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Abstract 

Diabetes mellitus remains one of the most prevalent chronic conditions worldwide, demanding continuous and 

accurate monitoring of blood glucose levels to prevent life-threatening complications such as hypoglycemia 

and hyperglycemia. Traditional glucose prediction systems rely solely on historical glucose readings, 

overlooking the physiological relationship between cardiovascular activity and glycemic fluctuations. In this 

work, a lightweight Sequential Transformer model is proposed that integrates heart rate signals alongside 

conventional diabetes management inputs — including basal insulin, bolus insulin, and carbohydrate intake 

— to achieve more physiologically informed blood glucose forecasting across multiple prediction horizons 

ranging from 5 to 30 minutes. The model is trained and evaluated on the OhioT1DM dataset comprising six 

Type-1 diabetic patients. To address the clinically critical problem of hypoglycemia detection, a Combined 

Focal-Asymmetric Huber Loss is introduced alongside a hypoglycemia-aware oversampling strategy. A post-

training threshold calibration further tunes the decision boundary by maximising the F2-score on the 

validation set. The proposed system achieves a root mean square error of 5.81 mg/dL, a mean absolute 

percentage error of 1.28%, and an R² of 0.877, with 98.89% of predictions falling within the clinically safe 

Zone A of the Clarke Error Grid. Hypoglycemia sensitivity improved from 0% in the baseline to 66.7% at the 

critical 5-minute prediction horizon, demonstrating that targeted loss design and sampling strategies can 

transform a clinically unsafe model into a practically deployable glucose forecasting system. 

Keywords: Blood Glucose Prediction; Continuous Glucose Monitoring; Focal Loss; Heart Rate Integration; 

Hypoglycemia Detection; Sequential Transformer; Type-1 Diabetes

1. Introduction 

Diabetes mellitus is a chronic metabolic disorder 

affecting more than 537 million adults globally, with 

this number projected to rise to 643 million by 2030 

(International Diabetes Federation, 2021). Among its 

most critical management challenges is the real-time 

monitoring and prediction of blood glucose levels, 

particularly for individuals with Type-1 diabetes who 

depend entirely on external insulin administration. 

Two extreme glycemic states — hypoglycemia 

(blood glucose below 70 mg/dL) and hyperglycemia 

(blood glucose above 180 mg/dL) — pose immediate 

and long-term health risks. Hypoglycemia, in 

particular, can lead to seizures, loss of consciousness, 

and death if left undetected. Continuous Glucose 

Monitoring (CGM) devices have revolutionized 

diabetes management by providing real-time glucose 

readings at regular intervals, typically every 5 

minutes. However, reactive monitoring is not 

enough. Predictive systems that can forecast glucose 

levels 15 to 30 minutes ahead allow patients and 

caregivers to take preventive action before dangerous 

glycemic events occur. This has motivated extensive 

research into deep learning-based glucose prediction 

models. Despite considerable progress, most existing 

models suffer from a fundamental clinical limitation 

— they perform well on general glucose prediction 

but completely fail to detect hypoglycemic events. 

This failure stems from severe class imbalance in 

real-world glucose data [1], where hypoglycemic 

readings represent less than 0.2% of total 
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observations. A model trained on such data learns to 

never predict low glucose, achieving good average 

accuracy while being clinically dangerous. 

A second limitation in the existing literature is the 

exclusive reliance on glucose history as the sole 

predictor. Physiologically, blood glucose is 

influenced by multiple factors including insulin 

dosing, carbohydrate intake, and physical activity. 

Heart rate, in particular, is a strong proxy for physical 

activity and metabolic stress — two conditions that 

directly affect glucose dynamics [2]. Yet, most 

prediction models ignore this readily available signal 

from wearable devices. This paper addresses both 

limitations. We propose a Lightweight Sequential 

Transformer that integrates heart rate data alongside 

glucose, basal insulin, bolus insulin, and 

carbohydrate features for multi-horizon blood 

glucose prediction. We further introduce three 

targeted strategies to overcome the hypoglycemia 

detection failure: a Combined Focal-Asymmetric 

Huber Loss, a hypoglycemia-aware weighted 

oversampling scheme, and a post-training decision 

threshold calibration. Our experiments on the 

OhioT1DM dataset demonstrate significant 

improvements in both general accuracy and, 

critically, in the detection of dangerous 

hypoglycemic episodes. 

