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This study evaluates a population-based deep learning (DL) approach 
to predict blood glucose levels (BGL) in patients with Type 1 Diabetes 
Mellitus (T1DM) using edge computing. Eight DL architectures, namely 
Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), Neural 
Hierarchical Interpolation for Time Series Forecasting (NHITS), 
Kolmogorov-Arnold Network (KAN), Temporal Convolutional Network 
(TCN), Bidirectional Temporal Convolutional Network (BiTCN), 
Temporal Fusion Transformer (TFT), and Deep Non-Parametric Time 
Series Model (DeepNPTS), were optimized using Optuna Auto-Tuning 
and tested on the ShanghaiT1DM dataset, which consists of 16 subjects 
with a continuous glucose monitoring (CGM) sampling interval of 15 
minutes. Two input configurations (univariate and multivariate) were 
assessed at prediction horizons (PHs) of 30 and 60 minutes through 
cloud-based simulations in Google Colab and deployment on an NVIDIA 
Jetson Orin Nano edge device. Performance is evaluated using MAE, 
MAPE, and RMSE for predictive performance, along with inference 
time, latency, throughput, and power consumption for deployment 
efficiency. In both PHs, KAN and TFT achieve superior predictive 
performance compared to the LSTM baseline and other models, with 
minimal differences observed between univariate and multivariate 
configurations. Crucially, KAN uniquely achieves the highest 
throughput (4.05 preds./s) at the lowest power consumption (7.64 W), 
making it the first architecture jointly characterized for population-
based BGL prediction and uncompressed edge deployment, with 
improved predictive performance on edge over cloud at the 60-minute 
horizon, unseen in other architectures. These characteristics position 
KAN as a strong candidate for efficient on-device inference. 
Furthermore, with consistent power consumption of approximately 8 
W across all eight models, the edge device implementation yielded 
predictive performance comparable to cloud-based simulations. These 
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findings confirm that population-specific, edge-based BGL prediction is 
a feasible and practical solution for contemporary T1DM management. 

1. Introduction 

According to the International Diabetes Federation, the global number of patients with diabetes has exceeded half 
a billion [1]. Type 1 Diabetes Mellitus (T1DM), which accounts for about 10% of all cases, is a chronic autoimmune 
disease characterized by damage to pancreatic β cells, leading to insulin deficiency and necessitating strict 
management and monitoring [2],[3]. Insulin serves a crucial function in maintaining blood glucose levels (BGLs) 
within the normal range of 70–180 mg/dL. BGL instability can reduce the quality of life of patients and increase 
the risk of serious complications, such as cardiovascular disease, kidney damage, neuropathy, and visual 
impairment [2]. For T1DM patients, the most important preventive management is to avoid hypoglycemia (BGL < 
70 mg/dL) and hyperglycemia (BGL > 180 mg/dL) with careful management of meal timing, and they need lifelong 
insulin therapy through repeated injections or an insulin pump [3]. 

The introduction of continuous glucose monitoring (CGM) technology has changed the management of 
diabetes by providing continuous BGL recordings, usually at 5- or 15-minute intervals. This technology not only 
allows patient monitoring but also the implementation of automated insulin delivery systems [4],[5]. This has led 
to significant advances in predicting BGL using time-series CGM data. Accurate BGL prediction is clinically 
important as it enables proactive decision-making regarding insulin dosing and dietary intake, thus reducing the 
risk of prolonged hypoglycemia and hyperglycemia [6],[7]. 

BGL prediction models can be broadly classified into two categories: physiology-based models and data-
driven models [8]. Physiology-based models are based on metabolic mechanisms and are implemented in complex 
mathematical calculations, providing reasonable interpretability. However, the mathematical complexity of these 
models creates challenges for scalability and deployment. In contrast, data-driven models do not require detailed 
physiological parameters and can extract patterns directly from CGM data, possibly integrating exogenous 
variables such as insulin dosage and meal intake. Deep learning (DL) architectures, which leverage their multi-
layered structure to process massive datasets with high fidelity [9], have been driving rapid progress in artificial 
intelligence (AI). 

Common sequence-based DL models, such as Recurrent Neural Networks (RNNs) [11], Long Short-Term 
Memory (LSTM) [12], and Gated Recurrent Unit (GRU) [13], may represent complex non-linear patterns and long-
range temporal dependencies [14],[15]. On these foundations, transformer-based models are more advanced 
sequence models. The Temporal Fusion Transformer (TFT), designed specifically for time series forecasting, 
retains LSTM units for local sequence processing and combines them with multi-head attention to capture long-
range dependencies [16]. Later, convolutional architectures were introduced, e.g. Temporal Convolutional 
Networks [17] and the Bidirectional Temporal Convolutional Network (BiTCN) [18]. State-of-the-art models 
based on Multilayer Perceptron (MLP) are Neural Hierarchical Interpolation for Time Series Forecasting (NHITS) 
[19], Deep Non-Parametric Time Series Model (DeepNPTS) [20], and the Kolmogorov-Arnold Network (KAN) [21], 
which is an alternative to the traditional MLP [22], where activation functions are learned on edges (as splines) 
rather than fixed at nodes [23]. By generating transparent symbolic expressions for clinical decision-making, KAN 
can achieve higher predictive performance, interpretability, and robustness at the expense of increased 
computational cost [24]. It has strong potential for time-series prediction tasks. However, all DL-based models 
encounter issues at longer prediction horizons (PHs), which is a key limitation for practical BGL prediction 
[25],[26]. 

In addition to architecture selection, the model training strategy is also an important consideration. Previous 
studies have focused on individual-specific approaches, training the models with CGM data from a single patient 
only [27],[28]. While this yields personalized predictions, the approach is less efficient because it requires 
retraining for each new patient. On the other hand, a population-based approach is a promising solution for 
scalable model optimization. Joint training of models on data from multiple patients leads to a joint representation 
that provides generalization across patients, while being flexible enough to capture patient-specific patterns. This 
approach is more efficient and scalable, and is superior in generating a single, robust and generalizable model, 
particularly when per-patient data are sparse, but suffers from an inherent bias towards the population mean 
[10]. 

From an implementation point of view, most of the research is still based on cloud-based computing or mobile 
devices [29], [30]. However, this method is highly dependent on a stable internet connection at all times, is 
susceptible to system updates that can degrade performance, is power-hungry, and poses data privacy risks [31], 
[32]. The introduction of edge computing is a more secure and efficient solution, as processing can be done locally 
on the device itself, reducing latency and improving the security of sensitive data [32],[33]. Edge computing 
enables reliable real-time glucose forecasting without internet connectivity and is critical for timely intervention, 
improved quality of life, and clinical decision support in T1DM patients [34]. Edge computing offers several 
advantages over the cloud for diabetes management, including faster data transmission, reduced bandwidth 
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dependency, enhanced privacy and security, greater control over data, and lower operational costs [35]. Local 
inference on edge devices also conserves battery power and memory and enhances data privacy, particularly in 
environments with poor or no network connectivity[36]. Here, the cutting-edge computer platform is the NVIDIA 
Jetson Orin Nano, which provides robust GPU computing, low power consumption, small size and an ecosystem 
that is well-suited to deploying complex DL models [37],[38]. 

