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Mathematical models of glucose-insulin dynamics are essential for managing type 1 diabetes. Their
applications extend to closed-loop control, forecasting glucose trajectories, anticipating and detecting
hypo- and hyperglycemia, and supporting real-time decision-making. In this work, we introduce
the Compartmental Recurrent Neural Network (COMP-RNN) model, which advances the Biologically-
Informed Recurrent Neural Network (BI-RNN) framework for glucose-insulin dynamics modeling. The
COMP-RNN extends the data-driven strengths of the BI-RNN by embedding physiological structure
directly into the model architecture. Specifically, it leverages structured RNNs aligned with canonical
physiological compartments and incorporates prior physiological knowledge into training through an
augmented cost function. The COMP-RNN is trained and validated on in silico cohorts. Compared
to both BI-RNN and a benchmark linear model, the proposed approach achieves higher predictive
accuracy and improved parameter efficiency, while better reflecting the underlying physiological
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1. Introduction

Type 1 Diabetes Mellitus (T1DM) is a chronic autoimmune
disorder marked by the destruction of pancreatic B-cells, lead-
ing to absolute insulin deficiency and persistent hyperglycemia.
Maintaining Blood Glucose (BG) within safe ranges is crucial yet
challenging, as glucose regulation is influenced by diverse and
rapidly changing factors such as insulin sensitivity, physical activ-
ity, nutrient absorption, and psychological stress (Katsarou et al.,
2017). Mathematical modeling has long played a central role in
understanding these dynamics and in supporting technologies
designed to automate insulin delivery. However, capturing the
nonlinear and time-varying nature of glucose-insulin interactions
remains a major challenge. Variability arising from uncertain
meal dynamics, fluctuations in insulin sensitivity, and circadian
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effects often limits the fidelity of existing models. Simplified ap-
proaches, such as compartmental models (Anderson, 2013), offer
analytical tractability but struggle to represent the complexity
and interdependence of biological processes, particularly under
the high variability in real-life conditions.

To overcome these limitations, Machine Learning (ML) has in-
creasingly been explored for glucose-insulin dynamics modeling.
In particular, gated Recurrent Neural Networks (RNNs) such as
Long Short-Term Memory (LSTM) (Hochreiter & Schmidhuber,
1997) and Gated Recurrent Unit (GRU) networks (Cho et al., 2014)
have demonstrated remarkable capabilities in learning complex
nonlinear systems by capturing intricate temporal dependencies.
RNNs have therefore become established tools in the field of
system identification (Ljung et al., 2020).

Despite the remarkable accuracies of RNNs in modeling dy-
namical systems, purely data-driven methods face critical bar-
riers in clinical use (Jacobs et al., 2024): their black-box nature
prevents physiological interpretability and limits robustness and
generalizability, which is essential for medical-grade applications
such as BG prediction, hypo-/hyperglycemia forecasting, and de-
cision support. These limitations motivate the development of hy-
brid approaches that integrate physiological knowledge with the
expressive power of recurrent neural networks (De Carli, Licini
et al, 2025). In this context, biologically-informed frameworks
have emerged as a promising direction, aiming to balance accu-
racy, interpretability, and reliability in glucose-insulin dynamics
modeling.
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Knowledge-guided machine learning aims to bridge this gap
by embedding domain expertise directly into ML approaches
(Karpatne et al., 2022). This is achieved through two main
paradigms: (i) Knowledge-Guided Learning (KGL), which soft-
incorporates knowledge during model training by augmenting
loss functions, as in the well-known case of physics-informed
neural networks (Raissi et al., 2019); (ii) Knowledge-Guided Ar-
chitecture (KGA), where knowledge is hard-coded directly into
the model structure. An example of KGA is demonstrated by
De Giuli et al. (2024), where a ML model accounts for the inner
topology of a district heating system. In a work by De Carli, Licini
et al. (2025), the focus was on the KGL approach for BG pre-
diction through gated RNNs, resulting in the Biological-Informed
RNN (BI-RNN) framework. However, the complementary KGA ap-
proach, i.e., designing a specific ML model architecture to reflect
the physiological structure, has yet to be applied to this problem.

