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Continuous glucose monitoring (CGM) is a promising, minimally invasive alternative to plasma glucose
measurements for calibrating physiology-based mathematical models of insulin-regulated glucose
metabolism, reducing the reliance on in-clinic measurements. However, the use of CGM glucose,
particularly in combination with insulin measurements, to develop personalized models of glucose
regulation remains unexplored. Here, we simultaneously measured interstitial glucose concentrations
using CGM as well as plasma glucose and insulin concentrations during an oral glucose tolerance test
(OGTT) in individuals with overweight or obesity to calibrate personalized models of glucose-insulin
dynamics. We compared the use of interstitial glucose with plasma glucose in model calibration, and
evaluated the effects on model fit, identifiability, and model parameters’ association with clinically
relevant metabolic indicators. Models calibrated on both plasma and interstitial glucose resulted in
good model fit, and the parameter estimates associated with metabolic indicators such as insulin
sensitivity measures in both cases. Moreover, practical identifiability of model parameters was
improved in models estimated on CGM glucose compared to plasma glucose. Together these results
suggest that CGM glucose may be considered as a minimally invasive alternative to plasma glucose
measurements in model calibration to quantify the dynamics of glucose regulation.

The development of type 2 diabetes (T2D) is characterized by accruing deteriorations in the tightly regulated
mechanisms of insulin action and insulin secretion, culminating in a loss of glycemic control and hyperglycemia!.
Assessment of the impaired glucose homeostasis is predominantly based on average glycated hemoglobin
(HbAlc), a measure of long-term glycemic control, fasting glucose, or 2h glucose concentrations after an oral
glucose tolerance test (OGTT)?>*. However, additional assessment of postprandial insulin concentrations provides
further insight into (impairments in) insulin sensitivity and secretion®.

The hyperinsulinemic-euglycemic clamp, the gold-standard method to quantify insulin sensitivity, is invasive,
labor intensive, and does not fully represent normal physiology due to a constant insulin infusion’. Therefore,
a variety of surrogate measures of insulin sensitivity and g-cell function have been used, based on fasting and/
or OGTT-derived measurements®'°. While these surrogate indices may capture particular aspects of glucose
regulation, they rely on single time-point or average glucose and insulin values derived from dynamic postpran-
dial data. Hence, the temporal dynamics and the interaction of glucose and insulin responses are not taken into
account, potentially masking inter-individual differences in glucose and insulin dynamics.

Physiology-based mathematical models (PBMM:s) of glucose regulation can capture the temporal dynamics
of glucose regulation, while accounting for the interaction of glucose and insulin'!~". Such models have been
successfully developed to quantify insulin sensitivity, insulin secretion, and beyond from plasma glucose and
insulin concentrations during an OGTT or mixed meal challenge'*'¢. Recently, we have shown that the E-DES
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model, a PBMM of the insulin-mediated glucose homeostasis was able to capture the heterogeneity in insulin
secretion and insulin sensitivity in a large population of individuals with overweight or obesity'”. However, such
model-based quantification of glucose regulation depends on the availability of plasma measurements from clini-
cal experiments, for example an OGTT, to facilitate model calibration. Extending model calibration to include
at-home measurements made in a free-living setting may enable the use of PBMM:s in digital twin technologies
that go beyond their current use in research’®.

Continuous glucose monitoring (CGM) is gaining popularity in both research and clinical applications, pro-
viding information on both short-term patterns (e.g. meal responses) as well as daily or even weekly measures
of glycemic variability'®. The minimally invasive nature, frequent sampling, and potential for real-time monitor-
ing are increasingly exploited for diabetes prevention, management, and beyond**?!. The assimilation of CGM
data into glucose-insulin models has the potential to broaden the use and impact of PBMM:s from in-clinic to
free-living conditions and may enable digital twin technologies for the prediction of disease and the optimiza-
tion of treatment in a more personalized setting?’. Nevertheless, the use of CGM data necessitates additional
considerations such as the lag time of interstitial glucose compared to plasma glucose, as well as the accuracy
and reliability of sensor data*-2¢,

Recently, glucose homeostasis models have been fitted to CGM glucose to capture features of glucose
responses in healthy individuals, individuals with pre-diabetes, and patients with T2D, and to predict insulin
levels in patients with type 1 diabetes (T1D)*-%°. However, these studies are based on glucose data only, thereby
largely ignoring the interaction with insulin. Furthermore, a systematic study of using interstitial glucose from
CGM devices compared to the conventional plasma glucose from OGTT for the calibration of PBMM:s of
glucose-insulin dynamics has yet to be performed.

The aim of the present study was to determine the effect of replacing the conventional plasma glucose meas-
urements with interstitial glucose from CGM devices in the calibration of personalized glucose-insulin models.
We made use of simultaneously measured plasma glucose and interstitial glucose data from an OGTT in a
population of individuals with overweight or obesity. We compare the calibrated models in terms of model fit,
practical identifiability, as well as the association of estimated model parameters with clinically relevant indices
of metabolic health.

Methods

Data

Data from the PERSonalized Glucose Optimization Through Nutritional Intervention (PERSON) study, a two-
centre, randomized, dietary intervention trial was used in this work®. The study was performed in line with
the principles of the Declaration of Helsinki, and approved by the Medical Ethical Committee of the MUMC+
(NL63768.068.17), and registered at ClinicalTrials.gov (NCT03708419). All participants gave written informed
consent. The study design and methodology have been described in detail previously®!. Inclusion criteria were:
age 40-75 years, BMI 25-40 kg/m?, body weight stability for at least 3 months (no weight gain or loss >3 kg),
and tissue-specific insulin resistance, characterized by predominant muscle or liver insulin resistance. Exclu-
sion criteria included pre-diagnosis of type 2 diabetes, diseases or medication use that affect glucose or lipid
metabolism, major gastrointestinal disorders, history of major abdominal surgery, uncontrolled hypertension,
smoking, alcohol consumption >14 units/week, and >4 h/week moderate-to-vigorous physical activity. In the
week before the start of the dietary intervention (baseline; CIW1) and in the last week (follow-up; CIW2) of the
12-week intervention trial, participants underwent a clinical investigation week.

Oral glucose tolerance test

During the clinical investigation week at baseline and 12-week follow-up participants underwent a 7-point oral
glucose tolerance test (OGTT) following an overnight fast. Two hundred ml of ready-to-use 75 g glucose solution
(Novolab) was ingested within 5 min. Blood samples were collected from the antecubital vein via an intravenous
cannula under fasting conditions (t = 0 min) and after ingestion of the glucose drink (t = 15, 30, 45, 60, 90, and
120 min) for determination of plasma glucose and insulin concentrations®. Responses with more than two
missing samples or missing samples at baseline (t = 0 min) or 2-hour post-load were excluded from the analysis.

