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Abstract
Preclinical evaluations of glycaemic control algorithms often rely on simulators that 
underestimate real-world metabolic variability, leading to overly optimistic performance. A novel 
type 1 diabetes (T1D) simulation framework, DT1-UAN v2, was developed to generate 
physiologically realistic and adaptive scenarios for an improved assessment of insulin therapies. 
DT1-UAN v2 integrates two disturbances of intrapatient variability: eight, stochastically 
parameterised insulin sensitivity (SI) patterns and sixty data-driven profiles for the rate of blood 
glucose appearance (Ra). Incorporating these features exposed vulnerabilities in insulin therapies 
that previously relied on static physiological parameters. In-silico trials on virtual T1D subjects, 
under both open- and closed-loop therapies, revealed contrasts between outcomes obtained with 
DT1-UAN v2 and the earlier DT1-UAN v1. Control strategies that appeared effective in static 
scenarios often produced different results in the enhanced framework, uncovering underestimated 
risks of post-prandial hypoglycaemia or sustained hyperglycaemia. These findings demonstrate 
that incorporating realistic SI and Ra variability is essential for rigorous preclinical testing, as 
simplified models can conceal clinically relevant risks. The proposed framework provides a 
valuable tool for identifying hidden design flaws and enabling the development of more adaptive, 
and safer control strategies for people with T1D. This enhanced realism provides a critical 
foundation for testing and optimising personalised insulin treatments.
Keywords: artificial pancreas, insulin sensitivity, rate of blood glucose appearance, realistic 
simulation, type 1 diabetes
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1. Introduction

Type 1 diabetes (T1D), a chronic autoimmune disease requiring intensive insulin therapy [1], is 
increasingly managed using automated insulin delivery (AID) systems [2–5]. Over the past two 
decades, the development of these closed-loop control (CLC) systems has been significantly 
accelerated by in-silico simulators, which provide a platform for preclinical testing [6, 7]. As noted in 
a recent state-of-the-art review by Cinar et al. [8], these simulators are the critical foundation for the 
next frontier in personalized medicine: the Digital Twin. However, the clinical utility of any digital 
twin is directly limited by the realism of its underlying simulation engine. A fundamental gap 
persists, as many current simulators, including the FDA-accepted UVA/Padova simulator [9–11], still 
operate under idealized conditions with static parameters, limiting their predictive power.

Control algorithms validated in such static environments may exhibit unexpectedly poor performance 
when faced with real-world metabolic variability, leading to systematically biased conclusions [12–
18]. Two of the most challenging disturbances for any CLC algorithm are the daily fluctuations in 
insulin sensitivity (SI) and the highly variable rate of glucose appearance (Ra) from meals [18–20]. 
While some simulators have addressed these factors in isolation [21–25], a unified framework that 
integrates both empirically derived Ra profiles and stochastic SI dynamics has been lacking. Indeed, 
the library of glucose absorption profiles used in this work, previously developed in [26], has already 
been employed by other research groups to validate virtual patient models in the context of Digital 
Twins [27], underscoring the need for increasingly realistic simulation tools.

To address this critical gap, this work presents the DT1-UAN v2: a significantly updated T1D 
simulation framework designed to challenge glycaemic control algorithms with a more faithful 
representation of intrapatient variability. The framework introduces two key architectural 
innovations: the integration of eight stochastically parameterized SI patterns and a comprehensive 
library of sixty data-driven Ra profiles. This dual focus on both low-frequency disturbances (circadian 
sensitivity) and high-frequency disturbances (meal digestion) provides a more stringent and versatile 
testbed for the preclinical evaluation of insulin therapies, enabling the development of more robust 
and adaptive control strategies for people with T1D.

2. Methods

2.1. Stochastic Insulin Sensitivity Dynamics

To implement intrapatient variability, eight patterns of SI were considered, based on a systematic 
protocol proposed by Visentin et al. [20], included in the UVA/Padova simulator [28]. These patterns 
were extracted based on data from a clinical study conducted in 20 PWT1D patients following a 
mixed diet protocol. Blood samples were analysed three times a day to measure glucose and insulin 
levels, leading to the identification of eight daily patterns of SI considering normalisation and 
classification processes.

2.1.1 Definitions

These SI patterns represent simplified categorization of circadian insulin sensitivity profiles, where 
each day is divides intro three-time intervals: breakfast (B) from 04:00 to 11:00 h, lunch (L) from 
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11:00 to 17:00 h, and dinner (D) from 17:00 to 04:00 h. Each step of the SI  pattern was categorized as 
either level “high” (h) or “low” (l) depending on whether the assigned SI value is above or below the 
subject’s daily basal average. This results in codified patterns such as h-h-l or l-h-h, where each letter 
indicates the SI level during B, L, and D, respectively (see Table 1). The SI values assigned according 
to the β for high level and α for low level parameters, respectively. Unlike the approach proposed by 
Visentin et al. [20], where β and α were fixed at 1.0 and 0.4, respectively. A random value into the 
ranges 1≤β≤2 and 0.1≤α≤1 was assigned to allow stochastic testing scenarios using the same virtual 
subject

