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Abstract

Foundation time-series models have recently shown potential for forecasting complex
temporal signals, but their behavior in patient-specific continuous glucose monitoring
(CGM) forecasting remains insufficiently understood, particularly when only glucose his-
tory is available. This study provides a patient-level benchmark of foundation models for
30 min ahead glucose prediction in adults with type 1 diabetes mellitus (T1DM) under a
strictly univariate CGM-only setting. Using the HUPA–UCM dataset from 25 individuals,
we evaluated TimeGPT, Chronos, and Sundial against representative statistical, machine
learning, and deep learning forecasters, including ARIMA, ETS, gradient-boosting models,
recurrent networks, and neural forecasting architectures. Models were assessed using a
local walk-forward validation strategy over the final 24 h of CGM data for each patient.
Foundation models achieved the strongest global performance, with Sundial obtaining
the lowest overall MAE (6.06 mg/dL), while TimeGPT and Chronos remained among the
most competitive approaches. However, patient-level analyses showed that this advan-
tage was not uniform: ARIMA remained highly competitive in selected individuals, and
no single model consistently dominated across the cohort. These findings suggest that
foundation time-series models are promising tools for short-horizon CGM forecasting, but
their use should be framed within patient-specific model selection rather than as universal
replacements for classical forecasting methods.

Keywords: blood glucose prediction; continuous glucose monitoring; time-series forecast-
ing; foundation models; type 1 diabetes mellitus

1. Introduction
For millions of people living with diabetes, daily life is shaped by the persistent risk

of acute glycemic events and the long-term threat of organ damage affecting the heart,
kidneys, eyes, and nervous system. Diabetes mellitus (DM) remains a major global public
health challenge, with substantial consequences for quality of life, morbidity, and health-
care systems worldwide. The International Diabetes Federation estimates that, by 2025,
approximately 588.7 million people will be living with some form of DM, including nearly
9.5 million individuals with T1DM [1].
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The management of DM requires continuous glycemic control to reduce the risk of
acute and chronic complications, as emphasized in recent clinical guidelines and reviews [2].
DM is a chronic metabolic disorder defined by insufficient insulin production, ineffective
insulin action, or both. Insulin, produced by pancreatic β cells, is essential for glucose
regulation. T1DM, specifically, is an autoimmune disorder in which the immune system
progressively destroys pancreatic β cells, resulting in insulin deficiency. Consequently,
the body loses its capacity to regulate blood glucose levels, leading to recurrent hyper-
glycemia and hypoglycemia, which are associated with cardiovascular, neurological, renal,
and microvascular complications [3].

CGM systems have become integral to modern T1DM management by providing
frequent interstitial glucose measurements and supporting therapeutic decision-making [4].
From a signal-processing perspective, CGM data form a dense biomedical time series that
reflects nonlinear, patient-specific, and rapidly changing glucose dynamics. However,
physiological delays between blood and interstitial glucose, sensor noise, abrupt excur-
sions, and high intra- and interpatient variability limit the effectiveness of relying solely
on current measurements. Consequently, predicting future glucose levels has become a
critical component of diabetes management, particularly for anticipating hypo- and hyper-
glycemic events and for supporting artificial pancreas systems and clinical decision-support
tools [5–8].

Recent years have seen the development of various glucose prediction methods,
ranging from classical statistical and regression models to advanced machine learning (ML)
and deep learning (DL) approaches [9–11]. Due to challenges in capturing the nonlinear
and nonstationary dynamics of glycemic behavior, alternative modeling strategies for
glucose time series have been introduced [12–15].

Among DL-based methods, recurrent neural networks (RNNs), long short-term mem-
ory (LSTM) networks, and gated recurrent units (GRUs) have been widely adopted because
of their ability to represent temporal dependencies. Prior studies have demonstrated the
effectiveness of LSTM and GRU models for both univariate and multivariate formula-
tions, integrating signals from portable devices such as heart rate monitors, which enhance
glucose prediction in T1DM patients over horizons from 5 to 60 min and in simulation
environments based on physiological models [16–20].

Other works have explored multitask learning and personalized ML strategies to im-
prove adaptation to individual patients [21,22]. Hybrid CNN–LSTM architectures, which
combine local pattern extraction with temporal modeling, have also attracted attention
because of their reported benefits at longer forecasting horizons [23,24]. In parallel, fea-
ture transformation and feature selection techniques have been studied to improve the
identification of clinically relevant patterns at the individual level [25,26].

In addition, physiology-based modeling and parameter estimation strategies have
been investigated to achieve more realistic representations of glycemic dynamics. Parameter
identification approaches based on glucose–insulin models and food intake dynamics aim to
personalize physiological representations and support prediction and control frameworks
grounded in metabolic mechanisms [27,28]. However, their practical use often depends on
the availability and reliability of additional information, such as insulin doses, carbohydrate
intake, and patient-specific physiological parameters, which may be incomplete, noisy,
or inconsistently recorded in real-world settings.