Continuous glucose monitoring
During the clinical investigation weeks, study participants wore a CGM device for 6 days, including the duration
of the OGTT. The CGM device (iPro2 and Enlite Glucose Sensor; Medtronic, Tolochenaz, Switzerland) was worn
lateral to the umbilicus and recorded subcutaneous interstitial glucose values every 5 minutes. Participants were
asked to perform four daily capillary glucose self-measurements (SMBG) via Contour XT (Ascensia Diabetes
Care, Mijdrecht, the Netherlands) while wearing the CGM device. The CGM measurements were then calibrated
using the SMBG values in CareLink (Medtronic, Tolochenaz, Switzerland) according to the manufacturer’s
instructions. To avoid insufficient calibration, sensor glucose readings outside the time interval of the first and
last SMBG measurements were excluded from the analysis. Participants were blinded to the CGM recording, but
not to the SMBG values. In addition, CGM data files with irregular measurement frequencies (i.e. other than 5
minute) were excluded from the analysis (n = 3). In order to use the CGM measurements in model calibration,
the segment of sensor glucose time-course overlapping with the time of the OGTT test were extracted. Note that
the exact sample times of the OGTT were used in this work. Therefore, due to variability in sampling time the
time-course may be slightly longer or shorter than the intended 120 minutes.

In total, 404 glucose and insulin responses (228 at baseline and 176 at follow-up) from 237 study participants
were included in the analysis. Responses with a missing set of glucose measurements (OGTT, CGM or both)
were excluded from the analysis.

Scientific Reports |

(2024) 14:8037 | https://doi.org/10.1038/s41598-024-58703-6 nature portfolio



www.nature.com/scientificreports/

Metabolic indicators

Indicators of insulin sensitivity including the Matsuda index, HOMA-IR, the area under the glucose curve
between baseline and 30 min of the OGTT (AUC> ) the muscle insulin sensitivity index (MISI) and the hepatic
insulin resistance index (HIRI) were calculated as prev10usly described®®. A subset (n=76 and n=61 at CIW1
and CIW2, respectively) of the study participants also underwent a 2.5h two-step hyperinsulinemic-euglycemic
clamp with constant 40 mU /m? /min infusion of insulin®'. The M-value representing peripheral insulin sensitiv-
ity was calculated as previously described®. Furthermore, indicators of g-cell function and/or insulin secretion
including the disposition index, HOMA- B, the area under the insulin curve between baseline and 30 min of the
OGTT (AUC}?), and the insulinogenic index were also derived as previously reported®. The definition of the
metabolic indicators used in this work are also described in the Supplementary Appendix.

E-DES model

The Eindhoven-Diabetes Education Simulator is a physiology-based mathematical model of the human insulin-
mediated glucose regulatory system in health, type 1, and type 2 diabetes*. The model consists of a gut and
plasma compartments within which the change in glucose mass and glucose/insulin concentration over time
is described according to coupled differential equations. In addition, we implemented an interstitial compart-
ment describing the diffusion process of glucose from plasma to the interstitial space, as previously employed
by Faggionato et al.>*:

T L@ -G (1)
where GP' and G' are glucose concentration in plasma and in interstitium and 7, is the equilibration time constant
between plasma and interstitium. The interstitial compartment enables the use of interstitial glucose concentra-
tions from CGM devices to be used in model calibration. A complete description of the model can be found in
the Supplementary Appendix.

Here, we make use of an implementation with improved computational efficiency. The model source code
(using DifferentialEquations.jl**) and analysis are available at https://github.com/blzserdos/edes_cgm. The model
can simulate the plasma glucose and insulin response of healthy individuals, those with overweight or obesity,
individuals with pre-diabetes, or patients with T2D'*!7%, Personalized models may be generated by calibrating
the model on subject-specific time-series of plasma glucose and insulin concentrations®”.

Model calibration

Model parameters representing the rate of glucose appearance in the gut (k;), rate of insulin-dependent glucose
uptake to peripheral tissues (ks), and rate of insulin secretion proportional to the elevation in plasma glucose
from basal levels (kg, for brevity, referred to as rate of glucose-dependent insulin secretion) were estimated from
experimental data. In addition, the lag time (zy) was estimated in the case where interstitial glucose is used in
calibration. The remainder of the parameters were fixed to population average/median values as previously
described in Ref."”. The complete set of model parameters including the fixed parameters and constants and
their values are listed in the supplement. The experimental data used for calibration consists of a set of simulta-
neously measured time-series of plasma glucose and insulin concentrations (at t = 15, 30, 45, 60, 90, 120 min)
as well as interstitial glucose concentrations from CGM (at t = 5, 10, ..., 120, 125, 130 min) after an OGTT. The
t = 0 samples are provided as inputs to the model. For each response, two models were calibrated: one using
plasma glucose and plasma insulin, and a second using interstitial glucose and plasma insulin. In other words,
the insulin measurements were the same, only the glucose data source was changed between the two models.
For brevity, we refer to the data used in model calibration as ’plasma glucose’ in the case of using plasma glucose
and plasma insulin measurements, and 'CGM glucose’ in the case of interstitial glucose from CGM device and
plasma insulin. The objective in model calibration is

vij — ij(0)
=33 (1A

i=1 j=1

where M, and N;j represent the number of metabolites, and the number of measurement time-points, respectively.
The measured data point of metabolite 7 at time-point j is denoted by y; ;, while y;; is the corresponding model
prediction given the parameters 6. The difference between measurement and prediction is weighted by the maxi-
mum of the measured data points to account for the difference in scales between metabolite values. The TikTak
multistart optimization algorithm (implemented in MultistartOptimization.jl) was used to optimize the objective
in Eq. (2)*°. The parameter search ranges were constrained to avoid non-physiological parameter configurations.
In order to evaluate whether the plasma and CGM measurements are sufficiently informative to determine the
model parameters with adequate precision, practical identifiability was assessed via profile likelihood analysis
using LikelihoodProfiler.jl*”*%. We considered the combination of model and data as practically identifiable if
the confidence interval of all estimated parameters were of finite size in the parameter scan range®. In addition,
to highlight the uncertainty in the model estimated observables, profile likelihood-based confidence bands are
plotted alongside model simulation in graphics. The confidence bands are derived by estimating confidence
intervals (with confidence level 0.95) of an observable (glucose or insulin) as a function of all parameters over
simulation time-points®. Details of the parameter search, including the search ranges, and profile likelihood
analysis are reported in the Supplementary Methods.
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Model fit, practical identifiability, and parameter estimates are compared between models calibrated on CGM
glucose compared to plasma glucose after an OGTT. The experimental data contains responses at both baseline
and follow-up of the PERSON study, however, the interpretation of the intervention effect has been previously
reported, and is out of scope for the current study.

Results

In total, 404 glucose and insulin responses (228 at baseline and 176 at follow-up) from 237 study participants
were included in the analysis. The average glucose and insulin responses to the OGTT are shown in Fig. 1. In
general, interstitial glucose was higher than plasma glucose, and the response profiles show a delay and slower
dynamics in interstitial compared to plasma glucose.

