SEONZ

SPORT & EXERCISE SCIENCE
NEW ZEALAND

The Journal of Sport and Exercise Science, Vol. 10, Issue 1, 54-70 (2026)

JSES
ISSN: 2703-240X

www.jses.net

A guide to Z-score-based methods, with illustrations from biological data sets

Geoffroy Berthelot'", Brigitte Gelein®, Eric Meinadier*, Emmanuel Orhant®, Jérdme Dedecker®

!nstitut de Recherche bioMédicale et d'Epidémiologie du Sport (IRMES, UPR7329), INSEP (Institut National du Sport, de I'Expertise

et de la Performance), France

2Research Laboratory for Interdisciplinary Studies (RELAIS), France

3Institut de recherche mathématique de Rennes, UMR CNRS 6625, ENSAI France
‘Medical Department, French Federation of Cycling, France

Clairefontaine Medical Centre, French Football Federation (FFF), France
SCNRS, UMR 8145, Université Paris Cité, France

ARTICLE INFO

ABSTRACT

Received: 04.02.2026
Accepted: 22.04.2026
Online: 14.07.2026

Keywords:

Z-scores

Outlier Detection
Longitudinal Series
Biomarkers
Biological Passport

The increase in the collection of biological data allows for the individual and longitudinal
monitoring of hematological or urine biomarkers. However, identifying abnormal behavior
in these biological sequences is not trivial. Moreover, the complexity of the biological data
(correlation between biomarkers, seasonal effects, etc.) is also an issue. This work details
a statistical framework for handling biological sequences using three custom Z-score
methods in the intra-individual variability scope. These methods can detect abnormal
samples in the longitudinal sequences with respect to the seasonality, chronological time
or correlation between biomarkers. We illustrate the use of the framework on the
longitudinal data of 3,936 professional soccer players (5 biomarkers) and 1,683 amateur
or professional cyclists (10 biomarkers). The results show that a particular Z-score method,
designed to detect a change in a series of consecutive observations, measured a high
proportion of abnormal values in the ferritin and IGF 1 biomarkers for both data sets. The
proposed framework and methods could be applied in other contexts, such as the clinical
patient follow-up in monitoring abnormal values of biological markers. The methods are
flexible enough to include more complex biological features, which can be directly
incorporated into the model design.

1. Introduction

doping (Saugy et al., 2020; Zorzoli et al., 2014). It consists of a
normalized follow-up of the athletes' hematological parameters

Blood and urinary sampling allows for the early detection of
physiological or biological changes at the individual level. In
personalized medicine, the longitudinal analysis of biological
samples is critical for monitoring and regulating therapeutic
efficacy and disease progression in cancer patients, for example
(Goetz & Schork, 2018; Zenil et al., 2022). The approach has also
been developed in sport where athletes' biological values are
scrutinized for the detection of ‘abnormal’ (i.e. pathological or
doping) conditions (Saugy & Leuenberger, 2020; Sauliére et al.,
2019; Sottas et al., 2011; Zorzoli et al., 2014). This approach was
formalized in 2009 with the introduction of the Athlete Biological
Passport, which is designed to indirectly detect the effects of

which can be analyzed to detect abnormal values. These follow-
ups are essential, as Malcovati et al. (2003) and Egger et al. (2016)
underlined that inter-individual variability is higher than intra-
individual variability. Therefore, relying on population data to
estimate intra-individual variability may introduce additional bias.
Different black and white box methods have been proposed to
automatically detect abnormal values in longitudinal samples of
biomarkers. Black box methods, such as those used in artificial
intelligence and machine learning, show promise in personalized
medicine (Damasevic¢ius et al., 2024) and in longitudinal
biomedical data (Cascarano et al., 2023). However, the
interpretability of the resulting detections is not straightforward,
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due to their opaque internal mechanisms (Castelvecchi, 2016; Li
et al., 2024; Lipton, 2018; Rudin, 2019; Wallace et al., 2023). In
addition, identifying the sources of bias or error remains a
significant challenge (Mehrabi et al., 2021). They also come at
high computational costs and significant energy consumption,
raising concerns about their environmental impact (Patterson et
al., 2021; Strubell et al., 2020). Finally, they depend on large
amounts of data, which may not be easily available if one only
considers individual baselines and specific biomarkers. White-
box approaches typically rely on the detection of abnormal
deviations from an individual’s baseline using statistical metrics
such as the Z-score (Cheadle et al., 2003; Curtis et al., 2016). This
approach has been applied across multiple domains, including
biology (Cheadle et al., 2003), neuroimaging (Ishii et al., 2000),
psychology (Hermens et al., 2013), sport (Sauliére et al., 2019),
and medicine (Dallaire et al., 2015; Roshan et al., 2021; Roshan
et al., 2025), among others. The abnormal biomarker values are
characterized by an explicit computation, providing a clear
rationale for their deviation from the expected baseline.

Additional work can then be conducted to further investigate and
refine the statistical procedure while providing explicit control
over error types and rates. This work applies a framework for the
statistical analysis of individual and longitudinal biological data
in the context of personalized medicine. It is centered on custom
Z-score methods, designed to capture intra-individual variability.
It also describes the results of these methods applied to two data
sets containing biological data from elite athletes.

2. Methods

The methodology section is organized as follows: we first present the
two longitudinal biological datasets; we then evaluate and - if
necessary - transform the data so that it is more likely to come from
a Gaussian sample; we study the correlation of biomarkers; and we
apply a series of Z-score methods (Berthelot et al., 2025; Sauliére et
al., 2019). We evaluate the proportion of abnormal individuals for
each Z-score method. The framework is summarized in Figure 1.

P Data < - _Iransformation_ _ _ Statistical tests -
[ 11 11 I
| 11 11 I
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: q : :’ transformations : : (Tn I T ) :
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Figure 1. Block diagram of the methodological process for one biomarker only (see section 2). First, we choose from among several
deterministic transformations the one for which it seems most likely that the transformed observations come from a Gaussian sample
(“Transformation” block). We apply this transformation to each individual (i.e. individual sequences), before computing different Z-
scores methods (“Statistical test” block). These methods allow for measuring the abnormality of one sequence. We can then assess the
proportion of abnormal sequences (individuals) in our population. The procedure is repeated for each biomarker. The correlation
between different biomarkers is not pictured here, as it involves multiple biomarkers simultaneously.

2.1. Soccer and cycling data

After obtaining the approval of the Institutional Ethics Committee,
two datasets of elite soccer players and elite cyclists were obtained.
The two datasets do not contain the same information. The soccer
dataset only includes the biological values of the samples,
recorded by collection period, biomarker, and individual. The
cycling dataset contains additional information, including the date
of collection, athlete status (amateur or professional), age and
event. The data was available for male athletes only.