More recently, foundation time-series models and large language model (LLM)-
inspired forecasting approaches have opened a new direction for glucose prediction. Unlike
conventional DL models trained for a specific dataset or task, foundation models are pre-
trained on large and heterogeneous collections of time series, allowing them to learn general
temporal representations that can be transferred to downstream forecasting problems. This
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paradigm is particularly relevant for CGM forecasting because glucose signals contain re-
curring local patterns, abrupt transitions, and patient-specific variability, while the amount
of available data for each individual may be limited.

Recent studies have begun to explore this direction. For example, ref. [29] evaluated
the use of Time-LLM for glucose forecasting in individuals with T1DM treated with multiple
daily insulin injections and insulin pumps, comparing its performance against conven-
tional neural networks, multilayer perceptron (MLP)-based models, and transformer-based
architectures. Their results highlighted the value of personalized training and adaptive
model selection, especially at short prediction horizons. Similarly, ref. [30] investigated the
use of the foundation model TimeGPT for glucose forecasting in pediatric T1DM patients,
benchmarking it against models such as ARIMAX, LSTM, and MLP-based architectures,
including TiDE and TSMixer, using CGM and insulin data. Their findings showed that
TimeGPT achieved performance comparable to or better than several baselines at short
horizons without requiring patient-specific training, suggesting that pretrained foundation
models may be useful in clinical settings with limited data. However, these studies did not
specifically address whether foundation models remain competitive when forecasting is
based only on CGM history.

Despite these advances, there is still limited systematic evidence on how fundamen-
tally different forecasting families behave on real-world CGM data when evaluated at the
patient level rather than only through aggregate performance summaries. This gap is clini-
cally important because population-level averages can obscure substantial differences in
glycemic dynamics across individuals, particularly in the presence of severe hypoglycemia,
extreme hyperglycemia, and rapid glucose excursions. Moreover, many existing studies
rely on multivariate inputs or family-specific experimental designs, which can compli-
cate direct comparisons across methods. For this reason, a strictly CGM-only setting was
adopted to evaluate the intrinsic forecasting ability of each model family under a common
and reproducible information setting, while avoiding the confounding influence of addi-
tional variables that may differ in availability, quality, or temporal resolution. The present
study examines this question by including newer pretrained models such as Sundial and
Chronos, applying patient-level Diebold–Mariano tests, and analyzing clinically relevant
episodes of severe hypoglycemia and extreme hyperglycemia.

This study examines foundation time-series models for 30 min ahead local forecasting
of CGM signals in adults with T1DM using the real-world HUPA–UCM dataset. TimeGPT,
Chronos, and Sundial are evaluated alongside representative statistical models, tree-based
ML methods, and DL architectures under the same strictly univariate setting. The analysis
combines global forecasting performance, patient-level variability, and clinically focused
case studies involving severe hypoglycemia and extreme hyperglycemia. This design
clarifies what foundation models add beyond strong conventional baselines when only
glucose history is available, and whether their advantage is consistent across individual
patients rather than limited to aggregate performance. In this sense, this study positions
foundation time-series models as promising tools for short-horizon CGM forecasting,
but not as universal replacements for patient-specific model selection.

The remainder of this paper is organized as follows. Section 2 describes the HUPA–
UCM dataset, forecasting models, and experimental design. Section 3 reports and discusses the
evaluation results. Finally, Section 4 concludes the paper and outlines future research directions.

2. Materials and Methods
2.1. Dataset

This study utilized the HUPA-UCM real-world clinical dataset comprising continuous
glucose monitoring data from individuals with T1DM [31]. This dataset comprises at least
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14 days of real-life data from 25 individuals with T1DM. It includes CGM data acquired
every 15 min using the Abbott FreeStyle Libre system (Abbott Diabetes Care, Alameda,
CA, USA) and subsequently interpolated to a 5 min resolution, together with records of
insulin administration, carbohydrate intake, and physiological variables such as heart
rate, physical activity, caloric expenditure, and sleep, collected via insulin devices, mobile
applications, and Fitbit wearables (Fitbit LLC, San Francisco, CA, USA). As indicated in
Table 1, the clinical characteristics show that 52% of participants were female, with a mean
age of 39.23 ± 11.84 years; 56% used continuous subcutaneous insulin infusion (CSII),
and 44% followed a multiple daily injection (MDI) therapy regimen.

Table 1. Patients from the HUPA-UCM dataset.

Characteristic Value

Total number of patients 25
Female 13 (52.0%)
Male 12 (48.0%)
Age (years) 39.23 ± 11.84
Weight (kg) 69.06 ± 14.12
Height (cm) 169.04 ± 10.41
HbA1c (%) 7.37 ± 0.82
Years since diagnosis 17.8 ± 10.5
CSII therapy (%) 56.0
MDI therapy (%) 44.0
Minimum recording duration ≥14 days
Sampling frequency 5 min

2.2. Architectures Used

The evaluated architectures are grouped by modeling principle in Table 2. Statistical,
ML, and DL models are summarized briefly, whereas the foundation time-series models are
described in more detail, their forecasting mechanisms differing substantially in pretraining
strategy, input representation, and autoregressive generation.

Table 2. Summary of statistical, machine learning, and deep learning architectures used in this study.

Model Family Model Architecture

Statistical
ARIMA [32,33] Autoregressive integrated moving-average model that combines autoregressive terms, differencing,

and moving-average components to represent temporal dependence.

