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Glucodensity functional profiles
outperform traditional continuous
glucose monitoring metrics
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Continuous glucose monitoring (CGM) data have revolutionized the management of type 1 diabetes,
particularly when integrated with insulin pumps to mitigate clinical events such as hypoglycemia.
Recently, there has been growing interest in utilizing CGM devices in clinical studies involving healthy
and diabetic populations. However, efficiently exploiting the high temporal resolution of CGM profiles
remains a significant challenge. Numerous indices—such as time-in-range metrics and glucose
variability measures—have been proposed, but evidence suggests these metrics overlook critical
aspects of dynamic glucose homeostasis. As an alternative method, this paper explores the clinical
value of glucodensity metrics in capturing glucose dynamics—specifically the speed and acceleration
of CGM time series—as new biomarkers for predicting long-term glucose outcomes. Our results
demonstrate significant information gains, exceeding 20 % in terms of adjusted r-square, in forecasting
glycosylated hemoglobin (HbAlc) and fasting plasma glucose (FPG) at five and eight years from
baseline AEGIS data, compared to traditional non-CGM and CGM glucose biomarkers. These findings
underscore the importance of incorporating more complex CGM functional metrics, such as the
glucodensity approach, to fully capture continuous glucose fluctuations across different time-scales.

Keywords Glucose dynamic, Continuos glucose monitoring, Glucose matabolism, Digital health, Functional
data analysis

Recent technological advances in wearable devices and smartphones now enable near-continuous, time-
dependent monitoring of various physiological parameters in humans, such as energy expenditure and heart
rate'. Modern medical devices have become a significant driving force in the clinical evolution of digital health
and personalized medicine®. One of the most notable examples of the impact of technological transformation
in modern healthcare is the use of continuous glucose monitors (CGMs), a minimally invasive technology that
measures interstitial glucose levels every few minutes. Over the past 20 years, CGMs have revolutionized the
management of Type 1 diabetes, often integrated with insulin pump systems, significantly reducing high-risk
clinical events such as hypoglycemia®.

Beyond their use in controlling glucose levels and managing Type 1 diabetes, CGMs have introduced new
clinical criteria for assessing the effects of new drugs, including next-generation insulins, in both randomized
clinical trials and observational studies®*. Today, they are widely used to define new clinical outcomes in diabetes
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research, reshaping how clinical studies in diabetes are conducted. Additionally, CGM devices are essential
tools for developing reliable quantitative methods in the field of personalized nutrition®. For example, recent
epidemiological studies have revealed considerable variability in individual glucose responses to the same diets,
offering new insights into the effects of meal composition—including macronutrient and micronutrient ratios—
on glucose responses over time’. CGMs are now being used as a formal criterion for personalizing diets based
on individual glycemic responses and for promoting nutritional interventions to optimize metabolic capacity®.

Despite strong evidence supporting the benefits of incorporating CGM technology into clinical practice to
enhance glycemic control in diabetes, the use of CGMs in healthy, normoglycemic, and prediabetic individuals
has not been widely explored or validated®. However, there is growing interest in using CGMs among healthy
populations to estimate diabetes risk and develop interventions aimed at improving metabolic health®. Ongoing
large-scale studies in the United States and Israel, involving thousands of participants, aim to understand how
CGM data can predict diabetes onset, personalize dietary recommendations, and identify early metabolic
dysfunctions. These studies seek to fill gaps in the literature regarding the utility of CGMs in non-diabetic
populations, providing normative CGM data for glucose variability in healthy individuals!®.

While these studies are still in their early stages, the population-based Spanish AEGIS study, with a 10-year
follow-up, serves as a key reference for exploring CGM use in healthy populations and obtaining new clinical
findings to be validated in larger ongoing cohorts. From the practical perspectives of primary care and preventive
medicine, the validation of CGMs in non-diabetic populations is of paramount importance for developing
preventive strategies and early interventions to reduce the incidence of diabetes and other metabolic disorders.

From a data analysis perspective, high-resolution CGM time series data present significant challenges,
particularly in real-world clinical scenarios where patients are monitored in free-living conditions and
for periods of different lengths. Direct analysis of these time series is often impractical, necessitating the
development of specific CGM metrics'"12. Current state-of-the-art CGM metrics rely on compositional data
analysis'?, which defines glucose target ranges and quantifies the proportion of time an individual spends within
each range“‘. Other, simpler methods summarize the time series using means, standard deviations, or other
statistical moments'>~18,

Recently, next-generation CGM analyses have been proposed that use functional data analysis! to
exploit the continuous and functional nature of the data?, as seen in glucodensity representations and other
distributional data metrics?!*2. While glucodensity offers a continuous characterization of glucose distributions,
it may overlook important dynamic aspects such as glucose variability patterns**?*, rapid fluctuations, and the
timing of peaks and nadirs?>~factors critical in understanding glycemic control and predicting complications.
Previous studies have shown that glucose variability and excursions are associated with oxidative stress and
vascular complications. Despite these limitations, glucodensity remains attractive due to its ability to provide a
comprehensive and interpretable summary of glucose data, incorporating traditional CGM metrics automatically
into the glucodensity representation.

