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analysis of urinary profiles as
a point-of-care tool to evaluate aerobic exercise†

Jaume Béjar-Grimalt,a Ángel Sánchez-Illana, *a Miguel de la Guardia, a

Salvador Garrigues, a Ignacio Catalá-Vilaplana,b Jose Luis Bermejo-Ruiz,c

Jose Ignacio Priego-Quesada *bd and David Pérez-Guaita a

The understanding of metabolic alterations triggered by intense exercise can provide a biological basis for

the development of new training and recovery methods. One popular way to monitor these changes is the

non-invasive analysis of the composition of urine. This work evaluates the use of attenuated total

reflectance-Fourier transform infrared spectroscopy (ATR-FTIR) and multivariate analysis as a rapid and

cost-effective way to investigate changes in urine composition after intense exercise. The urine FTIR

spectra of 21 volunteers (14 going through aerobic exercise and 7 controls) were measured before and

immediately, 2, 5, 11, and 24 h after running 10 km. Principal component analysis (PCA) and partial least

squares analysis (PLS) regression were used to investigate the changes in the spectra as a function of the

recovery time. PLS models obtained for the prediction of the time points in the exercise group were

deemed significant (p < 0.05, rand t-test permutation testing in cross-validation), showing changes in the

urine composition after the exercise, reaching a maximum after 11 hours as opposed to the control

group which did not show any significant relationship with the recovery time. In a second step, spectra

of the protean extract isolated from urines at significant timepoints (before, immediately after, and 11

hours after exercise) were measured. The PCA of the protein spectra showed clear differences in the

spectra obtained at the separation between the recovery time points, especially after the end of the

exercise, where the protein profile was significantly different from the other times. Results indicate that

the technique was able to find differences in the urine after physical exertion and holds strong potential

for an easy-to-use and simple screening metabolic evaluation of recovery methods.
1. Introduction

Monitoring the stress suffered during physical exercise through
the use of chemical biomarkers provides insights into how the
body responds to training, including adaptations, fatigued
states and/or recovery processes.1,2 By integrating these
biomarkers with factors such as strength, heart rate, blood
pressure, and recovery from fatigue, trainers and medical
professionals can gain enhanced insight into the requirements
of individuals engaging in physical activity. This promotes the
improvement and optimization of training regimens, resulting
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in the prevention of injuries3 and cardiovascular pathologies4 as
well as the discovery of hidden genetic conditions.5

In the aforementioned context, the changes in metabolism
associated with intense exercise have been studied in various
biouids, including blood,6,7 saliva8,9 and urine.10–12 Urine is an
ideal sample in the sports context due to its non-invasive
nature, making it easily and rapidly accessible during both
exercise and recovery. Furthermore, urine contains a multitude
of biomolecules derived from the glomerular ltration of
plasma, which are associated with the physical integrity of the
individual. For instance, urine components such as creatinine,
creatine kinase (CK), catecholamines, and myoglobin serve as
markers of muscle stress and breakdown.13 Simultaneously,
changes in oxidative stress markers, such as lipid peroxidation14

and phenylalanine oxidation products,15 can provide informa-
tion about oxidative damage. Additionally, alterations in
hormone levels induced by exercise, including cortisol and
adrenocorticotropic hormone (ACTH), could serve as indicators
of the body's stress response to training.12,16,17 Another advan-
tage of urine is that it presents a simpler matrix compared to
plasma or tissue, characterized by lower concentrations of
lipids and peptides.11
This journal is © The Royal Society of Chemistry 2024
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To study changes in the metabolome associated with exer-
cise and recovery, urine has been analyzed with different
methodologies based on gas chromatogram-mass spectrometry
(GC-MS), liquid chromatography-mass spectrometry (LC-MS) or
nuclear magnetic resonance (NMR).18 Although these tech-
niques can identify a wide range of metabolites with sensitivity
and specicity, they are time-consuming, require intensive
sample processing and must be performed in expensive and
non-portable instrumentation. To investigate both exercise-
induced stress and recovery, sport science studies also need
techniques that can be employed in situ and offer direct and
rapid analysis of several samples at different time points, all at
a reasonable cost. In this context, Fourier-transform infrared
spectroscopy (FTIR) coupled with attenuated total reectance
(ATR) enables fast and cost-effective measurement with
minimum or no sample treatment.19 ATR-FTIR is progressively
garnering attention in clinical analysis, being the analysis of
biouids a signicant portion of the eld with a wide range of
potential diagnostic application.19–22 In this sense, it has been
demonstrated in eld studies that can be used in remote loca-
tions for obtaining information about clinical samples23 and
has been proposed for the identication of discrete biomarkers
in urine.24–26

