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HIGHLIGHTS

e A score-based approach simultaneously
monitoring multiple biomarkers is
proposed.

e Both between and within-variability are
considered to estimate reference ranges.

e Multimodal monitoring provides a more
complete evaluation of individual
profiles.

e Multimodal approaches are expected to
improve sensitivity in anti-doping
detection.
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ABSTRACT

Background: Most current state-of-the-art strategies to generate individual adaptive reference ranges are designed
to monitor one clinical parameter at a time. An innovative methodology is proposed for the simultaneous lon-
gitudinal monitoring of multiple biomarkers. The estimation of individual thresholds is performed by applying a
Bayesian modeling strategy to a multivariate score integrating several biomarkers (compound concentration
and/or ratio). This multimodal monitoring was applied to data from a clinical study involving 14 female vol-
unteers with normal menstrual cycles receiving testosterone via transdermal route, as to test its ability to detect
testosterone administration. The study samples consisted of urine and blood collected during 4 weeks of a control
phase and 4 weeks with a daily testosterone gel application.

Results: Integrating multiple biomarkers improved the detection of testosterone gel administration with sub-
stantially higher sensitivity compared with the distinct follow-up of each biomarker, when applied to selected
urine and serum steroid biomarkers, as well as the combination of both. Among the 175 known positive samples,
38% were identified by the multimodal approach using urine biomarkers, 79% using serum biomarkers and 83%
by combining biomarkers from both biological matrices, whereas 10%, 67% and 64% were respectively detected
using standard unimodal monitoring.
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Significance and novelty: The detection of abnormal patterns can be improved using multimodal approaches. The
combination of urine and serum biomarkers reduced the overall number of false-negatives, thus evidencing
promising complementarity between urine and blood sampling for doping control, as highlighted in the case of
the use of transdermal testosterone preparations. The generation in a multimodal setting of adaptive and
personalized reference ranges opens up new opportunities in clinical and anti-doping profiling. The integration
of multiple parameters in a longitudinal monitoring is expected to provide a more complete evaluation of in-
dividual profiles generating actionable intelligence to further guide sample collection, analysis protocols and
decision-making in clinics and anti-doping.

1. Introduction

One of the most challenging aspects of anti-doping science is the
detection of doping using substances of exogenous origin that are also
naturally present in biological fluids. Today, the longitudinal moni-
toring of specific biomarkers is an established approach to reveal direct
or indirect effects of prohibited practices in sport. In the anti-doping
field, this strategy is known as the Athlete Biological Passport (ABP),
which is implemented and maintained by the World Anti-Doping
Agency (WADA) in the Anti-Doping Administration and Management
System (ADAMS) [1,2]. The ABP objective is not to directly target spe-
cific prohibited substances or methods, but to efficiently guide in-
vestigations and further testing of athletes, and in some cases declare
anti-doping rules violations on the basis of specific patterns exhibited
by the monitored biomarkers [3]. The ABP employs a Bayesian frame-
work to grasp the dynamic nature of repeated measurements and
generate individual reference ranges within which a new measure is
expected to take values assuming normal physiological conditions [4].

Athletes urinary steroid profiles are investigated by longitudinally
monitoring selected endogenous anabolic androgenic steroids (EAAS)
composing the steroid module, as defined by the WADA [5]. Although
EAAS doping detection has greatly improved using indirect pieces of
evidence through the longitudinal monitoring of biomarkers impacted
by fraudulent practices, it faces numerous challenges related to the na-
ture of the urinary matrix, the employed analytical methods, as well as
profile alterations due to endogenous and exogenous confounding fac-
tors [6,7]. Female steroid profiles were also shown to be affected by the
menstrual cycle, pregnancy or hormonal contraception [8-10]. These
reasons have led the anti-doping community to investigate new and
complementary approaches for steroid profiling involving selection of
sample matrices and analytical aspects. Blood being representative of
the metabolic state of an individual, determining the serum steroid
profile has shown greater sensitivity compared with urine [11-14].