JSES | https://doi.org/10.36905/jses.2026.01.06

The soccer dataset consists of five typical biological markers
from 3,936 male soccer players in the French elite leagues 1 and 2.
The mean number of samples collected per individual was 5.61 +
4.82, with up to 25 samples per individual. The markers include
concentrations of ferritin (umol/L), serum iron (umol/L), hemoglobin
(g/L), erythrocytes (T/L), and hematocrit levels (%). The biomarkers
were collected every 6 months in July/August and in January/March
from 2006 to 2019 for a total of 27 collections. The large interval
between two measurements (around 6 months) made the assumption
of independence more plausible (Sharpe et al., 2006).
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The cycling dataset consists of ten biological markers from
1,134 amateur, 389 professional cyclists and 160 with both
amateur and professional status (total 1,683), all male athletes.
The mean number of samples collected per individual was 7.36 =
8.07, with a maximum of 43 samples observed for a single
individual. The athletes competed in BMX (105 athletes, all
amateurs), road cycling (1,052 athletes of whom 939 amateurs
and 113 professionals), cross-country mountain biking (143
athletes, all amateurs), downhill mountain biking (60 athletes, all
amateurs), cyclo-cross (49 athletes, all amateurs), track sprint (38
athletes, all amateurs), bike trials (30 athletes, all amateurs), track
pursuit (40 athletes, all amateurs), multiple disciplines (6 athletes,
5 amateurs and 1 professional) and both multiple disciplines and
status (160 athletes). The average age of sample collection is
24.07 years-old, the youngest and oldest athletes are 13.30 and
43.54 years old, respectively. The first sample was collected on
the 09th Jan 2003 and the last sample was collected on the 12th
Feb 2014. Markers include concentrations of ferritin (pmol/L),
hemoglobin (g/L), erythrocytes (T/L), hematocrit levels (%),
reticulocytes (G/L and %), OFF-hr score, insulin-like growth
factor 1 (IGF1) (ng/mL), cortisol (nmol/L), testosterone (nmol/L),
osteocalcin (ng/mL). In this dataset, 99.92% of the samplings are
spaced at least 6 days apart.

2.2. Normality of the sequences

For most of the methods for detecting abnormal values that we
will describe in section 2.4, we will assume that the random
sample Xj, ..., X, (generating the observations x,...,X, ) is a
sequence of iid (independent, identically distributed) random
variables with a normal distribution. An assumption about the
distribution of the variables seems necessary, as we are dealing
with small samples, but it is nevertheless restrictive. In this

context, a value (or a sequence of values) may be declared
abnormal because the assumption of normality is not satisfied.
Of course, we want this scenario to occur as rarely as possible,
which is why we first propose pre-processing the data, as
described below. For each biomarker, we will apply a family of
transformations (described at the end of this paragraph) to all
series of observations containing at least four observations (recall
that, for one fixed biomarker, there is one series of observations
per individual). Then, for any transformation, we apply to all
transformed sequences a Shapiro test of normality. This gives a
series of p-values corresponding to all the individuals for which
there is at least four observations in the series. If the assumption
of normality was true, these p-values should be uniformly
distributed over [0,1]. It is therefore natural to use a one-sample
Kolmogorov-Smirnov test to check whether these series of p-
values come from a uniform distribution over [0,1]. At this stage,
for each deterministic transformation, we have a single p-value
measuring the adequation to the uniform distribution. We then
choose the transformation for which this p-value is maximal: this
is a way to select the transformation for which the transformed
individuals’ samples are “globally” closest to normally distributed
samples. Of course, this procedure is not completely satisfactory,
since some of the sequences of observations contain “true”
abnormal observations, that is observations that are much too far
from the other observations in the sample, so that the assumption
of identical distribution is not satisfied. This explains partly why
the p-values obtained through the Kolmogorov test are all very
small (whatever the transformations used), see Table 1. However,
by doing so, one can limit the number of detections of abnormal
values due to the fact that the variables are not distributed
according to the normal distribution. To conclude, with this
approach, we aim to detect abnormal sequences from non-
identically distributed random variables, rather than abnormal
sequences whose underlying distribution deviates from normality.

Table 1. The selected transformations detailed for each of the two datasets. The p-values of the Kolmogorov-Smirnov tests are given for

each selected transformation (see section 2.2).

Biomarker Soccer Cycling
Erythrocytes (T/L) VX (p=242%x1077) BoxCoxy = —0.0606 (p = 1.09 X 107°)
Hemoglobin (g/L) VX (p =994 x 1071%) JXi (p =195 %x107%)
Hematocrit (%) BoxCoxy = —0.0606 (p = 2.43 x 1075) JXi (p =1.05x107%)
Ferritin (umol/L) JXi (p = 6.79 x 10716) VX (p =144 %x107°)

Serum iron (umol/L)
Reticulocyte (G/L)
Reticulocyte (%)
OFF-hr

IGF1 (ng/mL)
Cortisol (nmol/L)

VX (p=152%x107%)

Testosterone (nmol/L)

Osteocalcin (ng/mL)

Wo (X)) (p = 6.09 x 107°)
BoxCox ¥ = —0.0202 (p = 3.32 x 10719)
X? (p = 1.68x 1072)
BoxCox ¥ = —0.0303 (p = 5.01 x 107°)
JXi (p =259 %x107%)
JXi (p =1.03 x 1075)
VX (p=841x1071)
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Let us now describe the transformations that we use for our
study: the identity (no transformation), "VZ (the mth-root
transformation, with m € {2, ...,10}), log(X;) (the logarithmic
transformation), the Lambert W;(X;) function and Box-Cox
transformations. For the Box-Cox transformations, we use A =
{—0.0606,0.0202, —0.3030} as reported by Kang et al. (2023).
These three values were empirically estimated on adults (hospital
patients) for the C-reactive protein, the erythrocyte sedimentation
rate and the presepsin respectively. Previous works reported
similar transformations (Athanasiadou et al., 2020; Lin et al.,
2020; Sezgin et al., 2020; Zhang et al, 2025) or more
sophisticated ones such as the LMS (Lambda-Mu-Sigma) method
(Cole & Green, 1992). However, these transformations are
typically applied to cohorts (see Isojima et al., 2012 and

Stojanovic et al., 2021 for the Serbian and Japanese populations
respectively) thus departing from the individual approach
described in this work.