Additionally, each value (either β or α) was slightly modulated by a random variable 𝛾, sampled from 
a normal distribution with µ = 1 and σ = 0.2 (see Eq. 1) following [20]. This modulation occurs 
through a multiplicative effect, where the assigned SI value is scaled by γ. As a result, even for the 
same classification (high or low), the final value varies across different steps. To ensure smooth 
transitions between steps in the SI pattern, cubic interpolation was applied during transition periods: 
from 2:30 h to 5:30 h, from 9:30 h to 12:30 h, and from 16:00 h to 19:00 h each day. This method 
was chosen to ensure a continuous transition between sensitivity levels, avoiding the physiologically 
unrealistic sharp changes that could introduce simulation artifacts. Figure 1 presents examples of SI 
pattern realizations.

Table 1. Stepwise approach of the insulin sensitivity (SI) patterns proposed by Visentin et al. [20], where 'h' denotes 
high and 'l' denotes low, and β and α are their assigned values.

SI Patterns#
   Breakfast-

Lunch-Dinner
Level Value

1 h-h-h β-β-β
2 h-h-l β-β-α
3 h-l-h β-α-β
4 h-l-l β-α-α
5 l-h-h α-β-β
6 l-h-l α-β-α
7 l-l-h α-α-β
8 l-l-l α-α-α

 
Figure 1 (left) illustrates one possibility of patterns 2, 4, and 7 from Table 1, providing a visual 
representation of the above definition. Figure 1 (right) compares one possibility of pattern 2 before 
(blue dashed line) and after incorporating random variations of Eq. 1 (blue solid line).

Notably, even when two steps are classified as "high" (h), their values may differ due to the 
multiplicative effect of the random variable 𝛾. For instance, in Figure 1 (right) the breakfast interval, 
the variation is 0.97, whereas in the lunch interval, it is 1.13. This means that despite having multiple 

𝛾 =  𝑁 (µ, 𝜎2) (1)
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occurrences of "h" or "l" in a pattern, their specific values depend on the scaling effect introduced by 
𝛾. Depending on the magnitude of this variation, the difference between "l" and "h" may be 
substantial or minimal, as observed in Figure 1.

2.2.2 Implementation
The glucose–insulin model developed by Dalla Man et al. [25], and employed in DT1-UAN v1 [13] 
(Appendix A), describes that insulin-dependent glucose utilisation (Uid) and endogenous glucose 
production (EGP) depend on the rate of glucose utilisation by tissues (Vmx) and the rate of glucose 
production by the liver (kp3), respectively, affecting the blood insulin concentration (Eq. A.20 – Eq. 
A.27). Therefore, Uid and EGP depend on SI. To achieve a realistic variation in Uid and EGP, Vmx  
and kp3 should vary over time following a specific SI pattern and its corresponding “high” and “low” 
levels. Making these parameters vary over time allows for more realistic behaviour for a cohort of 
virtual subjects [20]. In this way, insulin sensitivity is modified, and its effect will be evaluated 
compared to a so-called Pattern 0 without variation of DT1-UAN v1; this comparison is later shown 
in Section 3 of this manuscript.

Figure 1 Twenty-four-hour of smoothed SI patterns. Left: pattern 2 with β = 1.9 and α = 0.4 (orange solid line), 
pattern 4 with β = 1 and α = 0.3 (purple dashed line), and pattern 7 with β = 1.5 and α = 0.5 (black dotted line). Right: 
smoothed pattern 2 with β = 1 and α = 0.5 (solid line) and its primary stepped pattern (dashed line)

2.2. Data-Driven Meal Absorption Library

To incorporate realistic dynamics of Ra into the DT1-UAN v1 simulator, a library of sixty data-based 
profiles representing several conventional (daily-life) meals was adapted from the MICELab group 
works [26]. This library was built using Bayesian identification methods from clinical study data [29, 
31]. Each meal includes the meal composition, ingredients, and the corresponding Ra profile labelled 
as Cn, where n represents the meal ID number.
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The library includes the meal composition of fat, protein, fibre, energy, and carbohydrate (CHO) 
content. They are categorised as “large”, “medium”, “small”, or “fast” based on their absorption 
speed and glycaemic index. This provides valuable information on how each meal can affect 
postprandial blood glucose (BG) levels. Examples of a conventional meal of each category are 
illustrated in Figure 2a. Meals with a low glycaemic index produce a slower and more sustained BG 
response, and conversely, meals with a high glycaemic index are rapidly absorbed and lead to a quick 
increase in BG levels, making them useful as a source of quick energy in cases of hypoglycaemia 
[30].