Glucodensity®® extends traditional compositional metrics like “time in range” by providing a continuous
characterization of the proportion of time spent above or below each glucose concentration. Practically,
glucodensity transforms the glucose time series into a marginal density function, automatically incorporating
traditional CGM metrics. In some clinical applications, glucodensity has proven valuable in predicting clinical
outcomes while maintaining interpretability—an essential feature in clinical research. However, new methods
based on neural networks, such as autoencoders and other deep learning techniques, have been proposed?® to
summarize CGM data and integrate it with other data modalities. While these methods can capture complex
temporal patterns and glucose dynamics, they often lack interpretability, making it difficult for clinicians to
understand and explain the clinical results. In addition, neural network methods require large sample sizes
and extensive computational resources, which may not be practical in clinical studies with small or moderate
sample sizes, such as clinical trials. In contrast, glucodensity offers a balance between capturing essential glucose
information and maintaining interpretability, making it a practical choice for small participant clinical studies.

Continuous glucose monitoring (CGM) has inspired a wide range of analytical methods, yet most investigations
address only a single facet of glycaemic control. Early studies assessed variability using the standard deviation
and the mean amplitude of glycaemic excursions (MAGE)??”?; however, these summaries do not reflect the
continuous, temporally ordered nature of CGM profiles?. Phase-plane representations-plotting the glucose rate
of change against glucose concentration-were subsequently introduced to characterise short-term kinetics*®3!.
Other research has quantified overall exposure cumulative-distribution functions of different CGM metrics
across patients®, proposed clinically intuitive indices such as Time-in-Tight-Range (TITR)*, and shown that
glucose distributions are better described by a gamma than by a normal law**. Principal functional component
analyses have further distilled extensive collections of CGM indices into a few dominant patterns in both type
1 and type 2 diabetes®. The recently proposed glucodensity framework?*¢ reconciles these contributions by
creating an individual CGM profile suitable for analyzing data under free-living conditions. Glucodensity
measures the full distribution of an individual's CGM time series over a given period with a non-parametric
density estimator; nevertheless, it still omits critical aspects of glucose dynamics. In this paper, we incorporate
glucose speed and acceleration into the glucodensity framework to create a unified functional profile that
captures both the distributional and dynamic characteristics of CGM data. To validate the new functional CGM
index, we analyze baseline data from the AEGIS study, a cohort comprising a random sample of predominantly
healthy individuals. We focus on two key biomarkers of diabetes diagnosis, control, and progression: fasting
plasma glucose (FPG) and glycosylated haemoglobin (HbA1.)-at two future horizons, five and eight years. From
a clinical perspective, the primary objective of the article, we provide solid evidence that glucose speed and
acceleration, quantified via the glucodensity approach, are promising surrogate biomarkers for glucose control,
offering a comprehensive outcome measure that encapsulates CGM information.
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The implications of these findings for translational research could have substantial consequences in drug
development. For instance, new insulins could be designed to respond more dynamically to rapid changes
in glucose levels, optimizing dosing regimens based on individual glucose kinetics rather than static glucose
concentrations. This could lead to more effective treatment schedules that minimize glycemic excursions and
reduce the risk of complications. We must highlight that even in normoglycemic individuals, rapid glucose
excursions—characterized by high velocity-and abrupt transitions-characterized by high acceleration-may signal
early B—cell stress®”. These dynamic patterns have been associated with both a diminished insulin response in the
first phase and a blunted incretin effect®®, two recognized subclinical markers of incipient 3 —cell dysfunction.

From a methodological point of view, our work opens up new opportunities to define functional clinical
biomarkers for human glucose metabolism research and diabetes practice using advanced CGM metrics that
capture both the distributional and dynamic aspects of glucose homeostasis metabolism. Recent work by
Montaser et al.** has similarly highlighted the diagnostic potential of CGM-derived dynamic markers-such as
the entropy rate and Poincaré plot metrics—-to distinguish diabetes subtypes and detect early-stage dysglycemia.
These findings reinforce the clinical relevance of CGM dynamics beyond traditional variability metrics.

This study offers two principal contributions. First, we extend the original concept of glucodensity®® to a
multidimensional setting by incorporating glucose velocity and acceleration, thereby capturing the full dynamical
profile of continuous glucose monitoring (CGM) data. Second, we provide formal evidence-both theoretical and
empirical-that multivariate glucodensity encodes substantially richer information than its marginal counterpart
and than established CGM summary metrics. In the following, we detail these specific contributions.

o We introduce novel CGM data analysis methods based on glucodensity approach and distributional data
analysis to capture glucose dynamics at different time scales, focusing on the speed and acceleration of glucose
levels over time.

« We validate the proposed CGM metrics by predicting long-term glucose evolution at five and eight years, con-
sidering the biomarkers glycosylated hemoglobin (HbA1c) and fasting plasma glucose (FPG)—the primary
biomarkers for diabetes control and diagnosis.