Based on these observations, this study focuses on evaluating time-series DL-based models for BGL prediction 
in T1DM using edge computing, accounting for several modeling strategies. This has been achieved by firstly 
optimizing the time-series DL models for BGL prediction, utilizing the latest ShanghaiT1DM dataset with 
characteristics relevant to T1DM[39],[40]. Optimization was performed using a population-specific approach that 
included the following steps: data preprocessing, selecting DL model architectures, using an auto-tuning function 
to obtain optimal hyperparameter values, and conducting simulation tests to evaluate the models’ predictive 
performance. The resulting models were then implemented on an edge device to evaluate their predictive 
performance and deployment efficiency. The distinctive contribution of this work is threefold. First, to the best of 
the authors' knowledge, this is the first study to evaluate KAN for population-based BGL prediction and explicitly 
characterize its edge-deployment behavior, a dimension absent from prior KAN applications in healthcare, which 
have been confined to cloud or simulation settings [51]. Second, unlike existing edge-based glucose prediction 
studies that rely on model compression or reduced-capacity architectures to fit resource-constrained hardware 
[10], this study demonstrates that full, uncompressed DL models, including the computationally intensive KAN, 
can be executed directly on the NVIDIA Jetson Orin Nano while maintaining competitive predictive performance 
and favorable power efficiency. Third, this study reveals a practically significant and previously unreported 
insight: KAN exhibits a reversal of the typical cloud-to-edge performance trend at the 60-minute prediction 
horizon, achieving lower prediction error in edge deployment than in cloud simulation, which suggests that KAN's 
spline-based activation mechanism may be particularly well-suited to the stable, GPU-optimized runtime of edge 
inference environments. This research is expected to contribute to T1DM management applications and bridge 
the gap between advances in DL models and the needs of practical implementation in modern diabetes 
management. 

2. Methodology 

The workflow in Figure 1 illustrates the research methodology for evaluating eight time-series DL-based models 
for BGL prediction in T1DM with edge computing. The first step of the research is to preprocess CGM, which is 
composed of several series of historical BGLs (mg/dL) with their timestamps, insulin and meal intake data for the 
16 subjects from the ShanghaiT1DM dataset, and to convert it to a population-based dataset. This includes dealing 
with missing values in the CGM, building a population-based dataset with an 80:20 split between training and test 
data, and linear interpolation with clipping to deal with outliers. Preceding the primary DL modeling phase, the 
hyperparameter optimization procedure was carried out in order to identify the best configurations using the 
Optuna Auto-Tuning framework from NeuralForecast for automatic hyperparameter tuning, which was a crucial 
component of the training procedure[41]. Time-based cross-validation for cloud-based simulation on Google 
Colab, followed by a regular time-based train-test split for deployment on the NVIDIA Jetson Orin Nano edge 
device, are the two approaches used later to evaluate the DL models. The two approaches differ not only in their 
computational environments but also in their training configurations, as described later in this section, and this 
distinction is the primary explanation for the systematic differences in reported error scores between simulation 
and deployment conditions in Section 4. The evaluation was conducted in univariate and multivariate input 
configurations across both the 30-minute and 60-minute PH conditions. 
 In this study, the models’ performance evaluation encompasses predictive performance of error metrics 
(MAE, MAPE, and RMSE) in simulation on Google Colab, deployment efficiency of latency, throughput, inference 
time, and power consumption, and predictive performance using these error metrics on the edge device.  The 
edge-based deployment was carried out on the NVIDIA Jetson Orin Nano with GPU acceleration (8.0 GB RAM) and 
Python 3.8 running in the Visual Studio Code (VS Code) environment, version 1.105.1 and the cloud-based 
simulation was carried out on Google Colab using Python 3.8 with GPU acceleration enabled (15.0 GB RAM).  
NeuralForecast version 2.0.1 and PyTorch Lightning version 2.4.0 are the software frameworks used, and these 
versions are consistently employed across both cloud and edge environments to ensure operational consistency. 
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Fig. 1 A workflow of the research methodology for time-series DL-based BGL predictions in T1DM with edge 
computing  

2.1 Dataset Description and Preprocessing 

The dataset utilized is the ShanghaiT1DM dataset, consisting of time-series CGM recordings with 15-minute 
sampling intervals, capillary blood glucose (CBG) readings, detailed insulin dosage, dietary intake, physical 
activity, clinical demographics and extensive laboratory blood markers. The data set included 16 patients with 
T1DM. This dataset was chosen as it is recent, of high quality, low noise and complete for other variables such as 
food intake and insulin input [39]. The cohort size of 16 subjects is relatively small, but is consistent with the size 
of benchmark datasets that are widely quoted in the BGL prediction literature. For example, the OhioT1DM 
dataset, comprising 12 subjects, has served as a common evaluation benchmark in numerous DL-based glucose 
forecasting studies [15],[47]. The high temporal resolution of CGM recording in the ShanghaiT1DM dataset (15-
min intervals over long inpatient and outpatient monitoring periods) also supports the suitability of the dataset 
for a population-based modeling approach, by providing a significantly larger number of time-series observations 
per subject compared to datasets with less frequent sampling. The population-based training strategy, which 
merges data from all 16 subjects into a shared model, further reduces the statistical risk of small cohort sizes by 
exploiting the intra- and inter-subject variability available during training. 

Before the model hyperparameters optimization process, a preprocessing phase was performed. The process 
included imputing missing values in the CGM data, making sure timestamps were continuous at 15-minute 
intervals, and dealing with outlier BGL values. The preferred approach was to use linear interpolation and clipping 
value within the functional range of the glucose sensor (40–400 mg/dL) [10]. We performed linear interpolation 
because the CGM signals are a physiologically continuous process (blood glucose changes gradually between 
measurements) and linear transition between adjacent valid measurements preserves the temporal dynamics of 
the signal better than a step-wise or a global-mean substitution. Extremes that were physiologically implausible 
due to sensor saturation, calibration artifacts, or transcription errors rather than true glycemic events were 
clipped to the blood glucose sensor operational range (40–400 mg/dL) [27]. Retaining such values would inflate 
error metrics and bias model training toward rare, unrealistic extremes. Importantly, the clipping boundary was 
defined in the functional range of the sensor, not in the clinical normoglycemic range (70–180 mg/dL), so as to 
preserve the events of true hypoglycemic and hyperglycemic events, which are clinically critical events for the 
model to learn to predict.  This preprocessing step was necessitated by the impact of sensor calibration errors and 
the presence of signal artifacts within the dataset. 

Another special technique used in the model optimization effort was the application of binary conversion to 
the insulin and food intake variables, where 0 means no event and 1 means an event. It deliberately chose to use 
binary encodings for insulin and meal intake rather than raw continuous dosage or raw caloric values. As seen 
from the raw insulin and meal magnitudes of the ShanghaiT1DM dataset, there is high inter-subject variability 
and inconsistent logging precision which introduces noise in the feature space. Binary encoding reduces this noise 
by distilling the clinically most actionable information, whether an intervention event occurred at a given 
timestamp, into a form that is consistent and comparable across subjects and avoids the risk of the model over-
weighting dosage values that may not generalize across patients. Apart from the dataset considerations, binary 
encoding has the pragmatic advantage of improving the predictive performance of models in real-world edge 
deployment [43]. It significantly reduces the input requirements of the multivariate configuration, as tracking the 
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occurrence of an insulin or meal event is much less demanding than detailed recording of dosage amounts and 
caloric values in a continuous monitoring context. This reduction in complexity reduces the load on data 
acquisition pipelines and makes the multivariate model more feasible to be implemented on resource-constrained 
devices. However, the trade-off is that by limiting the input to event indicators rather than event magnitudes, the 
multivariate configuration has less physiological specificity than a fully detailed input would provide, which in 
turn creates the possibility that predictive performance does not improve significantly over the univariate 
configuration, as observed in this study. This outcome should therefore be understood in the context of a 
deliberate design choice that prioritizes deployment practicality and does not reflect a general limitation of 
multivariate modeling for BGL prediction. Finally, to train the model collectively, all data were aggregated into a 
population-based dataset, enabling a dual-configuration analysis with univariate and multivariate inputs. The 
univariate input vector consists of a two-dimensional feature space, while the multivariate input vector consists 
of a four-dimensional feature space, as shown in Equations (1) and (2), respectively. 
 

