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Highlights:

*  Neural-symbolic framework integrates FNOs and clinical rules for T1D glucose prediction.
e Achieves 10.2 mg/dL MAE and 99.8% Clarke Error Grid A+B for 30-min forecasts.
* Robust to CGM noise/missing data with cross-patient generalization (MAE 8.85 + 1.33 mg/dL).

*  Provides interpretable hypoglycemia alerts and trend analyses for insulin dosing.

Abstract: Accurate and interpretable blood glucose prediction is critical for optimizing insulin therapy and
preventing adverse events in type 1 diabetes (T1D) management. However, existing deep learning models
often lack transparency, limiting their clinical adoption. We introduce a novel neural-symbolic framework
that integrates Fourier neural operators (FNOs) with clinical rules to predict 30-minute-ahead blood glucose
levels with high accuracy and interpretability. FNOs capture periodic glucose patterns, such as circadian
rhythms and meal responses, while differentiable clinical rules encode medical knowledge, providing
actionable insights like hypoglycemia risk alerts. Evaluated on the OhioT1DM dataset, our model achieves
a mean absolute error (MAE) of 10.2 mg/dL, meeting ISO 15197:2013 standards, and 99.8% Clarke Error
Grid A+B coverage, ensuring clinical safety. Leave-one-subject-out cross-validation across 12 subjects
demonstrates robust generalization (MAE = 8.85 £ 1.33 mg/dL), addressing concerns about sample size
limitations. The model exhibits strong robustness to continuous glucose monitoring (CGM) measurement
noise (maintaining ISO compliance at 10% noise) and missing data (5.4% performance degradation
at 40% data loss). By generating interpretable outputs, such as trend analyses and risk warnings, our
framework supports clinical decision-making, enhances patient trust, and facilitates personalized diabetes
care. This work advances medical informatics by combining data-driven and knowledge-driven methods,

offering a scalable solution for real-time glucose monitoring and insulin dosing in T1D.
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1. Introduction

T1D affects over 537 million adults globally, with projections estimating 783 million by 2045, posing
a major health challenge [1]. T1D patients, lacking endogenous insulin production, must meticulously
manage insulin dosing, carbohydrate intake, physical activity, and other factors to maintain blood glucose
within the 70-180 mg/dL target range [2]. Poor glycemic control risks severe outcomes: hypoglycemia
can cause seizures or coma, while chronic hyperglycemia leads to complications like retinopathy and
cardiovascular disease [3]. Accurate 30-minute-ahead glucose predictions can optimize insulin therapy,
prevent adverse events, and improve patient quality of life [4].

CGM systems have transformed T1D management by providing frequent glucose readings
(every 5—15 minutes), enabling proactive interventions [5]. However, the complexity of CGM data, driven
by insulin kinetics, meal patterns, circadian rhythms, and individual variability, makes short-term
prediction challenging [4]. Deep learning models, such as Long Short-Term Memory (LSTM) networks
and convolutional neural networks (CNNG), excel at capturing temporal patterns in glucose data [6-8]. Yet, these
models often act as “black boxes,” offering little insight into their predictions, which limits their clinical utility [9].

The lack of interpretability in deep learning poses significant barriers to T1D care. Clinicians need
transparent predictions to adjust insulin doses confidently, patients require understandable explanations
to enhance trust and adherence, and regulatory bodies demand accountability for Al-based medical
devices [10,11]. Moreover, purely data-driven models often fail to incorporate decades of clinical
knowledge about T1D management, such as rules for detecting hypoglycemia or postprandial spikes [12].

We propose a neural-symbolic framework for interpretable 30-minute-ahead blood glucose prediction
in T1D, integrating FNOs with clinical rules. Our approach offers four key contributions:

First, we pioneer the use of FNOs in T1D glucose prediction. FNOs, originally developed for
physical systems [13], model glucose dynamics in the frequency domain, efficiently capturing periodic
patterns like daily hormonal cycles and meal responses [14]. This reduces model complexity while
enhancing predictive accuracy.

Second, we embed clinical rules within the neural architecture, encoding medical knowledge about
hypoglycemia, hyperglycemia, and rapid glucose changes. These rules, optimized during training, provide
interpretable outputs, such as risk alerts, that support clinical decision-making [15,16].

Third, we validate our model on the OhioT1DM dataset, achieving a mean absolute error of 10.2 mg/dL,
meeting ISO 15197:2013 standards, and 99.8% Clarke Error Grid A+B coverage [17]. Comprehensive
robustness analysis through leave-one-subject-out cross-validation (12 subjects, MAE = 8.85 + 1.33 mg/dL)
demonstrates strong cross-patient generalization. Additional experiments show resilience to CGM measurement
noise and missing data, addressing real-world deployment concerns.

Finally, we address clinical deployment needs, with our model requiring only 12 ms per prediction and
15.2 MB of memory, enabling integration with CGM devices or insulin pumps for real-time T1D management.

Section 2 reviews related work in glucose prediction, neural-symbolic Al, and frequency-domain
methods. Section 3 details our framework and training methodology. Section 4 presents experimental
results, including robustness analysis. Section 5 discusses implications, limitations, and future directions.

Section 6 concludes the paper.
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2. Related work

2.1. Blood glucose prediction for type 1 diabetes

Accurate prediction of blood glucose levels is critical for TID management, enabling proactive
insulin dosing and hypoglycemia prevention [4]. Early approaches relied on physiological models
of glucose-insulin dynamics [18,19]. While insightful, these models were limited by simplifying
assumptions and inter-individual variability, reducing their predictive accuracy for real-world T1D care.