Despite the important benets of ATR-FTIR, its sensitivity is
lower than GC-MS or LC-MS techniques for different reasons.
For example, the inherent water content of urine oen masks
signicant biological information and limits the range of
markers that can be detected. For this reason, the analysis of
urine as a dry lm is preferable.27 Since the spectra contain the
biological information encrypted in a complex set of overlapped
bands, cluster analysis, chemometric and machine learning
algorithms are employed to extract potential biological markers
from the infrared (IR) variables.20 However, the incorporation of
simple urine sample processing steps such as centrifugation,
liquid–liquid microextraction, and ultraltration have demon-
strated improvements of the detection limit of certain mole-
cules and the simplication of the IR spectra by eliminating
potential interferents.24,26,28

In this context, this study aimed to evaluate the capability of
ATR-FTIR to identify spectral markers associated with both,
intense exercise, and recovery in the IR spectra. To that end,
spectra of urines from different volunteers before intense
training and at different recovery times were obtained and
compared to similar data from control volunteers using che-
mometric methods. The spectra of untreated dry lms of urine
were evaluated for all the timepoints of the study, while the
spectra of protean extracts of urine using ultraltration was
evaluated for signicant timepoints (before, immediately aer,
and 11 hours aer exercise).

2. Material and methods
2.1. Study participants and sample collection

Urines used for this study were obtained from 14 physically
active participants, considered as the experimental group (6
male and 8 female, with an age between 33 ± 9 years old,
a height of 170± 7 cm, a body mass of 69± 10 kg and a body fat
This journal is © The Royal Society of Chemistry 2024
percentage of 21 ± 7%) and 7 participants included as controls
who did not perform any exercise during the study (4 male and 3
female, with an age between 34 ± 5 years old, a height of 173 ±

7 cm, a body mass of 73 ± 13 kg and a body fat percentage of 22
± 10%). Some instructions were given to participants to control
factors that may affect the study intervention: to avoid high-
intensity physical activity in the 24 h before the assessments,
to avoid smoking, drinking alcohol, caffeine, or other stimu-
lating beverages in the 12 hours before the assessments, and to
avoid copious meals and other exercise that stipulated by the
study during the day of the measurements.

The experimental group ran 10 km at a moderate rate of
perceived exertion (11 points using the 20-point Borg scale) on
an outdoor running track. The time spent for the 10 km was 51
± 9 min. The Control group did not perform any exercise. Urine
samples were obtained before exercise between 7 am and 9 am
(pre), immediately aer nishing exercise (post; only for the
experimental group), 2 hours aer exercise (post 2), 5 hours
aer exercise (post 5) 11 hours aer exercise (post 11), and
nally 24 hours aer exercise (post 24). Timepoints were
selected to have a good sampling of the responses over time,
without excessively compromising the participants' routine (for
example, avoiding measuring aer 8 pm and during sleeping
hours). Overall fatigue perception was measured at pre and post
24 using a 150 mm visual analogue scale, labelled from the le
as “absence of fatigue” to the right as “highest fatigue imagin-
able”. This research protocol was in accordance with the
Declaration of Helsinki and was approved by the Ethics
Committee for Research in Human Beings of the University of
Valencia.
2.2. Sample preprocessing and ATR-FTIR analysis

Two ATR-dry lm analytical approaches were undertaken. One
involved the direct analysis of centrifuged urine samples and
was carried out for all the different timepoints. The other one
incorporated a minimal preprocessing to isolate and concen-
trate proteins in urine using ultraltration and was only carried
out for 3 signicant timepoints: before, immediately aer, and
11 hours aer exercise.