ETS [34,35] Exponential smoothing framework that represents time series through combinations of error, trend,
and seasonal components updated recursively.

Machine learning

CatBoost [36] Gradient-boosting decision-tree algorithm that uses ordered boosting to improve stability and
reduce overfitting.

LightGBM [37,38] Efficient gradient-boosting framework based on decision-tree ensembles for learning nonlinear
relationships from structured input features.

XGBoost [39] Regularized gradient-boosting decision-tree model that builds trees sequentially to minimize
residual errors and improve predictive accuracy.

Deep learning

MLP [40,41] Feedforward neural network composed of fully connected layers that learn nonlinear mappings
between historical inputs and future values.

LSTM [42–44] Recurrent neural network with memory cells and gating mechanisms designed to capture temporal
dependencies in sequential data.

GRU [19,45,46] Recurrent neural network that uses update and reset gates to model temporal dependencies with a
simpler structure than LSTM.

NHITS [47] Neural forecasting architecture based on hierarchical interpolation blocks for multi-step
time-series prediction.

NBEATSx [48] Neural basis-expansion architecture that uses stacked blocks to decompose the input signal into
backcast and forecast components.

KAN [49] Neural architecture that replaces fixed activation functions with learnable univariate functions
defined on network connections.
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Foundation Models

TimeGPT is a foundation model for time-series forecasting based on a generative
pretrained Transformer architecture specialized for temporal data [50,51]. Given an input
sequence, TimeGPT embeds the temporal observations, incorporates positional information,
and processes the resulting representation through stacked self-attention layers. The core
self-attention operation can be written as

Attention(Q, K, V) = softmax

(
QK⊤
√

dk

)
V, (1)

where Q, K, and V denote the query, key, and value matrices, and dk is the dimensionality
of the key vectors. Through this mechanism, TimeGPT learns dependencies among tempo-
ral positions and transfers representations learned from large heterogeneous time-series
collections to downstream forecasting tasks. In this study, its relevance lies in assessing
whether pretrained temporal representations can improve local CGM forecasting using
only recent glucose history.

Sundial is a generative foundation model for time-series forecasting that operates
directly on continuous-valued signals, avoiding the discrete tokenization step used by
language-model-based approaches [52]. The model first divides the input sequence into
contiguous temporal patches. If m denotes the patch length, the i-th patch can be ex-
pressed as

pi = [y(i−1)m+1, y(i−1)m+2, . . . , yim], (2)

and each patch is projected into an embedding space as

ei = Wppi + bp. (3)

The embedded patches are processed by a decoder-only transformer with causal
self-attention, so that each representation depends only on current and previous patches.
Sundial then models future trajectories in the continuous domain through a generative
TimeFlow objective based on flow matching. In abstract form, the generation process can
be described as

dzτ

dτ
= vθ(zτ , τ | H), z0 ∼ p0, p̂n+1 = z1, (4)

where vθ is the learned flow field, τ ∈ [0, 1] is the flow time, H denotes the transformer
representation, and p̂n+1 is the generated future patch. This continuous generative formu-
lation is especially relevant for CGM signals because short-term glucose dynamics may
include abrupt excursions and local uncertainty.

Chronos is a foundation model for probabilistic time-series forecasting that reformu-
lates forecasting as a language modeling problem [53]. Unlike Sundial, Chronos transforms
continuous-valued observations into discrete tokens. Given an observed value yi, the model
first applies scaling,

ỹi =
yi
s

, (5)

where s is a series-dependent scale factor. The scaled value is then mapped into a finite
vocabulary through a quantization function,

qi = Q(ỹi), qi ∈ {1, . . . , V}, (6)
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where V is the vocabulary size. Forecasting is then performed as autoregressive token
prediction:

pθ(qt+1:t+h | q1:t) =
h

∏
j=1

pθ(qt+j | q1:t+j−1). (7)

The model is trained using a categorical objective over future tokens, and predicted
token sequences are mapped back to the original numerical scale through inverse quan-
tization and rescaling. This formulation allows Chronos to use standard transformer
language-modeling machinery while producing probabilistic forecasts for continuous
time-series data.

2.3. Walk-Forward Cross-Validation and Model Configurations

The models were evaluated using local walk-forward cross-validation with a patient-
specific fixed-size rolling-window scheme. For each patient, the last 24 h of available
CGM data were used as the evaluation block and were covered by 48 iterations. At each
iteration, the model was evaluated at a 6-step-ahead horizon (30 min), and the next iteration
advanced by the same horizon. The first training window ended immediately before the
first cutoff of this evaluation block and started at the beginning of the patient’s available
CGM record. In subsequent iterations, both the start and end of the training window
were advanced by 30 min, keeping the number of training observations constant within
that patient. This number differed across patients according to the amount of historical
CGM data available for each individual. The exact number of training points per patient is
reported in Table 3. Overall, most patients provided more than one week of historical CGM
data for local training, while the longest historical records corresponded to HUPA0026P,
HUPA0027P, and HUPA0028P. This setup preserves temporal causality, avoids information
leakage, and reflects a realistic local forecasting scenario. Figure 1 illustrates this procedure.
Figure 2 summarizes the overall workflow.

Table 3. Patient-specific training-window size used in the walk-forward cross-validation scheme.
Training points are exact; training days are approximate.