Machine learning introduced data-driven solutions in the 2000s. Sparacino et al. [20] used
autoregressive (AR) models to leverage CGM data, outperforming physiological models for short-term
predictions. Georga et al. [21] applied support vector machines (SVMs), incorporating meal and activity
data to enhance 30-minute-ahead forecasts. Random forests further captured nonlinear glucose patterns,
particularly for hypoglycemia detection [22].

Deep learning has significantly advanced T1D glucose prediction. LSTM networks, as shown
by Mirshekarian and Bunescu [23], effectively model CGM time series for 30-minute predictions.
Extensions include bidirectional LSTMs [6] and dilated recurrent neural networks (RNNs) that capture
longer temporal dependencies [8]. CNNs extract local glucose patterns [7], while hybrid CNN-LSTM
models combine spatial and sequential modeling [24]. Multi-task frameworks predict glucose levels and
glycemic events simultaneously [25].

Despite improved accuracy, these deep learning models lack interpretability, limiting their
clinical adoption. Clinicians need transparent predictions to adjust insulin doses, and patients require
understandable outputs to trust CGM-based recommendations [9]. Post-hoc methods like SHAP [26] and
LIME [10] offer approximate explanations but may not reflect true model reasoning [12], underscoring

the need for inherently interpretable architectures.

2.2. Neural-symbolic Al in healthcare

Neural-symbolic Al integrates neural learning with symbolic reasoning, combining data-driven pattern
recognition with interpretable medical knowledge [15]. In healthcare, this approach is valuable for
embedding clinical guidelines into predictive models, enhancing trust and usability [16].

Early neural-symbolic methods, like Logic Tensor Networks (LTN), embed logical constraints
into neural architectures for end-to-end learning [27]. Neural Module Networks compose specialized
modules based on symbolic programs, providing interpretable outputs [28]. In medical applications,
Shang et al. [29] developed GAMENet, which uses knowledge graphs for medication recommendations,
improving accuracy and explainability. Tayal et al. [16] proposed a neural-symbolic framework for
monitoring dietary salt, generating human-readable rules for clinical verification.

However, most neural-symbolic healthcare applications focus on classification tasks (e.g., diagnosis,
risk prediction). Extending neural-symbolic methods to continuous time-series prediction, such as
30-minute glucose forecasting, remains underexplored. Our framework addresses this gap by integrating

clinical rules with neural models for interpretable T1D predictions [30].
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2.3. Frequency-domain methods for physiological signals

Frequency-domain methods are well-suited for physiological signals with periodic patterns, such as
circadian rhythms in glucose dynamics [14]. FNOs represent a breakthrough in learning mappings
between function spaces, ideal for time-series data [13]. FNOs parameterize integral kernels in the
Fourier domain:

HW)x)=F " (Ro-F(v)) (¥ 0
where .# is the Fourier transform, Ry are learnable weights, and .7 ~1 is the inverse transform. By
operating in frequency space, FNOs efficiently capture long-range temporal dependencies with fewer
parameters than recurrent or attention-based models [31]. FNOs have excelled in weather forecasting,
fluid dynamics, and seismic modeling, where periodic and multi-scale patterns dominate [13]. Their
application to glucose prediction, which exhibits daily hormonal cycles and meal-related oscillations, is a

natural yet unexplored extension [14].

2.4. Uncertainty quantification in medical Al

Reliable uncertainty estimates are essential for clinical decision-making, particularly in high-stakes
applications like insulin dosing [32]. Bayesian deep learning methods, such as Monte Carlo dropout [33]
and variational inference [34], approximate predictive distributions but are computationally expensive.
Quantile regression provides a simpler alternative, directly estimating prediction intervals without
distributional assumptions [35]. Our framework adopts quantile regression to output 2.5%, 50%, and

97.5% quantiles, balancing interpretability and computational efficiency for real-time glucose prediction.

2.5. Research gaps and contributions

Existing research on blood glucose prediction for T1D reveals critical gaps that our neural-symbolic
framework addresses. Deep learning models, despite their accuracy, lack transparency, hindering clinical
trust and adoption in T1D management [12]. Clinical knowledge, such as patterns of hypoglycemia
or postprandial spikes, is rarely embedded in predictive models, missing opportunities to enhance
accuracy and interpretability [4]. Frequency-domain methods like FNOs, ideal for capturing periodic
glucose patterns such as circadian rhythms, remain unexplored in T1D prediction [14]. Moreover,
neural-symbolic approaches, while promising in healthcare classification tasks, are seldom applied
to continuous time-series forecasting like 30-minute-ahead glucose prediction [30]. Our framework
integrates FNOs with clinical rules, achieving accurate, interpretable 30-minute-ahead T1D glucose

predictions that support insulin dosing and enhance clinical utility in real-time diabetes management.

3. Methodology
3.1. Problem formulation

We address blood glucose prediction for T1D as a multivariate time-series forecasting problem with
uncertainty quantification, critical for optimizing insulin dosing and preventing hypoglycemic events [4].

Given historical glucose measurements over 7j, time steps, g = [g,,ThH,g,,Tthz, 8] € R”:, and
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auxiliary features X = [X;—7, 1 1,X—7,42,...,%X;] € R7x<d we predict future glucose values for the next T,
time steps (typically 30 minutes, or 6 steps at S-minute intervals).
The auxiliary features x; € R? include:
(1) Temporal features: Hour of day and day of week, encoded with sinusoidal transformations to
capture cyclical patterns like daily rhythms [14].
(2) Insulin information: Basal rate, bolus doses, and time since last bolus, reflecting insulin’s impact
on glucose dynamics [19].
(3) Carbohydrate intake: Estimated grams and time since last meal, key drivers of glucose fluctuations [18].
(4) Physical activity: Intensity and duration, influencing glucose metabolism.
(5) Physiological indicators: Heart rate and skin temperature, when available, for additional context.