In this work, we improve the BI-RNN framework by merging
the KGL methodology with a novel KGA approach, resulting in
the Compartmental RNN (COMP-RNN) model. This new model
hard-codes prior knowledge by embedding the compartmental
nature of glucose-insulin dynamics directly into its structure.
We show that this architectural advancement leads to a model
that is not only more accurate in its predictions but is also
significantly more parameter-efficient than the standard BI-RNN.
We validate these claims by developing and testing COMP-RNN
configurations of varying size with the original BI-RNN and a
linear model benchmark, confirming the benefits of our hybrid
KGL-KGA strategy.

The paper is organized as follows. We begin in Section 2 by
detailing the problem statement and our methodological frame-
work. We then present the BI-RNN model in Section 3 before
introducing the novel COMP-RNN architecture in Section 4. In
Section 5, we evaluate the performance of our models through
in silico validation. Finally, we conclude in Section 6 with a
discussion of our findings and future research directions.

NotATION. Let R and N denote the sets of real and natural
numbers, respectively, with 0 ¢ N. The sets of positive and non-
negative real numbers are denoted by R.¢ and R>¢. Forn,m € N,
R" represents the space of n-dimensional real column vectors,
and R™™ is the space of n x m real matrices. The Hadamard
(element-wise) product is denoted by o. For a set S, its cardinality
is written as |S|. Discrete-time signals sy are obtained by sampling
continuous-time ones s(t), s : R>p — R, as sy = s(kT), where
k € N is the time step and T € R.( is the sampling time.
5 € R designates the sample mean of a finite signal s. Boldface
denotes vectors. Component-wise sigmoid and hyperbolic tan-
gent functions of x, € R" are denoted as o(x;) and tanh(xy),
respectively. The ceiling function [-] maps a real number to its
smallest greater than or equal to integer. rand (S, n) denotes a
subset of S composed of n elements chosen uniformly at random.

2. Preliminaries

In this Section, after the problem statement, we present GRU
networks and their training procedure.

2.1. Problem statement

We consider the problem of modeling and identifying a
discrete-time dynamical system with inputs u, € R™,n, € N,
and outputs y, € R™, n, € N. Specifically, we are interested in
the modeling of glucose-insulin dynamics in the TIDM-patient
system, consisting of n, = 2 inputs u, = [, wel’, i.e., the
exogenous insulin delivery ¢, € R>o [U] and carbohydrate intake
1k € Rsp [g], and n, = 1 measurable output y,, namely the BG
concentration yy € Ry [mg/dL].
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2.2. Gated recurrent unit networks

GRU networks, introduced by Cho et al. (2014), are a RNN
architecture variant of LSTMs. They generally consist of L €
N stacked layers, each with ng) e N,I € {1,...,L}, hidden
units. In this work, we focus on single-layer GRU networks (L =
1); thus, we omit the layer-specific notation ) for clarity. This
choice is supported by prior studies on glucose-insulin dynam-
ics modeling (De Carli, Licini et al., 2025; lacono et al.,, 2023;
Mongini et al., 2025), suggesting that additional layers do not
significantly improve performance, whereas a properly regular-
ized shallow architecture effectively captures nonlinear dynamics
while preventing overfitting.

A GRU layer is a discrete-time nonlinear dynamical system
represented in state-space form with inputs uy, outputs y, and
state by € R™, also known as the hidden state. Three gating
operations control the dynamics of the hidden state: the reset
gate r, € R™, the update gate z; € R™, and the candidate hidden
state h, € R™. The gate equations are:

r, =o (W + Rhy + by) (1a)
zy = o (W,u, + R:hy + b,) (1b)
ilk = tanh (W,;uk +rygo (Rﬁhk) + bﬁ) s (1¢c)

where Wy € R™>™ are the input weights, R; € R™" are
the recurrent weights, and b; € R™ are the biases for g €
G ={r,z, fl}. Afterwards, the hidden state h; is mapped through
a Fully Connected (FC) layer to the final output y,. The over-
all system behavior is described by the following state-space
representation:

{ hei = (1 —2z) oy +zp 0 hy, (2a)
Y = Wyhi 1 + by, (2b)

where 1 (in bold) is the ny-dimensional vector of ones, (2a) is
the hidden state update equation, and (2b) describes the FC layer
mapping the hidden state ;. to the output vector y, with W), €
RW*™ and b, € R™ being the weight matrix and bias vector.
From a system-level perspective, we can rewrite Model (2) by
representing it in a layered form:

[ hi 1 = GRU(hy, wy), (3a)
Y = FC(Ryi1). (3b)
The GRU model in (3) relies on the following set of parameters:
0= {Wg»Rgvbg g8 € Q}U{Wy, by}» (4)

which are learned during training.

Remark 1. In this work, RNNs specifically denotes GRU networks
unless otherwise specified. Nonetheless, the presented method-
ologies are applicable to any RNN architecture characterized by a
hidden state hy and an arbitrary set of gates G.

2.3. Standard model training

We consider a dataset D = {P™}_ of V € N input-
output sequences, where D) = {(ul”, y{") fﬁg‘l is the vth
sequence with length NV e N, v e {1,...,V}. We divide
D into mutually exclusive training (D), validation (Dy,), and
test (D) subsets, serving for model estimation and performance
evaluation, respectively. We define the Mean Squared Error (MSE)

as the loss function £, which is minimized during training:

N1
1 1 R 2
MSE@: D)= — > | 1 2 Hy;”)— y§<”)(0)H2 . 5)
k=0

|D|
DeD
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where jlgf) (0) is the output of the network with parameters 6
for the vth sequence, and D being Dy in training. We train the
RNN following established iterative gradient-based optimization
methods from the literature (Goodfellow et al., 2016), i.e., by
updating an initial parameter set 6y over ¥ € N epochs, with each
epoch processing Dy in b € N mini-batches (b < |Dy|). We use
a learning rate t € R.o, which is multiplied by a decay factor
¢ € (0,1) every kgc € N epochs, effectively reducing the size
of parameter updates to aid parameter convergence. To improve
generalization, an early stopping strategy is used: every kv, € N
iterations, the MSE in (5) is computed on the validation set Dy,
and parameters are saved whenever validation error reaches a
new minimum. Furthermore, dropout is applied, a regularization
technique that prevents the model from overfitting by randomly
ignoring a fraction § € [0, 1) of neuron outputs during each
training iteration. The final model uses parameters 6* obtained
by the early stopping strategy with the best performance on Dy,.

3. Biological-informed RNN framework

This Section presents the BI-RNN framework (De Carli, Licini
et al,, 2025), detailing its underlying linear model, which also
serves as a benchmark in Section 5.

3.1. Linear compartmental model

Compartmental models are a set of ordinary differential equa-
tions, aimed to turn physiology into clear, conservation-based
dynamics: well-mixed subsystems exchange material, and states
remain nonnegative under nonnegative initial conditions and
inputs (Anderson, 2013). This simplicity keeps the model in-
terpretable in various applications, such as the endocrine sys-
tem description. In this work, we adopt the Linear-Time In-
variant (LTI) state-space form of the glucose-insulin system
presented by Ruan et al. (2017), which will later be used as a
reference. A 5-state model is built through the vector x(t) =
[y (£), x-1(t), x2(t), x= (1), x2(t)]T € RZ,, where y(t) [mg/dL]
is blood glucose concentration, i.e. the measured output y(t),
X(t) = [x“1(t), x*(t)]" [U/min] are the insulin compartments,
and **(t) = [x*(t), x2(t)]" [g/min] are the meal compart-
ments. The model inputs are exogenous insulin delivery ¢ (or, sim-
ply, insulin) and carbohydrate intake w (or, simply, meals), which
are combined in a vector as u(t) = [i(t), u(t)]". Fig. 1 sketches
the signal flow: insulin and meals drive their two-compartment
chains, which modulate glycemia. The transfer rate of each sub-
stance is modulated by the parameters P = {po,...,ps}, de-
scribed and identified via regularized least squares as in Abuin
et al. (2020). In addition, the model allows the estimation of the
Insulin-On-Board (IOB), i.e., the amount of insulin still active in
the body, as IOB(t) = p4(x“1(t) 4+ x“(t)), and the rate of glucose
appearance (Ra) in plasma due to meals as Ra(t) = psx*(t)
[mg/(dL-min)]. The dynamics read as:

X(t) = Ax(t) + Bu(t) + E, (6a)
y(t) = Cx(t), (6b)
with
P11 D2 0 p3 0

0 -p;' p;' 0 0
A=| 0 0o -p,' 0 o |,

o o0 0 -p' p5!