2.2.1 Direct analysis of centrifuged urine. A total of 83
urine samples from the experimental group (i.e., 14 for each
time group, including pre, post, post 2, post 5, post 11 and post
24, except one missing sample for post 2) and 27 from the
control group (i.e., 4 pre, 7 post 2, 4 post 5, 5 post 11, and 7 post
24) were obtained and analyzed with this approach. First, the
urine samples were centrifuged using a Cencom I model mini
centrifuge from JP Selecta (Barcelona, Spain) for 2 minutes at
420 g to remove any sediment. Then, 1 mL of the urine was
deposited on the internal reection element of the ATR-FTIR
and dried with a current of air (30 °C) until the surface of the
crystal was completely dry followed by the acquisition of the
spectrum. To ensure that the sample had no signicant
contribution of water to the spectra, the “preview” option of the
Spectrum Two soware from PerkinElmer was employed. This
allowed for the monitoring of the water bands during the drying
process. Initially, when the urine was deposited onto the crystal,
Anal. Methods, 2024, 16, 5982–5989 | 5983
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a spectrum dominated by the water bands was displayed. The
sample was then dried for about a minute while the operator
observed a decrease in the water signals. Aer this time, the
operator ensured that the absorbance in the water regions
(1500–1800 cm−1 and 2800–4000 cm−1) remained constant
before measuring the spectrum.

ATR-FTIR spectra of the dry lms were acquired using
a Tensor 27 FTIR spectrometer from Bruker (Karlsruhe, Ger-
many) equipped with a DLaTGS detector using a DuraSamplIR
II ATR module with a three-reection diamond/ZnSe DuraDisk
plate, from Smith Detection Inc. (Warrington, UK). Acquisitions
were performed between 550 cm−1 and 4000 by accumulation of
50 scans per spectrum and 4 cm−1 nominal resolution. The
background spectrum was performed by measuring the clean
ATR crystal before each sample measurement. OPUS program
(version 6.5) from Bruker was employed for instrumental and
measurement control. All the spectra were acquired as OPUS
“ATR spectra” and thus, an internal correction of the pathlength
was automatically applied (i.e., signal scaled as absorbance ×

wavenumber/1000).
2.2.2 Analysis of protein extracts. A total of 56 samples

from the experimental group (i.e., 5 pre, 9 post, 11 post 2, 9 post
5, 10 post 11, and 12 post 24) were subjected to protein
extraction following a previous protocol.24 Briey, 500 mL of
urine were transferred into a Vivaspin 500 ultraltration device
with a nominal molecular weight limit of 10 kDa purchased
from Sartorius (Göttingen, Germany) and centrifugated at 13
150 g for 10 minutes, resulting in approximately 50 mL of
protein-rich extract. Then, employing the same centrifugation
parameters, the extract was washed per triplicate with 450 mL
ultrapure water obtained from a Labaqua BIO ultrapure water
purication system from Biosan (Riga, Latvia). All lters
employed were pre-rinsed with 500mL of ultrapure water before
the sample loading to remove the trace amounts of glycerine.

Finally, 1 mL of the protein-rich extract was deposited onto
the ATR crystal, dried, and measured as a dry lm. ATR-FTIR
spectra of the protein extract were obtained using a Spectrum
Two FT-IR spectrometer from PerkinElmer (Waltham, MA, USA)
equipped with the UATR accessory (i.e. 1 reexion diamond
crystal), coadding 10 scans at 4 cm−1 spectral resolution over
the range 4000–500 cm−1. The background spectrum was per-
formed by measuring the clean ATR crystal before each sample
measurement. Spectrum (version 10.03.06) from PerkinElmer
was employed for the instrumental and measurement control
and the atmospheric contribution was corrected using the CO2/
H2O correction provided by the soware. Prior to analysis,
spectra were pre-processed employing the same algorithm for
ATR correction used in OPUS.
2.3. Data analysis

ATR-FTIR spectra were analyzed using MATLAB R2022a from
Mathworks (Natick, MA) employing the PLS_Toolbox functions
from Eigenvector (Manson, WA) and in-home written functions
and scripts. All the spectra were plotted, visually inspected and
the main IR bands were annotated according to the literature.
Aer the visual inspection, different chemometric models were
5984 | Anal. Methods, 2024, 16, 5982–5989
built using the 550–1800 cm−1 spectral region with a common
preprocessing as follows: (1) normal variate scaling normaliza-
tion (SNV), (2) Savitzky–Golay smoothing and second order
derivative computation (polynomial order: 2 window width: 15),
and (3) mean centering.

First, a PCA model was built using the spectral dataset ob-
tained measuring the dry lms of the centrifuged urine. The
number of signicant principal components (PC) was selected
based on the minimum value in the root mean square error of
cross validation (RMSECV) versus the principal component
number. Cross validation was performed by the random subsets
algorithm using 10 splits and 20 iterations.