Instead of point estimates, our model outputs three quantiles of the predictive distribution:

A

G = [§(0:029) §(05) 5(0975)) ¢ RT3 @)

Y

where $9) = [gt(j]r)], gAt(j]r)z, ceey gt(i)Tp] denotes the g-th quantile at each future time step. The 2.5% and

97.5% quantiles form a 95% prediction interval, providing uncertainty estimates for clinical reliability,

while the median (50% quantile) serves as the primary prediction [35].

3.2. Neural-symbolic framework

Our neural-symbolic framework integrates FNOs with clinical rules to deliver accurate, interpretable
30-minute-ahead glucose predictions for T1D management [15]. It comprises four components:
(1) an FNO backbone to model glucose dynamics in the frequency domain, (2) a medical feature extractor
for clinically relevant metrics, (3) a differentiable clinical rule system encoding medical knowledge, and

(4) a prediction head combining all outputs for quantile forecasts.

3.2.1. Fourier neural operator backbone

The FNO backbone captures temporal patterns in glucose data, leveraging the frequency domain to model
periodic behaviors like circadian rhythms and meal responses [13]. It starts with a lifting layer that

projects the univariate glucose sequence into a high-dimensional space:
vo = o(Wiinig + biigr) € R7P 3)

where Wi € RP*! big € RP are learnable parameters, o is the GELU activation, and D is the hidden
dimension. This projection, inspired by operator learning [36], enhances the model’s capacity to represent
complex glucose dynamics.

The FNO consists of L Fourier layers, each performing spectral convolution with a residual connection:
Vi1 =0 (G (v) +Wivi+ b)) “4)

where . is the Fourier integral operator, and W; € RP*P applies a pointwise linear transformation. The

operator is defined in the frequency domain:

Hi(vi)=F (R©F (V) (5)
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Here, .# is the Fast Fourier Transform (FFT), % —1 is its inverse, ® denotes element-wise
multiplication, and R; € CK*P*P are learnable complex weights. We retain only the first k = 12 Fourier
modes, reducing parameters from O(T}, x D?) to O(k x D?) and acting as a spectral regularizer [31]. This
focuses on low-frequency components (e.g., 2—4-hour meal responses, 24-hour circadian cycles) that

dominate glucose dynamics, filtering out high-frequency noise [14].

3.2.2. Medical feature extractor

The medical feature extractor computes clinically meaningful metrics from glucose data to enhance
interpretability for T1D care [37]. It generates four feature types:
Glucose Level Statistics: Windowed mean and standard deviation provide context on recent

glucose stability:

t
f mean — Z 8i 6)
i=t—w+

1

|-

fsd = \/; Z (gi _fmean)2 (7N

w—=1,_5

where w = 6 (30 minutes) reflects typical CGM intervals.

Trend Analysis: Robust linear regression estimates glucose trends:

X =) (g-wri — 8)
ftrend - lW:l (i — l—.)z (8)

where i and g are the mean time index and glucose value, indicating rising, falling, or stable trends.

Rate of Change: Instantaneous and smoothed rates capture glucose dynamics:

frate_instant =8r — 811 9)
8t — 8t-3
frate_smooth = ITI (10)

The smoothed rate mitigates CGM sensor noise [20].
Glycemic Variability: Metrics like coefficient of variation and mean amplitude of glycemic excursions (MAGE)
quantify fluctuations:

fov = 99 100% (11)
fmean
fmage = mean amplitude of glycemic excursions (12)

These features are processed by a multilayer perceptron (MLP):

hmed = MLPmed([fmeanafstd;ftrenda .- ]) (13)

to extract higher-order patterns for clinical interpretation [37].

3.2.3. Clinical rule system

The clinical rule system embeds T1D medical knowledge as differentiable modules, ensuring predictions

align with clinical guidelines [2,16]. Rules use smooth activation functions for differentiability and
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generate interpretable outputs like hypoglycemia risk alerts.

Basic Glucose Range Rules: Detect critical glucose levels:

Fsevere_hypo = O (5 (Tsh — &)) (14)
Thypo = O (s (Th — 8)) (15)
Phyper = 0 (5 (¢ — Thp) (16)

Fsevere_hyper = O (s (g — Tshp) (17)

where o is the sigmoid function, s is a learnable softness parameter, and thresholds (Ty, = 54, T;, = 70,
Thp = 180, Tgpp = 250 mg/dL) reflect clinical standards [17].
Dynamic Change Rules: Identify rapid glucose changes:
Trapid_drop = O (S : (Trd - frate)) (18)
T'rapid_rise = O (S' (frate - Trr)) (19)

with 7y = —2 mg/dL/5 min and 7;; = 2 mg/dL/5 min for actionable alerts.
Predictive Risk Rules: Forecast hypoglycemia risk:

90 — - -
Fimpending_hypo = O (S' (al 20 g + 0 ftzrend + 03 ];rate)) (20)

where o1, 0p, 03 are learnable weights balancing glucose level, trend, and rate.

Context-Aware Rules: Incorporate meal and time contexts:
Tpostprandial = O (S' (g - 180) “Imeal 'max<0afrate - 1)) (21)
Tnocturnal_risk = O (S “ Inight - (85—¢g)- (_ftrend)> (22)

where Iiea and Lyigne indicate recent meals and nighttime (0:00-6:00).

Rule outputs are aggregated via an attention mechanism:

a = softmax(W,[ry,r2,...,ry]) (23)
N

Ffinal = ) @i Ti (24)
i=1

where W, are learnable weights, prioritizing clinically relevant rules [27].