Each data-based Ra profile in this library consists of 85 values representing samples every 5 minutes, 
which corresponds to 7 hours from the start of meal consumption. When a meal ID is chosen, the 
corresponding data-based Ra profile is retrieved from the library, and a linear interpolation is used to 
obtain samples every minute. To smooth out the tail of each profile and avoid a sudden ending at zero 
after the 7 hours, cubic interpolation is applied in the realization (see Figure 2a). This approach 
ensures a gradual and physiologically plausible decline to baseline, preventing an abrupt termination 
of glucose absorption that would not occur in reality. This ensures a gradual decline in Ra values until 
they reach zero, adding approximately 2 additional hours to the signal. Consequently, the total 
duration of the Ra profile extends to approximately 9 hours, allowing a more physiologically realistic 
transition to baseline.
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Figure 2 a. Representation of the rate of blood glucose appearance of conventional meals from each category 
considered in the library: “large” (cyan), “medium” (pink), “small” (blue), and “fast” (green), along with the 
corresponding tail interpolations (shadowed). b. Consolidated trace of the Ra profile (blue). Individual Ra traces (C1 at 
7:00 h, C2 at 13:00 h and C3 at 19:00 h) merged in a unique trace

In case of a simulation involving multiple meals, the corresponding Ra profiles are retrieved and 
applied according to the consumption timing schedule of the in-silico test. When two profiles 
intersect, they are combined by summing up their values at each time point to generate a single data-
based Ra profile. Subsequently, this profile is multiplied by the fraction of absorbed carbohydrates (f 
parameter) and divided by the patient’s weight in kilograms (𝑊) (see Eq. 2). 

𝑅𝑎(𝑡) = 𝑓𝑎 × data - based 𝑅𝑎 𝑝𝑟𝑜𝑓𝑖𝑙𝑒 (𝑡) ×
𝑓
𝑤 (2)

Thus, each virtual subject implements a personalized data-based Ra profile according to its particular 
physiological characteristics. This procedure is consistent with the one employed in the carbohydrate 
absorption model implemented by the UVA/Padova simulator [12, 28].
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Figure 2 b shows the consolidated data-based Ra profile and the corresponding individual profiles for 
three meals: C1 “Standard breakfast” of 70.3 g CHO at 7:00 h; C2 “Pasta with high sunflower oil 
content” of 75 g CHO at 13:00 h; and C3 “Pasta with tomato sauce” of 50 g CHO at 19:00 h.

According to [22], the area under the curve (AUC) of Ra (see Eq. 3) indicates how many 
carbohydrates of the ingested meal D are transported from the intestine to the blood during time T 
(min) considering the fraction of carbohydrates absorbed associated to the f parameter.

𝑇

0
𝑅𝑎(𝑡)𝑑𝑡 = 𝑓𝐷 (3)

However, unlike the Ra profile obtained using the carbohydrate absorption model in the UVA/Padova 
simulator, the amount of carbohydrates absorbed in each conventional meal from the library [22, 29] 
did not fully align with Eq. 3, resulting in an average percent error of 10.17% ± 0.102. 

To address this discrepancy, a systematic adjustment factor (𝑓𝑎) was derived to align the data-based 
profiles with the total expected glucose absorption. For each of the 60 profiles, the AUC of the data-
based Ra was calculated. This value was then compared to the theoretical total absorbed 
carbohydrates (𝑓𝐷, from Eq. 3). The ratio of the theoretical amount to the data-derived AUC was 
computed for each meal, and the average of these 60 ratios yielded the final adjustment factor, 𝑓𝑎
=1.10165. Applying this uniform scaling factor to all profiles in the library systematically corrects for 
the average discrepancy in the original dataset. This reduced the average percent error to 1.33% ± 
0.007 [31] (see Eq. 2).

3. Results

3.1 Evaluating the new realistic features of the simulator

To evaluate the new realistic behaviour of virtual subjects, namely, patterns of insulin sensitivity SI 
and data-based profiles of conventional Ra, four in-silico tests were conducted. These tests were 
divided into two groups to address separate realistic effects. The first one includes three tests, and the 
second one includes one test. Each test is detailed as follows.

In the first group, all tests were performed on a single virtual adult subject available in the 
commercial version of the UVA/Padova simulator (Section 4.1), over a 24-hour scenario to evaluate 
the effects of both the SI and Ra profiles. According to [12], this virtual subject has a weight of 80.34 
kg, kp3 of 0.0118 mg/kg/min per pmol/litre, Vmx of 0.1297 mg/kg/min per pmol/litre, and an optimal 
basal insulin of 1.39 IU/h. Each test was designed to evaluate both individual and combined 
behaviour with and without the implemented features.

The first test examined the effect of different SI patterns on the subject’s glycaemia excursions. The 
second one, examined the effect of using a library of conventional meals compared to meals from the 
model-based UVA/Padova simulator; that is, data-based vs model-based Ra profiles. Finally, the third 
test examined the accumulated effects on glucose and insulin concentrations under OLC and CLC 
therapies.
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The fourth test, belonging to the second group, was conducted exclusively in CLC over 24 hours on 
the complete cohort of adult virtual subjects available in the commercial version of the UVA/Padova 
simulator (Section 4.2). Adult #007 was excluded due to unrealistic characteristics [32]. In this test, 
both features were employed simultaneously, thus evaluating the simulator’s behaviour for a group of 
subjects in a test for insulin therapy.