Comparison of model fit and diagnostics between models estimated on plasma and CGM
glucose

Personalized E-DES models were estimated for each participant based on the plasma glucose and insulin
responses. Thereafter, the calibration was repeated with interstitial glucose CCGM glucose’) instead of plasma
glucose leading to a total of 404 personalized models per glucose data type. The model calibration produced
parameter estimates representing the rate of glucose appearance in the gut (k), rate of insulin-dependent glucose
uptake to tissues (ks), and rate of glucose-dependent insulin secretion (ks) in each of the personalized models. In
addition, Ty was estimated in the case of CGM glucose. The mean squared error (MSE) between model simulation
and measured data point is shown in Fig. 2, panel a, while the residuals per time point are shown in Fig. 2, panel
b. The MSE in the simulation of glucose was higher, indicating a worse fit, when calibrated on plasma glucose
compared to CGM glucose. Additionally, the MSE of the personalized models calibrated on plasma and CGM
glucose did not correlate well, indicating that some models fitted one or the other glucose data type better (Fig. 2,
panel a). In the case of insulin simulation, better agreement was observed between the calibrated models, with
slightly higher MSE in models calibrated on CGM glucose. The residuals by measurement time showed that
in general the E-DES model captured the trend in the data well, both in the case of plasma glucose and CGM
glucose (panel b). The residuals in insulin simulation indicate that few bad model fits were characterized by
underestimated insulin concentrations, particularly at the later stage (90, 120 min) of the response.

Examples of model fit to experimental data are visualized in Fig. 3. In panel a, the distribution of mean
squared error in glucose simulation of personalized models fitted to CGM glucose is displayed as an indicator
of model fit. The distribution of MSE is heavily right-skewed, indicating that the majority of models displayed
good agreement with the experimental data. There were only 9 out of 404 models with an MSE in CGM glucose
above 1.5. Models with the highest MSE (A-E; red shading) and lowest MSE (K-O; green shading) are shown in
panel b. The median MSE across the individual models was 0.11. Five randomly selected models in the proxim-
ity of the mean MSE (0.27) are shown on F-J (yellow shading). The MSE in plasma glucose showed a similar
distribution to that of MSE in CGM data. For completeness, visualization of model fit of personalized models
ordered by MSE after calibration on plasma glucose are shown in Supplementary Fig. S3.

Practical identifiability of the personalized models was assessed by profile likelihood analysis (PLA) of the
estimated parameters k1, ks, k¢ within each calibrated model. As the parameter 7, is only meaningful in the case of
interstitial glucose and is solely there to account for the delay between plasma and interstitial glucose, we do not
include it in PLA. Eleven out of 404 personalized models contained parameters that were practically unidentifi-
able in the case of calibration based on plasma glucose, while only 6 out of 404 models contained unidentifiable
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Figure 1. Median glucose and insulin response to an OGTT in individuals with overweight or obesity from the
PERSON study. Plasma glucose and interstitial glucose concentrations from CGM devices are shown in the top
panel in blue and orange, respectively. Plasma insulin concentration is shown in the bottom panel. Error bars
represent the interquartile range. OGTT oral glucose tolerance test, CGM continuous glucose monitoring.
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Figure 2. Panel (a) Mean squared error (MSE) in the glucose and insulin simulation of the personalized
models. Both horizontal and vertical axes use logarithmic scale to better visualize the heavily right skewed error
distributions. Panel (b) probability density of residuals in glucose and insulin simulation per measurement time-
point.

parameters in the case of calibration based on CGM glucose. In all but one of the cases, the unidentifiable
parameter was the rate of glucose-dependent insulin secretion (ke).

Parameter estimates from model calibration on plasma compared to CGM glucose

The distribution of parameter estimates and the association between parameters estimated from plasma glucose
compared to CGM glucose are shown in Fig. 4. In general, the parameter estimates corresponding to the rate
of glucose appearance in the gut (k;) and rate of insulin-dependent glucose uptake to peripheral tissues (ks)
showed very good agreement between the models calibrated on plasma compared to CGM glucose (Spearman’s
p = 0.89,p < 0.001for kj, and p = 0.92,p < 0.001 for ks, respectively; Fig. 4, bottom row). No difference in the
parameter estimates for k; and ks were found between the models estimated on plasma compared to CGM glucose
(two-sample Kolmogorov-Smirnov statistic D = 0.073, p = 0.22 and D = 0.027, p = 0.99, respectively). The
parameter estimates of ks showed moderate association (Spearman’s p = 0.50,p < 0.001), and differed between
the models calibrated on plasma compared to CGM glucose (Kolmogorov-Smirnov statistic D = 0.12, p < 0.006).
The median kg estimates were 17.9% higher when calibrated on plasma glucose compared to CGM glucose. In
particular, for a small number of responses (N=11 and N=5 in the case of models estimated from plasma and
CGM glucose, respectively) the model calibration procedure resulted in k¢ estimates on the upper boundary of
the parameter search range (Fig. 4, right column). An example of such a model fit is shown in Fig. S3, panel b,
sub-panel A, response A. In this case, while the estimated value of k¢ is on the upper boundary of the parameter
search (10.0), the model fails to capture the glucose response. In order to evaluate whether the difference in
the distribution of k¢ between the glucose data types was driven by failed model fit associated with parameter
estimates on the upper boundary of the kg search range, we repeated the tests after excluding models (N=16)
with kg estimates on the upper boundary (k¢ = 10.0) of the parameter search range. The difference in the distri-
bution of ks estimates is not statistically significant (Kolmogorov-Smirnov statistic D = 0.095, p = 0.051) after
excluding these models. Removing the pairs of personalized models with k¢ estimates on the upper bound of the
parameter search range results in a Spearman correlation between the plasma and CGM glucose-based estimates
of p = 0.58,p < 0.001. Finally, when calibrating on CGM glucose, the median lag time (z,) was 2.5 min (with
interquartile range 3.7¢~° — 8.7; Fig. S6).

Parameter estimates association with indicators of glucose homeostasis

Results of the comparison of parameter estimates (k; and ks in particular) suggest that the representation of
glucose homeostasis between the personalized models obtained via calibration on plasma and CGM data are
similar. However, while the general trend shows good agreement, the heterogeneity between plasma and CGM
glucose-based personalized models in Fig. 4, in particular in the case of kg, implies that there may be differences
in what the models represent between the glucose data types used in calibration. Therefore, we compared the
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Figure 3. Model fit examples of personalized E-DES models calibrated on CGM glucose, arranged by MSE in
the simulation of CGM glucose. Panel (a) histogram of MSE in glucose simulation. The three sections with red,
yellow, and green shading indicate models with the worst, examples around the mean, and best fit, respectively,
as measured by the MSE. Panel (b) Glucose and insulin data of participants are shown as circles (A-O) with
corresponding model simulation shown as continuous line. Blue and orange color indicates the type of glucose
measurement (plasma vs CGM glucose), and simulations from the correspondingly calibrated models. The
shaded region around the simulation corresponds to confidence bands generated from estimated confidence
intervals (with confidence level 0.95) as function of all parameters over simulation time-points. CGM
continuous glucose monitoring, MSE Mean squared error.

parameter estimates with well-established measures of metabolic health. The models (N=16) with k¢ estimates
on the upper boundary of the search range were excluded from the analysis. The Spearman correlation of the
gersonalized model parameter estimates and markers of insulin secretion (insulinogenic index, HOMA-8, AUC
i,?s, disposition index) and insulin sensitivity (Matsuda index, HOMA-IR, MISI, HIRI, AUC;lOu) including the
M-value of the hyperinsulinemic-euglycemic, the gold standard for quantifying peripheral insulin sensitivity
are shown in Table 1.
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Spearman’s p