Univariate input = {BGL, timestamp} (1) 

Multivariate input = {BGL, insulin, meal, timestamp} (2) 

2.2 DL Models 

The eight DL models for time series forecasting from various architectural families were evaluated and optimized 
to maximize predictive performance in BGL prediction. They are the LSTM baseline, GRU, TCN, BiTCN, TFT, NHITS, 
DeepNPTS, and KAN models. LSTM [12] and GRU [13] are members of the recurrent family. Dilated convolutions 
are used by both the TCN [17] and its bidirectional variant, BiTCN [18], to effectively capture long-range temporal 
dependencies. Meanwhile, the transformer-based TFT [16] uses self-attention mechanisms to improve 
interpretability and capture global dependencies. Lastly, the new MLP-based models include the hierarchical feed-
forward model, NHITS [19], the probabilistic neural forecasting framework, DeepNPTS [20], and the innovative 
architecture of the MLP, KAN [21] which is based on the principles of functional decomposition. When collectively 
analyzed, these models provide a comprehensive foundation for enhancing the predictive performance, efficiency, 
and scalability of BGL prediction.  

2.3 Hyperparameter Optimization 

In the model hyperparameter optimization, the Optuna Auto-Tuning function in the NeuralForecast library [44] 
was used, integrated with the time-based cross-validation scheme. The hyperparameters tested included 
combinations of input size, learning rate, hidden size, batch size, and other model-specific hyperparameters over 
specific ranges of values [42],[45]. Each hyperparameter configuration was tested using a sliding-window 
approach with a step size of 1 to cover all temporal intervals at each sampling time. The tuning process was 
repeated three times for each model, yielding three distinct hyperparameter values. The optimal hyperparameter 
configuration was determined based on the lowest MAE value [42]. The result of this stage was the selection of 
the optimal hyperparameters with the lowest MAE, which were then used during the primary training phase. 

2.4 Time-based Cross-Validation 

The model was trained in Google Colab using 80% of the training data, with 25% reserved for the validation set. 
Cross-validation applied a combination of hyperparameter values, and tuning was performed using various 
combinations of relevant hyperparameter values. This process yielded optimal hyperparameter values and used 
them to generate the optimal model, allowing it to be directly applied to the 20% test data. This approach yielded 
faster and more robust performance estimates, but required higher computational requirements, making it more 
suitable for cloud-based scenarios [10]. 

2.5 Time-based Train-Test Split 

The models at this stage were trained in Google Colab using 80% of the training data without a validation set 
allocation (train-test split), and the trained models were saved for deployment later. By removing the validation 
set allocation, the model in this configuration gains access to a larger effective training window, the full 80% of 
data, compared to the cross-validation scheme, where 25% of training data is withheld for validation at each fold. 
This expanded training exposure is the primary mechanistic reason why the deployment results in Section 4 
frequently report lower prediction errors than their simulation counterparts, particularly at the 60-minute PH, 
where longer historical context is most beneficial. This is not an artifact of the edge hardware or deployment 
pipeline, but a direct consequence of the difference in training data utilization between the two schemes. Model 
training at this stage used the best hyperparameter values from the cross-validation stage, allowing the trained 
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model to be evaluated on 20% of the test data separately during deployment on the NVIDIA Jetson Orin Nano 
using a rolling-forecasting approach that mimics real-time prediction. An identical 20% test subset was utilized 
across both the cross-validation and train-test split to maintain comparability. This approach focuses on 
generating computationally light predictions from trained models, specifically those ready for edge computing 
deployment [37],[46]. 

2.6 Performance Evaluation 

The predictive performance of each approach in each model was evaluated using 20% of the test data from each 
subject in the dataset. This evaluation involves three statistical error metrics, namely MAE, MAPE, and RMSE [47], 
which are defined in Equations (3), (4), and (5), respectively. 
 

𝑀𝐴𝐸 =
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(5) 

 
In these equations, 𝑛 denotes the number of data points, 𝑎𝑖 represents the actual value at the 𝑖-th observation, 

and 𝑏𝑖 represents the predicted value at the same observation.  
The analysis was conducted at two levels: (1) Analysis of the eight time-series DL models’ performance for 

the BGL prediction that have gone through the optimization process, carried out by comparing the predictive 
performance results between simulations in Google Colab and edge computing on NVIDIA Jetson Orin Nano, and 
(2) Specific analysis on evaluating deployment efficiency on the NVIDIA Jetson Orin Nano edge device, which 
includes total inference time, latency, throughput, and power consumption[37]. In this analysis, the study assessed 
the models’ BGL predictive performance and deployment efficiency in edge computing. For the statistical 
comparison of deployment efficiency metrics, normality was first assessed using the Anderson-Darling test (α = 
0.001) with 128 total samples across all models and measurements treated as independent by design; each 
subject's inference session was conducted separately with no shared state. Based on normality results, normally 
distributed metrics were compared using one-way ANOVA, and non-normally distributed metrics were compared 
using the Kruskal-Wallis H-test, both at α = 0.05. 

3. Results 

The following outlines the findings for eight optimized DL models predicting BGL at 30- and 60-minute PHs, 
including analyses of their predictive performance in both edge compute and cloud-based simulation settings and 
of deployment efficiency in the edge compute setting. 

3.1 Predictive Performance 

Figure 2 (simulation) and Figure 3 (deployment) provide a visual comparison of the prediction results from 8 
models (univariate and multivariate) at 30- and 60-minute PHs against the actual CGM data. For these results, the 
test data of one subject (Unique_id 12A) in the ShanghaiT1DM cohort are used. The prediction visually was a better 
fit for the 30 min PH than the 60 min PH. The graphs from univariate models were smoother and more stable, 
while some of the multivariate configurations presented more fluctuations. The edge deployment showed smaller 
deviations from the actual data than the cloud simulations, for a comparison of the environments. 
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(d) 

Fig. 2 Time plots of BGL predictions from the simulation in Google Colab versus actual data of one subject 
(Unique_id 12A) in the ShanghaiT1DM dataset (a) Univariate for 30-minute PH; (b) Univariate for 60-minute 

PH; (c) Multivariate for 30-minute PH; (d) Multivariate for 60-minute PH 
 

 

 

(a) 

 

(b) 
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(c) 

 

(d) 

Fig. 3 Time plots of BGL predictions data versus actual data of one subject (Unique_id 12A) from the 
deployment on NVIDIA Jetson Orin Nano in the ShanghaiT1DM dataset (a) Univariate for 30-minute PH; (b) 

Univariate for 60-minute PH; (c) Multivariate for 30-minute PH; (d) Multivariate for 60-minute PH 
 
The quantitative analysis in Table 1 confirms the visual observations. In the simulation setting with 30-minute 

PH and univariate inputs, TFT achieved the lowest MAE (8.77 mg/dL), and NHITS the second lowest (9.38 mg/dL). 
The LSTM baseline achieved an MAE of 13.45 mg/dL, and both models outperformed it significantly. During 
deployment, NHITS outperformed the other models in the 30-minute PH with univariate configuration with an 
MAE of 8.44 mg/dL, compared to TFT's 8.88 mg/dL. The MAE of the LSTM model improved from 13.45 mg/dL in 
the simulation to 9.07 mg/dL in the deployment. 

On the other hand, BiTCN had the worst performance among all the models with an MAE of ~20.67 mg/dL. 
All models showed greater error on the 60-minute PH, but the relative ordering of the models remained essentially 
unchanged. TFT was the best model, with MAEs of 16.63 mg/dL (simulation/univariate) and 16.02 mg/dL 
(deployment/univariate), outperforming LSTM (22.53 mg/dL and 18.44 mg/dL, respectively). Again, the BiTCN 
model showed the lowest MAE of 26.76 mg/dL. Meanwhile, KAN demonstrated competitive performance, 
especially in the deployment environment with univariate inputs, with an MAE of 16.85 mg/dL. The error values 
for both the 30-minute and 60-minute PH conditions were very similar between the univariate and multivariate 
configurations. However, the multivariate configuration showed a higher standard deviation (STD) of the absolute 
errors. The deployment results showed smaller error scores and smaller STD of absolute errors in both conditions 
than in the simulation. 