The OLC therapy considered was based on a constant rate of basal insulin infusion, optimised for 
each subject, no correction bolus, and specific boluses based on the 1700 rule. This rule is computed 
automatically in the UVA/Padova simulator and was based on the carbohydrate factor (CF), 
carbohydrate rate (CR), and the total daily insulin (TDI) estimated from basal infusion and CR [28].

The CLC therapy considered was based on the PD-basal controller used in [15], which employs a 
fully automated insulin infusion system with a glycaemic target of 120 mg/dL. It provides insulin 
doses proportionally to the BG levels and to the rate of change of these levels. Unlike a PID 
controller, the PD-basal controller does not employ an integral action but a constant basal insulin to 
correct steady-state error. No additional safety systems were implemented.

3.1.1 Evaluations in a single adult virtual subject

Behaviour of circadian variation in insulin sensitivity 

For illustrative reasons, SI  patterns 2, 4, and 7 (Table 1) were chosen to observe their effect on 
glucose with respect to no variations in SI (pattern 0 of DT1-UAN v1), see Figure 1. A constant basal 
rate of insulin was administered without meals. Figure 3 shows the BG levels obtained after 
implementing each SI pattern. The first row shows the outcome when SI pattern 0 is used, followed by 
realistic patterns: SI pattern 2 with β = 1 and α = 0.5 (second row), SI pattern 2 with β = 1.9 and α = 
0.4 (third row), SI pattern 4 with β = 1 and α = 0.3 (fourth row), and SI pattern 7 with β = 1.5 and α = 
0.5 (last row).

When using SI pattern 0 glucose remains constant at 120 mg/dL (glycaemic target by default), 
however under SI pattern 2, 4 and 7 glucose tends to fluctuate between 81.84 mg/dL and 155.85 
mg/dL, depending on the case. These fluctuations allude to the patient experiencing variations on 
insulin sensitivity, leading to lower glucose levels around 80 mg/dL, or, conversely, resulting in 
higher BG levels.
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Figure 3 Blood glucose levels obtained over 24 hours under several SI patterns for a virtual subject using the same 
constant basal insulin in all cases

Behaviour of realistic profiles of the Rate of glucose appearance 

Regarding the impact of the library of conventional meals, the adult virtual subject was simulated 
from 11:00 h to 18:00 h in two scenarios integrating data-based and model-based Ra profiles, 
respectively. These interventions were conducted using an OLC therapy with a predefined CF for 
each meal and the SI pattern 0 (without variation).

In the first scenario (data-based Ra profile), the meal plan comprised lunch (spaghetti with tomato, 
cheese, and lentils, totalling 87 g of CHO) classified as “fast” and ingested at noon; dinner (baked 
potato, gelatine, and turkey breast, totalling 45 g of CHO) classified as “medium” and ingested at 
22:00 h; and finally, a dessert (biscuit with fat-free yoghourt, totalling 94 g of CHO) classified as 
“large” and ingested at 17:00 h. The second scenario (model-based Ra profile) used the carbohydrate 
absorption model implemented in the UVA/Padova simulator, the same as DT1-UAN v1, using 
identical amounts of CHO. 

Figure 4 presents the Ra profiles and corresponding BG traces obtained with the library of 
conventional meals (data-based) and with the original UVA/Padova simulator meals (model-based). 
While model-based Ra profiles showed consistent dynamics that varied only in proportion to the 
amount of CHO, with most of the carbohydrates being absorbed at the beginning of meal ingestion, 
data-based Ra profiles exhibited a prominent variability. For example, the first meal, a “fast” one 
profile, is absorbed quickly over time, while the second meal, a “medium” one profile, shows a meal 
absorption prolonged over time. An increased risk of hypoglycaemia was ultimately observed with 
the data-based Ra profiles.
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Figure 4 Blood glucose comparison between data-based and model-based Ra profiles. Above the model-based (black 
line) and data-based (purple line) Ra profiles, and below the corresponding blood glucose concentration of a subject 
under the same open-loop therapy.

Behaviour of combined effects

In this test, both OLC and CLC therapies were implemented over 24 hours. The in-silico trial started 
at 15:00 h, and SI pattern 2 with β = 1 and α = 0.5 was used. In case of realistic meals (data-based Ra 
profiles), plan consisted of lunch - boiled rice, corn, and turkey breast - comprising 50 g of CHO at 
16:00 h, and dinner - pasta, tomato sauce, oil, and psyllium - comprising 50 g of CHO at 22:00 h. 
Both meals are classified as “medium” in the library. In case of model-based Ra profiles, meals of 50 
g were considered for consistency.