Notwithstanding the ever-growing innovations related to the nature
of the analyzed biological matrices, sample collection techniques and
development of analytical methods, the statistical analysis implemented
in the ABP remains somewhat limited by the monitoring of one
biomarker at a time. The main disadvantage of this approach is the
separated assessment of each biomarker, disregarding potential rela-
tionship between multiple biomarkers within a single profile and failing
to be representative of the status of an individual. To tackle these lim-
itations, a new paradigm is proposed for the generation of adaptive
reference ranges based on the simultaneous longitudinal monitoring of
multiple biomarkers through a multivariate score. This approach was
applied to the clinical study data of Salamin et al. involving women
volunteers with normal and regular menstrual cycles receiving testos-
terone via gel administration [15]. Performance of a multimodal
detection of testosterone gel application was evaluated in comparison
with the results obtained with a standard unimodal approach, such as
the one implemented in the current steroidal module of the ABP.
Although several parameters are considered by athlete passport man-
agement units to determine if a profile is suspicious or not, in practice
the integration of multiple steroid biomarkers mostly relies on human
expert knowledge. The proposed methodology objectively integrates
multiple biomarkers to flag atypical profiles within a statistical

framework. These tools were applied to women steroid biomarker
panels in urine, blood and in a combination of both.

2. Materials and methods
2.1. Generating adaptive reference ranges

A reference range defines the interval in which a biomarker can be
expected to take values under what is considered to be normal physio-
logical conditions. The most standard reference ranges are based on a
reference population [16]. In this setting, reference ranges fail to
describe the expected variability of a particular individual and mix
within and between-subject variability. The need to distinguish the
within-subject variability led to the development of several approaches
for the detection of abnormal physiological variations. Some approaches
estimate empirical means and variances based solely on individual past
measurements, disregarding population-based information, whereas
others incorporate an overall within-subject variability fixed for all
subjects [17]. However, these approaches do not integrate both between
and within-subject variability. To circumvent this limitation, the
Bayesian framework was used to combine general population and in-
dividual measurements by sequentially estimating adaptive reference
ranges for each new measure from a given subject. The seminal method
using a Bayesian framework for detecting abnormal values in
anti-doping was developed by Sottas et al. and has been extensively used
within the anti-doping program [18-21]. Nevertheless, as stated by
Roshan et al., the above-mentioned approaches are limited by the
assumption that an equal within-subject variability is considered for all
subjects [22]. The Bayesian approach proposed by Roshan et al., and
briefly described below, has the advantage of considering different
within-subject variabilities for the longitudinal monitoring of one
biomarker at a time, which is defined here as the unimodal approach.

Let I be the total number of individuals sampled from a population.
For each individual i, n; measurements are available, and y;; defines the
jth measurement of the i individual. It is assumed that clinical pa-
rameters with unknown mean y; and variance 67 follow a normal, or log-
normal, distribution (Eq. (1)).

y,j|pi,(7f NN(pi,a?),fori:I,...,Iandj:l,...,n,» (@D)]

Individuals can have different means p;, but it is assumed that they
share a common distribution with mean p and variance 72, from which
they are sampled. Individual dynamic reference ranges can be estimated
if there are at least 2 past measurements. If not, it is reasonable to as-
sume that p, follows a distribution with parameters p and 72, ie.
population-based values. For each new measurement of individual i, the
estimation of the unknown parameters ji; and 67 provides information on
the central tendency of a person’s mean and dispersion around this
value, characterizing the within-subject variability. Roshan et al. pro-
posed estimating the values a new measurement y;, 1) can take using a
Gibbs sampler. First, an estimate of the general population mean p is
drawn from the distribution in Eq. (2).
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where v? is defined as a constant set to cover a wide range of possible
values of p. When I increases, the central tendency parameter of Eq. (2)
tends to the mean of all individual means 3°C_, /I, and the variance
parameter is mostly influenced by the ratio 72/I. Hence, the larger the
number of individuals I, the greater the confidence on the estimation of
the central tendency parameter, which is injected in Eq. (3) to estimate
the general population variance 72 using an Inverse Gamma (IG)
distribution.