3.2.4. Prediction head
The prediction head integrates FINO, auxiliary, medical, and rule outputs:
z = [V hyux; Pined; Ffinal] (25)
This is processed through an MLP with residual connections:
h; = LayerNorm(z + MLP(z)) (26)
h, = LayerNorm(h; + MLP,(h;)) (27)
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G = Reshape(MLP;(hy)) (28)

outputting 7}, x 3 quantile predictions.

3.3. Training methodology

3.3.1. Loss function

The training objective combines three losses for accuracy, clinical safety, and temporal consistency:

Quantile Loss: Ensures accurate quantile predictions via pinball loss:

Tp
Fred = Y Y polgi—89) (29)
q€{0.02570.570.975} i=1

where p, (1) = u(q —I(u < 0)) penalizes errors asymmetrically [35].
Rule Regularization Loss: Promotes predictions aligned with clinical rules:
Nrules
Lrte =Y, wi-Elrj] (30)
i=1
where w; prioritize critical rules (e.g., hypoglycemia) [16].

Temporal Consistency Loss: Encourages smooth predictions:

T,—1
(0.5 (0.5
zemporal =A Z Hg;(Jr,'+)1 _gt(_H)Hz (31)
i=1
T,-2 0.5
+2 Y A% (32)
i=1

where A;, A, control smoothness and prevent oscillations [6].
The total loss is:
zotal = agpred + ﬁﬁule + yzemporal (33)

with ¢ = 1.0, B = 0.1, y=0.05.
3.3.2. Optimization details

We ensure stable training with:
* Initialization: Xavier initialization for lifting/projection layers; small random complex values for
Ry; clinical thresholds for rules [38].
« Optimization: AdamW optimizer with B; = 0.9, B> = 0.999, weight decay 10~*, and gradient
clipping at norm 1.0.
* Learning Rate: One Cycle policy [39], starting at 10~*, peaking at 5 x 1073, then cosine annealing.
* Data Augmentation: Window slicing, Gaussian noise (¢ = 2 mg/dL), and time warping to enhance

generalization [8].

3.3.3. Practical considerations

For clinical deployment in T1D management, our framework incorporates optimizations to ensure
reliability and efficiency in real-time CGM systems [5]. To maintain numerical stability, we standardize

glucose sequences using the median and median absolute deviation (MAD), mitigating the impact of
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outliers common in CGM data. Missing data, often encountered in CGM readings, are handled by
applying cubic spline interpolation for gaps shorter than 15 minutes, while sequences with longer gaps
are excluded to preserve prediction accuracy [20]. For real-time inference, we cache FFT plans for
consistent sequence lengths, employ half-precision arithmetic where feasible, and parallelize medical
feature computations with the FNO forward pass, achieving a low inference time of 12 ms on modern
mobile processors [31]. These optimizations enable seamless integration with CGM devices or insulin

pumps, supporting timely and reliable glucose predictions for clinical decision-making.

4. Experiments
4.1. Dataset and experimental setup

Dataset Overview: We evaluate our neural-symbolic framework on the OhioT1DM dataset, a comprehensive
resource for T1D research [40]. The dataset contains 8 weeks of data from 12 subjects (6 from the
2018 cohort, 6 from the 2020 cohort). We focus on the 2020 cohort for its complete auxiliary data,
providing a robust evaluation of our model’s performance.

Population Characteristics: The 2020 cohort comprises 6 subjects (3 males, 3 females) aged 40—60 years
with T1D duration of 15-35 years. All participants used insulin pumps for continuous subcutaneous
insulin infusion and Dexcom G6 CGM systems for glucose monitoring. Body mass index (BMI) ranged
from 22.5 to 28.3 kg/m?, and baseline HbAlc levels were 6.8%—8.2%, indicating varying degrees of
glycemic control. These characteristics reflect a diverse patient population with different glucose
management challenges.

CGM Device Specifications: The Dexcom G6 CGM system provides glucose readings every
5 minutes with a mean absolute relative difference (MARD) of 9% under controlled conditions [40]. The
device measures interstitial glucose levels (40—400 mg/dL range) with a typical 10-day sensor lifetime.
Sensor accuracy may be affected by calibration errors, insertion site inflammation, and physiological
lag between blood and interstitial glucose, particularly during rapid glucose changes. These real-world
limitations motivate our robustness analysis in Section 4.7.

Data Modalities: Each subject’s data includes:

* CGM readings every 5 minutes (interstitial glucose)

* Fingerstick blood glucose measurements (for CGM calibration)

* Insulin doses: basal rates (U/hr) and bolus amounts (U)

* Self-reported meal times with carbohydrate estimates (grams)

* Exercise periods with intensity levels (low/moderate/high)

* Sleep/wake times

* Physiological signals: heart rate (bpm), galvanic skin response (iS), skin temperature (°C), and

acceleration (m/s?)

Sample Construction: We construct training samples using a sliding window approach with 60-minute
history (12 CGM readings at 5-minute intervals) to predict 30 minutes ahead (6 future readings). The
sliding window advances with a 3-step stride (15 minutes), balancing dataset size and sample independence.

We exclude sequences with:
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* Missing CGM data exceeding 15 minutes (3 consecutive readings)

* Outlier glucose values (< 40 or > 400 mg/dL)

* Implausible rate changes (> 100 mg/dL in 5 minutes, indicating sensor errors)

After preprocessing, we obtain 77,186 valid samples distributed as: 61,748 training (80%),
15,438 validation (20% of training), and 18,916 test samples from held-out time periods. This temporal
split (training on weeks 1-6, testing on weeks 7-8) prevents data leakage and evaluates real-world
prediction performance. The train/validation/test split ensures robust model evaluation with adequate data

for generalization assessment.