0 0 0 0 —p;'
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Fig. 1. Compartmental model for glucose-insulin dynamics.
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For implementation, we discretize this continuous-time model
via forward Euler, having the discretized state-space matrices as:
Aq = (I4+TA), B4 = TB, and Eq = TE, where I is the identity matrix
and T is the sampling time. This compact LTI formulation bal-
ances physiological meaning and simplicity, serving as a practical
benchmark for comparison.

3.2. Biological-Informed RNN (BI-RNN)

The BI-RNN model, as introduced by De Carli, Licini et al.
(2025), employs a standard KGL approach by modifying the pre-
diction target and minimizing an augmented, physiologically-
related loss. In this work, we follow the same core implementa-
tion, with some minor modifications to the loss computation and
the integration of a final suitable activation function on the out-
put. Instead of solely predicting glucose, BI-RNN models jointly
estimate glucose and the linear model’s insulin and meal states,
leading to the augmented output vector y, = [y,<,x§<T,xf:T]T,
which is consistent with the LTI model in Section 3.1 but imple-
mented using a standard RNN. Training minimizes an augmented
loss function, which accounts for both prediction error and phys-
iological knowledge from the linear model, ensuring the learned
dynamics adhere to biological constraints. We define the loss
function as:

L (0; P, Dy) = apLP (0; Dy) + apL® (0; P, Dy) + oL’ (0; Dyr)
(7)

where the data loss £P is the MSE, as in (5), between predicted
and real glucose y. The biological loss £® and auxiliary loss £*
augment the loss function to regularize the BI-RNN, promoting
adherence to biologically-meaningful behavior. ap, ap, s € Rsg
weigh the contribution of each term in (7). In detail, £® mea-
sures the misalignment between the BI-RNN’s predictions and the
biological LTI model in (6), computed as:
£80; P, Dw) = — 6P, Dy) (8)
Pul %
DWeDy
N2

2 (v) ) 2 2
OGP D) = 1 Y |Ady ©) + B+ Ea 5, @)
k=0

The auxiliary loss £* encourages the predicted states to follow
the LTI model’s response:
£H6; Dy) = — M (60; Dy) 9

Dul 5=
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Fig. 2. COMP-RNN architecture.

4, (V)
xk

1
M0 D) = e D

|'/\7(U)| ke N (V)

N =rand ({1,...,N® — 1}, [EN™T),

_ &;{sﬂs(v)(e)

)

T T
where & = ™ x“® T from the LTI model in Sec-

tion 3.1 is purposely added to the dataset D, &;*(0) is its
COMP-RNN prediction, and A is a randomly sampled subset
of points, comprising a fraction & € [0, 1] of the considered
sequence. V') is recomputed for each sequence during every £*
calculation.

Finally, to enforce non-negative predictions, the BI-RNN archi-
tecture incorporates a custom fully connected layer (FC ) that ap-
plies a modified rectified linear unit activation: y, = FC, (1) =
max(f), FC(hy1)), where 0 is the standardized zero threshold
(assuming data is standardized), computed component-wise as
the negative of the mean divided by the standard deviation of
the output data.