« We employ functional data analysis methods that efficiently leverage CGM data and distributional representa-
tions. This approach allows us to capture glucose dynamics in terms of speed and acceleration, translating into
greater accuracy in predicting clinical outcomes.

« Our results show a 20% increase in R? for predicting the continuous outcomes FPG and HbAlc at differ-
ent temporal points when incorporating glucose marginal distributional patterns, speed, and acceleration as
predictors in regression models, compared to regression models that only involve traditional CGM and non-
CGM metrics. The traditional CGM and non-CGM models include: (i) baseline FPG and HbAlc; and (ii)
baseline FPG and HbAlc, along with CGM metrics like the Area Under the Curve (AUC), Mean Amplitude
of Glycemic Excursions (MAGE), Continuous Overall Net Glycemic Action (CONGA), and hyperglycemia
time-in-range.

Methods

In this section, we introduce the formal framework for analyzing continuous glucose monitor (CGM) data using
the glucodensity (distributional data analysis) approach. This method incorporates the dynamics of glucose in
terms of speed and acceleration, framed within the context of distributional glucose representations. We begin
by presenting the existing concept of the distributional representation of glucose data.

Next, we extend this concept by proposing a novel multidimensional glucodensity approach that aggregates
multiple physiological signals, specifically incorporating the speed (first derivative) and acceleration (second
derivative) of the continuous-time glucose process. We then discuss the formal methods used to integrate these
derivatives into the glucodensity representations, employing smoothing techniques for accurate estimation.

Finally, we introduce specific additive semi-parametric regression models that accommodate both marginal
and multivariate distributional representations to predict continuous glucose scalar outcomes.

Distributional representations for CGM-data analysis

Univariate Glucodensity approach

Following?, for a individual i*", denote the glucose monitoring data by pairs (¢;;, Gi;), 5 = 1,...,n, where
the ¢;; represent recording times that are typically equally spaced across the observation interval, and G'; is the
glucose level at time ¢;; € .%; = [0, T;]. Note that the number of records n;, the spacing between them, and the
overall observation length T; can vary by individual. One can think of these data as discrete observations of a
continuous latent process Y; (t), with G;; = Y;(¢i;). The glucodensity for this patient is defined in terms of this
latent process as f;(z) = Fj(x), where

T;
Fi(z) = / I(Yi(t) <x)dt for inf Yi(t) <z < sup Yi(¢) (1)
0

te[0,T5] te[0,Ty]

Hl=

is the proportion of the observation interval in which the glucose levels remain below x. Since Fj is increasing
from 0 to 1, the data to be modeled are a set of probability density functions f;, ¢ =1,...,n.

Of course, neither F; nor the glucodensity f; is directly observed in practice. However, one can construct an
approximation using a density estimate f;(-) obtained from the observed sample. In the case of CGM data, the
glucodensities may have different supports and shapes. Therefore, we suggest using a non-parametric approach,
such as a kernel-type estimator, to estimate each density function. Alternatively, for individual i, we can use the

quantile function Q@\z(p) =inf{seR: ﬁz(s) > p} as a representation, where l?'z(s) = n% :;1 I(Gs; < s)
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Figure 1 illustrates graphically the process of collapsing CGM information from the raw CGM series into
the quantile and density distributions. Density functions offer more interpretability than quantile functions
because they provide a surrogate measure for the distribution of individuals across each glucose concentration.
In contrast, quantile functions represent the profile of an individual patient. They are linear statistical objects
that take values in vector-valued spaces and can be analyzed using standard linear functional data methods.

In metabolic disorders, such as diabetes, it is biologically plausible to assume that disease remains stable over
certain periods. Consequently, we can hypothesize that physiological responses, including short-term glucose
variation during these periods, conform to a stationary distribution, specifically over intervals .#;. Therefore, the
glucodensity approach is well-suited to capture individual distributional patterns within the examined temporal
periods of glucose values.

Multivariate glucodensity approach
We now extend the notion of glucodensity to cases where multiple physiological parameters are observed
simultaneously—the multidimensional case.

For a individual i, we observe n; measurements over the time interval .%; = [0, T}] from a medical device
at the temporal instants I'; = {t;; }?;1 C & for m physiological variables recorded simultaneously at the
same sampling frequency. The measurements are denoted as Gijx = Yir(ti;), where Yi(-) is the underlying
continuous model,and k =1,... ,m,i=1,...,n,7=1,...,n,.

Throughout this paper, we consider m = 3 physiological variables: glucose concentration (measured in mg/
dL) and its first and second derivatives with respect to time, representing the speed and acceleration of glucose
change. In the AEGIS study, the CGM device is continuously worn until the end of the monitoring period; thus,
there is no missing data in the CGM time series collected. We then smooth the raw functional data trajectories
via B-spline basis expansion and define

Gij1 = ?}1(151']'),

where

T

ﬁ'l(tzj) = Zcil¢l(tij)7 t=1,...,n, 5 =1,...,n

=1

¢1(tij) are the basis functions predefined at the beginning of functional data smoothing, and ¢;; are the
individual coeflicients. The smoothing criterion consists of minimizing the mean squared error while introducing
a quadratic penalty term to control the level of smoothness.