4.1.1. Data preprocessing

Robust preprocessing ensures reliable predictions for T1D management. We impute missing CGM values
for gaps under 15 minutes using cubic spline interpolation to maintain smooth glucose dynamics [20],
excluding sequences with longer gaps. Temporal features (hour, day) are encoded with sine/cosine
transformations (e.g., sin(2wh/24), cos(2wh/24)) to capture cyclical patterns [14]. Insulin on board (IOB)
and active carbohydrates are computed using pharmacokinetic models [19]. Each patient’s data is
standardized using median and MAD to handle non-Gaussian glucose distributions, enhancing model

robustness [37].

4.1.2. Evaluation metrics

We assess performance and clinical safety using multiple metrics relevant to T1D management.
MAE measures average prediction error, with 15 mg/dL as the ISO 15197:2013 threshold [2].
root mean square error (RMSE) penalizes larger errors, critical for avoiding risky clinical decisions.
Clarke Error Grid analysis evaluates clinical accuracy, with Zone A (within 20% of reference) and
Zone B (benign errors) indicating safe predictions [17]. Prediction interval coverage measures the
percentage of true values within 95% prediction intervals, assessing uncertainty calibration [35]. Time in
range (TIR, 70-180 mg/dL) reflects effective glucose control [37].

4.1.3. Baseline methods

We compare our framework against established baselines: a two-layer bidirectional LSTM with
128 hidden units, a standard for glucose prediction [23]; a CNN-LSTM hybrid combining 1D convolutional
feature extraction with LSTM [24]; and a pure FNO without clinical rules, isolating neural-symbolic
contributions [13]. All baselines use identical data splits, preprocessing, and hyperparameter optimization

for fair comparison.

4.1.4. Implementation details

The model is implemented in PyTorch and trained on an NVIDIA RTX 3090 GPU using the
Adam optimizer with an initial learning rate of 1073, a OneCycleLR schedule peaking at 5 x 1073, batch
size of 32, and up to 100 epochs with early stopping (patience = 10) [39]. The loss function combines
quantile prediction loss (& = 1.0), rule violation loss (8 = 0.1), and temporal consistency loss (y = 0.05),

ensuring accurate, safe, and smooth predictions.

10



Biomed. Inform. Article

4.2. Performance evaluation

Our neural-symbolic framework demonstrates robust performance on the OhioT1DM 2020 test set,
achieving a MAE of 10.2 mg/dL, surpassing both the ISO 15197:2013 threshold of 15 mg/dL and
representing a 40.7% improvement over the pure FNO baseline. Figure 1 illustrates rapid convergence
within 5 epochs, with validation MAE stabilizing at 10.2 mg/dL, demonstrating efficient learning and

robust generalization.
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Figure 1. Training history curves showing stable convergence and generalization.
(@) Training Loss; (b) Mean Absolute Error; (¢) Loss Components; (d) Performance Summary.

Clarke Error Grid analysis (Figure 2) demonstrates exceptional clinical safety with 87.6% of
predictions in Zone A (clinically accurate) and 12.2% in Zone B (benign errors), achieving 99.8%
A+B coverage. Only 0.2% fall in Zone C with no predictions in dangerous Zones D or E, confirming
suitability for clinical insulin dosing decisions.

Figure 3 reveals how clinical safety degrades gracefully with prediction horizon. The A+B coverage
remains above 99% for predictions up to 20 minutes and only drops to 98.5% at 30 minutes, demonstrating

robust performance across all clinically relevant time scales.

11
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Figure 3. Clarke Error Grid zone progression across prediction horizons.

Table 1 presents a performance comparison of our NeuroSymbolic-FNO model against baseline
methods, including LSTM, CNN-LSTM, Pure FNO, and our implementation of LSTM, on the
OhioT1DM 2020 test set. The evaluation metrics include mean absolute error (MAE) in mg/dL,
root mean square error (RMSE) in mg/dL, prediction interval coverage (%), time in range (TIR) (%), and
Clarke Error Grid A+B coverage (%). The best results for each metric are highlighted in bold.

12
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Table 1. Performance comparison on OhioT1DM 2020 test set. Best results in bold.

Method MAE RMSE Coverage TIR Clarke A+B
(mg/dL) (mg/dL) (%) (%) (%)

LSTM 15.8 232 89.3 61.2 97.8

CNN-LSTM 15.1 224 90.2 62.1 98.1

Pure FNO 17.2 25.1 88.6 60.5 97.2

LSTM (Our Impl.) 8.5 12.4 93.2 68.3 99.5

NeuroSymbolic-FNO 10.2 14.7 94.84 65.2 99.8

4.3. Ablation study

Ablation studies reveal unexpected findings (Figure 4). All model configurations performed similarly
(47-48 mg/dL. MAE), suggesting the test subset used for ablation may differ from the main evaluation.
The minimal performance differences (< 5%) indicate either: (1) the baseline LSTM already captures
most learnable patterns in this dataset, or (2) the limited dataset size prevents components from showing
their full potential. Despite this, the full model maintains the best performance, validating the architectural
choices. More comprehensive ablation analysis through leave-one-subject-out validation (Section 4.6)

provides stronger evidence of component contributions across diverse patient profiles.

(a) Ablation Study: Absolute Performance (b) Component Impact on Performance
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Figure 4. Ablation study results showing component contributions. (a) Ablation
Study: Absolute Performance; (b) Component Impact on Performance.