Metabolic indicator | k[/esma | gCOM | pPlasma | g OGM | pPlasma |  CGM
MISI 017 018 |050 |050 |—019 |—026
HIRI 064 052 |—013 |—016 [036 |047
HOMA-IR 0.03 003 |—055 |—056 [-001 |013
Matsuda -007 |001 |075 077 | 0.02 —017
AuCy, 040 029 |—027 |—032 |—023 |-004
M-value 0.07 007 | 051 051 | -004 |-007
HOMA-g 0.04 002 |—029 |—027 |022 |028
AUCY, 0.60 0.50 | -0.06 |-0.09 |0.49 0.56
insulinogenic index 0.52 0.45 | 0.02 0.00 0.60 0.61
disposition index 0.37 038 | 0.65 0.65 0.51 0.35

Table 1. Association of personalized model parameter estimates and indicators of metabolic health. Bold
indicates significance (p < 0.05). k;: rate of glucose appearance in the gut. ks: rate of insulin-dependent
glucose uptake to peripheral tissues. kq: rate of glucose-dependent insulin secretion. CGM continuous glucose
monitoring.

In general, the parameter estimates” associations with metabolic indicators showed similar trends between
models based on plasma glucose compared to CGM glucose. The parameter corresponding to insulin-dependent
glucose uptake to periphery (ks) strongly associated with the Matsuda index both when calibrated on plasma and
CGM glucose (Spearmans p = 0.75and 0.77 both p < 0.001, respectively). ks also showed a moderate association
with the disposition index (Spearman’s p = 0.65and 0.65 both p < 0.001, respectively), the M-value (Spearman’s
p = 0.51and 0.51 both p < 0.001, respectively), HOMA-IR (Spearman’s p = —0.55 and —0.56 both p < 0.001,
respectively) and MISI (Spearman’s p = 0.50 and 0.50 both p < 0.001, respectively).

Differences between association of metabolic indicators with parameter estimates calibrated on plasma com-
pared to CGM glucose include weaker association of k; with HIRI (Spearman’s p = 0.64 vs 0.52 both p < 0.001,
respectively), AUC, (Spearman’s p = 0.60 vs 0.50 both p < 0.001, respectively), AUC3 (Spearman’s p = 0.40

ms

(
vs 0.29 both p < 0.001, respectively). In addition, a stronger associations was found when calibrated on CGM
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glucose compared to plasma glucose in terms of kg and HIRI (Spearman’s p = 0.36 vs 0.47 both p < 0.001,
respectively) as well as ks and AUC}2, (Spearman’s p = 0.49 and 0.56 both p < 0.001, respectively). Data are

shown in Supplementary Figs. S4 and S5.

Discussion

Physiology-based mathematical modeling of the glucose-insulin dynamics enables the quantification of key
parameters, such as insulin sensitivity and insulin secretion'®. However, their calibration depends on the avail-
ability of invasive measurements such as time-series of plasma glucose and insulin after an OGTT. Minimally-
invasive, frequently-sampled interstitial glucose measurements from CGM devices have the potential to enable
a broader impact of PBMMs by reducing their reliance on in-clinic measurements. Here, we presented a sys-
tematic comparison of using CGM glucose instead of plasma glucose in the calibration of the E-DES model by
using simultaneously measured plasma and interstitial glucose measurements from an OGTT. We showed that
the personalized E-DES models can fit the CGM profiles well and provide comparable parameter estimates of
insulin secretion and insulin sensitivity when calibrated on interstitial glucose compared to plasma glucose
concentrations after an OGTT in individuals with overweight or obesity. In addition, the associations between
model parameters and the Matsuda and insulinogenic indices are also in agreement with our previous findings
in a similar study population'’. Differences in the models calibrated on interstitial compared to plasma glucose
included a slightly lower estimate of the rate of glucose-dependent insulin secretion (ke).

Model fit and identifiability

In general, the personalized E-DES models displayed good agreement with the data both when calibrated on
plasma glucose as well as CGM glucose in a wide range of glucose and insulin responses after an OGTT in
individuals with overweight or obesity. The discrepancy in the MSE in simulation between glucose data types
may originate in the difference in the proportion of available data for calibration between plasma and interstitial
glucose. The more frequent sampling in the case of CGM glucose resulted in a lower MSE in the simulation
of glucose, and a higher MSE in the simulation of insulin when compared to calibration on plasma glucose.
More similar MSE between the glucose data types may be achieved by introducing a weighting of the glucose
and insulin loss by number of available measurements in the objective function. However, the improvement in
glucose MSE resulted in a comparatively small increase in insulin MSE (Fig. 2), therefore we chose to keep the
original loss objective.

The heavily right skewed MSE distributions in models calibrated on plasma as well as CGM glucose suggest
that there were only few personalized models that showed poor agreement with the data irrespective of glucose
data type. Additionally, poor model fit (such as the ones in panel b, subpanels B, C in Fig. 3) was a result of a
failed parameter search leading to a (upper) boundary value estimate for k¢. The boundary k¢ estimates were
observed in only 16 personalized models in total, and more frequently when calibrating on plasma glucose
(N=11) compared to CGM glucose (N=5). Coincidentally, the parameter ks was practically unidentifiable in
these cases with the resulting models displaying large MSE in model fit. While this issue may be resolved by
tuning the search bounds of the parameters, this should be done systematically, taking into account physiologi-
cally plausible regions of the parameter space. Alternatively, formulating the parameter estimation procedure
in the Bayesian framework, relying on sampling the parameter space, may circumvent some of these issues*>*!.
However, exploring such avenues were outside the scope of the current study. Additionally, it is important to
note, that while the MSE gives an overall indication of goodness of fit, it may be biased towards responses with
higher measurement values irrespective of whether the temporal dynamics (a qualitative but important feature)
are approximated well.

In addition to model fit, we evaluated the practical identifiability of each personalized model via profile likeli-
hood analysis, to assess whether the quantity and quality of available experimental measurements are sufficient
to have well-determined model parameters and predictions®. In total, 2% of the personalized models were found
to be unidentifiable, suggesting that the model complexity is balanced for the availability of experimental data.
Furthermore, due to the sampling frequency of the CGM device, approximately four times more glucose data
was available when calibrating on CGM glucose compared to plasma glucose. Correspondingly, 6 personalized
models were unidentifiable from CGM glucose compared to the 11 unidentifiable models from plasma glucose.
This is in line with the expectation that more experimental data improves identifiability.