4. Compartmental RNN (COMP-RNN)

Now, we introduce the COMP-RNN model, an evolution of
the BI-RNN model described in Section 3.2. The key change lies
in the COMP-RNN architectural structure, reflecting physiological
compartmental topology (Ruan et al., 2017) by employing indi-
vidual RNN model compartments. Specifically, we denote with
RNN? an RNN system assigned to a physiological compartment
¢; the same is done for FC‘i. This architectural shift incorporates
a KGA approach into BI-RNNs, leading to models that leverage
both KGL and KGA methodologies. As detailed in Section 3.1,
the glucose-insulin system is partitioned into three primary sub-
systems: insulin (¢), meal (), and glucose (y), as depicted in
Fig. 2. We denote the set of compartments as ® = {t, u, y}.
The insulin and meal compartments process only their respective
input signals. In contrast, the glucose compartment receives and
elaborates processed signals from both the insulin and meal com-
partments, and mixes their effects. Consistent with the BI-RNN
model, the COMP-RNN input is u, = [i, ], and the output
isy, = [yk,x;T,xfT]T. Each compartment’s state th, ¢ €
@, is then mapped to its corresponding output via a dedicated
FCﬁ layer, as illustrated in Fig. 2. The state-space formulation
associated with the COMP-RNN amounts to:

h,,, = RNN'(H., u), (10a)

B, = RNN“(RY, o), (10b)
Y y [ Tope 71"

by, = RNN” { ., [ (R L ] 8 (10c)

X = FC, (M. (10d)

X =FCi (). (10e)

vie = FC (). (10f)
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Egs. (10a)-(10c) describe how inputs are processed within their

respective compartments, with corresponding updates in their
hidden states. We then obtain the COMP-RNN outputs separately
in Egs. (10d)-(10f) through FC_ layers, mapping each hidden
state to its output.

Thanks to this compartmental design, COMP-RNNs not only
enable independent modeling of insulin and meal dynamics but
also allow assigning an arbitrary number of hidden units n?
to each compartment according to its complexity. In this work,
however, we suggest setting ng equal for each ¢ € @ to ensure a
balanced learning capacity across each physiological subsystem.
Following the rationale in Section 2.2, each RNN? consists of a
single-layer GRU; since a shallow network is sufficient to model
the overall glucose-insulin interaction, the same depth is deemed
appropriate for the individual compartments. Moreover, the FC!_
and FC!, layers can be interpreted as neural encoders: they extract
the corresponding linear model states from each compartment’s
hidden state. During inference, if only the glucose prediction is
needed, these FC_ layers can be discarded, yielding a leaner,
modular network architecture.

The parameter set 6 of the COMP-RNN model is the union of
the parameters from each compartmental RNN and its associated
FC, layer, defined as:

0= WZ RS BEYU (WY, BD). (11)
ped.geg

We optimize 0 according to the training procedure in Section 2.3,
employing the same augmented loss function £ as the BI-RNN
model in (7).

Remark 2. For a given number of total hidden units, the COMP-
RNN has fewer parameters than a standard BI-RNN. This effi-
ciency comes from the compartmental division of the recurrent
weights, which mitigates their otherwise quadratic scaling of hav-
ing a single RNN. Assuming an equal distribution of hidden units
across compartments, the COMP-RNN in (10) has roughly 60% the
number of trainable parameters as the BI-RNN in Section 3.2, as
later shown in Section 5.4.

Remark 3. The linear model in (6) serves as a simplified yet
physiologically consistent reference for both the BI-RNN and
COMP-RNN architectures. More detailed formulations (e.g.,
Bergman, 1989, or Dalla Man et al.,, 2006) could be employed,
but would increase the number of compartments and model
parameters, thus complicating both the training process and
the resulting network structure. One of the long-term goals of
this framework is its integration within real-time control strate-
gies; the selected LTI model helps maintain an effective balance
between physiological fidelity and architectural simplicity.

5. Simulation results and discussion

This Section describes the framework utilized to assess the
improvement of the COMP-RNN w.r.t. the BI-RNN, including the
methodology for dataset generation, training procedures, and
performance assessment.