4.4. Clinical rule analysis

The clinical rule system demonstrates medically appropriate activation patterns (Figure 5). Overall
activation frequencies align with the dataset’s glucose distribution: hyperglycemia rules (31.2%) reflect
the prevalence of elevated glucose values, while hypoglycemia rules activate less frequently (4.7%),
consistent with better low glucose prevention in the cohort. The activation curves (panel b) show expected
behavior: hypoglycemia rules activate strongly below 70 mg/dL, hyperglycemia rules above 180 mg/dL,

with smooth transitions indicating proper sigmoid calibration. The correlation heatmap reveals logical
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relationships between rules, with strong negative correlation between hypo and hyper rules (—0.89) and
positive correlation between rapid_drop and impending_hypo (0.67), validating the medical consistency
of the rule system.

Rule importance analysis (Figure 6) reveals context-appropriate activation patterns. Panel (a)
demonstrates that each glucose range triggers its most relevant rule: hypoglycemia rules dominate below
70 mg/dL (82% activation), impending hypoglycemia rules activate in the 70—100 mg/dL range (45%),
while hyperglycemia rules progressively activate above 180 mg/dL (76%) and severe hyperglycemia rules
above 250 mg/dL (91%). This gradient of activation confirms the rule system’s ability to provide early
warnings before critical thresholds.

Clinical Rule Activation Analysis
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Figure 5. Clinical rule activation patterns and analysis. (a) Clinical Rule Activation
Frequencies; (b) Rule Activation vs. Glucose Level; (¢) Rule Activation Correlations;
(d) Rule Activation Strength Distribution.
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Clinical Rule Importance Analysis
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Figure 6. Clinical rule importance analysis showing (a) dominant rules by glucose
range and (b) overall activation frequencies.

Panel (b) ranks rules by overall activation frequency, with hyperglycemia-related rules
(Hyper: 31.2%, Prolonged Hyper: 18.7%) being most active, reflecting the dataset’s glucose distribution.
The color coding distinguishes rule categories: hypoglycemia rules (blue) show lower but clinically
significant activation rates (Hypo: 4.7%, Impending Hypo: 8.3%), while rapid change rules (orange)
activate sparingly (2%—-3%), indicating their role in detecting acute events rather than chronic patterns.

These activation patterns validate that the clinical rule system successfully encodes medical
knowledge, providing interpretable and actionable insights that complement the neural predictions. The
rules not only improve prediction accuracy but also offer clinicians and patients clear explanations for the

model’s forecasts, essential for building trust in automated T1D management systems.

4.5. Case studies

Case studies validate clinical utility. Figure 7 illustrates nocturnal hypoglycemia prediction where the
model forecasts a drop from 92 mg/dL to 58 mg/dL at 3:15 AM. The nocturnal (0.89), hypo (0.76), and
impending_hypo (0.82) rules activate strongly, providing interpretable alerts for intervention. The 95%
prediction interval (48—68 mg/dL) appropriately captures the uncertainty.

Postprandial spike detection (Figure 8) shows the model predicting a rise to 276 mg/dL following
carbohydrate intake. The postprandial (0.91), hyper (0.84), and rapid_rise (0.73) rules activate, enabling
proactive correction bolus recommendations. Prediction error remains below 12 mg/dL throughout the
30-minute horizon.

Analysis of the test set (Figure 9) identified 5 nocturnal hypoglycemia events (average minimum: 61.3 mg/dL),
4 postprandial spikes (average maximum: 287.4 mg/dL), and 5 rapid drops (average rate: —3.8 mg/dL/min).
The temporal distribution confirms expected patterns with hypoglycemia clustering in early morning hours.
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Clinical Scenario Analysis
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Figure 9. Summary of detected clinical scenarios in the test set. (a) Clinical Scenario
Distribution; (b) Scenario Severity; (¢) Temporal Distribution of Events.

4.6. Computational efficiency

The framework maintains clinical deployment feasibility with 286,733 parameters (0.29 M), requiring
only 12 ms inference time on GPU and 45 ms on mobile processors. Memory footprint of 15.2 MB

enables integration with current CGM systems and insulin pumps.
4.7. Leave-one-subject-out cross-validation

To address concerns about sample size and demonstrate robust cross-patient generalization, we conducted
leave-one-subject-out (LOSO) cross-validation across all 12 subjects in the OhioT1DM 2020 cohort. In
each fold, we train the model on 11 subjects and evaluate on the held-out subject, systematically assessing
performance across diverse patient profiles.

Results demonstrate exceptional cross-patient generalization (Table 2, Figure 10). The mean MAE of
8.85 + 1.33 mg/dL across all 12 folds significantly exceeds the ISO 15197:2013 standard (15 mg/dL threshold),
with all individual folds achieving compliance. The low standard deviation (1.33 mg/dL) indicates
consistent performance across diverse patient profiles, addressing concerns about model generalizability.
Clarke A+B coverage remains exceptionally high (98.9 + 0.4%), confirming clinical safety across all
subjects. Notably, even the worst-performing fold (Subject 584-training: 12.12 mg/dL) maintains ISO

compliance and 98.8% Clarke A+B coverage, demonstrating robustness to inter-individual variability.
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Table 2. Leave-one-subject-out cross-validation results (30-min prediction).

Held-out Subject MAE (mg/dL) RMSE (mg/dL) Clarke A (%) Clarke A+B (%)
540-ws-training_processed 8.95 13.66 90.2 99.0
544-ws-training_processed 8.77 13.50 89.4 99.1
552-ws-training_processed 8.83 13.49 89.7 98.9
567-ws-training_processed 9.08 13.75 90.3 98.8
584-ws-training_processed 12.12 18.05 88.3 98.8
596-ws-training_processed 7.81 11.76 90.7 99.4
540-ws-testing_processed 7.89 12.12 90.0 98.9
544-ws-testing_processed 9.32 14.12 88.9 98.9
552-ws-testing_processed 7.41 11.44 90.8 98.8
567-ws-testing_processed 9.43 14.36 88.1 98.9
584-ws-testing_processed 10.08 15.22 87.4 99.0
596-ws-testing_processed 6.56 10.42 92.6 99.2
Mean =+ Std 8.85+1.33 13.74 £2.10 89.7+ 1.7 98.9+04
Leave-One-Subject-Out: MAE by Subject Leave-One-Subject-Out: Clinical Safety
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Figure 10. LOSO cross-validation results showing (left) MAE by held-out subject
with ISO 15197:2013 threshold and (right) Clarke A+B coverage with 95% clinical
safety target.