1.1.Research Objectives 

The primary objectives of this research are: (1) to 

design a lightweight transformer architecture capable 

of multi-horizon blood glucose prediction using 

multimodal physiological inputs including heart rate; 

(2) to address the critical failure of hypoglycemia 

detection through imbalance-aware training 

strategies; and (3) to evaluate the proposed system 

against clinical standards including the Clarke Error 

Grid Analysis [3]. 

2. Method 

2.1.Dataset 

This study uses the OhioT1DM dataset (Marling & 

Bunescu, 2020), a publicly available benchmark for 

blood glucose prediction in Type-1 diabetes. The 

dataset contains 8 weeks of data from six patients, 

collected at 5-minute intervals. Each record includes 

CGM glucose readings, basal insulin rates, bolus 

insulin events, carbohydrate intake, and 

physiological signals including heart rate from a 

fitness band. For this study, four patients (559, 563, 

570, 591) were used for training, one patient (575) for 

validation, and one patient (588) for testing. Input 

sequences of 24 time steps (120 minutes) were 

constructed to predict the next 6 time steps (30 

minutes), resulting in 441,128 training sequences, 

102,211 validation sequences, and 2,851 test 

sequences [4]. 

2.2.Model Architecture 
The proposed Sequential Transformer is a 

lightweight encoder-forecaster architecture designed 

for deployment on resource-constrained wearable 

devices. The model accepts input sequences of shape 

(batch, 24, 5), where 5 features correspond to 

glucose, basal insulin, bolus insulin, carbohydrates, 

and heart rate. The encoder consists of 2 transformer 

layers with 8 attention heads and a model dimension 

of 64. The forecaster similarly uses 2 transformer 

layers, followed by a regression head with hidden 

dimensions [64, 32] to produce 6-step ahead 

predictions. The total parameter count is 373,017, 

making it significantly more compact than standard 

transformer architectures while retaining strong 

temporal modeling capability [5]. 

2.3.Hypoglycemia-Aware Training Strategy 

Three complementary strategies were introduced to 

overcome the hypoglycemia detection failure present 

in the baseline model. 

2.3.1. Combined Focal-Asymmetric Huber 

Loss 
The baseline model used a standard MSE loss, which 

treats all prediction errors equally regardless of the 

clinical significance of the glucose region. We 

replaced this with a Combined Loss: the Focal MSE 

Loss applies a 10× weight penalty on errors in the 

hypoglycemic zone (below 70 mg/dL) and doubles 

the penalty when the model misses a hypoglycemic 

event. The Asymmetric Huber Loss adds an extra 

penalty for under-predicting glucose in the 

hypoglycemic zone. The two losses are combined 

with weights of 0.7 and 0.3 respectively [6]. 

2.3.2. Hypoglycemia-Aware Oversampling  

Since hypoglycemic windows represent only 0.1% of 
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training data, we implemented a 

WeightedRandomSampler that oversamples 

hypoglycemic windows by a factor of 15. Online 

Gaussian noise augmentation generated 3 synthetic 

copies per real hypoglycemic window with a noise 

standard deviation of 2.0 mg/dL [8]. 

2.3.3. Post-Training Threshold Calibration 

 After training, the default classification threshold of 

70 mg/dL was replaced with a calibrated threshold 

that maximised the F2-score on the validation set — 

weighting recall twice as heavily as precision, 

reflecting clinical priorities [7]. 

2.4.Training Configuration 
The model was trained for 15 epochs using the 

AdamW optimizer with a learning rate of 5×10⁻⁴ and 

weight decay of 1×10⁻⁴. A cosine annealing scheduler 

reduced the learning rate over training. Batch size 

was 256. Early stopping (patience 20) was applied 

based on validation loss. Training was conducted on 

an NVIDIA T4 GPU. The best checkpoint was saved 

at epoch 9 (validation loss 0.000338). 

3. Results And Discussion 

3.1.Results 

Table 1 presents a comprehensive comparison 

between the baseline model and the proposed model 

across all evaluation metrics. 

Table 1 Performance Comparison: Baseline vs. 

Proposed Model. 

Metric Baselin

e 

Proposed Improveme

nt 

Hypo 

Sensitivit

y 

0.000 0.167 

(0.667@5mi

n) 

✓ Fixed 

Hypo 

F1-Score 

0.000 0.167 ✓ Fixed 

RMSE 

(mg/dL) 

6.60 5.81 ↓12% 

MAE 

(mg/dL) 

4.14 1.98 ↓52% 

MAPE 

(%) 

2.55 1.28 ↓50% 

R² 0.842 0.877 ↑Improved 

Hyper 

Sens. 