Table 1 shows the full per-subject error metrics for a representative subject (Unique_id 12A). For ease of 
interpretation of the dense full table, Table 2 summarizes the best-performing model per condition based on the 
lowest MAE for a quick comparison of top performers. 
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Table 1 Complete performance error metrics (MAE ± STD, MAPE (%), RMSE) of one subject (Unique_id 12A) in the 
ShanghaiT1DM dataset from the simulation and deployment results for univariate and multivariate inputs at 30- 

and 60-minute PHs. Results are grouped by PH for easier cross-model comparison 

 30-minute PH  

Models Input Univariate Multivariate 

MAE ± STD 
(mg/dL) 

MAPE (%) RMSE 

(mg/dL) 

MAE ± STD 

(mg/dL) 

MAPE (%) RMSE 

(mg/dL) 

LSTM Simulation 13.45 ± 9.56 10.59 16.50 13.27 ± 11.44 9.91 17.52 

 Deployment 9.07 ± 8.27 6.56 12.28 9.01 ± 8.17 6.52 12.17 

GRU Simulation 11.64 ± 8.75 9.53 14.56 13.12 ± 9.33 10.53 16.10 

 Deployment 10.22 ± 8.72 7.46 13.44 10.16 ± 8.78 7.40 13.43 

NHITS Simulation 9.38 ± 8.44 7.07 12.62 10.50 ± 9.80 7.60 14.36 

 Deployment 8.44 ± 7.09 6.18 11.02 8.79 ± 7.39 6.36 11.49 

KAN Simulation 10.03 ± 8.35 7.37 13.05 10.11 ± 8.66 7.46 13.31 

 Deployment 9.43 ± 8.07 6.83 12.42 9.67 ± 8.15 7.04 12.64 

TCN Simulation 11.31 ± 9.48 7.92 14.76 13.24 ± 12.70 9.17 18.35 

 Deployment 10.00 ± 8.99 7.21 13.45 10.10 ± 8.97 7.29 13.51 

BiTCN Simulation 20.67 ± 17.55 15.35 27.11 16.79 ± 13.90 12.48 21.80 

 Deployment 20.47 ± 18.02 14.91 27.27 20.46 ± 18.00 14.91 27.26 

TFT Simulation 8.77 ± 7.93 6.37 11.82 8.74 ± 7.85 6.34 11.75 

 Deployment 8.88 ± 7.81 6.41 11.83 8.77 ± 7.47 6.31 11.52 

DeepNPTS Simulation 10.35 ± 8.86 7.69 13.62 10.56 ± 9.15 7.80 13.97 

 Deployment 10.64 ± 8.95 7.81 13.91 10.65 ± 8.97 7.82 13.92 

60-minute PH 

Models Input Univariate Multivariate 

MAE ± STD 

(mg/dL) 

MAPE (%) RMSE 

(mg/dL) 

MAE ± STD 

(mg/dL) 

MAPE (%) RMSE 

(mg/dL) 

LSTM Simulation 22.53 ± 16.49 16.66 27.91 25.23 ± 17.12 19.00 30.50 

 Deployment 18.44 ± 15.69 13.85 24.21 19.59 ± 16.29 15.05 25.48 

GRU Simulation 22.07 ± 14.43 19.15 26.37 21.20 ± 14.44 18.47 25.65 

 Deployment 18.12 ± 14.38 13.99 23.13 18.35 ± 14.90 14.28 23.64 

NHITS Simulation 17.51 ± 14.23 13.92 22.56 21.18 ± 17.56 15.87 27.52 

 Deployment 19.60 ± 16.72 14.78 25.77 22.74 ± 19.97 17.96 30.26 

KAN Simulation 19.21 ± 14.66 14.34 24.16 19.80 ± 14.61 15.38 24.61 

 Deployment 16.85 ± 14.04 13.08 21.93 17.91 ± 12.73 12.87 21.97 

TCN Simulation 16.37 ± 13.63 12.40 21.30 18.55 ± 13.88 10.24 23.13 

 Deployment 21.04 ± 18.59 15.93 28.08 17.38 ± 15.02 13.24 22.97 

BiTCN Simulation 19.87 ± 14.61 14.91 24.67 20.05 ± 16.29 15.00 25.84 

 Deployment 26.76 ± 22.60 20.21 35.02 26.70 ± 22.63 20.15 35.00 

TFT Simulation 16.63 ± 14.03 12.48 21.75 17.68 ± 14.68 13.52 22.98 

 Deployment 16.02 ± 13.45 12.36 20.92 17.02 ± 13.57 13.44 21.77 

DeepNPTS Simulation 17.98 ± 14.08 13.56 22.84 17.97 ± 14.11 13.62 22.84 

 Deployment 17.33 ± 14.21 13.32 22.41 17.36 ± 14.31 13.36 22.50 
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Table 2 Summary of best-performing models by lowest MAE for one subject (Unique_id 12A) across all conditions  

Condition Best Model MAE ± STD  

(mg/dL) 

MAPE  

(%) 

RMSE 

(mg/dL) 

30-min PH / Univariate / Simulation TFT 8.77 ± 7.93 6.37 11.82 

30-min PH / Univariate / Deployment NHITS 8.44 ± 7.09 6.18 11.02 

30-min PH / Multivariate / Simulation TFT 8.74 ± 7.85 6.34 11.75 

30-min PH / Multivariate / Deployment TFT 8.77 ± 7.47 6.31 11.52 

60-min PH / Univariate / Simulation TFT 16.63 ± 14.03 12.48 21.75 

60-min PH / Univariate / Deployment KAN 16.85 ± 14.04 13.08 21.93 

60-min PH / Multivariate / Simulation TFT 17.68 ± 14.68 13.52 22.98 

60-min PH / Multivariate / Deployment TFT 17.02 ± 13.57 13.44 21.77 
Note: BiTCN consistently records the highest MAE at all 30-minute PH conditions and at the 60-minute PH deployment conditions. At the 
60-minute PH simulation conditions, LSTM surpasses BiTCN as the worst performer. Full results for all eight models are provided in 
Table 1. 

 
Table 3 summarizes the average of the eight models’ predictive performance across the entire 16-subject 

population, comparing simulation and edge deployment for univariate and multivariate inputs at 30- and 60-
minute PHs. In the 30-minute PH simulation/univariate setting, TFT recorded the lowest MAE̅̅ ̅̅ ̅̅  of 10.35 mg/dL, 
and KAN recorded an MAE̅̅ ̅̅ ̅̅  of 10.87 mg/dL, both significantly lower than the LSTM baseline. In the 30-minute PH 
with the deployment/univariate setting, NHITS performed best with an MAE̅̅ ̅̅ ̅̅  of 10.03 mg/dL, slightly 
outperforming TFT (10.29 mg/dL) and KAN (10.72 mg/dL). These three models outperformed the LSTM baseline, 
which had an average MAE of 10.99 mg/dL. BiTCN remained the lowest performer with an average MAE of 27.25 
mg/dL. 

For the 60-minute PH, TFT and KAN consistently led the results, both significantly lower than the LSTM 
baseline. TFT achieved average MAEs of 21.61 mg/dL in the simulation/univariate setting and 20.10 mg/dL in the 
deployment/univariate setting. In comparison, KAN achieved average MAEs of 20.02 mg/dL and 21.12 mg/dL, in 
the simulation/univariate and the deployment/univariate settings, respectively. NHITS experienced performance 
degradation at this longer PH, with its MAE̅̅ ̅̅ ̅̅  increased noticeably. 