Formally, we define the sequences G';j2_and Gi;3 as the evaluations at times ¢;; of the first and second
derivatives of the smoothing representation Y1 (¢;;), that is,

Gijo = Y (ti;) and Gijz = i/\;'lll(tij)-

From a population standpoint, we define the cumulative distribution function (c.d.f.) of the multivariate process
Yi(t) = (Yii(t), ..., Yim(t)) over the interval [0, T;] as F;(p1, - - . , pm ), described by the following equation:
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Fig. 1. (Left) Continuous glucose monitor (CGM) time-series profiles for two non-diabetic individuals over
six days, following?. (Center) Corresponding univariate glucodensity representations using the methodology
proposed in?’. (Right) Corresponding quantile functions derived from the glucodensity representations.
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1

T;
Fi(p1,...,pm) = f/ I{Yi(t) < p}dt.
z 0

The corresponding individual density function f;(p1,. .., pm) is defined as the gradient of F;(p1,...,pm):
f’i(plv o ,pm) = VFl(pla s 7pm)

From an empirical perspective, assuming the original process Yix(t) is smooth, we estimate the underlying
marginal density functions using smoothing methods as follows:

fu(p) = %ZKH(P —pi)

where p = (p1,p2,...,Pm) > p; = (pi1, piz, - - - ,Dim) | fori=1,2,...,n are m-vectors; H is a symmetric
and positive definite m x m matrix that serves as the bandwidth; and K is the kernel function, a symmetric
multivariate density defined as:

Ku(p) = [H| ™K (H"/?p).

To select the bandwidth matrix H, we can use rules of thumb based on asymptotic Gaussian processes or finite-
sample data-driven approaches such as cross-validation (see more details in?).

Regression modeling

Modelling framework

We denote the scalar outcome of interest as ;. Let us denote the scalar covariates e.g., age and other demographic
predictors as X;. The subject-specific marginal distributional representation using quantile function of glucose
concentration, speed and acceleration is denoted by 21 (+), Zi2(+) and 2;3(+) respectively. The quantile function
representation has been previously used in distributional data analysis®> and offers attractive mathematical
advantages. We observe a random sample D; = (R, X;, 2i1(+), Zi2(+), Zis(+)), ¢ = 1,...,n, which are
assumed to be independent and identically distributed for each i.

Scalar on distribution regression

We use the following additive scalar on distribution regression approach?"?? for modelling the scalar outcome
of interest based on multivariate distributional representations. A functional generalized additive model*! is
used for capturing additive nonlinear distributional effects of glucose concentration, speed and acceleration.
The model is given by,

Ri:a0+X?a+/

Py

F1(Zi1(p1), p1)dp1 + /

Py

F5(L2i2(p2), p2)dp2 +/ F3(2i3(ps), p3)dps + €, (2)

P3

where Fj(-,-),7 =1,...,3 denote a unknown bivariate function capturing the additive effect of Q;;(p;) at
index p;. The unknown parameters of interest in the above model, which needs to be estimated are given by
® = (ao, o, Fi(+, ), Fa(+,+), F3(-,-)). Note that we do not need directly observed these distribution valued
covariates, rather they are empirically estimated.

Estimation

We employ a semiparametric penalized estimation approach to estimate the model parameters. The unknown
bivariate functional effects F}; (-, -) (j=1....,3) are modelled using tensor product of cubic B-spline basis functions
as

Ko Lo

Fy(u,p) = Y Y 050aB.0(w)Bj,2 (p). 3)

k=1 l=1

Here {Bj,u(u)}+2,, { Bj, (p)}/°, are sets of known basis functions over u and p arguments respectively. We

denote 6; = {Hj,kl}kKi’l 12, to be the unknown basis coefficients. In this article, we use cubic B-spline basis

functions, however, other basis functions can be used as well. Plugging in these basis expansions in model (3)
we have,
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Ko Lo
Ri = a0 +X; OHFZ/ > 050aB5,0(2:5(p)Bjr(ps)dp;.

Jk 11=1
Ko Lo

= a0+ Xia+ Z SN i / Bj,u(L2:5(ps))Bj.p(p;)dp;- 4)

j=1 k=1 I=1

= ao+X,?a+ZWiTjGj.

j=1

Here WZ’]’:{IP B;,u(2:;(p;))Bj,p(p;)dp; ?:Di,Leoﬂ denotes the KoLo-dimensional stacked

vectors whlch can be a r0x1mated using Riemann sum. Denote the unknown parameter of interest as
P = (a0, a”, 07,07 . We use the following penalized least square criterion to estimate the model
parameters which 51multaneously estimate the basis coefficients an enforces smoothness in the additive
functional effects Fj(-,-) (j = 1,...,3).