Parameter estimates and personalized model-based representation of glucose regulation
No significant differences were found between the distribution of parameter estimates after calibration on plasma
glucose compared to CGM glucose, except for ke. This difference is driven by a handful of personalized models
ending up with kg estimates on the upper boundary of the parameter search range. Excluding these models from
the analysis, the discrepancy between plasma and CGM glucose-based ks estimates disappears. Nevertheless, out
of the parameters of interest, ks showed the worst agreement after calibration between the glucose data types.
This may indicate that a more complex model of the plasma-to-interstitium glucose equilibration is desired.
However, increased similarity in model representation between the data types may not justify the added model
complexity, especially when parameters are estimated from limited individual-specific experimental data. In
addition, we found large inter-individual variability in lag time between interstitial and plasma glucose, consist-
ent with earlier findings*>. A more thorough inspection of the lag time between plasma and interstitium may
be necessary to reliably characterize the inter-individual variability, ideally with experimental data containing
repeated challenge tests in the same individuals.

Overall, the models showed good agreement between the glucose data types used in model calibration when
comparing the parameter estimates with metabolic indicators. In particular, the parameter estimates of ks,
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corresponding to insulin sensitivity, associated similarly with MISI, HOMA-IR, Matsuda index, M-value, HOMA-
B and the disposition index between models calibrated on plasma compared to CGM glucose. In the case of
k1 and kg, representing glucose appearance in the gut, and rate of glucose-dependent insulin secretion, similar
trends with differences in the strengths of the association with metabolic indicators were observed between the
glucose data types. In particular, the differences in kj between plasma and CGM glucose are representative of
the slower early phase (<30 min) dynamics in the case of CGM glucose. This is indicated by the discrepancy in
the correlation of k; with metabolic indicators derived from the 0-30 min measurements, such as the AUC?,
the insulinogenic index or HIRI. Similarly, the differences in the associations of ks with metabolic indicators
were also more prevalent in the case of indices targeting the early phase of the responses, such as HIRI and the
disposition index. While, differences in the associations of k¢ with metabolic indicators such as MISI is indicative
of the difference in the late phase of the glucose concentrations between plasma and CGM glucose. Finally, the
difference between the k¢ estimates between the data types are indicative of the relative nature of the model-based
rate of glucose-dependent insulin secretion (ke). As the definition of the parameter suggests, the estimated rate of
glucose-dependent insulin secretion is in the context of the glucose concentrations. Therefore the same insulin
concentrations may be simulated with different rate parameters for insulin secretion given differences in glucose
concentrations. This is reinforced by the weaker association of kg with the disposition index when estimated
from interstitial glucose. The disposition index is a measure of S-cell function normalized to insulin sensitivity
(approximated by the glucose area under the response curve). Since the interstitial glucose responses tended
to be larger than plasma glucose responses, the normalization leads to comparatively lower disposition index.

CGM data in dynamic models of glucose homeostasis

The potential use of CGM glucose in the calibration of a computational model describing glucose-insulin dynam-
ics in type 1 diabetes (T1D) has previously been explored by Goel et al. (2018), however, in their study, insulin
data was scarcely available?. Similarly, Eichenlaub et al. (2019), adapted the oral glucose minimal model to be
calibrated on CGM glucose only, in healthy individuals, individuals with prediabetes, and patients with T2D
and incorporated the effect of subsequent meals'>?%. However, in order to accurately estimate the glucose-insulin
dynamics in individuals with intact endogenous insulin secretion, the use of insulin (or insulin proxy) measure-
ments in model calibration are crucial due to altered insulin secretion and insulin resistance**. In addition,
changes in insulin secretion and its relation to circulating glucose levels in the development of both T1D and
T2D have been reported to be non-monotonic, rendering the estimation of insulin secretion purely from glucose
very challenging®>*. The importance of insulin in model calibration is also highlighted in an example simulation
showcasing a model calibrated with and without insulin data (Fig. S2).

Recently, Ng et al. (2022), developed a parsimonious mathematical model of glucose homeostasis calibrated
solely on peaks and nadirs extracted from CGM glucose®. Their three-parameter model showed better agree-
ment with CGM glucose compared to other models including the Bergman minimal model'’. However, in line
with the previous studies, the utility of quantifying (disrupted) glucose regulation with PBMM:s is limited when
relying solely on glucose as the input. The present study also demonstrates the use of a parsimonious model
with three estimable parameters, however, the use of both glucose and insulin data allows our model to infer
various states of insulin resistance by accounting for -cell adaptation. Similarly to our results, Faggionato et al.
(2023) showed good agreement between the parameter estimates of the Oral Minimal Model when estimated
with plasma compared to interstitial glucose in patients with T1D?.

There is a growing need to reduce the reliance on in-clinic measurements, and make use of free-living or
at-home measurements such as CGM for the diagnosis and management of diabetes as well as in applications
of precision nutrition'®. Combining sensor data from wearable devices with mathematical modeling may serve
as the basis for the development of digital twin technologies that enable in silico testing, disease prediction and
optimization of treatment in a personalized setting*’~*. While conventional plasma insulin measurements were
available for model calibration in the current study, recent advances in dried blood spot analysis for determina-
tion of C-peptide present a promising alternative to the in-clinic measurements of C-peptide or insulin®**'. Fur-
thermore, novel insulin sensors for non-invasive, real-time monitoring of bioavailable insulin are being actively
developed®. The use of such insulin or C-peptide data in combination with CGM may allow for the calibration
of glucose homeostasis models completely based on at-home measurements. In addition, the minimally inva-
sive nature, and the higher sampling frequency (5-15 min) of CGM may support a comparatively sparse insulin
sampling in turn, to facilitate model calibration. The parsimonious representation of an individual’s glucose
homeostasis as given by the parameter estimates of such models may in turn enable the monitoring of changes
in metabolic health.

However, there remain issues such as the CGM accuracy being dependent on glucose levels, and glucose
rate-of-change that may influence modeling results?***. Recently, Howard et al. (2020), reported inconsistencies
between different glucose monitors worn simultaneously, while another group found good agreement between
devices®*. Systematic differences between data from different devices will affect model calibration and may
hinder subsequent model-based analysis. In addition, the (dis)agreement of CGM-based interstitial glucose
with plasma glucose should be considered when used to calibrate a model that was designed and developed to
be used with plasma glucose*>**>". Despite the addition of an interstitial compartment to account for the lag
time between plasma and interstitial glucose concentrations, the dynamics between the data types may vary
considerably. However, in order to accurately characterize this variability on the individual level, repeated chal-
lenges may be necessary in the same individuals to disentangle technical and biological sources of variation. In
our study, the physiological representation of the personalized models showed good agreement between plasma
glucose and interstitial glucose, however, the data used here originate from controlled conditions of an OGTT.
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Therefore, the similarity between the models estimated from the different data types observed in our work may
not extend to other scenarios and populations.

Conclusions

The use of interstitial glucose data from CGM was evaluated and compared with conventional plasma glucose
from an OGTT in the calibration of personalized E-DES models in individuals with overweight or obesity.
Results indicated comparable model fits, and parameter estimates between CGM and plasma glucose. A slightly
lower estimate of insulin secretion was observed in the case of CGM glucose, due to the difference in dynamics
compared to plasma glucose. Nonetheless, the model-based measure of insulin sensitivity and glucose-dependent
insulin secretion were validated by well-established measures of metabolic health such as the Matsuda index
and the insulinogenic index after calibration on both data types. Finally, more personalized models were found
to be practically identifiable when calibrated on CGM glucose compared to plasma glucose, likely due to the
higher sampling frequency of CGM. The use of non-invasive CGM data in dynamic modeling of the glucose-
insulin system has the potential to advance precision nutrition as well as diabetes prevention and management.
However, it is important to note that our findings are derived from data obtained through a conventional OGTT
including plasma insulin measurements. Therefore, the applicability of these results to data from less controlled
experimental settings may be limited. Finally, care must be taken when replacing plasma glucose measurements
with CGM glucose in PBMMs as it may influence model interpretation.