Patient Training Points Approx. Training Days

HUPA0001P 3810 13
HUPA0002P 2898 10
HUPA0003P 3486 12
HUPA0004P 2898 10
HUPA0005P 3570 12
HUPA0006P 2004 7
HUPA0007P 3570 12
HUPA0009P 3528 12
HUPA0010P 2688 9
HUPA0011P 3552 12
HUPA0014P 3546 12
HUPA0015P 3504 12
HUPA0016P 3552 12
HUPA0017P 3312 12
HUPA0018P 3612 13
HUPA0019P 3426 12
HUPA0020P 2574 9
HUPA0021P 2058 7
HUPA0022P 3738 13
HUPA0023P 3636 13
HUPA0024P 2616 9
HUPA0025P 3720 13
HUPA0026P 40,320 140
HUPA0027P 165,018 573
HUPA0028P 25,614 89
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Figure 1. Walk-forward cross-validation with fixed-length rolling windows. In each fold, the training
segment keeps the same length and is shifted forward in time, while the test block always corresponds
to the immediately following 30 min forecasting horizon.

Figure 2. Overall workflow; historic CGM data from the HUPA-UCM dataset were evaluated under
a local training strategy using walk-forward cross-validation over the last 24 h of each patient.

Model-specific hyperparameter optimization was not introduced as an additional
experimental factor. The forecasting approaches considered in this study differ substantially
in their parameterization, training procedures, and degree of configurability, making
a common tuning strategy inappropriate across statistical models, tree-based methods,
neural architectures, and pretrained foundation models. Extensive model-specific searches
would also add a source of heterogeneity, making the results more dependent on unequal
optimization effort and model-specific search spaces than on the forecasting paradigm
being evaluated. Therefore, representative configurations from standard implementations
were adopted to preserve a controlled comparison under the same strictly univariate CGM-
only information setting. This choice was particularly relevant given the patient-specific
walk-forward design, which required repeated training and evaluation across multiple
models, patients, and temporal splits. Table 4 summarizes the main implementations and
shared configurations used in the experiments.

For machine learning models, predictors were built exclusively from historical CGM
information using lagged glucose values from the previous 24 h, along with rolling means
over short and medium temporal windows and an expanding historical mean. For deep
learning models, a common training configuration was adopted across architectures to
maintain a fair comparison.
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Table 4. Main model families and shared configurations used in the study.

Model Family Models Implementation Main Configuration

Foundation Sundial, TimeGPT,
Chronos

timecopilot (0.3.0)
(sundial-base-128m); Nixtla
(0.7.2) (timegpt-1); Amazon
(2.3.0) (chronos-bolt-base)

Only historical CGM values were used as input. Default
pretrained versions were evaluated under the same local
forecasting setting.

Machine learning CatBoost, LightGBM,
XGBoost MLForecast (1.0.2)

Only historical CGM values were used. Predictors included
288 lag features (24 h at 5 min resolution), rolling means over
15, 30, 60, and 120 min, and an expanding mean. Shared
settings included 200 estimators and a learning rate of 0.05.
The Tweedie objective was used when supported.

Deep learning GRU, LSTM, NHITS,
NBEATSx, KAN, MLP NeuralForecast (3.1.2)

Input size of 240 observations, MAE loss, random seed 42,
a maximum of 200 training steps, learning rate of 10−3, early
stopping patience of 10 steps, and batch size of 8. Only
historical CGM values were used.

Statistical ARIMA, ETS StatForecast (2.0.3)
Only historical CGM values were used. ARIMA was
implemented as ARIMA(1,1,1), while ETS was implemented
as AutoETS(model=’ZZZ’).

3. Results and Discussion
In this study, all experiments were conducted on a Lenovo Legion 5i laptop equipped

with an Intel Core i9-14900HX processor, 32 GB of DDR5 RAM, a 1 TB SSD, and an NVIDIA
GeForce RTX 4060 GPU. Model training was accelerated using GPU computation. To ensure
experimental reproducibility, a fixed random seed of 42 was used in all experiments.

3.1. Error Analysis

Model performance was assessed using complementary error and goodness-of-fit met-
rics. The main comparative analysis focused on the coefficient of determination (R2), mean
absolute error (MAE), root mean squared error (RMSE), and bias factor, allowing for an
evaluation of overall fit, average deviation, error dispersion, and systematic directional bias.

The MAE is defined as

MAE =
1
n

n

∑
i=1

|yi − ŷi|, (8)

where n is the number of observations, yi is the observed CGM glucose value at time step i,
and ŷi is the corresponding prediction.

The RMSE is defined as

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2. (9)

The coefficient of determination was computed as

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳ)2 , (10)

where ȳ denotes the mean observed CGM glucose value.
To quantify systematic over- or underestimation, the mean bias was first calculated as

Bias =
1
n

n

∑
i=1

(ŷi − yi), (11)

The bias factor was then defined as

Bias Factor (%) =
Bias

ȳ
× 100. (12)
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Negative values indicate systematic underprediction, while positive values indicate
systematic overprediction.