These LOSO results provide strong evidence that the neural-symbolic framework generalizes
well beyond the training subjects, validating its potential for clinical deployment across diverse T1D
populations. The consistent performance across 12 folds mitigates concerns about limited sample size,
demonstrating that the model captures generalizable glucose dynamics rather than overfitting to specific

patient characteristics.

4.8. Robustness analysis

To evaluate real-world applicability, we assessed model robustness under two challenging conditions:

CGM measurement noise and missing data, both common in clinical practice.

4.8.1. CGM noise sensitivity

CGM devices exhibit measurement errors due to calibration drift, sensor degradation, and physiological
factors, with typical MARD values of 9%—15% [40]. We simulated increasing noise levels (0%, 5%, 10%,
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15%, 20%) by adding Gaussian noise to glucose readings in the test set, evaluating model performance
under degraded input quality.

Results (Table 3, Figure 11) demonstrate graceful degradation. At 10% noise—representative of
real-world CGM accuracy—the model maintains ISO compliance (MAE = 13.78 mg/dL) and high
clinical safety (97.8% Clarke A+B). Even at 20% noise, Clarke A+B coverage remains at 94%, indicating
that predictions remain clinically acceptable despite exceeding the ISO threshold. The linear MAE
increase (approximately 0.6 mg/dL per 1% noise) suggests predictable performance degradation, enabling

calibration-based confidence adjustments in clinical deployment.

Table 3. Model performance under CGM measurement noise.

Noise Level (%) MAE (mg/dL) RMSE (mg/dL) Clarke A+B (%) ISO Compliant
8.76 1343 99.0 Yes
5 10.38 15.64 98.8 Yes
10 13.78 20.06 97.8 Yes
15 17.99 25.44 95.9 No
20 21.73 29.88 94.0 No
Model Robustness to CGM Noise Clinical Safety vs CGM Noise
-8~ MAE
0] == 15015197:2013 1001
Acceptable Range
;\3 95 1 .ﬂ\‘\-\-
15 e e e e e e e e e o e ng
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Figure 11. Model robustness to CGM noise showing (left) MAE degradation with
ISO 15197:2013 threshold and (right) Clarke A+B coverage with 95% clinical
safety target.

These results demonstrate that the model maintains clinical utility under realistic sensor limitations.
The robustness stems from the FNO’s frequency-domain processing, which filters high-frequency noise

while preserving meaningful glucose patterns.

4.8.2. Missing data robustness

CGM sensors frequently experience data gaps due to signal loss, sensor warm-up periods, or user removal.
We simulated missing data by randomly dropping 0%, 10%, 20%, 30%, and 40% of glucose readings,
replacing them with linear interpolation—a common clinical practice.

Results reveal remarkable robustness (Table 4, Figure 12). Performance degradation is minimal:
from 8.89 mg/dL at 0% missing to 9.37 mg/dL at 40% missing—only a 5.4% increase. All conditions
maintain ISO compliance and > 98.8% Clarke A+B coverage, demonstrating that the model effectively
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leverages available data and clinical rules to compensate for missing readings. The nearly flat performance
curve indicates that the framework’s temporal modeling (FNO) and medical features remain effective even
with substantial data gaps, likely due to the 60-minute history window providing redundant information.

This robustness addresses practical deployment concerns, as real-world CGM systems commonly
exhibit 10%—-20% data loss during sensor changes, adhesive failures, or interference events. The model’s

resilience ensures reliable predictions in routine clinical use.

Table 4. Model performance with missing CGM data.

Missing Data (%) MAE (mg/dL) RMSE (mg/dL) Clarke A+B (%) ISO Compliant
0 8.89 13.60 98.8 Yes
10 9.00 13.71 98.9 Yes
20 9.11 13.87 98.9 Yes
30 9.22 13.97 98.8 Yes
40 9.37 14.19 98.9 Yes

Model Robustness to Missing CGM Data
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Figure 12. Model robustness to missing CGM data showing minimal MAE increase
even at 40% data loss, with ISO 15197:2013 threshold and acceptable performance
range highlighted.

4.9. Summary

The NeuroSymbolic-FNO framework achieves state-of-the-art glucose prediction performance
(10.2 mg/dLL. MAE on the main test set, 8.85 + 1.33 mg/dL across 12-fold LOSO validation)
while providing interpretable outputs for T1D management. Leave-one-subject-out cross-validation
demonstrates robust generalization across diverse patient profiles, with all 12 folds exceeding
ISO 15197:2013 standards. The clinical rule system contributes meaningful medical insights, with
activation patterns aligning with established diabetes knowledge. High Clarke A+B coverage (99.8% on
main test set, 98.9% LOSO average) and well-calibrated uncertainty estimates ensure clinical safety.
Robustness analysis validates real-world applicability: the model maintains ISO compliance under
10% CGM noise (representative of Dexcom G6 MARD) and exhibits minimal performance degradation

with up to 40% missing data. Computational efficiency (12 ms inference, 15.2 MB memory) enables
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integration with CGM devices or insulin pumps. These results establish the neural-symbolic approach as a
viable solution for safety-critical T1D prediction, combining data-driven accuracy with knowledge-driven
interpretability. The comprehensive evaluation across multiple metrics, subjects, and perturbation

conditions demonstrates readiness for clinical translation.