I It
p(@|w0% 0 Y) ~ IG <Ulz 3Bt - u)2> ®)

where ay and f, are defined as vague priors for the between-subjects
variability, and correspond to the shape and scale parameters of the
distribution, respectively. The larger the number of individuals I, the
higher the shape parameter, resulting in a taller probability density
function (PDF) with a thinner tail. Then, an estimate of the individual
variance aiz is sampled from Eq. (4) using an IG distribution.

i 1
p(o7 |, 7,67, 1Y) ~ IG(OIJ +%7ﬁ1 T3

o (= uf)2> )

where a; and fp; are defined as vague priors for the within-subject
variability. The scale parameter is mostly dominated by the number of
individual past measurements n;, and the shape parameter by the de-
viation of each measurement y; to the individual mean p;. The ¢? value
drawn from Eq. (4) is injected in Eq. (5) to estimate the individual mean
Hi-
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When n; is zero, the central tendency and variance parameters are
dominated by the general population. When n; increases, these two
parameters tend to be defined by the mean of all individual measure-
ments E}';lyij /n; and the ratio ¢?/n;, respectively. The values drawn
from Egs. (4) and (5) are then injected in Eq. (1) to estimate a new
measurement Y;jn1)- The Gibbs sampler iterates multiple times, e.g.
10000, leading to a distribution of values that a new measurement
Yini+1) is expected to take. The individual reference range is then defined
by the quantiles of the estimated values for y;n 1), based on a given
alpha risk.

Sauliere et al. proposed multivariate extensions of individual scores
using a single rule decision to avoid multiple testing issues [23]. The
suggested methods are based on individual past measurements, but do
not integrate population-based information. Moreover, a minimum
number of measurements is required to start estimating individual
reference ranges, which increases with the number of monitored bio-
markers. An extension of the method proposed by Roshan et al. to a
multivariate setting is thus proposed based on a transformation of the
variable to be monitored. Whereas the concentration of a single
biomarker is followed in the unimodal strategy, the multimodal
approach integrates multiple biomarkers through a multivariate crite-
rion, referred to as a score hereafter. It summarizes the information
contained in these biomarkers using a continuous metric, which can take
many forms such as distance or similarity measures. It is assumed that
the chosen metric follows a normal or log-normal distribution. A score is
measured between pairs of measurements, meaning that every new
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measurement ;1) is compared with a reference measurement y,.,.
This reference measurement contains the expected biomarker concen-
trations with respect to the past n; measurements of individual i calcu-
lated as E;‘;l ¥ii/n; for each biomarker. Note that for the first two points,

Yres s calculated based on the general population as Zle u;/1, where y; is
the mean of individual i, and I the total number of individuals. A
Euclidean distance-based metric was chosen to express the difference
between yy, 1) and y.s whose score is calculated as in Eq. (6).
Euclidean distances have the advantage of being simple and largely used
in machine learning methods to assess dissimilarities between pairs of
observations. Other distance or similarity measures, possibly more
complex, could be investigated, but for sake of simplicity, a straight-
forward metric was favored.

T 2
SCOr€i(n;+1) = ((yref _yi(n,+l)> oC'e (yref _yi(n,+l)> ) (6)

where  (yyop—Yin1)) is the element-wise difference between the
biomarker concentrations in row vectors y;, ;1) and y, C is a p-by-p
square matrix, where p is the number of biomarkers. If C is an identity
matrix with zeros everywhere, except for the diagonal elements, which
are ones, then standard Euclidean distance is obtained. Replacing the
ones in the diagonal by positive scale factors for each dimension, e.g. the
standard deviation of the past measurements for each biomarker, yields
a scaled Euclidean distance. If C is a covariance matrix of the past
measurements and assumed to be invertible, then relationships between
biomarkers can be considered in the calculations. This score monitors
deviations from the expected values. If the deviations of a new mea-
surement y;, ;1) are within the expected reference range, then normal
physiological conditions are assumed, but if it falls outside the expected
reference range, an alert is triggered for a possible abnormal variation.

2.2. Experimental data

Urine and blood were collected from 14 women volunteers with
normal and regular menstrual cycles over two periods of 28 days [15].
Although the original work contained samples collected during 3 phases,
only the first two were kept in this work. For each volunteer and ac-
cording to the clinical study design in Fig. 1, 15 samples were collected
without testosterone administration during the 1st cycle, serving thus as
a control period with natural variations of the monitored biomarkers.
During the ond cycle, testosterone was daily administered via gel, then
urine and blood samples were collected at similar time points. Given that
not all 420 scheduled samples could be collected, the final dataset
contained a total of 391 samples, including 216 known negative samples
and 175 known positive samples. Samples are labeled as known posi-
tives when it is confirmed by the experimental design that testosterone
was administered, except for day 29 given that collection was made
before the administration. Serum steroid concentrations were deter-
mined with a validated method using ultra-high-performance liquid
chromatography coupled to tandem mass-spectrometry. Urine steroid
concentrations were determined with a validated method using gas
chromatography coupled to mass-spectrometry. Further information
about the analytical procedures, eligibility and consent of the study
cohort, as well as clinical trial design and approval can be found in
Salamin et al. [15].