In order to identify the spectral features related to the study
times, an orthogonalized PLS (o-PLS) model was performed for
the centrifuged urine spectra being the response variable (Y) the
study times. Separate models were made for the experimental
and control samples. These models were cross-validated
employing the random subsets algorithm and the RMSECV
was used for selecting the optimal number of latent variables.
The signicance of the models was studied by permutation
testing29 and the regression vectors were inspected to assign the
spectral features to potential molecular biomarkers.

For the protein extraction dry lms, a visual quality control
(QC) was carried out prior to the further chemometric analysis.
This QC was based on the presence of the amide I and amide II
bands and their well-known spectral prole. A PCA model was
built following the same number of PC selections as above.

All the raw data generated in this work together with
a MATLAB livescript containing the data analysis workow are
available as a dataset in the Zenodo repository.30

3. Results and discussion
3.1. Exploratory analysis of the spectral data

The exploratory analysis conrmed the correct formation of
urine dry lms. As it is shown in Fig. 1, which compares the
average spectra of training and control volunteers, the spectra
showed typical bands of dry lms of urine obtained in previous
works.24,25 Second derivatives of the spectra are available at the
ESI for further inspection (see Fig. SM1†). Spectra were domi-
nated by the signals of urea and creatinine, which are the major
components of urine, found as bands at 1450, 1605 and
3340 cm−1, assigned to the nas(CN), d(NH) and n(NH) modes of
urea, respectively.31 These bands are also overlapped with
nas(CN) and d(NH) modes from creatinine,32 and additional
bands are found in the urine spectra, including overlapped
bands at 1655, 1150 and 1070 cm−1 which can be assigned to
a variety of urine compounds, including salts such as CaCl2,
NaCl, MgSO4, NaH2PO4 or NaHCO3, or even glucose and uric
acid, which are some of the major components that make up
the urine.33

On the other hand, the spectral proles of the protein
extracts (see Fig. 2) were dominated by typical protein bands,
namely the amide I (1644 cm−1), II (1545 cm−1) and III
(1400 cm−1) bands, which are characteristic of isolated proteins
as reported elsewhere.24,34,35 However, it was noticed that some
samples showed signs of urea contamination (strong band at
This journal is © The Royal Society of Chemistry 2024
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Fig. 1 Average IR spectra (lines) and standard deviation (shade) of the urine dry-films for the control (blue) and the experimental (red) samples
acquired with three-reflection Smiths ATR accessory. Spectra have been shifted along the Y-axis in order to provide a better comparison.

Fig. 2 Mean (lines) and interquartile range (shade) of the IR spectra
range 1800–890 cm−1 of the urinary protein extracts dry-films
acquired with single-reflection PerkinElmer ATR accessory for the pre
(blue) post (red) and post 11 (green) samples.
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1605 cm−1 of compared with the amide bands) indicating that
for those samples the isolation was not effective enough (see
ESI, Fig. SM2†). Therefore, a visual quality control (QC) was
conducted based on the presence and integrity of the amide I
and amide II bands to ensure they were not overshadowed by
the urea band at 1605 cm−1. Additionally, the urea band at
1467–1450 cm−1 was used as an additional check for urea
This journal is © The Royal Society of Chemistry 2024
presence. The spectra with non-clear amide bands were dis-
carded resulting in the exclusion of 14 samples. Fig. 2, which
represents the average of the spectra from the three classes
considered that passed the QC, also shows strong bands at the
1000–1200 cm−1 region, which are assigned to the C–O from
alcohols found in glycoproteins such as the uromodulin, which
is the main protein component of urine in healthy individuals.36

Second derivative of the spectra are available in Fig. SM1. From
the visual inspection of the average spectra, there are differ-
ences among the 3 classes, being the ratio of the amide I
(1644 cm−1) to amide II (1545 cm−1) larger for the pre and post
11 samples. This can be indicative of changes in the protean
composition produced immediately aer exercise.
3.2. Urine dry lm chemometric analysis

The PCA built for the centrifuged urine dry lms did not indi-
cate clear clustering for control and experimental groups, sug-
gesting that the exercise was not a primary source of variation
(see ESI, Fig. SM3a†). Notably, even though PC5 captured only
4.85% of the variance, a discernible trend emerges when
examining the relationship between the score values of PC5 and
the sampling times (see ESI, Fig. SM3b†). This temporal trend,
despite its limited contribution to the variance, could be
indicative of a dynamic process, a gradual shi, or an evolving
state within the study.