3
Rp(|A) =R(p|X) + ) 67P;6;

j=1
n 3 3
= Z(Ri —ao—Xla— Z Wke;)? + Z 67 P;6;,
i=1 j=1 Jj=1

where is a P and P are roughness penalty matrices*? to introduce smoothness in u and p direction
respectively for each of the function Fj(-, ). In this article, we have used a second order difference penalty*?
which introduces smoothness in in both arguments u and p. The penalty matrices P; (j = 1...3) are given
by P; = \v ]DU JDUJ @Iy +Apjlr, ® D} ;Dp j, where Iy, 1L, are identity matrices w1th dimension
Ko, Lo and Dy, ; , Dp,; are matrices corresponding to the row and column of second order difference penalties.
The penalty parameters Ay,;, Ap,; (j = 1...3) are the corresponding smoothing parameters, controlling
smoothness of Fj(-,-) over u and p respectively. For fixed values of A, Newton-Raphson algorithm can be
employed for estimating v as the maximizer of the above penalized least square. We used the gam function
within mgcv package in R* for estimating the parameter vector #. The smoothing parameters A were selected
with data-driven criteria, namely generalized cross-validation (GCV;*) and restricted maximum likelihood
(REML;*). All smoothing terms were fitted using themgcv: : gam () function in R, with smoothing parameters
estimated by REML and term-wise shrinkage enabled via select = TRUE. This double-penalty strategy
automatically balances goodness-of-fit and smoothness, shrinking non-informative smooths to (effectively) zero
degrees of freedom*’.

(5)

Results

Data description

The AEGIS population study”® is a ten-year longitudinal study that focuses on changes in circulating glucose
and its connections to inflammation and obesity. These factors are critically linked to the potential development
of comorbidities and diabetes mellitus. Unlike other epidemiological studies, AEGIS incorporates continuous
glucose monitoring (CGM) for a random subsample, providing detailed glucose profiles at various time
points over a period of five years. In this random AEGIS CGM subsample, most individuals are non-diabetic
(normoglycemic and prediabetic), offering a unique opportunity to evaluate the clinical value of CGM in healthy
populations. The diabetic individuals in the sample have Type II diabetes and are very well-controlled, with a
minimal progression of the disease at baseline. For this reason, we refer that with analysis, we are characterizing
the long-term risk and progression of Diabetes Mellits disease. We analyze approximately one week of data for
each participant. Over such a period, it is biologically plausible that glucose measurements remain stationary. In
diabetes—or when metabolism changes-alterations typically occur gradually over months (see for example”), so
assuming weekly stationarity is reasonable.

Sample and procedures

Study design A subset of the subjects in the A Estrada Glycation and Inflammation Study (AEGIS; trial
NCT01796184 at www.clinicaltrials.gov) provided the sample for the present work. In the latter cross-sectional
study, an age-stratified random sample of the population (aged > 18) was drawn from Spain’s National Health
System Registry. A detailed description has been published elsewhere®®. For a one-year period beginning
in March, subjects were periodically examined at their primary care center where they (i) completed an
interviewer-administered structured questionnaire; (ii) provided a lifestyle description; (iii) were to biochemical
measurements, and (iv) were prepared for CGM (lasting 6 days). The subjects who made up the present sample
were the 581 (361 women, 220 men) who completed at least 2 days of monitoring, out of an 622 persons who
consented to undergo a 6-day period of CGM. Another 41 original subjects were withdrawn from the study due
to non-compliance with protocol (n = 4) or difficulties in handling the device (n = 37). The characteristics of the
participants are shown in the Table 1.
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Men (n = 220) | Women (n = 361) | p-value (t-test)
Age, years 47.8 £14.8 48.2 £ 14.5 0.04
Alc, % 5.6 £0.9 5.5+ 0.7 0.26
FPG mg/dL 97 4 23 91 £ 21 < 0.001
HOMA-IRmg/dL.pUI/m | 3.97 + 5.56 2.74 +2.47 < 0.001
BMI kg/m” 28.9 + 4.7 27.74+5.3 < 0.001
CONGA mg/dL 0.88 £+ 0.40 0.86 £+ 0.36 0.03
MAGE mg/dL 33.6 + 22.3 31.2 4 14.6 < 0.001
MODD 0.84 £ 0.58 0.77 4+ 0.33 < 0.001

Table 1. Characteristics of AEGIS study participants by sex. Mean + standard deviation are shown. BMI -
body mass index; FPG - fasting plasma glucose; Alc - glycated haemoglobin; HOM A — IR - homeostasis
model assessment-insulin resistance; CONGA - glycemic variability in terms of continuous overall net
glycemic action; MODD - mean of daily differences; MAGE - mean amplitude of glycemic excursions.

Laboratory determinations Glucose was determined in plasma samples from fasting participants by
the glucose oxidase peroxidase method. Alc was determined by high performance liquid chromatography
in a Menarini Diagnostics HA-8160 analyzer; all Alc values were converted to DCCT-aligned values®.
Insulin resistance was estimated using the homeostasis model assessment method (HOMA-IR) as the fasting
concentration of plasma insulin (x4 units/mL) X plasma glucose (mg/dL)/ 405.