2.3. Correlation between biomarkers

We measure the Pearson correlation coefficients » for each
sequence and for the following couples of biomarkers: {ferritin,
serum iron} (soccer only); {erythrocytes, hemoglobin};
{erythrocytes, hematocrit}; {hemoglobin, hematocrit}. For this
analysis, we only include individuals for whom there are at least
10 observations (n = 10). The distributions of the correlation
coefficients  are presented in Figure 2.
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Figure 2. Histograms of the empirical Pearson correlation coefficients » between biomarkers. In (a) the ferritin and serum iron biomarkers

are only available for the soccer dataset.
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2.4. Z-score background

Given a new biomarker observation x,,, how to determine if it is
abnormal? A typical method is to compare the new value x,, to
the average of the other (past) values in a sequence of
observations x;, Xy, ..., X, from the same individual. One can then
define the statistic:

1 (M

where X,,_; and 62_; are the empirical mean and variance of the
random sequence X; ...,Xp-qy (i.e., the past n—1 random
variables):

k=1

2

1 n-—1
~ _ 2
Op_q = —" kZl(Xk — Xn-1)

Assuming that the variables (X;);<;<n_q are iid with
common N (u, 02) distribution, then under H, “X,, has the same

N (u, %) distribution”, the test statistic T,E") has the Student(n —
2) distribution. In order to test (at level ) if the new observation
X, is abnormal, the procedure is then to compare the observed
value |t,(10) | to the quantile t,/,,_, of order 1 —a/2 of the
Student (n — 2) distribution. More precisely, we reject H if
|t7(10)| = t(x/z,n—z-

This is the simplest of the Z-score type procedures, for which
the test statistic distribution is completely known under H,. In
Sauliére et al., 2019, we developed other, more general Z-score
type statistics in order to answer a set of more complex questions.
For these other procedures, the distributions of the test statistics
are free (i.e. do not depend on the unknown parameters u and o2)
but they have no explicit expression and must therefore be
tabulated using a Monte-Carlo method. We will briefly describe
these methods in the following paragraphs.

2.5. Z-score method for detecting an abnormal observation in a
sequence

In order to check if there is an abnormal observation x; (not
necessarily the last one) in the sequence x4, x,, ..., X,,, Sauliére et

al., 2019 introduced the following extension of the statistic T,EO)

(see (1)):

X; — X,
T = maxieq, ) [———— 3)

~ 1
O'n‘i 1+7’l—1

where
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— 1
Xni= Z X, and
n 1k:1,k¢i
4
o )
— 2
Gri = n-2, ;#(Xk = Xni
=1, L

with Ym- and 6%1' the empirical mean and variance of the sample
X4, ..., X, without the ith observation. This method is based on the
maximum of n (non independent) variables with Student(n — 2)
distribution.

Example 1

Athlete 831 (soccer) has the following sequence of n =9
hemoglobin values:

{138, 124, 138, 141, 137, 137, 142, 136, 142}

The selected transformation for hemoglobin values (see section
22 and Table 1) is the cube root, ix . Applying this
transformation to each value of the sequence yields the
transformed sequence:

{5.16,4.99,5.16, 5.20, 5.15, 5.15, 5.21, 5.14, 5.21}

Taking the second observation, x, = 4.99, for illustration, we
compute the leave-one-out mean X, , and variance 67, ops

1 n
Y"’2=n—1 Z Xk

k=1,k#2

1
=—-(516+5.16 +520+5.15+ 515+ 5.21 4+ 5.14 + 5.21)

8
=5.1784
and
1 n
61%,2,0bs = F (xk - En,z)z
k=1,k#2

1
= 7[(5.16 — 5.1784)? + (5.16 — 5.1784)%? 4+ (5.20 — 5.1784)2
+ -+ (5.14 — 5.1784)% + (5.21 — 5.1784)%]

=8.9901 x 10~*

We can now compute the observed value inside the maximum in
3) fori = 2:

| X3 — Xz 499 — 5.1784

G200y 1+ L 8.9901 x 10~* /1 +é

n—1

| =5.92
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Repeating this computation for all values in the sequence gives

{0.14, 5.92, 0.14, 0.70, 0.02, 0.02, 0.90, 0.20, 0.90}

The observed value of T,fl) is the maximum value of this sequence,
that is 5.92. Comparing this value to the threshold ¢;_,, =
3.9468, obtained from Monte-Carlo simulations for & = 0.05 (see
Sauliére et al., 2019), we find

Hence, this observation is detected as abnormal at the 0.05 risk
level. It was also identified as abnormal by the medical doctor of
the soccer federation.

2.6. Z-score method for detecting an abnormal subsequence

An extension of the statistic Tn(l) (see (3)) was introduced to
detect a series of consecutive observations that deviate from the
rest of the series (see section 2.3, “Method 2” in Sauliére et al.,
2019):

X —X.
1 = maxe || (5
NIRRT

where J is the collection of all possible intervals I included in
{1, ...,n} with length 1 «< |I| < n,

— 1
X = — Z X, and
] Leper

— 1
X—=—z X
T7 n— 1| Lager

where X; is the empirical mean on the interval I, Y; the empirical

(6)

mean on the set I (the complementary set of I) and

67 = 5(2(}@ “X) ) (K- )_(;)2> )

kel kel

is the empirical variance with respect to the interval 1.
Example 2

Athlete 663 (soccer) has the following sequence of n = 20
ferritin values:

{299,232, 433,232, 176, 212, 256, 258, 232, 167, 217,
169, 221, 192, 187, 2580, 3420, 231, 228, 446}
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The selected transformation for ferritin values (see section 2.2 and
Table 1) is the 6th root transformation, Y/x . Applying this
transformation to each value of the sequence yields the
transformed sequence:

{2.58,2.47,2.75,2.47,2.36,2.44,2.51, 2.52, 2.47, 2.34,
2.45,2.35,2.45,2.40,2.39,3.70, 3.88, 2.47,2.47, 2.76}

In this Z-score method, all combinations of intervals are tested. In

practice, the statistic T,Ez) evaluates all possible intervals I ¢
{1, ...,n} with 1 < |I| < n. For illustration purposes, we consider
one specific interval [ ={16,17} , with corresponding

observations {3.70, 3.88}. The complementary set I contains the
remaining n — |I| = 18 observations. The empirical means are:

1
%, = (3.70 +3.88) = 3.79

1 1
xX; = Ez X = 18 (258 + 42394247 + 247 + 2.76)

kel
= 2.4806

The empirical variance is:

~ 1 _ _\2
Gons = n_2 (Z(xk -x)*+ Z(xk - xi) )
kel kel
_ 2 (0.0162 + 0.2331)
18 '

=0.0138

Hence, for this interval I = {16,17}, we obtain the following
observation

X; — X7 3.79 — 2.4806
= = 14.95

.1 T | 1|
01 0bs m+n_—|1| 1/0.0138 7+1_8

This computation is repeated for all possible intervals I € 7. The

observed value of T,fz) is obtained by taking the maximum over
such values. One can check on this example that the maximum
occurs for the interval we have considered before, I = {16,17}.
We compare this value to the threshold ¢ g5 9 = 4.2705. We have:

Thus the interval I is detected as abnormal at the 0.05 risk level
(in the sense that the observations in [ are very far from the
observations in ). This example is further illustrated in Figure 3,
panel (e), where the interval I containing the two abnormal
observations are shown in red colors. The red dots are the two
abnormal observations and the red line represents X;, while the

black dots represent the observations in I and the black line X7.
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(a) hemoglobin (soccer)

(b) hemoglobin (cycling)

(c) hematocrit (cycling)
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Figure 3. Example of detection for the statistic T,EZ). This figure illustrates the detection of a change in 6 sequences, randomly chosen.
The detected changes in the sequence are indicated by black dots vs. red dots. In all the six panels, the data shown is the transformed
data (see section 2.2 and Figure 1). The colored lines indicate the average value of each subsequence. The data in panel (e) is detailed

in the example 2 of section 2.6.