Four scenarios were considered: “data-based Ra profile with SI pattern 2”, “data-based Ra profile with 
SI pattern 0”, “model-based Ra profile with SI pattern 2”, and “model-based Ra profile with SI pattern 
2”. Results are depicted in Figure 5, showing the BG response and insulin infusion using OLC and 
CLC insulin therapies in each scenario.

Figure 5a depicts the rate of glucose appearance related to both meals of 50 g CHO ingested at 16:00 
h and 22:00 h. Figure 5b shows the insulin sensitivity of SI pattern 0 and 2. Figure 5c and 5E show 
the insulin infusion rates resulting from the OLC and CLC therapies applied. Finally, Figure 5d and 
5f show the BG concentrations under OLC and CLC therapies, respectively.

Regarding the OLC therapy, a basal insulin concentration of 1.4 IU/h remained unchanged along with 
two identical prandial boluses, each of 4.13 IU. Conversely, the CLC exhibited varying insulin 
delivery rates. In “model-based Ra profile with SI pattern 0” scenario, insulin peaks of 9.8 IU/h were 
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observed in both meals followed by insulin suspensions (0 IU/h) lasting approximately two hours. A 
similar behaviour was observed in “model-based Ra profile with SI pattern 2” scenario. 

On the other hand, postprandial insulin peak rates of 4.6 IU/h vs. 4.6 IU/h and 3.6 IU/h vs. 3.8 IU/h 
(approximately half of the value obtained with conventional meals), were observed in “data-based Ra 
profile with SI pattern 0” and “data-based Ra profile with SI pattern 2” scenarios, respectively. 
Consequently, shorter periods of insulin suspension were obtained with respect to model-based Ra 
cases.

The resulting glycaemic traces show that the waveform of the postprandial BG response was 
substantially altered by the different scenarios. As seen in Figure 5d and 5f, under both OLC and 
CLC, the "model-based Ra with SI pattern 0" scenario resulted in sharp postprandial peaks that 
returned towards the baseline relatively quickly. In contrast, the scenarios incorporating data-based Ra 
profiles led to broader, and in some cases, delayed glycaemic excursions. Specifically, under CLC 
(Figure 5f), the combination of "data-based Ra with SI pattern 2" resulted in a prolonged period of 
hyperglycaemia after the second meal, a behaviour not observed in the simplified scenario. This 
demonstrates a marked difference in the closed-loop system's observed performance that is dependent 
on the level of realism incorporated into the simulation.

Figure 5 Study results for “data-based Ra profile with SI pattern 2”, “model-based Ra profile with SI pattern 0”, 
“model-based Ra profile with SI pattern 2”, and “data-based Ra profile with SI pattern 0”. a) Data-based and model-
based Ra profiles. b) SI patterns 0 (constant) and 2 (variable). c) Open-loop insulin infusion rates. d) Open-loop blood 
glucose levels. e) Closed-loop insulin infusion rates. f) Closed-loop blood glucose levels
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Evaluation in a cohort of virtual subjects

In this test, two scenarios using the same CLC therapy for 24 hours beginning at 7:00 h were 
implemented over the cohort of 10 adult virtual subjects. The first one included data-based Ra profile 
with SI pattern 2 with β = 1 and α = 0.5, and the second included model-based Ra profile with SI 
pattern 0 (no variations).

The meal plan consisted of breakfast - oat cereal, milk, strawberry jam, and orange juice - classified 
as “medium” and comprising 69 g of CHO at 7:00 h, followed by lunch - pasta with a high content of 
sunflower oil - classified as “large” comprising 75 g of CHO at 13:00 h, and finally, dinner - pasta 
and tomato sauce - classified as “medium” comprising 50 g of CHO at 19:00 h. In case of model-
based Ra profiles, identical amounts of CHO at the same timing were used. Figure 6 shows the results 
obtained. Additionally, Table 2 presents a comparison of several glycaemic control indicators 
computed from this test.

Figure 6 Simulation performance of two scenarios involving 10 adult virtual subjects with the same CLC therapy. 
Left, consolidated results from a test scenario with model-based Ra profiles and SI pattern 0. Right, consolidated 
results from a test scenario with data-based Ra profiles and SI pattern 2. a) and b) show the corresponding SI pattern, c) 
and d) show the corresponding rate of glucose appearance, e) and f) show the corresponding blood glucose 
concentration, g) and h) show the corresponding insulin infusion rate. Blue shadow represents the standard deviation 
obtained

Overall, the results highlight the differences between version v1 and v2 incorporating realistic 
features regarding SI and Ra. Results show that postprandial peaks obtained with the model-based 
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Ra profiles (v1) are significantly greater than those using the data-based Ra profiles (v2), 9.45 
mg/min/kg vs. 5.05 mg/min/kg, respectively, see Figure 6 c) and 6 d). 