Data availability
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Received: 23 January 2024; Accepted: 1 April 2024
Published online: 05 April 2024

References
1. Galicia-Garcia, U. et al. Pathophysiology of type 2 diabetes mellitus. Int. J. Mol. Sci. 21, 6275. https://doi.org/10.3390/ijms211762
75 (2020).
2. WHO. Classification of diabetes mellitus (World Health Organization, 2019).
3. Committee, American Diabetes Association Professional Practice. Classification and diagnosis of diabetes: Standards of medical
care in diabetes-2022. Diabetes Care 45, S17-S38. https://doi.org/10.2337/dc22-S002 (2021).
4. Wortham, M. & Sander, M. Mechanisms of g-cell functional adaptation to changes in workload. Diabetes Obes. Metab. 18, 78-86.
https://doi.org/10.1111/dom.12729 (2016).
5. DeFronzo, R. A., Tobin, J. D. & Andres, R. Glucose clamp technique: A method for quantifying insulin secretion and resistance.
Am. ]. Physiol.-Endocrinol. Metab. 237, E214. https://doi.org/10.1152/ajpendo.1979.237.3.E214 (1979).
6. Matsuda, M. & DeFronzo, R. A. Insulin sensitivity indices obtained from oral glucose tolerance testing: Comparison with the
euglycemic insulin clamp. Diabetes Care 22, 1462-1470. https://doi.org/10.2337/diacare.22.9.1462 (1999).
7. Abdul-Ghani, M. A., Matsuda, M., Balas, B. & DeFronzo, R. A. Muscle and liver insulin resistance indexes derived from the oral
glucose tolerance test. Diabetes Care 30, 89-94. https://doi.org/10.2337/dc06-1519 (2007).
8. O’Donovan, S. D. et al. Improved quantification of muscle insulin sensitivity using oral glucose tolerance test data: The MISI
Calculator. Sci. Rep. 9, 9388. https://doi.org/10.1038/s41598-019-45858-w (2019).
9. Matthews, D. R. et al. Homeostasis model assessment: Insulin resistance and p-cell function from fasting plasma glucose and
insulin concentrations in man. Diabetologia 28, 412-419. https://doi.org/10.1007/BF00280883 (1985).
10. Singh, B. & Saxena, A. Surrogate markers of insulin resistance: A review. World J. Diabetes 1, 36-47. https://doi.org/10.4239/wjd.
v1.i2.36 (2010).
11. Bergman, R. N,, Ider, Y. Z., Bowden, C. R. & Cobelli, C. Quantitative estimation of insulin sensitivity. Am. J. Physiol.-Endocrinol.
Metab. 236, E667. https://doi.org/10.1152/ajpendo.1979.236.6.E667 (1979).
12. Dalla Man, C., Caumo, A. & Cobelli, C. The oral glucose minimal model: Estimation of insulin sensitivity from a meal test. IEEE
Trans. Biomed. Eng. 49, 419-429. https://doi.org/10.1109/10.995680 (2002).
13. Palumbo, P, Ditlevsen, S., Bertuzzi, A. & De Gaetano, A. Mathematical modeling of the glucose-insulin system: A review. Math.
Biosci. 244, 69-81. https://doi.org/10.1016/j.mbs.2013.05.006 (2013).
14. Maas, A. et al. A physiology-based model describing heterogeneity in glucose metabolism: The core of the eindhoven diabetes
education simulator (e-des). J. Diabetes Sci. Technol. 9, 282-292. https://doi.org/10.1177/1932296814562607 (2015).
15. O’Donovan, S. D. et al. Quantifying the contribution of triglycerides to metabolic resilience through the mixed meal model. Isci-
ence 25, 105206 (2022).
16. Van Sloun, B. et al. E-DES-PROT: A novel computational model to describe the effects of amino acids and protein on postprandial
glucose and insulin dynamics in humans. iScience 26, 106218. https://doi.org/10.1016/j.i5¢i.2023.106218 (2023).
17. Erdés, B. et al. Personalized computational model quantifies heterogeneity in postprandial responses to oral glucose challenge.
PLOS Computat. Biol. 17, e1008852. https://doi.org/10.1371/journal.pcbi.1008852 (2021).
18. Venkatesh, K. P,, Raza, M. M. & Kvedar, ]. C. Health digital twins as tools for precision medicine: Considerations for computation,
implementation, and regulation. npj Digit. Med. 5, 150. https://doi.org/10.1038/s41746-022-00694-7 (2022).
19. Zeevi, D. et al. Personalized nutrition by prediction of glycemic responses. Cell 163, 1079-1094. https://doi.org/10.1016/j.cell.
2015.11.001 (2015).
20. Klupa, T. et al. Expanding the role of continuous glucose monitoring in modern diabetes care beyond typeA 1 disease. Diabetes
Ther. Res. Treat. Educ. Diabetes Relat. Disord. 14, 1241-1266. https://doi.org/10.1007/s13300-023-01431-3 (2023).
21. Battelino, T. et al. Continuous glucose monitoring and metrics for clinical trials: an international consensus statement. Lancet
Diabetes Endocrinol. 11, 42-57. https://doi.org/10.1016/52213-8587(22)00319-9 (2023).
22. Coorey, G. et al. The health digital twin to tackle cardiovascular disease-a review of an emerging interdisciplinary field. npj Digit.
Med. 5, 126. https://doi.org/10.1038/s41746-022-00640-7 (2022).
23. Rodbard, D. Continuous glucose monitoring: A review of successes, challenges, and opportunities. Diabetes Technol. Ther. 18,
S2-3. https://doi.org/10.1089/dia.2015.0417 (2016).

Scientific Reports |

(2024) 14:8037 | https://doi.org/10.1038/s41598-024-58703-6 nature portfolio


https://doi.org/10.3390/ijms21176275
https://doi.org/10.3390/ijms21176275
https://doi.org/10.2337/dc22-S002
https://doi.org/10.1111/dom.12729
https://doi.org/10.1152/ajpendo.1979.237.3.E214
https://doi.org/10.2337/diacare.22.9.1462
https://doi.org/10.2337/dc06-1519
https://doi.org/10.1038/s41598-019-45858-w
https://doi.org/10.1007/BF00280883
https://doi.org/10.4239/wjd.v1.i2.36
https://doi.org/10.4239/wjd.v1.i2.36
https://doi.org/10.1152/ajpendo.1979.236.6.E667
https://doi.org/10.1109/10.995680
https://doi.org/10.1016/j.mbs.2013.05.006
https://doi.org/10.1177/1932296814562607
https://doi.org/10.1016/j.isci.2023.106218
https://doi.org/10.1371/journal.pcbi.1008852
https://doi.org/10.1038/s41746-022-00694-7
https://doi.org/10.1016/j.cell.2015.11.001
https://doi.org/10.1016/j.cell.2015.11.001
https://doi.org/10.1007/s13300-023-01431-3
https://doi.org/10.1016/S2213-8587(22)00319-9
https://doi.org/10.1038/s41746-022-00640-7
https://doi.org/10.1089/dia.2015.0417

www.nature.com/scientificreports/

24.
25.
26.
27.