5.1. Experimental setup

We use in silico data generated from the simulated cohort
of 10 virtual adult patients from the commercial version of the
UVA/Padova T1DM simulator (Dalla Man et al,, 2014), which
incorporates circadian variations in insulin sensitivity according
to the model proposed by Toffanin et al. (2013); we apply uniform
input conditions to all patients and sample data at 5-minute
intervals. The training (D) and testing (D) datasets adhere to
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Fig. 3. Gof and RMSE across the 10 simulated patients between COMP-RNNs, BI-RNNs, RNNs and LTI models on test data.

the scenarios described in Messori et al. (2019) (Table 2, Table 3).
We derive the validation dataset (Dy, ) from a 14-day simulation
of three structured daily meals: 60 g carbohydrates at 7:00 and
12:00 and 80 g at 18:00, with a duration of 30 min for break-
fast and lunch, and 40 min for dinner. To enhance realism, we
introduce daily variability by randomly adjusting meal timings
by 4+20 min, portions by +20%, and durations by +10 min each
day. The insulin administration strategy is based on standard
basal/bolus therapy, where constant insulin is delivered at basal,
fasting conditions, and a corrective post-prandial injection (bolus)
is administered after a meal (Howorka, 2012). We deliberately
introduce clinical realism by miscalculating bolus doses (both
over- and under-estimations) and delaying their administration
by 5 to 30 min after the start of a meal.

5.2. RNN training

We standardize all data prior to network training and estimate
the parameters following the procedure in Section 2.3. We train
standard RNNs, BI-RNNs and COMP-RNNs for comparison, all con-
figured as GRU networks with total hidden units ranging from 12
to 96 in increments of 12. We denote configurations by their total
number of hidden units (e.g., COMP-RNNgg ). For the COMP-RNNSs,
we distribute these units uniformly across their compartments as
described in Section 4 (e.g., a COMP-RNNgg has n‘h” = 32 for each
compartment ¢ € @). Training runs for x = 1250 epochs using
b = 2 mini-batches with a learning rate of t = 0.02, decay factor
¢ = 0.8, decay interval kg = 500, and dropout rate of § = 0.1.
We employ the augmented loss in (7) with hyper-parameters
[ap, ap, ap] = [0.5, 0.25, 0.25] and £ = 0.5. Validation is carried
out every kyy = 15 iterations. These settings for BI-RNN and
COMP-RNN training are taken from De Carli, Licini et al. (2025).

5.3. Metrics for evaluation

We evaluate the models’ performance on a test sequence
DY) e Dy by means of the Root Mean Squared Error (RMSE)
and the Goodness of Fit (Gof) computed on the glucose prediction.
The RMSE") corresponds to the square root of the MSE in (5) for
a single sequence on predicted y, while the Gof™ is defined as:

(v)—1 v ~(v 2
\/Z’Lo (-7 o)

NO-T (@) — )2
\/Zkzo (Vk _V(U))

Gof) (%) = 100 | 1 . (12)

5.4. Results

The proposed COMP-RNN architecture demonstrates a clear
superiority across both RMSE and Gof metrics on the test dataset.
To assess statistical significance given the limited cohort size
(10 patients) and non-normal distribution of paired errors, we
employed a one-tailed Wilcoxon Signed-Rank test! (Wilcoxon,
1992). As illustrated in Fig. 3 and detailed in Table 1, COMP-RNNs
not only surpass the baseline linear model but also achieve sta-
tistically significant RMSE reductions (p-value < 0.05) compared
to the BI-RNNs (marked with *) and RNNs (marked with 1) in
various configurations. Performance for each network plateaus at
the mid-range hidden unit size (n, = 48), with no significant
improvement at the largest configuration, showing good perfor-
mance results at around 24 total hidden units. Fig. 4 illustrates
this remarkable performance, comparing each network type with
24 hidden units using the test scenario for the simulator patient
number 9.

However, the most critical advantage of the COMP-RNN is
revealed in its physiologically-plausible internal states. Fig. 4 also
displays the IOB and Ra from the predicted states of the BI-RNN
and COMP-RNN, showing good resemblance of the in silico equiv-
alent for the COMP-RNN: it is evident, particularly during the
third day of simulation, that the effect of meals is also influencing
the I0B prediction in the BI-RNN, which is not reasonable as IOB
should only depend on insulin for physiological consistency. The
COMP-RNN does not suffer from this unphysicological crosstalk:
its compartmental design enforces a decoupling of insulin and
meal dynamics, allowing physiological-compliant treatment of its
inputs.

