse events to avoid potentially life-threatening conditions.
However, if a forecasting system generates too many false
alarms, users may gradually lose trust in its reliability, ignore
alerts, or even disable them altogether, thereby increasing the
risk of severe consequences [41].

D. Patient-specific model: a preliminary experiment

All experiments presented in the main manuscript adopt a
generalized approach, in which patients are treated as a single
pool of time series without considering subject identity. This
design ensures that the evaluation reflects a purely subject-
independent setting, which represents the primary focus of
this work. However, personalization has been widely discussed
in the literature as a relevant aspect of glucose prediction,
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TABLE IV
SEQUENTIAL TRANSFORMER PERFORMANCE ON OHIOT1DM AND DIATREND DATASETS WITH DIFFERENT FEATURE COUPLES’
PH = 30 mins PH = 60 mins
Dataset Features RMSE TG Hyper Sen §  Hypo Sen § RMSE TG Hyper Sen 8 Hypo Sen §
(mg/dL)  (mins) (%) (%) (mg/dL)  (mins) (%) (%)
CGM 14.96 17.56 96.26 75.82 26.42 33.11 90.57 68.95
CGM + Basal Insulin Rate 16.36 19.05 93.75 40.55 27.08 35.02 84.71 54.64
OhioTIDM  CGM + Bolus Insulin Dose 15.87 18.76 92.88 53.76 27.72 35.02 84.47 40.27
CGM + Carbohydrate Intake 16.44 18.36 91.54 46.91 28.42 36.99 85.07 31.69
CGM + GSR 16.03 18.57 9225 48.36 28.66 36.82 83.66 39.70
CGM 16.14 15.46 95.62 63.60 27.04 28.28 88.60 45.32
CGM + Basal Insulin Rate 18.58 16.71 96.87 9.35 34.70 37.89 94.39 6.81
DiaTrend CGM + Bolus Insulin Dose 18.02 16.23 96.27 15.31 35.43 39.99 94.48 791
CGM + Carbohydrate Intake 18.28 16.49 96.40 17,74 3522 39.06 94.89 9.43
CGM + ICR 17.44 15.61 96.62 27.03 37.39 37.04 94.30 7.75
* In bold the best score; § Hyper Sen and Hypo Sen indicate the detection sensitivity of hyperglycemia and hypoglycemia respectively.
TABLE V
SEQUENTIAL TRANSFORMER PERFORMANCE ON OHIOT1DM AND DIATREND DATASETS CONSIDERING ONLY CGM, WITH AND WITHOUT THE TIME
FEATURE"
PH = 30 mins PH = 60 mins
Dataset Time* RMSE TG Hyper Sen §  Hypo Sen § RMSE TG Hyper Sen §  Hypo Sen §
(mg/dL)  (mins) (%) (%) (mg/dL)  (mins) (%) (%)
. v 14.96 17.56 96.26 75.82 26.42 33.11 90.57 68.95
OhioTIDM 14.23 16.00 94.42 63.16 24.96 31.30 90.31 60.49
DiaTrend v 16.14 15.46 95.62 63.60 27.04 28.28 88.60 45.32
‘ - 15.96 15.30 94.01 60.23 26.39 26.83 86.48 26.96

* In bold the best score; T The Time column indicates if the daytime embedder was enabled (v') or disabled (-); § Hyper Sen and Hypo Sen indicate the detection sensitivity of

hyperglycemia and hypoglycemia respectively.

with reported benefits strongly depending on both dataset
characteristics and model architecture. To complement our
generalized analysis and provide a broader perspective, we
conducted preliminary investigations on patient-specific mod-
eling, always considering only CGM as input feature. In
particular, we explored two scenarios: (i) directly evaluating a
model pre-trained on one dataset on individual patients from
a second dataset, and (ii) applying patient-specific fine-tuning
by retraining the model for each subject individually.