In v2, a higher risk of hyperglycaemia was observed, especially for the third prandial event. Here, a 
BG of 185.37 mg/dL (attributed to the overlap of the independent profiles) was observed in the v2, 
whereas 175.89 mg/dL in the v1. Table 2 resumes several glycaemic indicators, revealing a greater 
risk of hypoglycaemia (LBGI) in the v1 simulation, in addition to a greater time above range (TAR), 
and a fewer time below range (TBR) and time in range (TIR). Marked differences are observed 
between both simulations, highlighting a higher average BG and lower interpatient variability for the 
v2 compared to the v1.

Table 2. Glycaemic indicators (mean ± standard deviation) obtained with the DT1-UAN simulator version v1 and v2 
using the same CLC therapy 

Variable v1 v2

Absolute 
relative 

difference 
(%)

LBGI 0,84 ± 1,83 0,00 ± 0,00 100 ± 100
Average BG (mg/dL) 127,41 ± 13,15 162,44 ± 7,18 21,56 ± 83,15

Insulin infusion rate 
(IU/h)

1,8 ± 0,86 1,66 ± 0,49 1,87 ± 161,11

Ra (mg/min/kg) 1,63 ± 0,47 1,60 ± 0,18 1,87 ± 161,11

TAR (%) 14,51 ± 3,23 32,18 ± 11,71 54,91 ± 72,42

TIR (%) 82,28 ± 6,07 67,82 ± 11,71 21,32 ± 48,16

TBR (%) 3,2 ± 7,41 0,00 ± 0,00 100 ± 100

4. Discussion

4.1. A More Rigorous Validation for Glycaemic Control 

The results of this study demonstrate that incorporating realistic intrapatient variability does not 
merely refine glycaemic outcomes but fundamentally alters the assessment of an insulin therapy's 
performance and robustness. The central finding is that simplified simulators, like the DT1-UAN v1, 
can mask significant clinical risks that only become apparent under more dynamic conditions. Our 
comparative in-silico trials (Figures 4-6) revealed that control strategies appearing adequate in a static 
environment can lead to adverse events, such as sustained hyperglycaemia or postprandial 
hypoglycaemia, when subjected to the variability introduced in the DT1-UAN v2. This finding 
underscores the critical importance of using realistic testbeds to avoid systematically biased 
conclusions about an algorithm's real-world efficacy.

The divergent outcomes are attributable to the distinct challenges posed by the two integrated 
features. The data-driven Ra profiles introduce high-frequency, unpredictable disturbances related to 
meal absorption, directly influencing postprandial control and immediate hypoglycaemia risk. In 
contrast, the stochastic SI patterns introduce low-frequency, drifting changes in the patient's metabolic 
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state, testing a controller's ability to adapt over longer periods and prevent sustained glycaemic 
excursions. A truly robust CLC system must effectively handle both types of perturbations. The CLC 
controller used in this study served as a methodological probe to highlight this issue: its performance, 
nearly ideal in the simplified scenario, degraded when faced with combined Ra and SI variability, 
revealing potential synchronization flaws. This confirms that the safety and efficacy of a control 
strategy are tightly coupled to the realism of its testing environment.

4.2. A Foundational Step Toward Digital Twins and Future Work

Beyond algorithm validation, the DT1-UAN v2 framework serves as a foundational step toward the 
development of clinically useful Digital Twins. As Cinar et al. [8] identify, therapy personalization is 
a key objective for which digital twins are the primary enabling technology. The relevance of our 
framework as a foundation for this next-generation technology is not merely theoretical. An effective 
Digital Twin must replicate an individual's unique stochastic variability (our SI module) and their 
response to real-world perturbations (our Ra library). The value of these components is explicitly 
highlighted by the work of leading groups such as Colmegna et al. (2020), who utilized the data-
driven meal library from our previous work [26] to challenge and validate their own virtual patient 
models [27]. Therefore, by formally integrating both of these critical variability sources into a unified 
platform, the modular architecture of DT1-UAN v2 provides a proven and robust foundation upon 
which future personalized digital twins can be built.

Future work will focus on enhancing this physiological fidelity and clinical applicability. Key 
limitations to be addressed include expanding the inter- and intrapatient variability by allowing 
dynamic transitions between SI patterns and incorporating individual modulation of meal absorption 
dynamics. Further development will also involve strengthening the open-loop therapy simulation 
with logic-based bolus adjustment recommendations and pursuing formal clinical validation of the 
simulator against data from PWT1D cohorts. Finally, improving the framework's usability with a 
cross-platform user interface and expanding the meal library to reflect diverse nutritional patterns will 
broaden its applicability in clinical, academic, and educational contexts, including its potential 
integration with AI tools for predictive modelling and decision support [33-37]. These advancements 
will continue to accelerate the path toward safer and more effective personalized therapies for T1D.

5. Conclusions

This study introduces and evaluates a novel enhanced T1D simulation framework that integrates 
stochastic insulin sensitivity patterns and data-driven meal profiles to better represent the metabolic 
variability of daily life. Through the parametrisation of SI and Ra in the DT1-UAN v2 simulator, the 
framework supports therapeutic assessments under more realistic scenarios. 