To further validate the ability of COMP-RNN,,4 to accurately
infer the input-output relationships, we simulated specific input
sequences and examined the resulting glucose trends. As shown
in Fig. 5, the glucose level decreases in response to increased
insulin administration (i.e., after bolus injection) and increases
after carbohydrate intake, according to a correct physiological
response. This behavior is consistently observed across all virtual
patients in the cohort.

The last notable aspect is the COMP-RNN parameter efficiency:
as previously mentioned in Remark 2, COMP-RNN have about 60%
the number of parameters of the corresponding BI-RNN, which is
depicted in Fig. 6.

1 Symmetry was confirmed by ensuring the skewness coefficient remained
below 1 for all tested configurations, consistent with the thresholds for moderate
symmetry defined by Bulmer (1979).
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Table 1

Mean + standard deviation of Gof [%] and RMSE [mg/dL] on test data for
different network configurations (best in bold). The baseline linear model
achieves Gof = 13.2 + 8.7% and RMSE = 34.3 £ 10.7 mg/dL. Symbols denote
statistical significance (p-value < 0.05) of the RMSE reduction achieved by
COMP-RNNs compared to BI-RNNs (*) and standard RNNs () using a one-tailed
Wilcoxon Signed-Rank test.

ny Metric RNN BI-RNN COMP-RNN
12 GoF 452+ 127 4344115 446 + 8.4
RMSE 209+42 21.7+39 213+3.6
24 GoF 476 +10.4 47.1+13.3 52.5 4+ 10.3
RMSE 202 +45 20.34+4.9 18.1+ 3.0
36 GoF 47.4+8.7 50.1+ 10.9 532+6.8
RMSE 20.4+45 19.1+4.0 18.3+5.01
48 GoF 43.7 +16.2 495+ 12.4 57.5+7.6
RMSE 22.1+8.0 19.6£55 16.3 + 3.0°1
60 GoF 52.34+9.9 499+ 11.9 55.2+ 6.6
RMSE 18.5+ 4.6 19.4+55 17.5 + 4.4
7 GoF 39.6 + 19.4 50.5 + 11.4 56.8 +5.7
RMSE 229455 18.9+3.3 17.2 +6.81
84 GoF 47.0 +10.7 52.04+6.7 52.5 + 13.6
RMSE 206 +5.3 185+2.8 183455
% GoF 44.9+92 53.9+5.9 52.9+7.5
RMSE 214+ 46 17.9+4.2 18.4 +4.37

6. Conclusion
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Fig. 6. Number of parameters for each network configuration.

In this work, we evolve the KGL approach of the BI-RNN
framework by incorporating the KGA methodology through a
compartmental architecture, resulting in a hybrid COMP-RNN
model that better mirrors the nature of glucose-insulin dynamics.
Our in silico validation demonstrates the COMP-RNN superior
predictive performance alongside its greater parameter efficiency
over the prior BI-RNN model, rendering it a preferred candidate
for further developments. Furthermore, the COMP-RNN’s com-
partmental architecture offers a distinct advantage: by enforcing
a separation between meal and insulin dynamics, it eliminates
the unphysiological crosstalk that compromises the standard BI-
RNN model. Although the cohort size is limited to 10 patients,
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this corresponds to the entire adult population available in the
current commercial version of the UVA/Padova TIDM simula-
tor (Dalla Man et al., 2014). Despite this limitation, formal paired
statistical analysis indicates that the observed performance im-
provements are statistically significant across subjects, suggesting
that the benefits of the proposed architecture are consistent at
the population level rather than driven by isolated cases. While
the resulting impact on downstream clinical decision-making
may be incremental, these findings support the relevance of
the proposed modeling approach. The main limitation of this
study resides in the current COMP-RNN topology, which is, by
design, a simplification of the true physiological system. This
presents a clear path for future developments: the model mod-
ularity allows for direct extension, such as adding compartments
related to the physical-activity chain (Licini et al., 2024) or other
metabolic factors to create a more comprehensive whole-body
representation (Bergman, 1989). Further enhancements will focus
on applying specific properties to RNNs, such as stability guar-
antees (De Carli, Previtali et al., 2025), and implementing these
reduced-order models in control frameworks.
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