The Tables VI and VII show the results achieved by
pretraining the model with DiaTrend dataset, and testing and
fine-tuning it with OhioT1DM, respectively, with 30- and
60-minute horizons. Each row represents a different patient
and the corresponding evaluation metrics, while the last row
reports the average performance on all patients. The fine-
tuning achieve comparable results when the 30-minute horizon
is considered, increasing in particular the performance on TG.
On the other hand, when 60-minute horizon is considered, all
the metrics, apart from RMSE, achieve improvements.

Conversely, Tables VIII and IX show the opposite case,
with pretraining on OhioT1DM and fine-tuning on DiaTrend
patients. At 30 minutes, performance generally worsens after
fine-tuning, while at 60 minutes results remain comparable for
RMSE, TG, and hyperglycemia sensitivity. However, patient-
specific fine-tuning fails to identify hypoglycemia events, as
demonstrated by the drop in Hypo Sen.

Overall, these preliminary findings suggest that patient-
specific adaptation can be beneficial in certain conditions,
particularly at longer horizons, but its effectiveness is highly
dataset-dependent and requires careful design to avoid degrad-
ing performance on critical events such as hypoglycemia.

TABLE VI
PERSONALIZATION PERFORMANCE ON OHIOT1DM (PH = 30 MINS)
USING A MODEL PRE-TRAINED ON DIATREND (PH = 30 MINS) WITH

*
ONLY CGM
Pre-trained on DiaTrend Fine-tuning

Patient RMSE TG Hyper Sen §  Hypo Sen & RMSE TG Hyper Sen 8 Hypo Sen &

(mg/dL)  (mins) (%) (%) (mg/dL)  (mins) (%) (%)
540 15.23 15.72 96.16 79.71 14.82 17.47 95.77 82.63
544 12.60 15.99 97.78 74.44 12.76 18.63 96.54 64.22
552 11.91 15.22 96.49 74.48 11.86 15.85 98.11 69.72
559 13.81 16.07 95.24 92.54 14.31 18.15 95.42 90.70
563 11.97 15.33 70.83 33.33 12.75 17.41 78.40 66.66
567 15.15 15.49 91.93 87.72 14.49 19.92 93.85 71.57
570 1243 16.30 97.55 68.52 12.74 17.28 97.02 63.64
575 11.81 17.09 96.86 89.17 11.82 17.86 94.70 88.22
584 16.47 15.21 94.11 29.17 16.97 16.91 94.09 30.56
588 12.77 16.20 95.89 66.66 13.68 18.27 92.09 50.00
591 17.87 15.80 90.83 70.42 18.19 17.10 88.71 68.53
596 13.74 15.33 95.12 68.60 14.40 17.50 92.99 65.21
Average 13.81 15.81 93.23 69.56 14.07 17.70 93.14 67.64

* At each line in bold the best score; § Hyper Sen and Hypo Sen indicate the
detection sensitivity of hyperglycemia and hypoglycemia respectively.

E. Deployment on wearable devices

Our method, used in its best configuration (only CGM),
requires 0.49 MB of flash memory to store the model’s
weights. The RAM usage to temporarily store input data,
activations, and output predictions is 320 KB in the 30-minute
PH and nearly doubles, reaching 642 KB, in the 60-minute PH.
These requirements can be easily satisfied by microcontroller
units (MCUs) for the 30-minute PH, making our method
suitable for edge computing deployment. More critical remains
the 60-minute horizon for which few MCUs can provide
enough RAM. In this case, the RAM usage can be lowered
thanks to the recurrent structure of the model that allows the
processing of the input time-series samples independently. See
Supplemental Materials' for further discussion on this topic.
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TABLE VII
PERSONALIZATION PERFORMANCE ON OHIOT1DM (PH = 60 MINS)
USING A MODEL PRE-TRAINED ON DIATREND (PH = 60 MINS) WITH
ONLY CGM’