2.7. Multivariate extension

A multivariate extension of the statistic T,El) was also introduced
(see section 2.2, ‘Method’ multivariate extension in Sauliére et al.,
2019). Our problem is now to test the abnormality of d correlated
biomarkers at once. To deal with this situation, we assume that
the observations are obtained from n independent Gaussian R¢-
valued random variables X, ... X;; (Whose correlation is described
by a correlation matrix C, assumed invertible).

In this context, we consider the natural extension of the square

of the statistic T,El):

(Tl - 1) — ro_ —
Trgs) = d maxie(1, ) (Xi — Xni) Crt (X — Xnt) (®)
where
n
— 1
X = — X, and
k=1k# i
)
1 n
Cri=m—1=g ). Ke=Tn) (X —Xn)’

k=1,k+i

According to the results of section 2.3, we will compute the

statistic Trfs) for the following (transformed) biomarker tuples:
{ferritin, serum iron} (soccer only); {erythrocytes, hemoglobin,
hematocrit}; (for soccer and cycling). The selected
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transformations for each biomarker are identical to those used
previously (see section 2.2 and Table 1).

Example 3

Athlete 151 (soccer) has the following sequence of n = 13
ferritin and serum iron values:

ferritin : {110, 123, 116, 98, 167, 101, 99, 92, 104, 89,
120,72, 110}
serum iron : {21.2, 34.7, 15.9, 18.3, 4.8, 25, 22, 12, 34,
33.5,19.5, 21, 30.4}

The selected transformations for the ferritin and serum iron values
are the 6th root Y/x and 5th root 3/x respectively (see section 2.2
and Table 1). Applying these transformations to each value of the
ferritin and serum iron sequences, we obtain the two transformed
sequences:

ferritin: {2.18, 2.23,2.20, 2.14, 2.34, 2.15, 2.15, 2.12,
2.16,2.11,2.22,2.03, 2.18}

serum iron: {1.84, 2.03, 1.73, 1.78, 1.36, 1.90, 1.85, 1.64,
2.02,2.01, 1.81, 1.83, 1.97}

Taking the fifth observation, x5 = (2.34,1.36)', we compute the
leave-one-out multivariate mean:

60



Berthelot et al. / The Journal of Sport and Exercise Science, Journal Vol. 10, Issue 1, 54-70 (2026)

1/12 (218 + 2.23 4+ 2.20 + - + 2.22 + 2.03 + 2.18)
1/12 (1.84 4+ 2.03 + 1.73 + -+ 1.81 + 1.83 + 1.97)

_ (2.1558)
~ \1.8675

We can now compute the associated leave-one-out covariance
matrix (excluding k = 5) with d = 2 as we study two biomarkers:

n
1 — Y
Crsobs =774 z (% — X 5) (X1 — X 5)

k=1,k#5

_ 1 ( (k1 = En,5,1)2
10 k%5 (xk,z - En,5,2)(xk,1 - En,S,l)

(oies = Xn5.0) (2 = ?n,s,z))

(xk,z - yn,s,z)2

Expanding only the first term for illustration gives:

(xk - En,S)(x/’c - En,s)’

_ (2.18 — 2.1558

184 — 1.8675) 2.18 —2.1558,1.84 — 1.8675

And after computing each term, we obtain:

c =(0.0032 0.0012)
n50bs (00012 0.0166

The inverse of C,, 5 ,ps can be obtained with any numerical tool:

3 (318.8059

) —23.8202
Cn,é,obs ~\=23.8202 )

62.1571
We then compute the centered vector:

_ (2.34 - 2.1558) ~ ( 0.1842 )
*s = Xns =136 -1.8675) = \-0.5075

We can now compute the observed value inside the maximum in
(8) fori =5:

n

— 1 _ _
d (x5 — xn,S),Crzls,obs(xS — Xns)

12
= 13x2 X 31.2747 = 14.4345

This computation is repeated for all indices i € {1, ...,13}. The

observed value of TYES) is obtained by taking the maximum over
such values. One can check on this example that the maximum
occurs for the index i = 5, and is therefore equal to 14.4345.
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Comparing this value to the threshold ¢;_,, 4 = 10.183 obtained

from Monte-Carlo simulations for &« = 0.05 (see Sauliére et al.,
2019), we find

14.4345 > C0.95,13,2

Hence, the observation x5 is detected as abnormal at the 0.05 risk
level.

2.8. DevianLM and model designs

The devianLM package implements an extension of Trfl) to the
Gaussian Linear Model (Berthelot et al., 2025), where we assume
that the observations are obtained from the random variables
X4, ... X, such that
Xi = (M6); +¢; (10)

where M is the n X p observed design matrix (we assume M'M is
invertible), 6 is a RP vector of unknown parameters, and
€1, -,En 18 a sequence of iid random variables with common
distribution V' (0, 62), independent of the design matrix M.

To detect the abnormal values from the (external) studentized
residuals of the model é;(X), we use the statistic:

Xi — X |

A ’ -1 !
B Jl + Li(M{yMy)) L |

TTE‘}) = maXie{L...,n}

(11)

=maX;e(,. 3 € X)|

where M;) is the (n — 1) X p matrix M deprived of its ith row, L;
is the ith row of the matrix M, 8, ; is the least square estimator of
6 based on the variables (X i L j) for j # i, X, is the prediction of
X; obtained from én,i , that is )?n,i = L,-én,i, and 6,,; is the
estimator of the variance based on the variables (X i L j) forj #i.

It is proved in Berthelot et al., 2025 that the distribution of
T,E‘D does not depend on the unknown parameters (6, 02), but it
depends on the observed matrix M. Hence it has to be tabulated
via Monte-Carlo simulations. In our practical situation, for the
soccer and cyclist datasets, we will consider three different
designs, labelled A, B, C.

The first model (model A) describes a fluctuation around a
fixed baseline 8,, meaning that the equation (10) is simply:

Xi=Po+e€ (12)

For this model, the statistics Tn(4) is exactly equal to T,El) (see (3)).

The second model (model B) describes a fluctuation around
two distinct baselines, which is equivalent to an Homoscedastic
ANOV A model with two groups. For our datasets, the two groups
will consist of biomarker observations in summer or winter (each
season covering a period of six months). Note that the soccer
dataset followed an explicit summer/winter sampling procedure
while the cycling data sets recorded the exact sampling dates. For
the cycling dataset we then separate the dates in two seasons:
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summer, from the 03/20 to the 09/22, and the remaining dates are
classified as the winter season. For model B, the equation (10) can
be written as follows:

Xi = Bo+ Pisi + € 13)

where s; is a binary variable that denotes the season (1 for
summer and 0 for winter).

Example 4

Athlete 414 (soccer) has the following two sequences of n = 13
ferritin values:

summer : {109, 88.6, 79, 63, 76, 106, 103}
winter : {109, 84, 94, 26, 85.5, 116}

We first apply the same transformation to these sequences (see

section 2.2 and Table 1), which is the 6th root transformation, Vx .