To better study the relationship between the spectra and the
recovery time, we conducted an o-PLS regression with the same
dataset employing the time points as response variables in Y
vector. The t = 0 was assigned to the sample spectra immedi-
ately obtained aer nishing the training, and because of that,
this time was absent for the control group. It was also assumed
that samples obtained before the physical activity are like those
obtained the next day aer full rest and thus, t = −1 hour was
assigned to samples obtained before (pre) and 24 hour aer the
training.
Anal. Methods, 2024, 16, 5982–5989 | 5985
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For the training group, the o-PLS was built with 10 LVs,
selected according to the RMSECV (see ESI, Fig. SM4†). The
model suggested a modest quantication performance, with an
apparently linear relationship between the CV-predicted time
and the measured time (see Fig. 3(a)). There is a lot of variation
among the samples for the same timepoints, probably caused
by the strong biological and nutritional differences among the
different volunteers. The RMSECV value obtained was 3.22
hours, suggesting that despite the presence of other con-
founding factors, a relationship between the IR variables and
the recovery time could be observed.

To ensure that the obtained relationship was statistically
signicant, a permutation test was performed. The real error
obtained with the actual timepoints was compared to the null
distribution of errors obtained from 500 models constructed
with the permuted timepoints. A p-value of 0.005 for the rand t-
test was obtained for the cross-validation prediction of the
experimental model, meaning that it is signicant at the 95%
condence level. As it can see in Fig. 3(c), when representing the
results of the permutation test for the experimental samples,
the unpermuted results are signicantly away from the bulk of
the corresponding permuted results when looking at the stan-
dardized fractional sum squared Y captured (SSQ Y), which are
relatively close to each other meaning that the model is robust.

On the other hand, in the o-PLS analysis of the control
samples data, the optimum number of latent variables (LVs)
was 2, because as employing additional latent variables
noticeably increased the RMSECV. In this case, the predictive
Fig. 3 PLS model of the urine dry film extracts for the experimental
permutations for the experimental samples (c) and the controls (d).

5986 | Anal. Methods, 2024, 16, 5982–5989
performance was signicantly inferior to that of the training
group, reected in an RMSECV value of 4.08 hours (R2 = 0.123).
Fig. 3(b) clearly shows the lack of linearity between the CV
predicted time and the real time for the control group. A
permutation test constructed in the same conditions as those
employed for the training group also revealed that the model
obtained was not statistically signicant from the permuted
classes (p-value = 0.283). As it can be seen in Fig. 3(d), the bulk
is split away and closer to the unpermuted data indicating
a likely overt of the model.

In summary, the lack of a signicant prediction in the
control group suggested that, without training, the urine
spectra remained unaffected by the passage of time over a 1 day
cycle. In contrast, the spectra from the training group held
signicant information related to the recovery time, enabling its
prediction from the IR variables. Values of overall fatigue for the
experimental group were 0.9 ± 1.5 mm at pre and 2 ± 2 mm at
post 24 (p= 0.071 between moments), and for the control group
were 1.6 ± 3.0 mm at pre and 1.2 ± 2.2 mm at post 24 (p =

0.638). Therefore, these results are in agreement with the idea
that a minimum fatigue was observed 1 day aer exercise. To
identify the spectral features responsible for the quantication,
the loading of the LV1 vector of the o-PLS was inspected. The
rst o-PLS loading (i.e., ‘component loading’) captures the
covariance with Y (i.e., sample time) being orthogonal to any
confounding variation.37 Fig. 4 shows local maxima andminima
at different regions related to the main constituents of urine
reported elsewhere such as urea, creatinine, uric acid, sulfate,
samples (a) and the controls (b), and permutation test result of 500