Minimal differences in error values were generally observed across the population between the univariate 
and multivariate configurations. An exception was noted for the TCN model at a 60-minute PH, where its 
multivariate configuration ( MAE̅̅ ̅̅ ̅̅  of 22.50 mg/dL) outperformed its univariate configuration ( MAE̅̅ ̅̅ ̅̅  of 28.15 
mg/dL). Besides, most models deployed on the NVIDIA Jetson Orin Nano showed lower error scores than their 
cloud-simulated counterparts. 

Table 3 reports the population-level average performance across all 16 subjects, which serves as the primary 
basis for the study's conclusions. To guide interpretation of the full table, Table 4 presents a condensed ranking 
of all eight models by average MAE under the most clinically relevant condition (univariate input for both PHs), 
allowing rapid identification of top and bottom performers; consult the complete metrics in Table 3. 

Table 3 Complete average predictive performance of eight population-based DL models across 16 subjects from the 
ShanghaiT1DM dataset, comparing simulation and edge deployment for univariate and multivariate inputs at 30- 

and 60-minute PHs 

30-minute PH 

Models Input Univariate Multivariate 

MAE̅̅ ̅̅ ̅̅ ±  STD 

(mg/dL) 
MAPE̅̅ ̅̅ ̅̅ ̅̅ ±
 STD (%)  

RMSE̅̅ ̅̅ ̅̅ ̅̅ ±  STD 

(mg/dL) 

MAE̅̅ ̅̅ ̅̅

±  STD 

(mg/dL) 
MAPE̅̅ ̅̅ ̅̅ ̅̅ ±
 STD (%)  

RMSE̅̅ ̅̅ ̅̅ ̅̅ ±  STD 

(mg/dL) 

LSTM Simulation 11.49±0.86 8.66±0.53 16.11±1.35 12.04±0.96 8.90±0.58 17.34±1.54 

 Deployment 10.99±0.94 8.02±0.51 15.21±1.31 10.88±0.92 7.95±0.50 15.03±1.28 

GRU Simulation 10.92±0.68 8.59±0.48 14.79±0.94 12.34±1.07 9.80±1.03 16.86±1.41 

 Deployment 12.44±1.16 9.21±0.66 17.03±1.61 12.42±1.16 9.17±0.65 17.03±1.61 

NHITS Simulation 12.36±0.79 9.37±0.50 17.26±1.07 12.84±0.94 9.65±0.55 18.42±1.46 

 Deployment 10.03±0.77 7.52±0.46 13.82±1.11 10.14±0.83 7.61±0.51 14.04±1.19 

KAN Simulation 10.87±0.85 7.99±0.50 14.87±1.18 10.77±0.89 8.02±0.53 14.87±1.24 

 Deployment 10.72±0.85 7.94±0.49 14.76±1.20 10.84±0.89 8.05±0.53 14.97±1.26 

TCN Simulation 12.61±1.07 9.61±0.77 18.36±1.87 12.06±0.84 9.14±0.54 16.94±1.26 



J. of Soft Computing and Data Mining Vol. 7 No. 2 (2026) p. 163-183 174 

 

 

30-minute PH 

Models Input Univariate Multivariate 

MAE̅̅ ̅̅ ̅̅ ±  STD 

(mg/dL) 
MAPE̅̅ ̅̅ ̅̅ ̅̅ ±
 STD (%)  

RMSE̅̅ ̅̅ ̅̅ ̅̅ ±  STD 

(mg/dL) 

MAE̅̅ ̅̅ ̅̅

±  STD 

(mg/dL) 
MAPE̅̅ ̅̅ ̅̅ ̅̅ ±
 STD (%)  

RMSE̅̅ ̅̅ ̅̅ ̅̅ ±  STD 

(mg/dL) 

 Deployment 12.33±1.14 8.94±0.61 17.09±1.59 12.43±1.16 9.07±0.63 17.16±1.61 

BiTCN Simulation 27.25±3.24 19.97±1.85 37.36±4.56 27.20±3.22 20.03±1.87 37.23±4.53 

 Deployment 26.94±3.09 19.88±1.81 36.88±4.32 26.93±3.09 19.88±1.81 36.87±4.32 

TFT Simulation 10.35±0.81 7.78±0.53 14.13±1.07 10.59±0.87 7.92±0.55 14.92±1.30 

 Deployment 10.29±0.78 7.67±0.47 14.14±1.10 10.27±0.83 7.66±0.49 14.17±1.17 

DeepNPTS Simulation 13.09±1.31 9.68±0.72 17.85±1.84 13.42±1.35 10.00±0.77 18.51±1.85 

 Deployment 12.94±1.24 9.65±0.70 17.69±1.72 12.94±1.24 9.65±0.70 17.69±1.72 

60-minute PH 

Models Input Univariate Multivariate 

MAE̅̅ ̅̅ ̅̅ ±  STD 

(mg/dL) 
MAPE̅̅ ̅̅ ̅̅ ̅̅ ±
 STD (%)  

RMSE̅̅ ̅̅ ̅̅ ̅̅ ±  STD 

(mg/dL) 

MAE̅̅ ̅̅ ̅̅

±  STD 

(mg/dL) 
MAPE̅̅ ̅̅ ̅̅ ̅̅ ±
 STD (%) 

RMSE̅̅ ̅̅ ̅̅ ̅̅ ±  STD 

(mg/dL) 

LSTM Simulation 26.26±2.09 20.30±1.40 36.95±3.13 28.78±2.47 21.81±1.37 40.70±3.48 

 Deployment 22.15±2.80 17.92±2.37 31.27±4.72 22.58±2.87 18.45±2.43 31.69±4.81 

GRU Simulation 20.86±1.59 15.80±1.04 28.55±2.17 22.09±1.76 16.58±1.05 30.32±2.43 

 Deployment 21.58±2.83 17.65±2.33 30.09±4.72 22.19±2.90 17.79±2.32 30.77±4.69 

NHITS Simulation 24.51±2.33 19.23±1.66 33.93±3.45 27.75±3.11 20.58±1.77 40.33±4.74 

 Deployment 22.93±1.85 17.50±1.28 31.83±2.58 23.41±2.30 17.78±1.54 32.54±3.28 

KAN Simulation 20.02±1.87 14.76±1.04 27.24±2.47 21.70±1.79 16.81±1.25 29.54±2.43 

 Deployment 21.12±1.86 15.91±1.12 28.38±2.60 21.15±2.22 14.76±1.12 28.08±2.82 

TCN Simulation 21.96±1.76 16.54±1.14 30.00±2.41 23.06±2.07 17.50±1.21 32.44±2.91 

 Deployment 28.15±3.11 21.04±1.85 38.10±4.31 22.50±2.31 16.82±1.36 31.58±3.32 

BiTCN Simulation 33.86±4.12 25.29±2.47 45.34±5.66 33.94±4.11 25.33±2.50 45.43±5.63 

 Deployment 34.05±4.00 25.60±2.46 45.63±5.49 34.05±4.01 25.58±2.47 45.65±5.50 

TFT Simulation 21.61±1.70 16.34±1.01 29.98±2.47 22.96±1.98 17.58±1.41 33.45±2.93 

 Deployment 20.10±1.81 15.10±1.10 28.15±2.60 21.09±2.16 16.03±1.33 30.06±3.13 

DeepNPTS Simulation 22.75±2.42 17.05±1.43 30.70±3.35 22.89±2.50 17.17±1.49 30.89±3.44 

 Deployment 22.54±2.34 17.03±1.40 30.63±3.27 22.54±2.34 17.04±1.40 30.64±3.27 

Table 4 Condensed ranking of eight population-based DL models by average MAE for univariate-input 
configuration at 30- and 60-minute PHs, comparing simulation and edge deployment 

Rank Model 30-min Sim. 
MAE̅̅ ̅̅ ̅̅  (mg/dL) 

30-min Deploy. 
MAE̅̅ ̅̅ ̅̅  (mg/dL) 

60-min Sim. MAE̅̅ ̅̅ ̅̅  
(mg/dL) 

60-min Deploy. 
MAE̅̅ ̅̅ ̅̅  (mg/dL) 