We obtain the two transformed sequences

summer : {2.18, 2.11, 2.07, 1.99, 2.05, 2.17, 2.16}
winter : {2.18, 2.09, 2.13, 1.72, 2.09, 2.20}

We first construct the response vector x by concatenating these
two sequences, which gives:

_ (2.18, 2.11,2.07,1.99, 2.05, 2.17, 2.16,)
N 2.18,2.09,2.13,1.72,2.09,2.20

We then define the binary covariate s; indicating the season for
each observation x;:

s=(1,1,1,11,11,0,0,0,0,0,0)

The design matrix M associated to s with model B and including
an intercept is then:

Il
S S Y Y
COCCOOCORRRRERRER

The devianLLM package can now be applied using:
mdl <- devianlm_stats(x, M, n_sims = le6, quant = (.95)

(R language). It internally computes the threshold related to the
design matrix M, and md! contains the results including the
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studentized residuals from the linear model, and a binary integer
vector indicating whether each observation is considered an
outlier (1) or not (0) (Berthelot et al., 2025). For this example, the
studentized residuals are:

£0.61029281, 0.04522994, -0.27235641, -0.94394351,
-0.43366158, 0.52727115, 0.44529706, 0.93464401,
0.17417365, 0.50115521, -5.98478377, 0.17418217,

1.12132189}

and the estimated threshold for & = 0.05 is: ¢;_4 = 3.748145.
We can see that the eleventh value is greater than the threshold value:

5.98478377 > coosm

Hence, the observation x;, is detected as abnormal at the 0.05 risk
level.

The third model (model C) is associated with the exact dates
of sampling. It can only be applied to the cycling database, as the
soccer database does not contain the exact date of collection. For
Model C, the equation (10) writes:

Xi=Po+Biti + ¢ (14)

where t; is the exact date of sampling of the ith observation of the
biomarker.

Example 5

Athlete 5 (cycling) has the following two sequences of n = 6
erythrocytes values, collected at the specific dates:

erythrocytes : {4.66, 4.64,4.41, 4.63, 4.26, 4.49}
dates : {2004-12-01", ‘2004-09-01°, 2004-04-21",
2003-10-29°, “2003-07-26, <2003-04-16"}

We first apply the pre-selected transformation to the erythrocytes
sequence (see section 2.2 and Table 1), which is the BoxCox
transformation with parameter y = —0.0606. This gives the
response vector

x = (1.46,1.46,1.41,1.46,1.38,1.43)’

Since the date vector is not numeric, we convert each date into a
time variable. We compute the time differences (in days) between
each date and the earliest date. This gives the vector:

t = (595,504,371,196,101, 0)’

Similarly to example 4, we then construct the design matrix M
using an intercept and the time variable t:

<
Il
R R R R RR
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The devianL.M package can now be applied using:
mdl <- devianlm_stats(x, M, n_sims = le6, quant = (.95)

(R language). It internally computes the threshold related to M, and
mdl contains the results including the studentized residuals from the
linear model, and a binary integer vector indicating whether each
observation is considered an outlier (1) or not (0) (Berthelot et al.,
2025). For this example, the studentized residuals are:

{0.1623017, 0.3755397, -1.0263994, 1.3071688, -
1.8834622,0.7813711}

and the estimated threshold for & = 0.05 is: ¢;_4 = 6.234142.
We can see that no value is greater than this threshold value. Hence,
no abnormality is detected for this sequence at the 0.05 risk level.

2.9. Application to the dataset

We apply the statistics T,Ez), T,E” and T,EAD (models A, B, C) to
each individual sequence in the two datasets. As mentioned above,
the statistics T,E‘” for Model A is exactly equal to T,El). The sample
size n of each sequence of observations should meet specific
conditions. For devianLM, this condition directly depends on the
model matrix M (a necessary condition being that n >p + 1,
where p is the number of columns of M), as described in
examples 4 and 5. More precisely, these conditions are:

. T,Ez) can be applied for sequences with n >3
observations,

. Tn(3) (multivariate case) can be applied for sequences
with n = d + 2 observations, where d is the number
of different biomarkers,

. Tn(4) (Model A) can be applied for sequences with n >
3 observations,

. T,$4) (Model B) can be applied for sequences with
ny, N, = 2, where n, is the number of observations for
the summer period, and n, is the number of
observations for the winter period,

. T,$4) (Model C) can be applied for n = 4 observations.

3. Results

The proportion of detected abnormal sequences (or equivalently
the proportion of abnormal individuals, since there is one
sequence of observation per individual) is presented in Figure 4
and Figure 5 for statistics Téz), Tég) and Té‘}) (Model A, B, O),
respectively, for the two datasets. The proportion of abnormal
sequences exceed the expected false-positive rate in most of the
cases, especially for the statistic Téz) with values as high as 26.67%
(cycling) and 18.67% (soccer) for the ferritin, and 35.97%
(cycling) for the IGF1. We also detail the results by athletes'
characteristics for the cycling dataset below.

7%
erythrocytes = 9'-%%-84
hemoglobin 5§896316
hematocrit % 89 -32]2
ferritin : 18.%3%6'67
serum iron ff= 9 48
reticulocytes 1 11.55
reticulocytes (%) 112
OFFhr 113.14
IGF1 1 35.97
cortisol 113.44
testosterone 111.96
osteocalcin |~ 767

10 20 30 40
Abnormality (%)

7
erythrocytes
& hemoglobin | 9.|3120.47
& hematocrit
ferritin
& serum iron 19.8
5 10

Abnormality (%)

= Soccer =Cycling

Figure 4. Detected abnormal sequences (individuals) for statistics TTEZ) and Tf'). Each bar shows the proportion of detected abnormal
sequences for the corresponding biomarker or biomarker tuple. The vertical black line indicates the 5% significance level (a = 0.05),
which corresponds to the chosen and expected false-positive rate.
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T,(f) model A

TT(f) model B

7Y model C

erythrocytes —H 5-4‘}7. 51 %% 55;5:’51 1 5.72
hemoglobin ] 787?55 ‘ 6'9;.48 —15.16
hematocrit ' 5'1779.06 ijl F?.B 85 —1 5.16
ferritin =2:0% 736 T 9.44 19.57
serum iron 18.96 1879
reticulocytes ——— 7-19 ———17.78 —17.81
reticulocytes (%) 110.33 1 7.64  6.46
OFFhr 1 7.59 111.01 19.74
IGF1 498 5.98 18.51
cortisol 771 110.64 | 8.49
testosterone 1 7.03 1 7.17 17.11
osteocalcin 1 6.32 1 5.42 15.92
4 6 8 10 12 144 6 8 10 12 144 6 8 10 12 14
Abnormality (%) Abnormality (%) Abnormality (%)

= Soccer

— Cycling

Figure 5. Detected abnormal sequences (individuals) for statistics Té‘}) (Model A, B, C). Each bar shows the proportion of detected
abnormal sequences for the corresponding biomarker. The vertical black line indicates the 5% significance level (¢ = 0.05) which

corresponds to the chosen and expected false-positive rate.