Table 5 summarizes the global performance of the evaluated models and shows a
consistent separation between the forecasting families. Foundation models achieved the
strongest overall results, with Sundial ranking first (MAE = 6.06 mg/dL), followed by
TimeGPT, ARIMA, and Chronos, all of which remained below 7.2 mg/dL in MAE. This
pattern indicates that pretrained foundation models were particularly effective at capturing
short-term CGM dynamics in a strictly local, patient-specific setting.

Table 5. Global performance of the evaluated models for local CGM-based glucose forecasting.

Model R2 MAE (mg/dL) RMSE (mg/dL) Bias Factor (%)

Sundial 0.9799 6.06 10.38 −0.22
ARIMA 0.9726 6.54 12.14 −0.21
TimeGPT 0.9742 6.91 11.78 0.16
Chronos 0.9746 7.14 11.68 0.07
LightGBM 0.9698 7.61 12.74 −0.19
XGBoost 0.9692 7.64 12.85 −0.93
ETS 0.9671 7.72 13.29 −0.14
CatBoost 0.9653 8.63 13.65 −0.45
NHITS 0.9518 10.46 16.09 −0.57
NBEATSx 0.9436 11.69 17.39 −0.39
MLP 0.9014 16.09 23.01 −1.15
LSTM 0.8873 17.22 24.60 −0.71
KAN 0.8405 17.32 29.26 −0.06
GRU 0.8795 18.28 25.44 0.47

Best values are highlighted in blue and worst values in red. For bias factor, the best value corresponds to the
estimate closest to zero in absolute terms.

ARIMA was a notable exception to the complexity–performance trend. Despite its
simpler structure, it remained highly competitive, reaching an MAE of 6.54 mg/dL, close to
the leading foundation models and comparable to or better than several machine learning
approaches. This result suggests that the recent history of CGM alone contains a substantial
short-term predictive structure.

Among conventional machine learning models, LightGBM and XGBoost showed
nearly identical performance, with MAE values of 7.61 and 7.64 mg/dL, respectively, while
ETS also remained competitive. By contrast, deep learning models were less consistent.
NHITS and NBEATSx formed an intermediate tier, with MAE values greater than 10 mg/dL,
while the MLP, LSTM, GRU and KAN showed substantially larger errors. The GRU
produced the highest MAE (18.28 mg/dL), while the KAN yielded the lowest R2 and the
highest RMSE.

The bias factor values remained small across all models, ranging from −1.15% to
0.47%, indicating limited global directional bias. This suggests that the observed differences
were driven mainly by forecast accuracy rather than by pronounced systematic over- or un-
derestimation. The strongest models, particularly Sundial, ARIMA, Chronos, and TimeGPT,
combined low error with only minimal directional bias.

Figure 3 complements Table 5 by showing the distributions of MAE and RMSE in
all patients for each model. The GRU, LSTM, and KAN exhibit wide interquartile ranges
and long whiskers in both panels, indicating broader error distributions in the local short-
horizon setting. This pattern is consistent with less stable predictive behavior in the
cohort. By contrast, Sundial, Chronos, TimeGPT, ARIMA, and LightGBM exhibit lower
and more concentrated error distributions. This tighter spread is especially clear for
Sundial, whose boxplots remain compact in both MAE and RMSE. NHITS and NBEATSx
occupy an intermediate position, with distributions that are more contained than those of
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the pure deep learning architectures but still broader and shifted upward relative to the
strongest models.

Figure 3. Distributions of MAE and RMSE across all patients for the evaluated models in the local
30 min ahead CGM forecasting task.

To rank the forecasting approaches on a relative scale, we conducted a multiple
comparisons with the best (MCB) analysis based on average MAE ranks, where lower
values indicate better performance. As shown in Figure 4, the Friedman test was significant
(p < 0.05), confirming that the models differed systematically in rank performance.

Figure 4. MCB–Nemenyi test using average MAE ranks for the evaluated forecasting models. Lower
ranks indicate better predictive performance. The Friedman test p-value is reported in the lower-right
corner (p < 0.05).

The lowest average ranks were obtained by Sundial and ARIMA, followed by
TimeGPT, Chronos, LightGBM, and XGBoost. ETS and CatBoost occupied an intermediate
position, whereas NHITS and NBEATSx remained below the strongest statistical, foun-
dation and tree-based approaches. The highest average ranks were concentrated in the
KAN, MLP, LSTM, and GRU, confirming their weaker relative performance in the local
short-horizon CGM forecasting setting. This rank-based analysis is consistent with the
metric-based results and reinforces the same comparative structure: foundation models
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occupied the leading positions, ARIMA remained strongly competitive, and several deep
learning architectures were displaced toward poorer ranks.

To further assess whether Sundial’s superiority was preserved at the individual level,
we performed pairwise Diebold–Mariano comparisons against the best-performing model
from each remaining forecasting family: ARIMA (statistical), LightGBM (machine learn-
ing), NHITS (deep learning), and TimeGPT (foundation model). For each patient-wise
comparison, the result was classified according to both the direction of the DM statistic
and its statistical significance at α = 0.05. Sundial was considered significantly better only
when the DM statistic favored Sundial and the corresponding two-sided p-value was below
0.05. Non-significant differences were reported separately. Figure 5 summarizes these
patient-wise comparisons.