CGM Procedures At the start of each monitoring period, a research nurse inserted a sensor (Enlite™,
Medtronic, Inc, Northridge, CA, USA) subcutaneously into the subject’s abdomen and instructed him/her in the
use of the iPro™ CGM device (Medtronic, Inc, Northridge, CA, USA). The sensor continuously measures the
interstitial glucose level 40 — 400 (range mg/dL) of the subcutaneous tissue, recording values every 5 min. The
participants calibrated the iProTM CGM with 3 premeal capillary tests per day using a OneTouch®Verio®Pro
meter. Days with < 3 calibrations, > 2 h of signal loss, or the initial 24 h of wear were discarded. The resulting
dataset-581 participants, 9 980 paired readings—showed a global MARD of 7.9 %, with 87 % of values within the
ISO 15197 15/15 % limits, a level deemed clinically accurate for retrospective CGM analysis.

Glycaemic variability After downloading the recorded data, the following glycemic variability indexes
were analyzed: area under the curve (AUC), mean amplitude of glycemic excursions (MAGE)%, continuous
overlapping net glycemic action at 1 h (CONGA1)%, the mean of daily differences (MODD)®!, and the time
above range (TAR). The mathematical formulae of the methods of assessment for glucose variability were taken
from their original publications for inclusion in an R program, which is freely available*®.

Advanced CGM-derived dynamic metrics, including semi-Markov (e.g., entropy rate) and Poincaré-
based measures In addition to standard CGM indices, we evaluated two information-theoretic metrics that
characterize glucose dynamics: the entropy rate (ER) and the Poincaré plot ellipse area (S), recently introduced
by Montaser et al.*. Both statistics were computed in R using an implementation that reproduces the original
procedure described by*’.

Ethical approval and informed consent The present study was reviewed and approved by the Clinical
Research Ethics Committee from Galicia, Spain (CEIC2012-025). Written informed consent was obtained from
each participant in the study, which was in accordance with the current Declaration of Helsinki. of Helsinki.

Descriptive analysis speed of glucose dynamics and patient evolution
To illustrate the clinical relevance of fluctuations on different time scales, we examine the velocity of glucose
within the glucodensity framework from a descriptive perspective. Figure 2 presents two-dimensional heat map
estimates of glucose and its first derivative (velocity) for three non-diabetic individuals at the start of the study.
In the right panel-corresponding to the individual who remained non-diabetic-the density is tightly
concentrated within the normal glucose range, and the velocity exhibits lower variability. In contrast, the two
individuals who progressed to diabetes have more dispersed densities and greater velocity fluctuations. These
descriptive plots suggest that incorporating velocity information into CGM representations may reveal dynamic
patterns indicative of diabetes risk and progression. In Supplemental Material B, Figure 3, we show, for the same
three individuals, a plot of the classical CGM-based dynamic markers/indices (see® for further details).

Statistical association results for validation of multivariate glucodensity in AEGIS

The primary objective of this Results section is to provide evidence of the predictive superiority of the CGM
distributional metrics introduced in section “Distributional representations for CGM-data analysis”, which
incorporate glucose speed and acceleration to predict clinical outcomes. To evaluate these metrics, we compare
models of varying complexity that include both CGM and non-CGM variables from the AEGIS baseline data,
using the regression methodology described in section “Regression modeling”. Given the limited sample size
and the presence of missing data in the five- and eight-year outcomes analyzed, which further reduces the final
sample size, we focus on introducing glucose speed and acceleration in a marginal, yet additive manner within
the regression models. For each clinical outcome, we fit the model independently using the individual data
available, as the number of missing responses varies between the variables examined. The baseline data contain
no missing values and the observed missing pattern appears to be completely missing at random.
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Fig. 2. Heatmap of the two-dimensional density for glucose concentration and its first derivative (speed)
estimated from the CGM time series for three non-diabetic individuals at baseline of the AEGIS study. After 8
years, the individuals in the left and middle panels developed diabetes, while the individual in the right panel
did not.

We evaluated the predictive performance of these models using adjusted 2, which allows us to fairly
compare the models while adjusting for complexity and avoiding overfitting. The CGM distributional metrics,
including glucose speed and acceleration, are compared with traditional CGM and non-CGM biomarkers.

Table 1 displays the baseline patient characteristics of the AEGIS population sample by sex, indicating that
the sample is mainly composed of non-diabetic individuals. In cases where patients have diabetes, they are very
well controlled, with glucose values very close to the prediabetes range. For the characterization of baseline data,
focus on monitoring the risk and progression of diabetes in a primarily healthy cohort. Among individuals with
diabetes, the progression of the disease remains minimal.