3.1. Abnormal sequences per status (cycling)

The proportion of abnormal sequences for each statistic,
according to the athletes' status (amateur, professional or mixed
status, i.e., athletes who transitioned from the amateur status to
the professional one), is given by biomarker in Table 2 for all the

statistics except T,E3) (the multivariate extension). For this statistic,
the proportion of abnormal sequences for the erythrocytes &
hemoglobin & hematocrit biomarkers is 53/604 (8.77%)
(amateurs) and 27/160 (16.88%) (professionals). For athletes with
mixed status, the statistic T,E3) for the erythrocytes & hemoglobin
& hematocrit biomarkers is 26/156 (16.67%).

3.2. Abnormal sequences per discipline (cycling)

Likewise, the proportion of abnormal sequences with respect to
the athletes' discipline is given in the following text, for each
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statistics. The number of abnormal sequences per discipline for
the statistics Téz) , T,£4) (model A), T,£4) (model B) and T,E‘L)
(model C) are given in Figure 6. The number of abnormal
sequences per discipline for the statistic Tf) and for the coupled
biomarkers erythrocytes & hemoglobin & hematocrit is given
here: BMX 1/39 (2.56%) ; cyclo-cross 0/17 (0.00%) ; track pursuit
4/29 (13.79%) ; road cycling 57/550 (10.36%) ; downhill
mountain biking 6/29 (20.69%) ; mountain bike trials 2/14
(14.29%); cross-country mountain biking 7/63 (11.11%) ; track
sprint 3/23 (13.04%). And for the athletes with multiple
disciplines, the proportions are given for each statistic in Table 3.
The proportions of abnormal values for the statistic
T,Ez) for the ferritin and IGF1 biomarkers are particularly high. It
is observable for all disciplines but occurs more specifically
among professionals (see Table 2). Some examples of abnormal
sequences detected by this statistic are provided in Figure 3.
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Table 2. Proportion of abnormal sequences for each statistic according to athlete status. For each cell of the table, the format of the
numbers reads: #positive sequences / #total sequences (value in %). Additionally, the proportions for the mixed status (amateur —

professional) are given in section 3.1 for T,E3).

Biomarker

(e

7™ (model A)

T,g4) (model B)

Trf4) (model C)

Amateur

Erythrocytes (T/L)
Hemoglobin (g/L)
Hematocrit (%)
Ferritin (umol/L)
Reticulocyte (G/L)
Reticulocyte (%)
OFF-hr

IGF1 (ng/mL)
Cortisol (nmol/L)
Testosterone (nmol/L)
Osteocalcin (ng/mL)

87/681 (12.78%)
65/681 (9.54%)
63/680 (9.26%)
124/678 (18.29%)
69/656 (10.52%)
72/656 (10.98%)
76/656 (11.59%)
123/486 (25.31%)
75/676 (11.09%)
49/485 (10.10%)
11/173 (6.36%)

55/917 (6.00%)
76/917 (8.29%)
50/917 (5.45%)
46/915 (5.03%)
62/894 (6.94%)
96/894 (10.74%)
64/894 (7.16%)
31/646 (4.80%)
69/913 (7.56%)
48/666 (7.21%)
15/226 (6.64%)

23/681 (3.38%)
26/681 (3.82%)
24/681 (3.52%)
40/678 (5.90%)
29/656 (4.42%)
33/656 (5.03%)
36/656 (5.49%)
18/473 (3.81%)
38/676 (5.62%)
23/485 (4.74%)
6/163 (3.68%)

36/681 (5.29%)
33/681 (4.85%)
28/681 (4.11%)
56/678 (8.26%)
47/656 (7.16%)
37/656 (5.64%)
51/656 (7.77%)
35/473 (7.40%)
48/676 (7.10%)
33/485 (6.80%)
11/163 (6.75%)

Professional

Erythrocytes (T/L)
Hemoglobin (g/L)
Hematocrit (%)
Ferritin (umol/L)
Reticulocyte (G/L)
Reticulocyte (%)
OFF-hr

IGF1 (ng/mL)
Cortisol (nmol/L)
Testosterone (nmol/L)
Osteocalcin (ng/mL)

6/72 (8.33%)
3/73 (4.11%)
5/73 (6.85%)
30/75 (40.00%)
8/73 (10.96%)
9/73 (12.33%)
16/73 (21.92%)
31/74 (41.89%)
17/74 (22.97%)
9/78 (11.54%)
5/61 (8.20%)

4/81 (4.94%)
5/81 (6.17%)
6/81 (7.41%)
5/83 (6.02%)
7/81 (8.64%)

10/81 (12.35%)
7/81 (8.64%)
2/81 (2.47%)
6/84 (7.14%)
4/84 (4.76%)
2/66 (3.03%)

4/72 (5.56%)
4/73 (5.48%)
2/73 (2.74%)
6/75 (8.00%)
6/72 (8.33%)
4/72 (5.56%)
18/72 (25.00%)
4/72 (5.56%)
12/74 (16.22%)
3/75 (4.00%)
2/56 (3.57%)

7/72 (9.72%)
3/73 (4.11%)
5/73 (6.85%)
9/75 (12.00%)
5/72 (6.94%)
5/72 (6.94%)
17/72 (23.61%)
2/72 (2.78%)
12/74 (16.22%)
6/75 (8.00%)
0/56 (0.00%)

Mixed status (amateur — professional)

Erythrocytes (T/L)
Hemoglobin (g/L)
Hematocrit (%)
Ferritin (umol/L)
Reticulocyte (G/L)
Reticulocyte (%)
OFF-hr

IGF1 (ng/mL)
Cortisol (nmol/L)
Testosterone (nmol/L)
Osteocalcin (ng/mL)

24/158 (15.19%)
21/158 (13.29%)
16/158 (10.13%)
89/158 (56.33%)
25/154 (16.23%)
25/154 (16.23%)
24/154 (15.58%)
96/135 (71.11%)
30/158 (18.99%)
28/156 (17.95%)
6/53 (11.32%)

4/160 (2.50%)
9/160 (5.63%)
11/160 (6.88%)
7/160 (4.38%)
12/158 (7.59%)
11/158 (6.96%)
15/158 (9.49%)
11/156 (7.05%)
14/160 (8.75%)
12/160 (7.50%)
6/72 (8.33%)

11/158 (6.96%)
11/158 (6.96%)
13/158 (8.23%)

20/158 (12.66%)
18/155 (11.61%)
15/155 (9.68%)

21/155 (13.55%)
11/150 (7.33%)

22/158 (13.92%)
14/159 (8.81%)

3/68 (4.41%)

9/158 (5.70%)
11/158 (6.96%)
14/158 (8.86%)

22/158 (13.92%)
17/155 (10.97%)
15/155 (9.68%)

18/155 (11.61%)

22/150 (14.67%)
17/158 (10.76%)
12/159 (7.55%)

6/68 (8.82%)

Table 3. Proportion of abnormal sequences for each statistic for cyclists with multiple disciplines. For each cell of the table, the format

of the numbers reads: #positive sequences / #total sequences (value in %).