Figure 5. Patient-wise Diebold–Mariano comparisons between Sundial and the best-performing
model from each remaining forecasting family across all patients. Red cells indicate that Sundial
was significantly better than the comparator, gray cells indicate no statistically significant difference,
and blue cells indicate that the comparator was significantly better than Sundial.

The clearest separation was observed against NHITS, for which Sundial was signif-
icantly better in 23 of 25 patients (92.0%), with no cases significantly favoring NHITS.
Against LightGBM, Sundial was significantly better in 13 patients (52.0%), LightGBM
was significantly better in one patient (4.0%), and 11 comparisons were not statisti-
cally significant (44.0%). Comparisons with ARIMA and TimeGPT were more balanced.
Against ARIMA, Sundial was significantly better in four patients (16.0%), ARIMA was
significantly better in four patients (16.0%), and 17 comparisons showed no statistically
significant difference (68.0%). Against TimeGPT, Sundial was significantly better in nine pa-
tients (36.0%), while the remaining 16 comparisons were not statistically significant (64.0%).

These results indicate that Sundial’s patient-wise advantage was strongest relative to
the deep learning baseline and moderate relative to the machine learning baseline. However,
the comparisons with ARIMA and TimeGPT showed that Sundial did not uniformly
dominate the strongest statistical and foundation-model alternatives at the individual level.
This reinforces the interpretation that the relative benefit of foundation time-series models
is patient-dependent and should not be inferred from aggregate performance alone.
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3.2. Clarke Error Grid Analysis

A more clinically oriented view is provided by Table 6, which summarizes the dis-
tribution of predictions across Clarke error grid zones for each model. These numerical
patterns are consistent with the visual structure of Figure 6. The separation already ob-
served in the numerical metrics is preserved in terms of clinical safety. Sundial, Chronos,
LightGBM, ARIMA, XGBoost and TimeGPT achieved the highest proportions of Zone A,
all close to 96%, and all exceeded 99% when Zones A and B were considered jointly. Their
contributions to the clinically adverse Zones C and E were minimal, indicating a very low
frequency of potentially unsafe prediction errors.

(a) ARIMA (b) ETS (c) XGBoost

(d) LightGBM (e) CatBoost (f) MLP

(g) LSTM (h) GRU (i) NBEATSx

Figure 6. Cont.
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(j) NHITS (k) KAN (l) Chronos

(m) Sundial (n) TimeGPT

Figure 6. Clarke error grid analysis for the evaluated forecasting models.

Table 6. Percentage of predictions in each Clarke error grid zone for all models.

Model A (%) B (%) C (%) D (%) E (%)

Sundial 96.91 2.72 0.00 0.38 0.00
Chronos 96.88 2.81 0.03 0.25 0.03
LightGBM 96.29 3.07 0.07 0.55 0.03
ARIMA 96.26 3.40 0.04 0.27 0.03
XGBoost 96.09 3.57 0.01 0.32 0.00
TimeGPT 95.95 3.54 0.01 0.46 0.03
CatBoost 95.62 3.78 0.03 0.55 0.03
ETS 95.13 4.73 0.00 0.14 0.00
NHITS 92.37 6.59 0.06 0.95 0.03
NBEATSx 90.35 8.36 0.00 1.27 0.01
MLP 84.22 13.04 0.07 2.65 0.03
KAN 84.18 12.10 0.42 2.63 0.67
LSTM 81.62 16.09 0.15 2.14 0.00
GRU 80.05 17.24 0.06 2.66 0.00

In contrast, several deep learning architectures showed a less favorable clinical dis-
tribution. The GRU and LSTM yielded the lowest proportions of Zone A (80.05% and
81.62%, respectively), together with larger shifts towards Zone B and higher contributions
in Zone D. The MLP and KAN followed a similar pattern, with values in Zone A near 84%;
however, the KAN also showed the highest proportions in Zone C (0.42%) and Zone E
(0.67%), indicating a higher incidence of clinically discordant predictions.

NHITS and NBEATSx occupied an intermediate position. Most of their predictions
remained within the clinically acceptable Zones A and B, but their Zone A coverage was
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clearly lower than that of the strongest foundation, statistical and tree-based models,
and their Zone D proportions were also higher. This suggests a partial improvement
relative to standard deep learning architectures, but not the same level of clinical reliability
achieved by the leading approaches.

3.3. Relevant Cases: Severe Hypoglycemia and Extreme Hyperglycemia

To complement the aggregate analyses, we examined three clinically challenging
cases in greater detail: HUPA0002P, HUPA0006P, and HUPA0018P. These patients were
intentionally selected because, within the last 24 h evaluation window, they concentrated
the most clinically relevant glycemic extremes in the cohort. In particular, HUPA0002P
and HUPA0018P showed a high burden of severe hypoglycemia, whereas HUPA0006P
combined marked hyperglycemic exposure with the highest observed glucose peak. These
conditions are especially informative for short-horizon forecasting because clinically con-
sequential errors tend to arise during abrupt or extreme glycemic transitions, even when
global average metrics remain favorable. Table 7 summarizes the clinical characteristics of
the three selected patients.

Table 7. Clinical and glycemic summary of the three patients selected for local case analysis.