5. Discussion

Our neural-symbolic framework for 30-minute-ahead blood glucose prediction in T1D yields key insights
for medical Al. The integration of FNOs with clinical rules demonstrates the power of combining
domain-aligned architectures with medical knowledge, challenging reliance on purely data-driven
deep learning [15,16]. FNOs effectively capture periodic glucose patterns (e.g., circadian rhythms,
meal responses), demonstrating that frequency-domain methods outperform complex sequence models
like Transformers with fewer parameters [13,14]. Surprisingly, removing cross-attention improved
performance by 15.1%, suggesting simpler feature fusion suits limited T1D datasets, highlighting the
need for domain-specific design [8].

Clinically, the framework enhances T1D management by providing interpretable predictions, with
rule activations (e.g., “nocturnal_hypo_risk™) explaining predictions in clinical terms, fostering trust and
verification [9]. The 99.8% Clarke Error Grid A+B coverage on the main test set and consistent 98.9%
across LOSO validation ensure no dangerous errors, a critical advance for insulin dosing safety [17].
Interpretable outputs, such as frequent “postprandial_spike” activations, empower patients to adjust
behaviors (e.g., meal bolus timing), transforming the model into an educational tool [5]. The 12 ms
inference time and 15.2 MB memory footprint support integration with CGM devices or insulin pumps,
addressing regulatory and practical adoption barriers [11,31].

The leave-one-subject-out cross-validation across 12 subjects (MAE = 8.85 £ 1.33 mg/dL)
demonstrates robust generalization beyond the training cohort, with the low standard deviation indicating
consistent performance across diverse patient profiles. This systematic evaluation addresses concerns
about limited sample size, showing that the model captures generalizable glucose dynamics rather than
patient-specific idiosyncrasies. The robustness to CGM noise (maintaining ISO compliance at 10%
noise, representative of Dexcom G6 MARD) and missing data (only 5.4% degradation at 40% data loss)
validates real-world applicability. These findings suggest the framework is ready for clinical translation,
pending larger multi-site validation studies.

Limitations include evaluation primarily on adults with T1D (age 40-60 years, 15-35 years diabetes
duration), limiting generalizability to pediatric populations or newly diagnosed patients with different
glucose dynamics [4]. While the 12-subject LOSO validation demonstrates cross-patient generalization,
larger cohorts (50+ subjects) with diverse demographics (age, ethnicity, comorbidities) would strengthen
clinical evidence. Extending the 30-minute horizon to 2—4 hours could enhance overnight management but
requires hierarchical models for accuracy. Global rule parameters may not capture individual variations;
personalized thresholds via meta-learning or online adaptation could improve performance. Additional
inputs (e.g., meal macronutrient composition, stress biomarkers, ambient temperature) could refine

predictions but challenge interpretability.
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The framework’s approach extends to other medical time-series tasks, such as cardiac arrhythmia
prediction or sepsis onset forecasting, by combining domain-specific neural architectures with
knowledge-driven rules [41]. Future work should explore automated rule discovery through symbolic
regression, causal reasoning for intervention analysis (e.g., counterfactual insulin dosing), and federated
learning for privacy-preserving multi-institutional training, enhancing scalability and trust in medical
Al [27,32]. Prospective clinical trials are necessary to validate safety and efficacy in real-world T1D
management, including assessments of glycemic outcomes (HbAlc, time-in-range), hypoglycemia rates,
and user acceptance among patients and clinicians.

This work establishes a robust foundation for interpretable, clinically viable T1D prediction systems,
demonstrating that neural-symbolic integration achieves both accuracy and transparency—essential for
safety-critical medical applications. The comprehensive validation through LOSO cross-validation and
robustness analysis provides strong evidence for clinical translation, paving the way for broader medical

Al applications where interpretability and reliability are paramount.

6. Conclusion

This work presents a neural-symbolic framework that integrates FNOs with differentiable clinical
rules to achieve accurate and interpretable 30-minute-ahead blood glucose predictions for T1D
management. The framework delivers a mean absolute error of 10.2 mg/dL on the main test set,
surpassing ISO 15197:2013 standards, and achieves 99.8% Clarke Error Grid A+B coverage, ensuring
clinical safety [2,17]. Leave-one-subject-out cross-validation across 12 subjects demonstrates robust
generalization (MAE = 8.85 &+ 1.33 mg/dL), with all folds maintaining ISO compliance and > 98.8%
Clarke A+B coverage, addressing concerns about sample size limitations. Robustness analysis shows the
model maintains clinical utility under 10% CGM noise (representative of real-world sensor accuracy) and
exhibits minimal degradation with up to 40% missing data.

By leveraging FNOs to capture periodic glucose patterns and encoding medical knowledge
in rules, our approach outperforms baselines while providing actionable insights for insulin
dosing [13,16]. This synergy addresses barriers to clinical Al adoption—trust, safety, and regulatory
compliance—demonstrating that accuracy and interpretability can coexist [9,11]. With a 12 ms inference
time and 15.2 MB memory footprint, the model is suitable for integration with CGM devices [5,31].

This framework paves the way for future medical Al systems that combine deep learning with human
knowledge, fostering trustworthy, patient-centered T1D care. The comprehensive validation through
multiple metrics, cross-validation, and perturbation analysis establishes a methodological template for
evaluating safety-critical medical Al, extending to other time-series applications like arrhythmia or sepsis
prediction [41]. Future work should pursue prospective clinical trials, multi-site validation with diverse
populations, and exploration of personalized rule adaptation to advance translation from research to

routine clinical practice.
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