Conventional, simplified simulators can mask significant clinical risks, such as postprandial 
hypoglycaemia or poor controller synchronization, and may lead to overly optimistic assessments of 
an algorithm's performance. In contrast, introducing variability in Ra and SI exposes potential 
synchronisation issues that can impact glycaemic control [38].
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Ultimately, this work provides a valuable tool to support the design and validation of safer, precise, 
adaptive, and effective strategies for managing type 1 diabetes. By providing a platform to stress-test 
algorithms against real-world variability, this work accelerates the path toward truly personalized 
therapy systems and the realization of effective digital twins for diabetes management.

Appendix A

Glucose Subsystem

𝐺𝑝 = 𝐸𝐺𝑃(𝐺𝑝,𝐼𝑑,𝐻𝑑) + 𝑅𝑎 ― 𝑈𝑖𝑖 ― 𝐸(𝐺𝑝) ― 𝑘1𝐺𝑝 + 𝑘2𝐺𝑡 (A.1)

𝐺𝑡 = ― 𝑈𝑖𝑑(𝐺𝑝,𝐺𝑡,𝑋) + 𝑘1𝐺𝑝 ― 𝑘2𝐺𝑡 (A.2)

𝐺 =
𝐺𝑝

𝑉𝐺
(A.3)

Insulin Subsystem

𝑋𝑖𝑙 = [ ― (𝑚2 + 𝑚4) 𝑚1
𝑚2 ―(𝑚1 + 𝑚3)]𝑋𝑖𝑙 + [1

0]𝑅𝑎𝑖(𝑡)  𝑋𝑖𝑙 = [𝐼𝑝
𝐼𝑙]                    (A.4)                                

𝐼(𝑡) = [ 1
𝑉𝑖

0]𝑋𝑖𝑙    𝑋𝑖𝑙(0) = [𝐼𝑝𝑏
𝐼𝑙𝑏]                                                                         (A.5)

Ingested Glucose

𝐶𝑎(𝑡) =
𝐷

Δ𝑇𝑚
(𝑢 (𝑡 ― 𝑇𝑚) ― 𝑢(𝑡 ― (𝑇𝑚 + Δ𝑇𝑚)) ) (A.6)

Oral Absorption Model

𝑄𝑠𝑡𝑜 =  𝑄𝑠𝑡𝑜1 + 𝑄𝑠𝑡𝑜2 (A.7
)

𝑄𝑠𝑡𝑜1 = ― 𝑘𝑔𝑟𝑖𝑄𝑠𝑡𝑜1 + 𝐼𝐺(𝑡)               𝑄𝑠𝑡𝑜1(0) = 0 (A.8
)

𝑄𝑠𝑡𝑜2 = ― 𝑘𝑒𝑚𝑝(𝑄𝑠𝑡𝑜)𝑄𝑠𝑡𝑜2 + 𝑘𝑔𝑟𝑖𝑄𝑠𝑡𝑜1               𝑄𝑠𝑡𝑜2(0) = 0 (A.9
)

𝑄𝑔𝑢𝑡 = ― 𝑘𝑎𝑏𝑠𝑄𝑔𝑢𝑡 + 𝑘𝑒𝑚𝑝(𝑄𝑠𝑡𝑜)𝑄𝑠𝑡𝑜2               𝑄𝑔𝑢𝑡(0) = 0 (A.1
0)

𝑅𝑎(𝑡) =
𝑓𝑘𝑎𝑏𝑠𝑄𝑔𝑢𝑡

𝐵𝑊
(A.1

1)
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𝑘𝑒𝑚𝑝(𝑄𝑠𝑡𝑜) = {𝑘𝑚𝑖𝑛 +
𝑘𝑚𝑎𝑥 ― 𝑘𝑚𝑖𝑛

2 𝑘𝑒(𝑄𝑠𝑡𝑜)                                𝐷𝑛 > 𝐷𝑡ℎ

𝐷𝑡ℎ

𝐷𝑛
(𝑘𝑚𝑖𝑛 +

𝑘𝑚𝑎𝑥 ― 𝑘𝑚𝑖𝑛

2 𝑘𝑒(𝑄𝑠𝑡𝑜))                  𝐷𝑛 ≤ 𝐷𝑡ℎ

(A.1
2)

𝑘𝑒 = tanh(𝛼(𝑄𝑠𝑡𝑜 ― 𝑏𝐷𝑛)) ― tanh(𝛽(𝑄𝑠𝑡𝑜 ― 𝑐𝐷𝑛)) + 2 (A.1
3)

𝐷𝑛 = 𝐷 + 𝑄𝑠𝑡𝑜(𝑇𝑚) (A.1
4)

Glucagon Kinetics and Secretion

𝐻(𝑡) = ―𝑛𝐻 + 𝑆𝑅𝐻          𝐻(0) = 𝐻𝑏 (A.15
)