This journal is © The Royal Society of Chemistry 2024
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Fig. 4 Average spectrum of the dry films of urine. The color scale of
the points indicates the values of the “component loading” (LV1 in the
o-PLS).
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and phosphate25 (For the second derivative of the spectra check
the Fig. SM5†). This includes the strong bands located at the
1700–1600 cm−1 region, that can be assigned to urea and
creatinine (see Fig. 1). Most interestingly, other spectral
markers or band shis cannot be assigned to typical bands
from major constituents. For example, the C]O stretching
located at 1710–1740 cm−1 can be associated with urinary
ketones or metabolites related to glycolysis (e.g., lactate, pyru-
vate) and tricarboxylic acid cycle (e.g., cis-aconitate, malate). In
addition, the band at 1735 cm−1 may be associated with the
increase of specic carbonyl groups in the post urine due to the
oxidative stress.38 Also, the C–H bending vibrations 1420 cm−1

and 1000 cm−1 are also consistent with the reported changes on
the purines (e.g., hypoxanthine) or amino acids like alanine.
Changes in the concentration of these compounds have already
been linked to intense exercise in recent metabolomics
studies.39 The bands at low wavenumbers between 617 cm−1

and 551 cm−1 were tentatively assigned to the X–H wag of
hydrogen bonded water, amines, amides, and alcohols. Since
hydrogen bonding affects these bands substantially, they are
difficult to be interpreted and associated with certain mole-
cules.40 Interestingly, these bands show a high value for the
component loading but a low value for the regression vector (see
ESI, Fig. SM6†). This means that, despite having covariance
with the study time, these bands are not as important for the
prediction as the other marker bands.
3.3. Protein extraction dry-lm data analysis

A PCA was built with the dry lm spectra of the protein fractions
of urine. Fig. 5(a) shows the scores from the PC1, that explained
a signicant proportion of the variance (29.6%). The boxplot
shows that the values of the scores for the samples obtained
immediately aer training (“post”) are signicantly lower than
those for the samples obtained before training (p < 0.001, two-
sided Wilcoxon rank sum test) and aer 11 hours of rest (p <
This journal is © The Royal Society of Chemistry 2024
0.01). Moreover, samples obtained before training and aer
resting 11 hours showed a more similar distribution of score
values, and two-sided Wilcoxon rank sum test indicated that
there were not statistically signicant differences (p > 0.39). This
suggests that contrary to the results obtained with the raw
urine, where the changes gradually augmented until the 11
hours mark and then returned to normal precedent values, the
changes in the protein prole in urine extract are found just
aer the intense exercise is done. This fact has been previously
observed in previous works that studied the proteome of urine
before and immediately aer physical activity, which evidenced
changes in the protein prole as well as an increase in protein
content in urine aer training.41

Loadings associated with PC1 were examined to identify
spectral makers indicative of compositional changes in urinary
proteins aer training. Fig. 5(b) shows the average spectrum of
the protein extracts, with the points coloured as a function of
the PC1 loading 1. Second derivatives of the spectra with the
same colouring are available at the ESI (see Fig. SM7†). Taking
into account that a 2nd derivative was included in the pre-
processing and that the samples of the “post” class showed
negative values of the PC score, bands with positive values in the
PC1 loading should be more intense in samples obtained
immediately aer the training. The two high intense values of
the loading at 1657 cm−1 and 1584 cm−1 are assigned to less
presence of alpha-helical or beta-sheet structures in the
proteins on the pre-urine. The two high intense values of the
loading at 1540 cm−1 and 1650 cm−1 are assigned to the amide
II and I bands, respectively, and show an increase of the protein
content in urines obtained immediately aer training.
Furthermore, the amide I band shows asymmetric values of the
PC1 loading, being larger than those located on the le side of
the band (1650–1670 cm−1) and those located on the right side
(1650–1630 cm−1). This is indicative of changes in the
secondary structure of urine proteins in the “post” samples (e.g.
increasing of proteins with a higher proportion of alpha-helical
structures42) caused by changes in the proteome induced by the
exercise. This nding is in agreement with previous proteomic
MS studies, where the presence of collagen alpha-1 chains
showed a positive correlation with the mean heart rate, indi-
cator of physical condition of the participants, during high
intensity simulated reghting tasks, highlighting its potential
signicance in monitoring protein changes associated to
intense exercise.41