TABLE IX
PERSONALIZATION PERFORMANCE ON DIATREND (PH = 60 MINS)
USING A MODEL PRE-TRAINED ON OHIOT1DM (PH = 60 MINS) WITH
ONLY CGM’

Pre-trained on DiaTrend Fine-tuning

Pre-trained on OhioTIDM Fine-tuning

Patient RMSE TG Hyper Sen § Hypo Sen § RMSE TG Hyper Sen § Hypo Sen § Patient RMSE TG Hyper Sen § Hypo Sen § RMSE TG Hyper Sen § Hypo Sen §
(mg/dL)  (mins) (%) (%) (mg/dL)  (mins) (%) (%) (mg/dL)  (mins) (%) (%) (mg/dL)  (mins) %) (%)
540 28.44 29.97 89.07 47.79 22.92 28.75 91.19 61.06 29 28.66 31.14 88.31 58.40 2931 3245 88.00 111
544 22.76 27.46 90.32 46.15 25.28 33.23 91.98 56.92 30 27.11 30.32 81.25 59.51 29.00 31.56 75.62 0.93
552 21.75 28.62 88.77 40.12 21.25 31.13 92.70 51.71 31 28.20 29.46 90.62 27.85 27.08 30.90 91.98 0.00
559 25.00 29.28 90.17 69.23 27.50 32.28 91.35 82.63 36 3592 28.27 91.23 21.30 31.95 30.02 92.16 0.00
563 21.77 28.30 49.65 5.56 243 33.19 61.73 41.67 37 33.26 32.53 78.46 26.67 32.75 30.15 78.58 0.00
567 26.99 28.52 64.63 57.45 27.23 28.89 72.00 69.13 38 31.48 30.35 83.89 38.53 31.78 32.56 78.43 0.38
570 20.06 30.85 95.54 29.63 22.65 33.50 92.18 30.30 39 27.23 32.03 91.58 50.62 28.85 30.86 82.97 0.16
575 21.04 29.54 82.85 63.36 23.62 33.70 82.76 83.62 42 28.13 31.19 89.12 58.78 27.59 3243 92.11 1.90
584 25.86 29.58 86.10 19.44 27.10 30.39 86.43 26.39 45 35.33 28.31 78.67 33.54 32.87 30.53 69.77 0.00
588 21.77 28.61 87.79 25.00 2544 31.82 82.37 31.25 46 27.79 32.58 92.32 56.67 27.48 26.11 95.57 0.00
591 27.80 28.09 76.39 40.27 29.30 32.86 70.83 68.60 47 29.47 32.03 56.25 16.67 29.02 34.97 66.67 0.00
596 22.92 28.32 85.77 39.58 25.36 27.36 87.43 52.88 49 19.73 30.06 - 32.18 41.67 49.29 - 0.00

50 32.23 29.99 92.91 - 30.98 25.77 93.85 -
Average 23.85 28.93 82.25 40.30 25.16 31.43 83.58 54.68 51 31.93 31.68 92.81 ~ 32.59 29.96 94.08
# . . L. 52 24.94 37.97 96.35 - 21.82 37.88 98.18 -

At each line in bold the best score; § Hyper Sen and Hypo Sen indicate the 53 39.03 3043 84.39 39.86 3942 30.06 84.30 236
detection sensitivity of hyperglycemia and hypoglycemia respectively. 54 2818 3257 36.11 54.70 2632 3643 72.22 0.00
Average 29.92 31.23 82.77 41.09 30.62 3247 84.66 0.49

TABLE VI
PERSONALIZATION PERFORMANCE ON DIATREND (PH = 30 MINS)
USING A MODEL PRE-TRAINED ON OHIOT1DM (PH = 30 MINS) WITH