Biomarker T T (model A) T (model B) 7™ (model C)
Erythrocytes (T/L) 2/14 (14.29%) 0/14 (0.00%) 0/14 (0.00%) 0/14 (0.00%)
Hemoglobin (g/L) 1/14 (7.14%) 1/14 (7.14%) 0/14 (0.00%) 1/14 (7.14%)
Hematocrit (%) 2/14 (14.29%) 1/14 (7.14%) 1/14 (7.14%) 2/14 (14.29%)
Ferritin (pmol/L) 9/14 (64.29%) 1/14 (7.14%) 0/14 (0.00%) 2/14 (14.29%)
Reticulocyte (G/L) 1/14 (7.14%) 0/14 (0.00%) 1/14 (7.14%) 0/14 (0.00%)
Reticulocyte (%) 1/14 (7.14%) 1/14 (7.14%) 2/14 (14.29%) 1/14 (7.14%)
OFF-hr 4/14 (28.57%) 0/14 (0.00%) 2/14 (14.29%) 2/14 (14.29%)
IGF1 (ng/mL) 10/12 (83.33%) 0/13 (0.00%) 1/13 (7.69%) 2/13 (15.38%)
Cortisol (nmol/L) 6/14 (42.86%) 0/14 (0.00%) 2/14 (14.29%) 0/14 (0.00%)
Testosterone (nmol/L) 3/13 (23.08%) 1/13 (7.69%) 2/13 (15.38%) 2/13 (15.38%)
Osteocalcin (ng/mL) 1/4 (25.00%) 1/8 (12.50%) 1/8 (12.50%) 1/8 (12.50%)
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@) 7% (b) T4 (Model A)
o N
& o ey S ) I o o
S Q\{ o \x\\\ {\'3\3 A e & o o o {\%\5 A0 5
?;“NE‘ c‘lo\o &‘“"és (0{’)6 é@ﬂ“ \J\?"\ 0‘055 &‘%ah ‘b\\'ﬁ‘ c‘!c\o &@Q\Q @@d 60«(\ ‘\\@& 0‘0%5 “?&\g
Erythrocytes 1000 870 1034 1099 2258 17.65 2361 24.14 462 7.4 303 506 1538 476 521 938
’ 5/50 2/23 3/29 71/646 7131 3/17 17/72 729 3/65 2/28 1/33 42/830 6/39 1/21 5/96 3/32
Hemoglobin 1400 0.00 345 835 1935 1176 1667 20.69 769 714 1212 723 1538 476 729 1250
Ti50 0/23 1729 54/647 6/31 2/17 12/72 6/29 5/65 2/28 4/33 60/830 6/39 121 7196 4/32
Hemaoerit 300 1304 345757 1613 1875 2083 690 769 714 606 542 513 476 833 3.13
4/50 3/23 1/29 49/647 5/31 3/16 15/72 2/29 5/63 2/28 2/33 45/830 2/39 1/21 8/96 1/32
ety 1837 2174 1724 2755 3226 3529 17.81 27.59 769 357 000 481 789 476 421 938
/49 5/23 5/29 178/646 10/31 o/17 13/73 8/29 5/65 1/28 0/33 40/832 3/38 1/21 4/95 3/32
Reticulocytes 1200 476 690 1L70 2000 1176 1143 10.71 923 357 606 720 513 476 833 938
6/30 1721 2/29 73/624 6/30 2117 8/70 328 6/65 1/28 2133 58/805 2/39 121 8/96 3/32
Reticulocytes %) 1200 952 1034 1186 1667 1176 1571 7.4 923 1071 909 1081 1538 952 833 3.13
6/50 2/21 3/29 74/624 5/30 2117 11/70 2/28 6/65 3728 3/33 87/803 6/39 221 /96 1/32
OFf.pe 1000 1429 345 1346 1667 588 1571 7.14 3.08 1429 000 7.83 1538 1429 521 938
5/50 3721 1729 84/624 5/30 1/17 11/70 2/28 2/65 4728 0/33 63/805 6/39 3121 5/96 3/32
Gpy 3871 714 2000 3613 5238 4167 27.78 36.84 250 476 385 499 294 000 870 7.69
12/31 1/14 4120 185/512 11721 5/12 15/54 719 1/40 1721 1726 32/641 1/34 0/13 6/69 2126
Coiso] 1020 870 1034 1287 1667 17.65 1507 1429 923 714 1212 794 526 476 526 938
15¢ 5/49 2123 3/29 83/645 5/30 317 11/73 4/28 6/65 2/28 4/33 66/831 2/38 21 5/95 3/32
Testosterone 1818 1250 0.00 1075 1538 25.00 1852 1053 952 476 667 625 1176 2000 423 17.86
’ 6/33 2/16 0125 56/521 4126 3712 10/54 2/19 4/42 1/21 2/30 41/656 4/34 3/15 3/71 5/28
Osteocale; 667 000 2500 755 000 000 952 0.00 526 000 3333 573 9.09 000 323 833
1/15 0/7 2/8 16/212 0/7 0/4 221 0/9 1/19 0/7 3/9 15/262 1/11 0/5 1/31 1/12
© TV (Model B) @ T (Model ©)
Erythrocytes 200 435 000 464 645 000 556 0.00 400 435 000 604 645 588 972 0.00
’ 1/50 1/23 0/29 30/646 2/31 0/17 4172 0729 2/50 123 /29 39/646 2/31 1/17 T2 /29
Hemoglobin 400 435 345 448 968 588 417 345 000 435 345 556 645 000 556 690
2/50 1/23 1/29 29/647 3/31 1/17 3/72 1/29 0/50 1/23 1/29 36/647 2/31 017 4172 2129
Hematoerit 200 000 690 402 323 1176 556 690 600 000 345 510 000 588 883 345
1/50 0/23 2/29 26/647 1/31 2117 4/72 2/29 3/50 0/23 1/29 33/647 0/31 1/17 6/72 1/29
Feiry 201 435 690 789 645 000 685 690 612  13.04 1034 1037 968 588 411 690
1/49 1/23 2/29 51/646 2131 017 5/73 2/29 3/49 /23 329 67/646 33 1/17 3/73 /29
Reticulocytes 400 476 690 705 333 582 143 357 600 476 690 833 1333 000 7.14 7.14
2/30 1721 2/29 44/624 1730 1/17 1/70 1/28 3/50 1721 2129 52/624 4/30 0/17 53170 2/28
Reticulocytes (o) 400 476 690 673 333 000 429 00 200 952 1034 641 1333 000 571 714
2/50 1/21 2/29 42/624 1/30 o7 3/70 0/28 1/50 2121 3/29 40/624 4/30 0/17 4170 2/28
opppe 000 476 345 929 1333 1176 857 3.57 1000 952 000 1058 667 588 1000 3.57
0/50 1721 1129 58/624 4130 2117 6/70 128 5/50 2/21 0/29 66/624 2/30 1/17 7170 128
Gpp 000 000 526 508 000 000 556 10.53 645 000 1053 898 476 000 556 1579
0/31 0/14 1/19 26/512 0/21 0/12 3/54 2/19 2/31 0/14 2/19 46/512 1/21 0/12 3/54 3/19
Coiso]  B16 000 1034 853 333 000 685 714 1224 000 1034 853 1333 588 685 1071
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Figure 6. Heat map of the detected abnormal sequences (individuals) for statistics T,Ez) (panel (a)) and T,E‘}) (Model A, B, C, panel (b)-
(d)) per discipline. The number in each cell is the percentage, and the proportion of detected individuals is given below each percentage
as #detected sequences / #sequences. The letters 'MB' stand for ‘Mountain Biking’.
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4. Discussion