We consider four clinical outcomes: (i) HbAlc at 5 years, (ii) HbAlc at 8 years, (iii) FPG at 5 years, and (iv)
FPG at 8 years. Six models based on baseline data of increasing complexity are evaluated:

o Model (1): Includes age, FPG, and HbAlc.

o Model (2): Adds traditional CGM metrics, such as MAGE, CONGA, and Hyper, to age, FPG, and HbAlc.

o Model (3): Adds CGM-based dynamic markers—entropy rate (ER) and Poincaré ellipse area (S)—to age,
FPG, and HbAlc.

o Model (4): Incorporates age, FPG, HbAlc, and the glucodensity quantile marginal distributional representa-
tion.

o Model (5): Extends Model (4) by including quantiles of glucose speed.

o Model (6): Extends Model (5) by adding quantiles of glucose acceleration.

To predict the clinical outcomes, denoted as R’ where j € {HbAlc-5, HbAlc-8, FPG-5, FPG-8}, we
employ semi-parametric additive generalized models, as described in section “Scalar on distribution regression”.
The univariate quantile functions for glucose, speed, and acceleration are estimated on a grid of 100 points,
following the smoothing methodology from section “Multivariate glucodensity approach”. Each individual
distributional-quantile representation 2¢;;, j € {1, 2, 3}, is modeled using a bivariate spline approach outlined
in McLean et al. (2014)*!. Continuous scalar predictors are incorporated into the regression model as linear
terms.

Table 2 presents the predictive performance of the five models across the four clinical outcomes, using
adjusted R2. This metric accounts for the number of parameters, allowing for a balanced comparison across
models with different complexities.

Model (6), which incorporates glucose, glucose speed, and acceleration, consistently outperforms the other
models, demonstrating significant information gains compared to Models (1) and (2). For example, Model
(6) shows a 23% increase in adjusted R? for HbAlc at 5 years compared to Model (2), and an 8.7% increase
compared to Model (5). For HbAlc at 8 years, Model (6) achieves a 17.4% improvement over Model (2) and an
8.3% increase compared to Model (5). The gains are even more pronounced for fasting plasma glucose (FPG)
predictions: at 5 years, Model (6) shows a 40.9% improvement over Model (2) and a 19.1% increase over Model
(5). Similarly, for FPG at 8 years, Model (5) achieves a 21.4% improvement over Model (2) and a 21.7% increase
relative to Model (5). Models (1) and (2) perform similarly, with Model (2) including traditional CGM metrics.
The modest information gain observed for Model (2) is plausibly explained by the fact that the conventional
CGM summary statistics used in this specification primarily capture short-term glycaemic variability, whereas
the target outcomes HbAlc and FPG-reflect longer—term average glycaemia. In addition, FPG is intrinsically
noisier than HbAlc: it is derived from a single fasting measurement that is susceptible to day-to-day fluctuations,
while HbA . reflects average circulating glucose levels over approximately 120 days, making it a much more
stable biomarker>2. These classical models may show greater differentiation with larger sample sizes or additional
data. Glucodensity-based models achieved higher adjusted R? in predicting long-term HbAlc and FPG levels
compared to Model (3), which uses CGM-based dynamic markers such as entropy rate and Poincaré ellipse
area. Typically, Model (3) predicts slightly better than Model (2) and Model (1). Importantly, the marginal
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Model (1) | Model (2) | Model (3) | Model (4) | Model (5) | Model (6)
HbAlc-5 years (n = 209) | 0.640 0.645 0.650 0.732 0.743 0.796
HbA1lc-8 years (n = 250) | 0.584 0.579 0.589 0.628 0.656 0.680
FPG-5 years (n = 408) 0.434 0.438 0.474 0.518 0.587 0.617
FPG-8 years (n = 223) 0.339 0.426 0.385 0.425 0.445 0.517

Table 2. Adjusted R*> summary for clinical outcomes across six predictive models of varying complexity.
Model (1) includes baseline age, FPG, and HbAlc. Model (2) adds CGM metrics such as Area Under the
Curve (AUC), Mean Amplitude of Glycemic Excursions (MAGE), Continuous Overall Net Glycemic Action
(CONGA), and hyperglycemia time-in-range. Model (3) adds CGM-based dynamic markers—entropy rate
(ER) and Poincaré ellipse area (S)—to age, FPG, and HbAlc. Model (4) adds the quantile function for the
glucose profile to age, FPG, and HbAlc. Model (5) adds quantile functions for glucose speed to Model (4), and
Model (6) adds quantile functions for glucose acceleration to Model (5).

glucodensity, as well as the speed and acceleration functional variables, show statistical significance in the global
F-test, with p values below 0.02 for the four results in models (4), (5) and (6), respectively.

Additional results, including linear term coefficients and other performance metrics such as log-likelihood
and UBRE, are available in the Supplemental Material (see Supplemental Material A, Tables 3-6).

Discussion

In this paper, we explore the clinical value of glucose speed and acceleration for long-term glucose prediction
using novel functional CGM metrics. Our focus is on two primary clinical outcomes: HbAlc and FPG—key
biomarkers for diagnosing diabetes and monitoring disease progression. We utilize baseline data from the AEGIS
study as predictors, with outcomes collected five and eight years from baseline, employing a novel functional
distributional regression models.