*
ONLY CGM
Pre-trained on OhioTIDM Fine-tuning

Patient RMSE TG Hyper Sen § Hypo Sen § RMSE TG Hyper Sen § Hypo Sen §

(mg/dL)  (mins) (%) (%) (mg/dL)  (mins) (%) (%)
29 15.25 16.78 95.75 74.54 14.50 14.81 95.75 39.99
30 16.26 16.00 87.04 69.99 1525 14.32 87.35 35.59
31 15.68 16.98 95.95 45.29 14.80 15.73 96.13 15.94
36 20.67 16.03 95.56 35.00 19.36 14.68 96.41 13.33
37 19.87 16.64 89.53 56.67 19.22 15.11 90.12 43.33
38 19.02 15.55 90.60 54.86 17.65 14.24 90.25 17.01
39 15.05 16.08 95.40 64.48 14.31 14.30 95.17 35.79
42 15.74 1592 96.56 71.65 14.66 14.44 97.07 37.55
45 21.62 15.55 84.11 51.52 20.49 14.26 85.94 21.21
46 15.86 18.30 96.25 60.00 14.81 15.12 97.82 20.00
47 17.16 15.76 83.33 29.17 15.63 14.68 87.50 12.50
49 10.04 17.28 - 5222 9.42 12.29 - 23.33
50 20.94 17.93 95.98 - 20.22 16.56 96.33 -
51 19.61 15.32 96.64 - 18.91 13.96 97.23
52 13.47 18.78 98.94 - 11.94 1731 99.15 -
53 21.08 16.54 95.12 59.42 20.46 14.62 94.29 24.64
54 15.74 17.80 66.67 69.23 13.94 15.44 55.56 8.55
Average 17.24 16.66 91.46 56.72 16.21 14.82 91.38 24.91

* At each line in bold the best score; § Hyper Sen and Hypo Sen indicate the
detection sensitivity of hyperglycemia and hypoglycemia respectively; - indicates where
the sensitivity could not be computed due to a lack of hyper- or hypo-glycemic events.

VI. CONCLUSION

In this paper, we defined a novel method for BGC prediction
in TID patients, aiming, at the same time, to design an
architecture that is both accurate and deployable on low-
resource edge computing systems. This task poses signifi-
cant challenges, requiring lightweight and efficient models
capable of operating within the constraints of edge devices.
Furthermore, the nature of T1D presents additional challenges,
including the inherent imbalance between normal, hypo-, and
hyperglycemic events. The lower occurrence rates of these
adverse events exacerbate the difficulty of building and train-
ing robust deep-learning models. To address these challenges,
we proposed the Sequential Transformer, a novel architecture
that integrates the strengths of Transformers and RNNs. This
design is coupled with a training strategy based on balanced
MSE, specifically crafted to address the inherent imbalance
in diabetes-related events. Our approach delivers both high
performance and a limited dimension model size, meeting the
requirements of resource-constrained environments. The abla-
tion studies further validated the effectiveness of the balanced
MSE, consistently outperforming conventional strategies. They
also highlighted the competitiveness of CGM as a standalone

* At each line in bold the best score; § Hyper Sen and Hypo Sen indicate the
detection sensitivity of hyperglycemia and hypoglycemia respectively; - indicates where
the sensitivity could not be computed due to a lack of hyper- or hypo-glycemic events.

feature, the benefits of temporal information, and the poten-
tial—but still limited—contribution of additional modalities.
Moreover, preliminary investigations on patient-specific fine-
tuning showed selective improvements, particularly at longer
horizons, suggesting personalization as a promising yet non-
trivial direction. Overall, the proposed model proved effective
in both single- and multimodality settings, underscoring its
adaptability and practical suitability for edge deployment in
real-world applications.

Future studies will refine multimodal strategies and better
leverage patient-specific features to improve event prediction,
continuing the preliminary investigations conducted in this
work. Personalization will be central, along with exploring
deployment on edge devices for real-time applications. Finally,
since model transparency is essential to provide actionable in-
sights to clinicians, we will investigate dedicated explainability
strategies tailored to short CGM sequences.
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