2.3. Comparison framework

The urinary and the serum steroid profiles determined by Salamin
et al. were used to compare the unimodal and multimodal approaches.
The 5 ratios of biomarkers included in ADAMS’ ABP steroidal module
were used to build the longitudinal profiles from the urinary steroid
measurements, namely testosterone to epitestosterone (T/E), andros-
terone to testosterone (A/T), androsterone to etiocholanolone (A/Etio),
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Phase 1 — 1st Cycle

Week 1 | Week 2 I Week 3 | Week 4
1 2 3 45 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28
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Phase 2 — 2nd Cycle
Week 1 | Week 2 | Week 3 | Week 4

29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56
MTWTFSSMTWTFSSMTWTFSSMTWTTFS S

727277 2 72 20 72 72 /20 27272727
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g@’ Testosterone gel administration (10 mg/day) . g

Fig. 1. Design of the clinical study conducted by Salamin et al. involving women volunteers with normal menstrual cycles receiving testosterone via gel admin-
istration [15]. In each cycle, the weeks and days where samples were collected are marked with blood and urine symbols.

5a-androstane-3a,17p-diol to 5B-androstane-3a,17f-diol (5aAdiol/
5bAdiol) and 5a-androstane-3a,17f-diol to epitestosterone (5aAdiol/E).
The serum steroid profile was evaluated on the basis of 4 biomarkers and
1 ratio, namely testosterone (T), androstenedione (A4), dihy-
drotestosterone (DHT), dehydroepiandrosterone (DHEA) and testos-
terone to androstenedione (T/A4). The longitudinal monitoring was
then investigated for its ability to detect exogenous testosterone
administration by applying either unimodal or multimodal monitoring
of the biomarkers included in: (1) the urinary steroid profile; (2) the
serum steroid profile; (3) the combination of both urinary and serum
steroid profiles. To consider that multiple tests are performed in the
unimodal setting, a Bonferroni correction was applied on the alpha risk
since a single biomarker outside the reference range was defined as a
sufficient condition to declare a sample as atypical. For each sample of
each volunteer, the reference ranges were estimated using the known
negative samples of the whole cohort for the first 3 time points, then
using individual past measurements. Because a given sample is not
involved in the estimation of its own reference range, it is used as an
independent test. The predictions for all samples are then assessed using
true and false positive rates (TPR and FPR). TPR are known positive
samples, whose outcome was outside the reference ranges during the
testosterone administration phase. FPR are known negative samples,
whose outcome was outside the reference ranges during the control
phase. The false negative rate (FNR) constitutes another important
parameter to be considered for detection purposes. In the context of such
a controlled clinical study, it can easily be derived as the complement of
the true positive rate TPR (FNR + TPR = 100%).

The processing of the longitudinal profiles was done at an alpha risk
of 0.001 (0.1%). Biomarkers were scaled to unit length using past
measurements and a scaled Euclidean distance was used as score (Eq.

(6)), where the diagonal of the scaling matrix C contains the standard
deviation of the biomarkers for the past measurements.

3. Results and discussion

True and false positive rates obtained by processing all volunteers’
longitudinal data from the two first phases are shown in Fig. 2.
Considering only urine (Fig. 2A), FPR results were comparable, but the
integration of all biomarkers in a multimodal longitudinal monitoring
led to a greater sensitivity (38%) than the unimodal one (10%).
Regarding serum (Fig. 2B), FPR results were similar to urine, but a
substantially higher TPR was found for both unimodal (68%) and
multimodal (79%) approaches. It is to be noted that a greater sensitivity
in urine and serum was obtained with the latter. As for the integration of
all biomarkers from both biological matrices (Fig. 2C), FPR results are
similar with slightly higher values than previously. A substantially
higher sensitivity was found for the multimodal strategy (83%)
compared with unimodal one (64%).