Patient Gender Age Weight Height Therapy Min Max

HUPA0002P Male 48 82 186 CSII 40 274
HUPA0006P Male 22 71 170 CSII 47 438
HUPA0018P Female 32 57 167 CSII 40 207

HUPA0002P and HUPA0018P were characterized by sustained exposure to clinically
relevant hypoglycemia, spending 32% and 34% of the time below 54 mg/dL, respectively,
and 46% and 44% below 70 mg/dL. In contrast, HUPA0006P showed a markedly different
profile, reaching a maximum CGM value of 438 mg/dL, with 28.7% of readings above
250 mg/dL. These differences are also evident in Figures 7 and 8. The stacked bars show
that the last 24 h of HUPA0002P and HUPA0018P were dominated by hypoglycemic states,
with severe hypoglycemia accounting for roughly one third of the evaluation window in
both cases, while HUPA0006P combined prolonged normoglycemia with a substantial
fraction of severe hyperglycemia. The same contrast is visible in the boxplots, confirming
that the selected patients represent distinct but equally demanding forecasting conditions.

Figure 7. Percentage of glucose observations in each clinical range for the three selected patients over
the evaluation window. Ranges were defined as severe hypoglycemia (<54 mg/dL), hypoglycemia
(54–69 mg/dL), normoglycemia (70–180 mg/dL), hyperglycemia (181–250 mg/dL), and severe
hyperglycemia (>250 mg/dL).
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Figure 8. Distribution of CGM glucose values for the three selected patients. Red dots indicate the
mean glucose level in each case.

To assess the behavior of the local model under these conditions, we compared the
best-performing model from each forecasting family. Table 8 summarizes the corresponding
local metrics. ARIMA yielded the lowest MAE and RMSE for HUPA0002P and HUPA0006P,
while LightGBM achieved the highest R2 and the lowest RMSE for HUPA0018P. Sundial,
however, retained one of the smallest bias factors in the two cases, indicating a more
balanced local error structure.

Table 8. Local forecasting performance for the three selected cases using the best-performing model
from each family. Best values within each patient are highlighted in blue and worst values in red.
For bias factor, the best value corresponds to the estimate closest to zero in absolute terms.

Patient Model R2 MAE
(mg/dL)

RMSE
(mg/dL)

Bias Factor
(%)

HUPA0002P

ARIMA 0.9788 4.66 8.68 0.16
Sundial 0.9781 5.39 8.81 −0.16
LightGBM 0.9718 5.94 10.01 1.25
NHITS 0.9667 7.12 10.87 −0.90
TimeGPT 0.9647 6.57 11.20 0.47

HUPA0006P

ARIMA 0.9877 6.53 11.81 0.11
Sundial 0.9873 7.13 12.01 0.55
TimeGPT 0.9809 9.25 14.70 1.50
LightGBM 0.9708 10.81 18.19 0.18
NHITS 0.9555 16.04 22.45 1.04

HUPA0018P

LightGBM 0.9592 4.60 7.33 0.58
ARIMA 0.9478 3.97 8.29 −1.08
Sundial 0.9454 4.55 8.48 −0.09
TimeGPT 0.9388 4.76 8.98 −1.09
NHITS 0.9076 7.11 11.03 −0.86

Figures 9 and 10 provide a more detailed view of local dynamics. The observed
and predicted trajectories show that all models capture stable glycemic segments reason-
ably well, whereas the main deterioration occurs around abrupt excursions, where the
differences between methods become more pronounced. This behavior is especially evi-
dent in the residual series, where the spread of errors increases near peaks, steep drops,
and late rebounds.

The three cases illustrate different forecasting difficulties. HUPA0002P is dominated by
prolonged hypoglycemia followed by a sharp midday excursion, where residual dispersion
increases around the peak, indicating difficulty in matching both timing and amplitude.
HUPA0006P is the most demanding case because it combines extreme hyperglycemia
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with a steep subsequent drop; here, the variance of the residuals increases markedly
around the turning point, and large deviations are observed across all models. HUPA0018P,
in turn, remains comparatively smooth for most of the window, but ends with a late
upward excursion, which produces predominantly negative residuals and reveals delayed
or attenuated responses by several methods.

Across the three cases, the same local pattern is preserved. Errors remain small during
relatively smooth segments but expand around clinically relevant transitions. In that
setting, Sundial, ARIMA, and LightGBM exhibit the most reliable local behavior, whereas
NHITS is more sensitive to abrupt changes and shows a wider residual dispersion.

Figure 9. Observed CGM glucose trajectories and model forecasts for the three selected patients using
Sundial, ARIMA, TimeGPT, LightGBM, and NHITS.
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Figure 10. Residual series for the three selected patients using the best-performing model for Sundial,
ARIMA, TimeGPT, LightGBM, and NHITS.

4. Conclusions and Future Work
This study presented a systematic evaluation of foundation time-series models for

30 min ahead glucose forecasting in adults with T1DM, using only CGM signals from
the HUPA–UCM dataset. Statistical, machine learning, and deep learning models were
included as comparators under the same local CGM-only setting. Beyond aggregate metrics,
the analysis considered cohort-level performance, patient-level variability, and clinically
relevant glycemic dynamics.