28.

29.
30.
31
32.
. Faggionato, E., Schiavon, M., Ekhlaspour, L., Buckingham, B. A. & Dalla Man, C. The minimally-invasive oral glucose minimal
34.
35.

36.
37.

38.
39.
40.
41.
42.
43.
44,
45.
46.
47.

48.

49.
50.
51.
52.
53.

54.

55.
56.

57.

Pleus, S. et al. Rate-of-change dependence of the performance of two cgm systems during induced glucose swings. J. Diabetes Sci.
Technol. 9, 801-807. https://doi.org/10.1177/1932296815578716 (2015).

Freckmann, G. et al. Standardization process of continuous glucose monitoring: Traceability and performance. Clin. Chim. Acta
515, 5-12. https://doi.org/10.1016/j.cca.2020.12.025 (2021).

Pleus, S. et al. Differences in venous, capillary and interstitial glucose concentrations in individuals without diabetes after glucose
load. J. Lab. Med. 47, 97-104. https://doi.org/10.1515/labmed-2023-0013 (2023).

Goel, P, Parkhi, D., Barua, A., Shah, M. & Ghaskadbi, S. A minimal model approach for analyzing continuous glucose monitoring
in type 2 diabetes. Front. Physiol. 9, 326748 (2018).

Eichenlaub, M. M., Hattersley, J. G. & Khovanova, N. A. A Minimal Model Approach for the Description of Postprandial Glucose
Responses from Glucose Sensor Data in Diabetes Mellitus. Annual International Conference of the IEEE Engineering in Medicine
and Biology Society. IEEE Engineering in Medicine and Biology Society. Annual International Conference2019, 265-268, https://doi.
0rg/10.1109/EMBC.2019.8857195 (2019).

Ng, E., Kaufman, J. M., van Veen, L. & Fossat, Y. A parsimonious model of blood glucose homeostasis. PLOS Digit. Health 1, 1-17.
https://doi.org/10.1371/journal.pdig.0000072 (2022).

Trouwborst, L. et al. Cardiometabolic health improvements upon dietary intervention are driven by tissue-specific insulin resist-
ance phenotype: A precision nutrition trial. Cell Metab. 35, 71-83 (2023).

Gijbels, A. et al. The PERSonalized glucose optimization through nutritional intervention (PERSON) study: Rationale, design and
preliminary screening results. Front. Nutr. 8, 694568 (2021).

Maas, A. Playing with Numbers: The Development of an Educational Diabetes Game (Technische Universiteit Eindhoven, 2017).

model: Estimation of gastric retention, glucose rate of appearance, and insulin sensitivity from type 1 diabetes data collected in
real-life conditions. IEEE Transactions on Biomedical Engineering 1-9, https://doi.org/10.1109/TBME.2023.3324206 (2023).
Rackauckas, C. & Nie, Q. DifferentialEquations.jl-a performant and feature-rich ecosystem for solving differential equations in
Julia. J. Open Res. Softw. 5, 15 (2017).

Erdés, B. et al. Quantifying postprandial glucose responses using a hybrid modeling approach: Combining mechanistic and data-
driven models in the Maastricht study. PLoS ONE 18, 1-16. https://doi.org/10.1371/journal.pone.0285820 (2023).

Arnoud, A., Guvenen, F. & Kleineberg, T. Benchmarking Global Optimizers (National Bureau of Economic Research, 2019).
Borisov, I. & Metelkin, E. Confidence intervals by constrained optimization-an algorithm and software package for practical
identifiability analysis in systems biology. PLoS Comput. Biol. 16, 1-13. https://doi.org/10.1371/journal.pcbi. 1008495 (2020).
Wieland, E-G., Hauber, A. L., Rosenblatt, M., Ténsing, C. & Timmer, J. On structural and practical identifiability. Curr. Opin. Syst.
Biol. 25, 60-69. https://doi.org/10.1016/j.coisb.2021.03.005 (2021).

Raue, A. et al. Structural and practical identifiability analysis of partially observed dynamical models by exploiting the profile
likelihood. Bioinformatics 25, 1923-1929. https://doi.org/10.1093/bioinformatics/btp358 (2009).

Stuart, A. M. Inverse problems: A Bayesian perspective. Acta Numer. 19, 451-559. https://doi.org/10.1017/50962492910000061
(2010).

Linden, N. J., Kramer, B. & Rangamani, P. Bayesian parameter estimation for dynamical models in systems biology. PLoS Comput.
Biol. 18, 1-48. https://doi.org/10.1371/journal.pcbi.1010651 (2022).

Feerch, K. et al. Discordance between glucose levels measured in interstitial fluid vs in venous plasma after oral glucose administra-
tion: A post-hoc analysis from the randomised controlled PRE-D trial. Front. Endocrinol. 12, 753810 (2021).

Kahn, S. E., Cooper, M. E. & Del Prato, S. Pathophysiology and treatment of type 2 diabetes: Perspectives on the past, present, and
future. Lancet (London, England) 383, 1068-1083. https://doi.org/10.1016/S0140-6736(13)62154-6 (2014).

Gastaldelli, A., Abdul Ghani, M. & DeFronzo, R. A. Adaptation of insulin clearance to metabolic demand is a key determinant of
glucose tolerance. Diabetes 70, 377-385. https://doi.org/10.2337/db19-1152 (2021).

Tsai, E. B., Sherry, N. A,, Palmer, J. P,, Herold, K. C., DPT-1 Study Group. The rise and fall of insulin secretion in type 1 diabetes
mellitus. Diabetologia 49, 261-270. https://doi.org/10.1007/s00125-005-0100-8 (2006).

Kitabchi, A. E. et al. Role of insulin secretion and sensitivity in the evolution of type 2 diabetes in the diabetes prevention program:
Effects of lifestyle intervention and metformin. Diabetes 54, 2404-2414. https://doi.org/10.2337/diabetes.54.8.2404 (2005).
Mulder, S. T. et al. Dynamic digital twin: Diagnosis, treatment, prediction, and prevention of disease during the life course. J. Med.
Internet Res. 24, €35675. https://doi.org/10.2196/35675 (2022).

van den Brink, W. J., van den Broek, T. J., Palmisano, S., Wopereis, S. & de Hoogh, I. M. Digital biomarkers for personalized nutri-
tion: Predicting meal moments and interstitial glucose with non-invasive, wearable technologies. Nutrients 14, 4465. https://doi.
org/10.3390/nu14214465 (2022).