In this article, we implement three different methods for detecting
abnormal values in real data sets composed of professional or
amateur athletes (cyclists or soccer players), on whom several
samples of different biomarkers were taken. These methods detect
different abnormalities, ranging from detecting a single outlier

(T,E4) model A) to a subsequence of outliers (T,fz) ), or integrating
the correlation between biomarkers (T,E3)) or the time component

(T,EA‘) model B and C). All these methods allow for taking into
account different characteristics of the longitudinal intra-
individual data. In some detections, the proportion of abnormal
sequences far exceeds the expected significance level (Figure 4

and 5). In particular, the statistic T,EZ) detects more abnormal
sequences compared to the other methods. This method differs
from the other methods presented here, and can also be classified
as a “change point detection” method. It therefore allows outliers
to be detected, as well as groups of observations that fluctuate
around a reference value that differs from that of the other
observations (see Figure 3). This allows for greater sensitivity
compared to the other methods. Our study suggests that this
method should be preferred to other methods for detecting
changes in longitudinal follow-ups.

The large number of abnormal ferritin sequences detected can
be the result of temporary biological changes due to repeated
endurance training (Clénin et al., 2015), inflammation/infection
& iron loss and hemolysis (Namaste et al., 2017; Peeling, 2010;
Keller et al., 2024), altitude and hypoxia (Sim et al., 2019),
prolonged detraining conditions like injury-related immobility
(Gledhill, 1985) and low iron intake and iron supplementation
(Vsmid et al., 2024). The change in iron can also be associated
with pathological effects, due to liver disease, chronic
inflammatory conditions with malabsorption (such as
inflammatory bowel disease or celiac disease, Mahadea et al.,
2021), hereditary hemochromatosis, thyroid disorders, blood loss,
or vitamin B12 deficiency. Medical treatments can lead to blood
loss and iron-deficiency anemia (Tai & McAlindon, 2021). In
particular, gastrointestinal bleeding is another potential reason for
reductions of total hemoglobin mass (and thus ferritin) in athletes,
especially in ultramarathon athletes which are reported to have a
high prevalence for gastrointestinal bleeding (Baska et al., 1990).
This was also demonstrated with the follow-up of one elite rower
in (Treff et al., 2014).

More generally, Nabhan et al. (2020) showed that iron
deficiency is significantly lower in athletes compared to non-
athletes. Completing this observation, Lippi et al. (2005) showed
that the serum ferritin concentrations of professional endurance
athletes (cross-country skiers and road cyclists) are 2-fold to 3-
fold higher than those of matched sedentary individuals and
amateur athletes (road cyclists). It is also possible that seasonality
such as training and competitions periods vs. less intense periods
affect ferritin concentrations. Similarly, previous investigations
measured the effect of training and nutrition on the IGFI
biomarkers and showed that the training type (endurance vs.
strength) (Khalid et al., 2020), the energy deficits (e.g. in ultra-
endurance events) (Geesmann et al., 2017), and the protein and
overall caloric intake (Gulick et al., 2020) can affect the IGF1
dynamics with time, potentially explaining the observed
proportions. It is also interesting to note that there are some
JSES | https://doi.org/10.36905/jses.2026.01.06

similarities between the two datasets, as the high proportions of
abnormality are detected in the same biomarkers. There also exist
some differences between the two datasets, in particular the
selected transformations may differ for the same biomarkers (see
Table 1). It underlines the importance of transforming the dataset
based on the population of study and testing different
transformations. This does not go against the individualized
rationale of the proposed approach, as adjusting a different
transformation per sequence (i.e. each sequence would be tested
for a transformation) would instead lead to overfitting.

There are some limitations to the presented approach. First,
there may be some intra-individual correlation between the
variables X; as some collections were only separated by a few
days (Buoro et al., 2018; Cooper & Zlotkin, 1996; Sun et al.,
2016). This depends on the biomarker and intraclass correlation
coefficients are limited or unavailable in the literature for several
markers  (hemoglobin, hematocrit levels, reticulocytes,
osteocalcin). This can limit the descriptive analysis presented here.
Second, each statistic requires a minimum number of observations
to estimate the individual baseline (i.e. estimate the parameters of
the statistic for one individual). It increases both time and resource
costs compared with cohort-based approaches, which often rely
on a single sample per individual. Third, it is also possible we
detect ‘opposite’ profiles, where the values deemed as abnormal
are in fact normal, and vice versa. Consider a very specific
scenario in which most samples from an individual were collected
during a pathological phase. The estimated baseline will reflect
this pathological state and the statistic might then classify non-
pathological values as abnormal relative to this baseline.
Although the approach would correctly detect the overall
sequence as abnormal, it could misidentify the specific
observations (these observations are indeed statistically abnormal,
but not necessarily abnormal from a clinical point of view). In
practice, however, further clinical or contextual examination
would help resolve such cases. Finally, we also did not have any
information about input errors which can occur during the data
collection. This could also affect the detection rates. However, the
proposed framework (Figure 1) remains flexible enough to
integrate new information and to further capture the biological
complexity using more sophisticated model designs. In practice,
the proposed methods and tools could already be integrated into
existing medical programs to support data-driven decisions,
enable early detection of atypical biological profiles and to
automate the screening detection of athlete’s biological follow-
ups to highlight possible pathological conditions. One additional
limitation is that the biological data were available only for male
athletes. The analysis of biological data in male athletes is
typically more straightforward than in female athletes, as
biological measurements in women may exhibit greater
physiological variability due to hormonal fluctuations,
particularly across the menstrual cycle. These fluctuations can
affect biomarkers such as iron status and hematological
parameters (e.g. serum iron and ferritin) across menstrual phases
(Aguree et al., 2025). When such information is available at the
individual level, it can be included in the model design to account
for such effects, as demonstrated for T,E4) models A, B, and C
using the devianLM package

Future direction will focus on the improvement of the
proposed Z-score methods to increase the statistical power of the
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detection while leading to a better understanding of the
environmental or medical features affecting intra-individual
variance in the personalized medicine context. We also aim to
expand screening to a larger number of athletes in order to better
understand the longitudinal variability of athletes, which may play
a key role in athletic performance. In the long term, this approach
could influence how anti-doping programs are designed and
implemented, particularly if further studies confirm the presence
of significant natural biological variability in longitudinal
measurements.
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