The results show that foundation models are a strong alternative for short-horizon
CGM forecasting in adults with T1DM. Sundial achieved the lowest global error, while
TimeGPT and Chronos remained among the most competitive models, indicating that
large-scale pretraining can be useful even when only recent glucose history is available.
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Under the adopted experimental protocol, foundation models also outperformed the
conventional deep learning architectures evaluated in this study. However, their advantage
was not uniform across patients. ARIMA remained highly competitive and achieved the
best local performance in selected challenging cases, while LightGBM was also effective
for specific individuals. These findings suggest that foundation models should be viewed
as part of a patient-specific forecasting strategy rather than as universal replacements for
classical methods.

From a clinical perspective, the findings are relevant because useful short-term fore-
casts were obtained without manually recorded inputs such as meals, insulin doses, or phys-
ical activity. In real-world settings, these variables are often incomplete, delayed, or in-
consistently reported, whereas CGM remains the most systematic source of temporal
information. Under these conditions, a univariate and patient-centered evaluation provides
a practical baseline for assessing the intrinsic predictive value of CGM history.

Several limitations should be acknowledged. First, the analysis was restricted to
a single public dataset of 25 adults with T1DM, which may limit external validity and
generalizability to broader populations and settings, including pediatric patients, older
adults, different treatment regimens, CGM devices, and clinical environments. Second,
the study followed a strictly CGM-only design; therefore, the potential contribution of
exogenous variables such as insulin, meals, physical activity, and wearable-derived signals
was not assessed. Consequently, the present results should not be interpreted as a direct
comparison against state-of-the-art multimodal glucose forecasting approaches, nor as
an estimate of the maximum performance attainable when richer clinical and behavioral
information is available. This choice also preserved a comparable input setting across
heterogeneous forecasting families, since not all evaluated models or implementations
provide equivalent mechanisms for incorporating exogenous variables under the same
experimental conditions. Third, all models were evaluated locally, with each patient
modeled independently, so global multi-patient approaches capable of learning shared
glycemic patterns while preserving individual adaptation remain to be explored.

In addition, the evaluation focused on point forecasts and did not include predictive
uncertainty estimates, such as prediction intervals or calibrated probabilistic forecasts. This
is clinically relevant because uncertainty information may help to distinguish confident
short-term predictions from forecasts that require greater caution, especially near hypo- or
hyperglycemic thresholds.

This study also did not perform exhaustive model-specific hyperparameter opti-
mization. This decision preserved a standardized and reproducible comparison across
heterogeneous forecasting families under the same local CGM-only protocol. However, it
may have affected the relative performance of ML and DL baselines, particularly models
that are more sensitive to input length, learning rate, network size, regularization, early
stopping, and other training choices. A fully nested tuning procedure within the walk-
forward design would have substantially increased the experimental burden, given the
repeated evaluation across patients, models, and temporal splits. Therefore, the results
should be interpreted as a comparison under common experimental conditions rather than
as the maximum attainable performance of each model family.

Finally, computational efficiency and inference time were not quantitatively evaluated.
Although all models were assessed under the same patient-specific walk-forward valida-
tion protocol, the forecasting families differ substantially in implementation, execution
environment, and deployment requirements. In particular, locally executed models and
externally hosted foundation models may not be directly comparable in runtime because
API latency, server-side infrastructure, hardware resources, and software implementation
can influence measured execution times. Therefore, the present results should be inter-
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preted primarily in terms of predictive accuracy and clinical error behavior rather than
computational efficiency.

Future studies should evaluate foundation models that explicitly support exogenous
covariates, including recent TimeGPT-2 variants and emerging time-series foundation mod-
els such as Moirai, TimesFM, FlowState, TiRex, Toto, and TabPFN-TS. These models should
be tested against CGM-only baselines to determine when additional clinical, behavioral,
or wearable-derived information provides meaningful gains. Ongoing work should also
investigate global foundation-based forecasting strategies trained across multiple patients,
incorporating patient-level descriptors and time-varying covariates to learn shared tempo-
ral patterns while preserving individual adaptation. Future benchmarks should also include
calibrated prediction intervals, coverage and interval-width metrics, budget-matched or
nested hyperparameter tuning, and standardized runtime evaluation, including training
time, inference latency, memory consumption, and deployment feasibility for real-time or
near-real-time CGM forecasting applications. External validation on larger, independent,
and more diverse CGM datasets, including pediatric cohorts and data collected across
different clinical environments, will be necessary for clarifying when foundation models
provide the greatest benefit and when simpler local models remain preferable.
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Abbreviations
The following abbreviations are used in this manuscript:

CGM Continuous glucose monitoring
T1DM Type 1 diabetes mellitus
DM Diabetes mellitus
ML Machine learning
DL Deep learning
RNNs Recurrent neural networks
LSTM Long short-term memory
GRUs Gated recurrent units
LLM Large language mode
MLP Multilayer perceptron
CSII Continuous subcutaneous insulin infusion
MDI Multiple doses of insulin
NHITS Neural hierarchical interpolation for time series
NBEATSx Neural basis expansion analysis
MAE Mean absolute error
KANs Kolmogorov-Arnold networks
RMSE Root mean squared error
DM Diebold–Mariano
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