Abeltino, A. et al. Putting the personalized metabolic avatar into production: A comparison between deep-learning and statistical
models for weight prediction. Nutrients 15, 1199. https://doi.org/10.3390/nu15051199 (2023).

Thomas, A. & Thevis, M. Analysis of insulin and insulin analogs from dried blood spots by means of liquid chromatography-high
resolution mass spectrometry. Drug Test. Anal. 10, 1761-1768. https://doi.org/10.1002/dta.2518 (2018).

Berry, S. E. et al. Human postprandial responses to food and potential for precision nutrition. Nat. Med. 26, 964-973. https://doi.
0rg/10.1038/s41591-020-0934-0 (2020).

Arpaia, P, Cesaro, U,, Frosolone, M., Moccaldi, N. & Taglialatela, M. A micro-bioimpedance meter for monitoring insulin bio-
availability in personalized diabetes therapy. Sci. Rep. 10, 13656. https://doi.org/10.1038/s41598-020-70376-5 (2020).

Rodbard, D. Characterizing accuracy and precision of glucose sensors and meters. J. Diabetes Sci. Technol. 8, 980-985. https://doi.
org/10.1177/1932296814541810 (2014).

Howard, R., Guo, J. & Hall, K. D. Imprecision nutrition? Different simultaneous continuous glucose monitors provide discordant
meal rankings for incremental postprandial glucose in subjects without diabetes. Am. J. Clin. Nutr. 112, 1114-1119. https://doi.
org/10.1093/ajcn/nqaal98 (2020).

Merino, J. et al. Validity of continuous glucose monitoring for categorizing glycemic responses to diet: Implications for use in
personalized nutrition. Am. J. Clin. Nutr. 115, 1569-1576. https://doi.org/10.1093/ajcn/nqac026 (2022).

Cengiz, E. & Tamborlane, W. V. A tale of two compartments: Interstitial versus blood glucose monitoring. Diabetes Technol. Ther.
11, S11-16. https://doi.org/10.1089/dia.2009.0002 (2009).

Barua, S., Wierzchowska-McNew, R. A., Deutz, N. E. & Sabharwal, A. Discordance between postprandial plasma glucose measure-
ment and continuous glucose monitoring. Am. J. Clin. Nutr. 116, 1059-1069. https://doi.org/10.1093/ajcn/nqac181 (2022).

Acknowledgements
The authors would like to thank the participants and staff of the PERSON Study.

Author contributions

B.E., M.E.A. conceptualized and designed the study; B.E., S.D.O’D. and developed the methodology; A.G., LT,
K.M.J,, and G.H.G. provided resources; B.E. developed software and carried out the analysis; B.E. wrote the
original draft, B.E., S.D.O'D., M.E.A., A.G,,L.T., KM.J,, GH.G., L.A.A. EEB., N.A.W.v.R, and .C.W.A. edited the

Scientific Reports |

(2024) 14:8037 | https://doi.org/10.1038/s41598-024-58703-6 nature portfolio


https://doi.org/10.1177/1932296815578716
https://doi.org/10.1016/j.cca.2020.12.025
https://doi.org/10.1515/labmed-2023-0013
https://doi.org/10.1109/EMBC.2019.8857195
https://doi.org/10.1109/EMBC.2019.8857195
https://doi.org/10.1371/journal.pdig.0000072
https://doi.org/10.1109/TBME.2023.3324206
https://doi.org/10.1371/journal.pone.0285820
https://doi.org/10.1371/journal.pcbi.1008495
https://doi.org/10.1016/j.coisb.2021.03.005
https://doi.org/10.1093/bioinformatics/btp358
https://doi.org/10.1017/S0962492910000061
https://doi.org/10.1371/journal.pcbi.1010651
https://doi.org/10.1016/S0140-6736(13)62154-6
https://doi.org/10.2337/db19-1152
https://doi.org/10.1007/s00125-005-0100-8
https://doi.org/10.2337/diabetes.54.8.2404
https://doi.org/10.2196/35675
https://doi.org/10.3390/nu14214465
https://doi.org/10.3390/nu14214465
https://doi.org/10.3390/nu15051199
https://doi.org/10.1002/dta.2518
https://doi.org/10.1038/s41591-020-0934-0
https://doi.org/10.1038/s41591-020-0934-0
https://doi.org/10.1038/s41598-020-70376-5
https://doi.org/10.1177/1932296814541810
https://doi.org/10.1177/1932296814541810
https://doi.org/10.1093/ajcn/nqaa198
https://doi.org/10.1093/ajcn/nqaa198
https://doi.org/10.1093/ajcn/nqac026
https://doi.org/10.1089/dia.2009.0002
https://doi.org/10.1093/ajcn/nqac181

www.nature.com/scientificreports/

manuscript; E.E.B., LC.W.A, and N.A.W.v.R acquired funding for the study; M.E.A., I.C.W.A provided supervi-
sion. All authors reviewed and approved the manuscript.

Fundin

The proj egt is organized by and executed under the auspices of TiFN, a public - private partnership on precom-
petitive research in food and nutrition. Funding for this research was obtained by E.B., M.A., LA. and N.vR.
from DSM Nutritional Products [https://www.dsm.com], FrieslandCampina [https://www.frieslandcampina.
com/], Danone Nutricia Research [https://www.nutriciaresearch.com/] and the Topsector Agri &Food https://
topsectoragrifood.nl/] (grant number: TiFN 16NH04). Additional funding was obtained by the Dutch Research
Council (NWO)[https://www.nwo.nl/] as part of the Complexity Programme (project number 645.001.003) with
contributions from the Unilever Food Innovation Center, Wageningen, the Netherlands [https://hive.unilever.
com/] and Caelus Health, Amsterdam, the Netherlands [https://caelushealth.com/] awarded to L.A., N.v.R., and
L.A. Also funding by NWO as part of the Data2Person Programme (project number 628.011.027) was awarded
to N.v.R.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-024-58703-6.

Correspondence and requests for materials should be addressed to B.E.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

= License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports |

(2024) 14:8037 | https://doi.org/10.1038/s41598-024-58703-6 nature portfolio


https://www.dsm.com
https://www.frieslandcampina.com/
https://www.frieslandcampina.com/
https://www.nutriciaresearch.com/
https://topsectoragrifood.nl/
https://topsectoragrifood.nl/
https://www.nwo.nl/
https://hive.unilever.com/
https://hive.unilever.com/
https://caelushealth.com/
https://doi.org/10.1038/s41598-024-58703-6
https://doi.org/10.1038/s41598-024-58703-6
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Leveraging continuous glucose monitoring for personalized modeling of insulin-regulated glucose metabolism
	Methods
	Data
	Oral glucose tolerance test
	Continuous glucose monitoring
	Metabolic indicators

	E-DES model
	Model calibration

	Results
	Comparison of model fit and diagnostics between models estimated on plasma and CGM glucose
	Parameter estimates from model calibration on plasma compared to CGM glucose
	Parameter estimates association with indicators of glucose homeostasis

	Discussion
	Model fit and identifiability
	Parameter estimates and personalized model-based representation of glucose regulation
	CGM data in dynamic models of glucose homeostasis

	Conclusions
	References
	Acknowledgements