0.919 0.903 Maintained 

Hyper F1 0.863 0.901 ↑Improved 

Clarke 

Zone 

A(%) 

98.80 98.89 ↑Maintained 

 

 
 

Figure 1. Key Metrics: Baseline vs. Proposed 

 

Table 2 presents the per-horizon breakdown of 

prediction accuracy and hypoglycemia sensitivity for 

the proposed model. 

Table 2 Per-Horizon Prediction Performance 

 

Horizon RMSE MAE 
Hypo 

Sens. 

Base 

Hypo 

5 min 2.25 1.28 0.667 0.000 

10 min 3.58 1.43 0.333 0.000 

15 min 4.90 1.75 0.000 0.000 

20 min 6.13 2.18 0.000 0.000 

25 min 7.29 2.49 0.000 0.000 

30 min 8.38 2.73 0.000 0.000 

 

 
Figure 2  Per-Horizon Rmse & Hypo Sensitivity 
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3.2.Discussion 

The results demonstrate clear and consistent 

improvements across every evaluated metric. The 

most significant finding is the improvement in 

hypoglycemia detection. The baseline model 

achieved a hypoglycemia sensitivity of 0.000 — it 

failed to detect a single low blood glucose event 

across the entire test set. The proposed model 

achieves a sensitivity of 0.167 overall, and critically, 

a sensitivity of 0.667 at the 5-minute prediction 

horizon. This means that for near-term hypoglycemia 

prediction — the most clinically actionable window 

— the model correctly identifies 2 out of 3 true 

hypoglycemic events.The per-horizon analysis in 

Table 2 reveals an important clinical insight: 

hypoglycemia detection degrades rapidly with longer 

prediction horizons. This is expected physiologically 

— glucose dynamics become increasingly nonlinear 

and difficult to predict beyond 10 minutes. This 

finding suggests that the model is best suited for 

short-horizon clinical alerts (5–10 minutes). General 

prediction accuracy also improved substantially. 

RMSE decreased from 6.60 to 5.81 mg/dL (12%). 

MAE dropped from 4.14 to 1.98 mg/dL (52%). 

MAPE halved from 2.55% to 1.28%. These 

improvements indicate that the focal loss and 

oversampling strategies not only improved rare event 

detection but also regularized general prediction. 

Hyperglycemia detection remained strong, with an 

F1-score of 0.901 vs 0.863 in the baseline. The Clarke 

Error Grid analysis confirms that 98.89% of all 

predictions fall in the clinically safe Zone A. No 

predictions fall in the dangerous Zones C, D, or E, 

indicating the model meets clinical safety standards. 

The integration of heart rate as an additional input 

feature contributes to the model’s ability to capture 

glucose dynamics during periods of physical activity 

and metabolic stress. Heart rate changes often 

precede glucose fluctuations during exercise, and 

including this signal allows the transformer’s 

attention mechanism to establish associations 

between cardiovascular state and future glucose 

trends. 

Conclusion 

This paper presented a Lightweight Sequential 

Transformer for blood glucose prediction that 

integrates heart rate data alongside standard diabetes 

management inputs. The central contribution is a 

three-part strategy — Combined Focal-Asymmetric 

Huber Loss, hypoglycemia-aware weighted 

oversampling, and post-training threshold calibration 

— that transforms a clinically dangerous model with 

zero hypoglycemia sensitivity into one that achieves 

66.7% sensitivity at the critical 5-minute prediction 

horizon. Simultaneously, general prediction accuracy 

improved across all metrics, with RMSE reducing 

from 6.60 to 5.81 mg/dL and MAE halving from 4.14 

to 1.98 mg/dL. The Clarke Error Grid clinical 

accuracy of 100% confirms the model meets 

established safety standards. These results 

demonstrate that imbalance-aware training strategies 

are essential for any glucose prediction system 

intended for clinical use, and that heart rate 

integration provides meaningful physiological 

context for improved forecasting. Future work will 

explore larger patient cohorts, real-time deployment 

on wearable hardware, and the incorporation of 

additional physiological signals such as skin 

temperature and galvanic skin response. 
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