1 TFT 10.35 10.29 21.61 20.10 

2 KAN 10.87 10.72 20.02 21.12 

3 GRU 10.92 12.44 20.86 21.58 

4 LSTM 11.49 10.99 26.26 22.15 

5 NHITS 12.36 10.03 24.51 22.93 

6 TCN 12.61 12.33 21.96 28.15 

7 DeepNPTS 13.09 12.94 22.75 22.54 

8 (worst) BiTCN 27.25 26.94 33.86 34.05 
Key observations: (1) TFT and KAN are always one of the top two in all conditions. (2) NHITS achieves the best deployment MAE 
at 30-min PH (10.03 mg/dL) but deteriorates drastically at 60-min PH. (3) The greatest cloud-to-edge performance degradation of 
TCN is at 60-min PH (21.96 → 28.15 mg/dL, univariate). (4) In all conditions, BiTCN is clearly the worst performer by a large margin. 
Table 3: Full metrics including MAPE, RMSE, and multivariate setups. 
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Figure 4 (simulation) and Figure 5 (deployment) visually confirm the error comparisons from Table 3. In 
Figure 4 (simulation), TFT and KAN were consistently at the top, followed by GRU, NHITS, DeepNPTS, and LSTM, 
then TCN, with BiTCN consistently ranking last. Figure 5 (deployment) shows a similar pattern for the 60-minute 
PH. However, at the 30-minute PH in deployment, NHITS showed the smallest error bars, consistent with its 
lowest average MAE (10.03 mg/dL). Overall, errors were consistently lower at the 30-minute PH than at the 60-
minute PH across all models, and BiTCN remained the worst performer. Minor differences were observed between 
univariate and multivariate configurations, except for the TCN model on edge deployment at a 60-minute PH. 

 

 
Fig. 4 Visualization comparison of matrix error scores across models at 30- and 60-minute PHs in univariate- and 

multivariate-input configurations (simulation approach) 

 

 
Fig. 5 Visualization comparison of matrix error scores across models at 30- and 60-minute PHs in univariate and 

multivariate input configurations (edge deployment approach) 

3.2 Deployment Efficiency at 30- and 60-Minute PHs 

Table 5 and Figure 6 present the average values of the eight models’ deployment efficiency metrics across the 16-
subject population on the NVIDIA Jetson Orin Nano, including total inference time, latency, throughput, and power 
consumption. For the 30-minute PH, LSTM and GRU models showed high inference efficiency. LSTM, with 
univariate input, recorded the fastest overall inference time of 50.50 s and the lowest latency of 0.28 s, achieving 
a throughput of 3.96 preds./s. KAN demonstrated competitive efficiency, attaining the highest throughput of 4.05 
preds./s and the lowest power consumption of 7.64 W. In contrast, TFT required the longest inference time of 
66.34 s and exhibited the lowest throughput of 3.05 preds./s, with a latency of 0.34 s. BiTCN's inference efficiency 
was comparable to that of the other models.  

Figure 6 shows that deployment efficiency at the 30-minute PH was higher than at the 60-minute PH, 
primarily because the total number of predictions was higher. A slight increase in deployment efficiency was 
observed in the multivariate input configuration compared to the univariate configuration. Across all models, the 
sustained power consumption remained approximately 8 W. 
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Table 5 presents full deployment efficiency metrics across all models and conditions on the NVIDIA Jetson 
Orin Nano. Given the density of the full table, Table 6 summarizes the key deployment efficiency characteristics 
per model under the univariate configuration, the primary condition of interest, at both PHs, to allow direct 
identification of efficiency trade-offs, consulting the complete data in Table 5. 

Table 5 Complete average deployment efficiency metrics of eight population-based DL models across 16 subjects 
from the ShanghaiT1DM dataset at 30- and 60-minute PHs for univariate- and multivariate-input configurations 

on NVIDIA Jetson Orin Nano 

30-minute PH 

Models Input Total 
Predictions 

Total 
Inference 
Time (s) 

Latency 
(s) 

 

Throughput 
(preds./s) 

Power (W) 

 

LSTM Univariate 193.69±15.86 50.50±4.30 0.28±0.05 3.96±0.30 7.95 ± 0.06 

 Multivariate 193.69±15.86 53.38±6.07 0.29±0.04 3.81±0.20 7.80 ± 0.05 

GRU Univariate 193.69±15.86 53.40±6.03 0.28±0.02 3.97±0.31 7.78 ± 0.03 

 Multivariate 193.69±15.86 56.16±6.31 0.29±0.02 3.77±0.30 7.82 ± 0.03 

NHITS Univariate 191.69±15.86 60.00±6.81 0.31±0.02 3.10±0.12 7.87 ± 0.06 

 Multivariate 191.69±15.86 62.11±8.96 0.38±0.02 3.05±0.18 7.83 ± 0.06 

KAN Univariate 191.69±15.86 56.24±2.42 0.32±0.02 4.05±0.55 7.64 ± 0.06 

 Multivariate 191.69±15.86 57.22±2.22 0.34±0.03 4.00±0.28 7.83 ± 0.08 

TCN Univariate 193.69±15.86 55.11±6.20 0.31±0.02 3.80±0.88 8.11 ± 0.04 

 Multivariate 193.69±15.86 56.64±6.30 0.32±0.02 3.75±0.30 7.90 ± 0.07 

BiTCN Univariate 187.69±15.86 57.32±2.22 0.27±0.02 3.75±0.24 7.79 ± 0.04 

 Multivariate 187.69±15.86 58.40±5.24 0.28±0.02 3.65±0.20 7.80 ± 0.04 

TFT Univariate 193.69±15.86 66.34±3.96 0.34±0.01 3.05±0.34 7.91±0.06 

 Multivariate 193.69±15.86 67.75±5.54 0.36±0.02 2.99±0.47 7.99 ± 0.07 

DeepNPTS Univariate 191.69±15.86 57.44±4.32 0.26±0.02 3.70±0.42 7.85 ± 0.04 

 Multivariate 191.69±15.86 59.02±4.05 0.27±0.02 3.65±0.50 7.73 ± 0.04 

60-minute PH 

Models Input Total 
Predictions 

Total 
Inference 
Time (s) 

Latency 
(s) 

 

Throughput 
(preds./s) 

Power (W) 

 

LSTM Univariate 169.69±15.86 45.38±5.58 0.26±0.02 4.20±0.12 7.82 ± 0.04 

 Multivariate 169.69±15.86 48.44±2.68 0.27±0.03 4.05±0.16 7.80±0.03 

GRU Univariate 169.69±15.86 44.76±5.41 0.26±0.02 4.24±0.40 7.79 ± 0.05 

 Multivariate 169.69±15.86 45.54±5.30 0.27±0.02 4.12±0.20 7.79 ± 0.05 

NHITS Univariate 173.69±15.86 53.16±6.71 0.30±0.02 3.47±0.17 7.85 ± 0.10 

 Multivariate 173.69±15.86 55.62±6.31 0.31±0.20 3.25±0.22 7.84 ± 0.04 

KAN Univariate 185.69±15.86 49.77±5.69 0.28±0.02 4.35±0.46 7.79 ± 0.05 

 Multivariate 185.69±15.86 51.12±2.22 0.30±0.03 4.20±0.20 7.79 ± 0.03 

TCN Univariate 189.69±15.86 52.63±5.93 0.29±0.02 3.95±0.42 7.78 ± 0.06 

 Multivariate 189.69±15.86 52.95±7.98 0.30±0.03 3.89±0.49 8.07 ± 0.04 

BiTCN Univariate 185.69±15.86 51.34±5.59 0.25±0.02 3.88±0.28 7.86 ± 0.05 

 Multivariate 185.69±15.86 54.59±7.07 0.26±0.02 3.80±0.31 7.98 ± 0.08 

TFT Univariate 189.69±15.86 61.10±3.11 0.32±0.02 3.35±0.44 8.14 ± 0.04 

 Multivariate 189.69±15.86 63.55±5.22 0.33±0.02 3.30±0.24 8.17 ± 0.04 

DeepNPTS Univariate 189.69±15.86 53.20±6.18 0.24±0.02 3.90±0.29 7.77 ± 0.04 

 Multivariate 189.69±15.86 55.40±4.24 0.25±0.02 3.87±0.29 7.79 ± 0.04 
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Table 6 Condensed deployment efficiency summary for eight DL models (univariate input) on NVIDIA Jetson Orin 
Nano at 30- and 60-minute PHs. Values represent averages across 16 subjects  