𝑆𝑅𝐻 = 𝑆𝑅𝑑
𝐻(𝐺𝑝,𝐺𝑡,𝐼𝑑,𝐻𝑑) + 𝑆𝑅𝑠

𝐻 (A.16
)

𝑆𝑅𝑑
𝐻(𝐺𝑝,𝐺𝑡,𝐼𝑑,𝐻𝑑) = 𝛿 max ( ―

𝐺𝑝

𝑉𝑔
,0) (A.17

)

𝑆𝑅𝑠
𝐻 = ―𝜌𝑆𝑅𝑠

𝐻 + 𝜌𝐺𝑆𝑅𝐻(𝐺,𝐼) (A.18
)

𝐺𝑆𝑅𝐻(𝐺,𝐼) = {max (𝜎(𝐺𝑡ℎ ― 𝐺)
𝐼 ― 𝐼𝑡ℎ + 1 + 𝑆𝑅𝑏

ℎ,0)                    𝑖𝑓    𝐼 ≥ 𝐼𝑡ℎ

𝑚𝑎𝑥(𝜎(𝐺𝑡ℎ ― 𝐺) +  𝑆𝑅𝑏
ℎ,0)                 𝑖𝑓  𝐼 < 𝐼𝑡ℎ

(A.19
)

Endogenous Glucose Production

𝐼𝑑 = ― 𝑘𝑖(𝐼𝑑 ― 𝐼𝑖)           𝐼𝑑(0) = 𝐼𝑏 (A.20)

𝐼1 = ― 𝑘𝑖(𝐼1 ― 𝐼)           𝐼1(0) = 𝐼𝑏 (A.21)

𝐻𝑑 = ― 𝑘ℎ𝐻𝑑 + 𝑘ℎ𝑚𝑎𝑥((𝐻 ― 𝐻𝑏),0)           𝐻𝑑(0) = 0 (A.22)

𝐸𝐺𝑃(𝐺𝑝,𝐼𝑑,𝐻𝑑) = max (𝑘𝑝1 ― 𝑘𝑝2𝐺𝑝 ― 𝑘𝑝3𝐼𝑑 + 𝜀𝐻𝑑,0) (A.23)

Glucose Utilization

𝑋 = ― 𝑝2𝑢𝑋 + 𝑃2𝑢(𝐼 ― 𝐼𝑏)                     𝑋(0) = 0 (A.24)

𝑈𝑖𝑖 = 𝐹𝑐𝑛𝑠 (A.25)

𝑈𝑖𝑑(𝐺𝑝,𝐺𝑡,𝑋) =
𝐾𝑚(𝐺𝑝,𝑋)𝐺𝑡

𝐾𝑚𝑜 + 𝐺𝑡
(A.26)
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𝐾𝑚(𝐺𝑝,𝑋) = [𝑉𝑚0 + 𝑉𝑚𝑥(1 + 𝑟1𝑟𝑖𝑠𝑘(𝐺))𝑋] (A.27)

𝑟𝑖𝑠𝑘(𝐺) = {
0 𝑖𝑓, 𝐺 ≥ 𝐺𝑏

10(𝑙𝑛𝑟2( 𝐺
𝐺𝑏

))2
𝑖𝑓, 𝐺𝑡ℎ ≤ 𝐺 ≤  𝐺𝑏

10(𝑙𝑛𝑟2(𝐺𝑡ℎ

𝐺𝑏 ))2

𝑖𝑓 𝐺 < 𝐺𝑡ℎ

(A.28)

Renal Excretion

𝐸(𝐺𝑝) = {𝑘𝑒1(𝐺𝑝 ― 𝑘𝑒2) 𝑖𝑓, 𝐺𝑝 > 𝑘𝑒2
0 𝑖𝑓, 𝐺𝑝 ≤ 𝑘𝑒2 (A.29)

Subcutaneous Insulin Kinetics 

𝑋𝑠𝑐𝑖 = [ ―(𝑘𝑑 + 𝑘𝑎1) 0
𝑘𝑑 ― 𝑘𝑎2]𝑋𝑠𝑐𝑖 + [1

0]𝐼𝐼𝑅(𝑡)            𝑋𝑠𝑐𝑖 = [𝐼𝑠𝑐1
𝐼𝑠𝑐2] (A.30

)

𝑅𝑎𝑖(𝑡) = [𝑘𝑎1 𝑘𝑎2]𝑋𝑠𝑐𝑖                              𝑋𝑠𝑐𝑖(0) = [𝐼𝑠𝑐1𝑠𝑠
𝐼𝑠𝑐2𝑠𝑠] (A.31

)

Subcutaneous Glucose Kinetics

𝐺𝑠(𝑡) = ―
1
𝑇𝑠

  𝐺𝑠(𝑡) +  
1
𝑇𝑠

  𝐺𝑝(𝑡)        𝐺𝑠(0) = 𝐺𝑝𝑏 (A.32)
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