The results demonstrate that incorporating functional glucose fluctuations through marginal distributional
representations of speed and acceleration increases the statistical association—in terms of adjusted R>—by over
20% compared to using classical CGM and non-CGM metrics alone. This significant improvement underscores
the additional time-dependent information captured by these novel CGM metrics. It suggests that CGM can
predict diabetes risk in healthy populations and monitor disease progression in diabetic individuals with higher
precision than existing biomarkers.

From a practical standpoint, the findings indicate that not just the intensity of glucose, but also the direction
(speed) and magnitude (acceleration) of glucose concentration changes are crucial. These metrics, derived
from CGM time series, are closely linked to glucose variability’*—a key factor in dysglycemia and a driver of
cellular damage®!. Our findings support the hypothesis that not only hyperglycemic states, but also speed and
acceleration at which glucose levels fluctuate, may predict the deterioration of functional 3-cell mass in Type
2 diabetes. In manifest diabetes, pancreatic 3-cells produce insufficient amounts of insulin to compensate for
insulin resistance, resulting in a relative insulin deficiency and leading to hyperglycemia®”.

While glucose speed and acceleration can be intuitively derived from a time-series of glucose measurements,
the physiological traits that govern these dynamics are complex. Glucose speed could closely reflect physiological
processes such as glucose absorption and disposal that are in turn dependent on insulin secretion and insulin
sensitivity. Glucose acceleration could be related to physiologic modulators of these processes such as incretin
secretion and action after meals or the effect of glucagon enhancing endogenous glucose production to decelerate
falling glucose after meals.

Our analysis offers a novel perspective on glucose variability by incorporating the glucodensity approach,
which includes both marginal and multivariate functional metrics. These advanced metrics provide a deeper
understanding of CGM time series beyond traditional measures such as Continuous Overall Net Glycemic
Action (CONGA) and Mean Amplitude of Glycemic Excursions (MAGE), which primarily focus on glucose
variability without capturing the full dynamics?*°2. We anticipate that future clinical trials will adopt glucose
variability as a key outcome measure, moving beyond reliance on average glucose values alone. Our novel CGM
metrics can serve as a foundation for developing new quantitative methods in this field.

The traditional marginal glucodensity approach in diabetes research has the clear advantage of
simultaneously capturing low, high, and mid-range glucose concentrations. Furthermore, regression models
based on these outcomes are highly interpretable. Our previous work on modeling CGM data in clinical trials’
using the glucodensity approach and multilevel models emphasizes the clinical relevance of this methodology
for better understanding og glucose profile evolution during interventions. This provides a more nuanced and
sophisticated perspective. In this context, an observational study using glucodensity further highlights the
modeling advantages of this approach compared to traditional CGM metrics when comparing next-generation
insulins*.

In another recent study, we demonstrated that the glucodensity approach could predict time-to-diabetes®®
(survival model) more accurately than traditional biomarkers, achieving over 13% improvement in the area
under the curve (AUC). Here, we focus on regression modeling because it is a more appropriate statistical
method for detecting stronger statistical associations with functional models, especially given the sample
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sizes we are considering. For this reason, this paper presents multivariate glucodensity analyses primarily for
descriptive purposes.

With larger sample sizes, the multivariate glucodensity model, which simultaneously analyzes glucose speed
and acceleration, addresses the limitations of marginal models by offering a more comprehensive functional
representation. This model has the potential to be more powerful and more interpretable, as evidenced by the
analyses we performed. With a massively increasing use of continuous glucose monitoring in early prevention
our approach has the potential to meaningfully extend the predictive capabilities of this diagnostic method.
Incorporating glucose acceleration may facilitate early detection of (-cell dysfunction, support digital
phenotyping and risk stratification, and inform novel intervention strategies to improve metabolic capacity of
individuals.

A key next step is to replicate our clinical validation in larger and more diverse cohorts of individuals with
diabetes, including pediatric populations. In these settings, using marginal glucodensity as the clinic outcome
—- instead of relying solely on mean glucose metrics—-will enable a more nuanced assessment of hypoglycemic
and hyperglycemic excursions driven by glucose speed and acceleration. Validation in large cohorts of healthy
individuals is also important; however, ongoing population studies such as All of Us Research Program and
Human Phenotype Project currently provide less than four years of follow-up, limiting their usefulness for long—
term glycemic evaluation.

We emphasise that the present study investigates statistical associations, not causal relationships. Although
the strong effects identified in our regression models may hint at plausible causal mechanisms, confirming such
pathways would require dedicated causal-inference analyses beyond the scope of this work.

In conclusion, this work highlights glucose speed and acceleration as novel biomarkers to predict long-term
glucose levels and diabetes outcomes. This vision aligns with Montaser et al.°, who showed that dynamic CGM
markers detect early dysglycemia and differentiate diabetes phenotypes. Our findings also emphasize the need
for sophisticated analytical tools to leverage CGM data effectively®”. For example, the use of functional data
methods can be instrumental in order to analyze continuous digital health data including CGM data'’.

Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.
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