Model 30-min: 
Inf. Time 

(s) 

30-min: 
Latency 

(s) 

30-min: 
Throughput 
(preds./s) 

30-min: 
Power 

(W) 

60-min: 
Inf. Time 

(s) 

60-min: 
Latency 

(s) 

60-min: 
Throughput 
(preds./s) 

60-min: 
Power 

(W) 

LSTM 50.50 0.28 3.96 7.95 45.38 0.26 4.20 7.82 

GRU 53.40 0.28 3.97 7.78 44.76 0.26 4.24 7.79 

NHITS 60.00 0.31 3.10 7.87 53.16 0.30 3.47 7.85 

KAN 56.24 0.32 4.05 7.64 49.77 0.28 4.35 7.79 

TCN 55.11 0.31 3.80 8.11 52.63 0.29 3.95 7.78 

BiTCN 57.32 0.27 3.75 7.79 51.34 0.25 3.88 7.86 

TFT 66.34 0.34 3.05 7.91 61.10 0.32 3.35 8.14 

Deep- 

NPTS 

57.44 0.26 3.70 7.85 53.20 0.24 3.90 7.77 

Key observations: (1) KAN has the highest throughput (4.05 preds./s) at 30-min PH and the lowest power consumption (7.64 W), with 
the best efficiency profile among all models. (2) Although TFT has high predictive performance, it has the longest inference time and the 
lowest throughput at both PHs and the highest power at 60-min PH. (3) LSTM and GRU have the fastest inference time given their simpler 
recurrent architectures. (4) All models consume power in a narrow range (~7.6–8.2 W) that is well below the device maximum of 15 W, 
confirming their uniform viability for continuous deployment. Full metrics are shown in Table 5, including multivariate configurations 
and standard deviations. 

 

 
Fig. 6 Visualization comparison of deployment efficiency metrics across models  

(30- and 60-minute PHs in univariate and multivariate input configurations) from Table 5 

4. Discussion 

In this section, we interpret the experimental results and try to analyze the significance, implications and relevant 
tradeoffs for BGL prediction in T1DM management. The visual inspection of the prediction performance shows 
that the predictions are more accurate at 30 minutes rather than at 60 minutes, which indicates the inherent 
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complexity of predicting BGL over longer time horizons. This degradation is technically expected with the 
prediction horizon. As the horizon increases, the window of input data includes glucose dynamics increasingly 
distal from the target time step. Unlogged physiological events, like delayed postprandial glucose absorption, 
unlogged physical activity, or stress-induced excursions, add increasing cumulative uncertainty, constraining the 
model’s ability to reliably project future values. The fact that this degradation is seen across all eight architectures 
provides evidence that it is a fundamental signal-theoretic constraint of CGM-based forecasting and not a 
weakness of any particular model.  The larger absolute STD in the multivariate configuration indicates higher 
variability in the prediction errors, which means higher uncertainty when more input features are considered. But 
the difference in mean errors is relatively small. This modest multivariate advantage is mechanistically explained 
by the binary encoding of insulin and meal features, which, without dose-magnitude information, contribute 
primarily as temporal event markers, providing little extra predictive signal beyond the glucose series itself. This 
link is further discussed in the context of dataset limitations later in this section.  In particular, the multivariate 
configuration significantly outperforms the univariate configuration for the TCN model at the 60-minute PH. This 
may be explained by the dilated causal convolution architecture of TCN, which progressively widens its receptive 
field across layers and may therefore be particularly sensitive to the temporal co-occurrence between binary 
event indicators and subsequent glucose trajectories at longer horizons, a dependence that architectures relying 
on global attention or recurrent gating may already encode implicitly from the glucose signal alone. 

The consistent trend of lower error scores and smaller STDs in edge deployments compared to cloud 
simulations is attributable to a well-defined methodological difference rather than a hardware-specific effect. In 
the simulation (cross-validation) scheme, 25% of the 80% training split is withheld at each fold for validation. In 
the deployment (train-test split) scheme, the model is trained on the full 80% training partition without a 
validation holdout, providing greater and more comprehensive exposure to inter-subject glucose patterns in the 
population-based dataset. This more extensive training leads to a lower generalization error on the common 20% 
test set, which explains the observation that most models have a lower MAE and STD when deployed on the edge 
compared to the cloud simulation.  This explains what can be named the edge paradox of this study. The clearest 
example is the LSTM baseline, which obtains an MAE of 9.07 mg/dL in deployment versus 13.45 mg/dL in 
simulation for the representative subject (Unique_id 12A) at 30-minute PH, a reduction of roughly 32.5%, which 
can be attributed to the increased training partition in the deployment scheme. It verifies the following to ensure 
no data leakage: (1) the 20% test split is strictly time-ordered and chronologically follows the 80% training split 
for both schemes, with no data from the test period available during training; (2) the same 20% test subset is used 
for both conditions, ensuring that the MAE reduction is due to a real improvement in generalization, rather than 
composition of the test set; and (3) the rolling-forecasting approach during edge inference updates the input 
window sequentially, with no look-ahead, precluding any form of future data access. The same directional pattern 
is evident across almost all eight models and the entire 16-subject population (Table 3), confirming that the effect 
is methodological. It is also observed that the rolling-forecasting approach adopted during edge deployment may 
further smooth the prediction errors over the test period. These two factors, combined, the increased training 
data and rolling inference, account for the advantage in predictive performance on the deployment side and 
should not be taken as evidence that the edge hardware itself improves the predictive performance of the model. 

The consistently better performance of TFT and KAN at both 30- and 60-minute PHs confirms the robustness 
of their architectural designs across a broad range of prediction scenarios. Both models consistently outperform 
the LSTM baseline and other models. For the cloud simulations, TFT achieves the lowest MAE. KAN also performs 
well in edge-deployment scenarios, due to the optimal trade-off between predictive performance and deployment 
efficiency. NHITS, on the other hand, shows strong performance for short-term prediction (30-minute PH) in edge 
deployment (MAE: 10.03 mg/dL), but this advantage is lost at longer PHs. Despite its high architectural 
complexity, BiTCN is unsuitable for BGL prediction, as findings have repeatedly shown low predictive 
performance across all conditions. 

The KAN and TFT architectures offer significant improvements over conventional architectures, such as 
LSTM, with higher predictive performance and greater interpretability. KAN uses learnable activation functions 
on weights, resulting in superior predictive performance, faster scaling laws, and visual interpretability that 
facilitates the discovery of mathematical patterns. KAN achieves competitive BGL predictive performance in 
T1DM across edge and cloud environments, comparable to state-of-the-art methods [48],[49],[50]. The use of a 
KAN architecture offers a novel approach to BGL prediction, balancing interpretability, efficiency, and robustness 
to fluctuations and data noise [51]. KAN differs from other architectures tested in this work, especially TFT, which 
provides similar or slightly better predictive performance in cloud simulations than in real edge-deployment 
scenarios. KAN achieved a lower deployment MAE of 21.12 mg/dL at the clinically critical 60-minute prediction 
horizon than its own simulation MAE (20.02 mg/dL averaged across the population). This cloud-to-edge 
improvement pattern is not consistently found in other models, suggesting that KAN’s parametric spline functions 
benefit from the deterministic, low-overhead execution environment of the Jetson Orin Nano GPU. Moreover, KAN 
had the lowest power consumption of all evaluated models (7.64 W at 30-minute PH), and the highest throughput 
(4.05 preds./s), which were not simultaneously accomplished by any other model in this study. This trade-off 
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between energy and predictive performance is especially important for CGM wearables or implantables with 
stringent power budgets. TFT, on the other hand, had the lowest MAE of all models, but the highest inference 
latency (66.34 s total inference time) and the lowest throughput (3.05 preds./s) and was not suitable for low-
latency edge inference. Altogether, these results demonstrate that KAN not only provides a competitive 
benchmark result but also a uniquely advantageous architecture for real-time, low-power BGL prediction on 
resource-constrained edge hardware. TFT is designed to be better at multi-horizon forecasting, where it handles 
heterogeneous data, provides interpretable insights into temporal patterns and important variables through an 
attention mechanism, and achieves significant performance gains over LSTM-based models [50].  