Unimodal approaches are designed to monitor one biomarker at a
time, whereas multimodal strategies can follow and integrate several
biomarkers simultaneously. In this context, the multimodal monitoring
offered greater sensitivity and similar selectivity compared with the
unimodal approach, indicating that biomarkers should be integrated in a
multivariate score. The chosen conservative approach with an alpha risk
at 0.1% led to detect most of the samples collected following an
administration of testosterone gel. For cases where a higher FPR may be
acceptable, increasing the alpha risk would lead to higher FPR, but also
higher TPR. Unimodal approaches can be used to monitor biomarkers
separately but the integration of the results needs to be corrected for
multiple testing issues. Consequently, when combining urine and serum

100, (A) Urine 100 (B) Serum 100 (C) Urine + serum

I _FPR C_FPR C_FPR

= EETPR EETPR ENTPR 83.4

$ so - &0 82 . go-

c

E 67.6 63.6

N 60 - - 60 - 60 -

=

[

g- 40 37.7 40 40

2
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Unimodal Multimodal Unimodal Multimodal Unimodal Multimodal

Fig. 2. False positive rate (FPR) and true positive rate (TPR) for the unimodal and multimodal approaches when applied to urine (A), serum (B) and both urine plus

serum (C) biomarkers.
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biomarkers, a lower TPR was obtained compared with serum alone
(Fig. 2C). The multimodal approach avoids this issue by integrating the
information on the deviations of all biomarkers in a single score. The
increase in sensitivity of the multimodal approach applied to the bio-
markers in urine, serum and a combination of both suggests comple-
mentarity between both matrices with respect to the detection of
doping, and interpretation.

Fig. 3 shows a grayscale heatmap of the multimodal results of both
urine and serum biomarkers for all volunteers during all collection days.
Samples are defined as non-collected (NA), in-range or out-of-range.
This heatmap shows that testosterone administration via gel could be
evidenced for all volunteers, indicating that the individual multimodal
monitoring is efficient and does not suffer from potential heterogeneity
between the volunteers.

Fig. 4 shows the profiles of volunteer 5 for urine (Fig. 4A) and serum
(Fig. 4B) biomarkers, as well as the combination of all urine and serum
biomarkers (Fig. 4C). Multimodal longitudinal profiles show reference
ranges as a shaded area with scores shown as circle markers for each day
of test. The colored grid below shows missing values as red cells. Orange
and green cells are associated with measured values for which reference
ranges were based on the general population measures (orange) or on
individual past measurements (green). In Fig. 4, the grid cells of the first
3 days are orange, the rest is green, except for days 12 and 30 in Fig. 4B,
which are red. The urine longitudinal profile of volunteer 5 (Fig. 4A)
shows that day of test 53 is the only one outside the reference range.
These limits gradually decrease with the increasing number of samples,
suggesting that the within-volunteer variability is being modeled. The
serum longitudinal profile (Fig. 4B) shows more samples detected
outside the limits, as expected from results in Fig. 2. Although the
reference ranges tend to decrease with the increase of the number of
measurements, they remain higher between days of test 8 and 15 with
respect to the general population limits. This is the consequence of a
high within-variability with respect to the past measurements of
volunteer 5, and a higher uncertainty in the estimation of individual
parameters. Also, two blood samples were not collected on days 12 and
30. The multimodal approach can handle missing values by replacing
them by their expected value. For this reason, the scores of days 12 and
30 are zero. This conservative approach to handle missing data is
paramount because real data are often incomplete. The absence of a
measure can be due to the inability to collect a sample, a biomarker
concentration that was not measured, or its value was below the limit of
quantification. It is noteworthy that in practice, days of test 12 and 30 of
the serum profile should not be included given that no biomarker was
measured. However, they are kept in this example for visualization
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purposes and the combination of urine and serum biomarkers. The
complementarity between urine and serum can be observed in Fig. 4C.
Days of test 50, 51 and 54 are in-range in both urine and serum profiles
separately, although having higher scores than past measurements and
closer to the reference limits. The integration of all 10 biomarkers
combines the deviations resulting in these points being outside the
reference range.