The results of this work have important practical applica-
tions. In the study of recovery aer exercise, some blood
markers are used, such as serum creatine kinase levels, as well
as physical tests (for example the countermovement jump) and
pain/fatigue perception scales.43–45 The problem with all of these
measurements is that some of them are invasive (some people
are apprehensive about drawing blood by puncture, even if it is
minimal), economically costly or with high interindividual
variability.44,46 Moreover, physical tests have also the associated
inconvenience of performing a motor action in moments of
fatigue or muscle damage. The ATR-FTIR method has the
benets that is easy to perform and low-cost, and it can interfere
to a lesser extent with the athlete's routine and recovery process.
Anal. Methods, 2024, 16, 5982–5989 | 5987
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Fig. 5 (a) Boxplots indicating the distribution of the PC1 scores for the 3 classes considered in the analysis of protein extracts: pre (before
training), post (immediately after training) and post 11 (11 hours after training) and the p-values resulting of the Wilcoxon rank sum test. (b)
Average spectrum of the protean extracts. The color scale of the points represents the values of the PC1 loading.
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Another advantage of the proposed technique is that the IR
spectrum also contains information about the hydration levels
(e.g. concentration of urinary creatine). Nevertheless, it must be
noted that in our study design it was not monitored the
volunteer's hydration level by reference methods limiting the
acquisition of information about changes in hydration states of
participants.
4. Conclusions

In this study, we have evidenced the utility of dry lm ATR-FTIR
as a point-of-care tool for assessing physical stress following
intense exercise using urine samples and urine protein extracts.
The employed approach based on o-PLS modelling enabled the
detection of spectral features that predicted the recovery time
elapsed since the physical activity was conducted. These results
indicate that the spectra detected a linear change in urine
composition over the 11 hours following the exercise, with the
baseline recovering aer 24 hours of rest. Thus, ATR-FTIR
analysis of urine was able to follow up the rest phase, with
spectral markers that included typical bands of urine such as
urea and creatinine as well as minor components.

In contrast, the spectra of the protein fractions showed
intense differences between the samples obtained before and
immediately aer the exercise, thus evidencing that the extract
of proteins was able to capture immediate markers of the effort.
Compared to the dry lms of untreated urine, these changes
were more evident, as they were featured in the rst PC of a PCA.
An analysis of the loadings showed changes in the protein
composition as well as an increase in protein concentration in
urine obtained just aer the exercise, which was in good
agreement with previous studies. In summary, ATR-FTIR shows
substantial potential for becoming an innovative means of
monitoring training progress in the exercise context, but future
investigations utilizing metabolomic and proteomic techniques
are essential to validate the band assignments.
5988 | Anal. Methods, 2024, 16, 5982–5989
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38 J. Bujok, M. Gąsior-Głogowska, M. Marszałek,
N. Trochanowska-Pauk, F. Zigo, A. Pav̌lak, M. Komorowska
and T. Walski, BioMed Res. Int., 2019, 2019, e2181370.

39 S. Kistner, C. I. Mack, M. J. Rist, R. Krüger, B. Egert,
N. Biniaminov, A. K. Engelbert, S. Seifert, C. Dörr,
P. G. Ferrario, R. Neumann, S. Altmann and A. Bub, Front.
Physiol., 2023, 14, 1028643.

40 P. J. Larkin, in Infrared and Raman Spectroscopy, ed. P. J.
Larkin, Elsevier, 2nd edn, 2018, pp. 135–151.

41 T. Zhu, Y. Hu, J. Hwang, D. Zhao, L. Huang, L. Qiao, A. Wei
and X. Xu, Int. J. Environ. Res. Public Health, 2021, 18, 10618.

42 A. Terzi, E. Storelli, S. Bettini, T. Sibillano, D. Altamura,
L. Salvatore, M. Madaghiele, A. Romano, D. Siliqi,
M. Ladisa, L. De Caro, A. Quattrini, L. Valli, A. Sannino
and C. Giannini, Sci. Rep., 2018, 8, 1–13.

43 G. Ban, A. Colombini, G. Lombardi and A. Lubkowska, Adv.
Clin. Chem., 2012, 56, 1–54.

44 S. L. Halson, Sports Med., 2014, 44, 139–147.
45 A. E. Saw, L. C. Main and P. B. Gastin, Br. J. Sports Med., 2016,

50(5), 281–291.
46 M. Clarkson, H. Priscilla and J. Monica, Am. J. Phys. Med.,

2002, 81(11), S52–S69.
Anal. Methods, 2024, 16, 5982–5989 | 5989

https://doi.org/10.5281/zenodo.8355736
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d4ay00913d

	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d

	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d

	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d
	Dryfilm-ATR-FTIR analysis of urinary profiles as a point-of-care tool to evaluate aerobic exerciseElectronic supplementary information (ESI) available. See DOI: https://doi.org/10.1039/d4ay00913d