The magnitude of these errors needs to be explicitly framed in terms of their clinical implications. The 
International Organisation for Standardisation (ISO 15197:2013) recommends that glucose monitoring systems 
provide results within ±15 mg/dL of the reference value for concentrations below 100 mg/dL and within ±15% 
for concentrations above 100 mg/dL [52],[53]. At a 30-minute prediction horizon, the best population-averaged 
models (TFT, MAE: 10.35 mg/dL; KAN, MAE: 10.87 mg/dL) nearly reached the clinical threshold, suggesting that 
their predictions may be accurate enough to facilitate proactive interventions (e.g., generation of preventative 
alerts or assisted insulin dosing decisions in clinical decision support systems). The best population mean MAE at 
the 60-minute horizon was 20.02 mg/dL (KAN simulation), TFT application 20.10 mg/dL) Being above the ISO 
threshold indicates that predictions at this horizon are better used as a trend indicator or early warning signal for 
impending hypoglycemia or hyperglycemia rather than as a precise guide to dosing.  Furthermore, the consistently 
poor performance of BiTCN across all conditions (population MAE > 27 mg/dL at 30-minute PH; > 33 mg/dL at 
60-minute PH) places it beyond clinically acceptable bounds under any prediction horizon, definitively excluding 
it from consideration for any glucose management application regardless of its quite favorable deployment 
efficiency. 

The models’ deployment efficiency on NVIDIA Jetson Orin Nano is comparable to previous studies[15],[27]. 
compressed-edge approaches that reduce model capacity [10], Jetson Orin Nano enables the execution of 
uncompressed models that utilize its integrated AI GPU, resulting in low latency, high throughput and competitive 
power consumption[38]. Statistical significance tests comparing the eight DL models specific to deployment 
efficiency of total inference, latency and throughput indicate that there is no significant difference (p>0.05) 
between the models. However, power consumption among models differs significantly (p<0.05) across all 
conditions (30- and 60-minute PHs, univariate and multivariate input configurations) on the NVIDIA Jetson Orin 
Nano, presumably due to model complexity affecting GPU/CPU utilization[45]. Additionally, the normality test 
indicates that the power is not normally distributed (p<0.001), possibly due to dynamic fluctuations in GPU/CPU 
usage during inference. In contrast, latency and throughput tend to follow a normal distribution (p>0.001) across 
most conditions, as each model operates within a stable system environment. 

Prediction performance metrics (MAE, MAPE, and RMSE) and deployment efficiency metrics (inference time, 
latency, throughput, and power consumption) were used to thoroughly evaluate the trade-off between predictive 
performance and power consumption on edge devices. We consider KAN as a model that strikes an ideal balance, 
with high predictive performance and very favorable deployment efficiency (4.05 preds./s throughput at 7.64 W 
power consumption), which makes it very suitable for practical applications on low-power devices. On the other 
hand, BiTCN is not commonly advised because of its notable predictive constraints, despite having similar 
deployment efficiency. Additional efficiency analysis confirmed the feasibility of implementing edge-based DL 
models for real-time BGL prediction. The power consumption is low (~8 W) for all the models, which is well below 
the maximum limit of the NVIDIA Jetson Orin Nano (15 W), eliminating the heavy reliance on cloud connectivity. 

The results also demonstrate that the population-based modeling approach obtained predictive performance 
and generalization similar to previous population-based studies [10] and even comparable to an individual model-
based approach [45], thus more scalable for clinical implementation. However, this study has several limitations 
that should be clearly acknowledged. First, the use of 16 subjects from a single clinical dataset limits 
generalizability of the findings to more broadly representative ethnically diverse T1DM populations. The 
ShanghaiT1DM dataset was collected in a specific clinical setting in China, and the glucose dynamics, dietary 
habits, and insulin regimens may systematically differ in other populations or healthcare systems. Thus, reported 
model rankings and error magnitudes should be cautiously interpreted when extrapolating to Western cohorts or 
patients with markedly different glycemic profiles. Second, the small number of subjects in each cohort may cause 
over-fitting even with a cross-validation scheme. Although Optuna-based hyperparameter tuning with time-based 
cross-validation reduces this risk by searching optimal configurations over temporal folds rather than random 
splits, it cannot eliminate the possibility that some models have been tuned to patterns specific to this dataset's 
16 subjects. Future work should prioritize cross-dataset validation to establish the clinical reliability of the 
proposed edge-based population modeling framework at scale. Third, the binary encoding of insulin and 
carbohydrate features is an acknowledged limitation in the model's capacity to learn dose-response relationships, 
which are physiologically fundamental to glycemic dynamics in T1DM. The absence of dosage magnitude 
information in the multivariate feature space is the primary reason why multivariate configurations did not yield 
statistically meaningful improvements over univariate configurations in this study. This is not an inherent 
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limitation of the population-based or edge-deployment framework, but a dataset-specific and preprocessing-
specific constraint. Future implementations on datasets with standardized, complete insulin dosage and 
carbohydrate logging, such as those generated by closed-loop insulin delivery systems, should incorporate 
continuous or dose-normalized feature representations to fully realize the potential of multivariate modeling for 
BGL prediction. 

The research successfully bridges the gap between DL algorithm development and practical application, and 
the edge computing-based BGL prediction is an attractive option for modern T1DM management, featuring high 
predictive performance, efficiency, and scalability. These findings further enable integration of these models into 
clinical decision support systems and low-power wearable devices, with the potential to improve patients' quality 
of life through more reliable and timely predictions. 

5. Conclusion 

Since this paper was written, this work is the first systematic evaluation of KAN in a population-based DL setting 
for BGL prediction and on an uncompressed edge computing platform with seven competing architectures. This 
work uncovers novel insights on the predictive performance-efficiency trade-off that would not be apparent from 
a cloud-only benchmarking. In this study, a population-based DL approach for BGL in T1DM patients using edge 
computing was successfully proposed and evaluated. The tests of eight DL architectures on the ShanghaiT1DM 
dataset demonstrated that KAN and TFT consistently exhibited the best predictive performance for both 30- and 
60-minute PHs, and KAN was the optimal choice in terms of both high predictive performance and superior 
deployment efficiency. By contrast, BiTCN performed poorly in all conditions. Edge-based predictions led to lower 
errors than cloud simulations with low power consumption in deployments on the NVIDIA Jetson Orin Nano edge 
device. The results confirm the feasibility of deploying real-time DL models on low-power edge devices with 
minimal reliance on cloud connectivity. In summary, the edge-based approach with KAN models offers an 
accurate, efficient, and scalable solution for modern T1DM management on resource-constrained devices, 
bridging advances in DL with the practical needs of contemporary diabetes management.  However, 
generalizability of the findings is a recognized limitation of this study since it is based on 16 subjects from a single 
clinical dataset. Further studies are warranted to test the proposed framework in larger, multi-center and 
ethnically diverse cohorts to determine broader clinical applicability. 
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