Because of their synthetic nature, multimodal scores do not directly
reflect concentrations of biomarkers involved in the longitudinal
monitoring. It is, however, possible to retrieve their specific contribution
as to understand the reason(s) for an outcome being outside the refer-
ence range. This property is of utmost importance when interpreting
longitudinal profiles, and the associated information can be obtained by
investigating the residuals. The residuals are the element-wise squared
differences between a new measurement and the reference. The re-
siduals of day 53 for each of the profiles in Fig. 4 are shown in Fig. 5. For
the urine profile, the ratios 5adiol/E and T/E were mostly responsible
for the sample being out-of-range. Indeed, exogenous T administration
increases the T/E ratio induced by a combination of intrinsic T increase
and E decrease from negative feedback. Historically, an initial threshold
of 6 based on population studies was defined to reflect testosterone
administration [24,25]. This threshold was then leveled to 4 by WADA
in 2004 [26]. However, the most significant sensitivity increase was
achieved when the T/E was implemented in the steroidal module of the
ABP in 2014, further improved with the use of the 5a-diol/E [27]. In
serum, as recently demonstrated by several authors, T and the T/A4
ratio are out of the most promising and sensitive markers to be included
in an individualized and longitudinal anti-doping approach [12-14,28].
When combining all biomarkers in both matrices, the same biomarkers
were evidenced with the serum biomarkers having more weight.

The longitudinal monitoring of multiple biomarkers comes, never-
theless, with challenges. Real world data may be measured in different
units or span different concentration ranges, impacting the calculation
of the score. When biomarkers have different scales, higher values will
tend to dominate the score. For this reason, biomarkers should be scaled
to correct for those differences, and common approaches are the min-
max normalization, standardization or scaling to unit length. Also, the
inclusion of too many irrelevant or noisy parameters with naturally high
variability may reduce the efficiency of a multimodal strategy. More-
over, the presence of many missing values can hinder its intelligence
potential since a proper longitudinal monitoring can only be achieved
when biomarkers are complete and regularly monitored. In the context
of the clinical study presented here, a daily sampling rate was applied for
each volunteer, which is not representative of the data structure usually
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Fig. 3. Heatmap of the position of each collected sample with respect to the reference ranges of the multimodal longitudinal profiles. Samples that could not be
collected are defined as not assigned (NA). The dotted-line between days 29 and 30 indicates the separation between known negative samples (left) and known
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as well as a combination of all urine and serum biomarkers (C).

available within the ABP. In fact, the time between two sample collec-
tions for a given athlete may span days, months or even years. In anti-
doping, higher sampling rates also increase the burden for testing

organizations to regularly collect different types of sample matrices.
This is, nevertheless, essential to build representative athlete longitu-
dinal profiles because large intervals between successive tests may
artificially increase within-athlete variability, thus generating wider
reference ranges, and higher FNR. Contemporaneity of sample collection
was shown in this work to be paramount to detect abnormal variations
in urinary and blood steroid profiles, which also constitutes an inherent
constraint of the ABP steroidal module and its routine implementation.

4. Conclusions

The generation of adaptive and personalized reference ranges in a
multimodal setting opens up new opportunities in anti-doping profiling.
In this study, a substantial gain in sensitivity was observed for the
multimodal approach compared with the unimodal strategy. Tools able
to integrate information from multiple biomarkers are thus needed to
provide a more complete picture of the metabolic condition of an indi-
vidual. Furthermore, multimodal approaches yield a more easily inter-
pretable graphical representation of longitudinal profiles in one chart,
instead of one for each biomarker, while avoiding multiple testing is-
sues. Determining which biomarkers, preprocessing methods and scores
are the most appropriate and robust to build longitudinal profiles would
further improve the efficiency of the strategy. This does not imply,
however, that multimodal methods are meant to replace unimodal ones.
Preserving the initial measurement units in univariate profiles is indeed
of great interpretation value, and this makes both approaches comple-
mentary. Addressing the implementation challenges of unimodal and
multimodal methodologies is key to generate actionable intelligence to
further guide sample collection, analysis protocols and decision-making
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in anti-doping. Beyond anti-doping sciences, longitudinal monitoring of
biomarkers can provide information about the health status of in-
dividuals. This may be particularly beneficial to guide medical decisions
for diagnosis, progress monitoring and treatment evaluation of pathol-
ogies. Such a strategy is expected to improve patient care by taking an
additional step towards personalized medicine, and will be investigated
within a clinical setting. Future work will also incorporate covariates (e.
g. age, gender, time of day, laboratories) in the estimation procedure to
help interpreting the results and control for potential confounding fac-
tors, an important aspect to interpret longitudinal profiles.
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