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Abstract

Objectives: Human tear analysis holds promise for
biomarker discovery, but its clinical utility is hindered by
the lack of standardized reference values, limiting inter-
individual comparisons. This study aimed at developing a
protocol for normalizing metabolomic data from human
tears, enhancing its potential for biomarker identification.

Methods: Tear metabolomic profiling was conducted on
103 donors (64 females, 39 males, aged 18–82 years) without
ocular pathology, using the AbsoluteIDQ™ p180 Kit for
targeted metabolomics. A predictive normalization model
incorporating age, sex, and fasting time was developed to
correct for interindividual variability. Key metabolites
from six compound families (amino acids, biogenic amines,
acylcarnitines, lysophosphatidylcholines, phosphatidylcho-
lines, and sphingomyelins) were identified as normaliza-
tion references. The approach was validated using Linear
Discriminant Analysis (LDA) to test its ability to classify
donor sex based on metabolite concentrations.
Results: Metabolite concentrations exhibited significant
interindividual variability. The normalization model, which
predicted metabolite concentrations based on a reference
“concomitant” metabolite from each compound family,
successfully reduced this variability. Using the ratio of
observed-to-predicted concentrations, the model enabled
robust comparisons across individuals. LDA classification of
donor sex using acylcarnitine C4 achieved 78 % accuracy,
correctly identifying 92 % of female donors. This approach
outperformed traditional statistical and machine learning
methods (Lasso logistic regression and Random Forest clas-
sification) in sex discrimination based on tearmetabolomics.
Conclusions: This novel normalization protocol signifi-
cantly improves the reliability of tear metabolomics
by enabling standardized interindividual comparisons.
The approach facilitates biomarker discovery by miti-
gating variability in metabolite concentrations and
may be extended to other biological fluids, enhancing its
applicability in precision medicine.
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Introduction

Tears are a promising source of biomarkers, offering a
non-invasive window into both ocular and systemic health
[1]. Despite significant advancements in this field, the
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translation of tear-based molecular biomarkers into clinical
practice remains elusive, underscoring the challenges in
bridging research discoveries to actionable healthcare
solutions [2].

Metabolomics, a rapidly evolvingfield, has revolutionized
our ability to understand physiological and pathological
processes by comprehensively characterizing the molecular
compositionof biological samplesunderdiverse conditions [3].
Recent developments in metabolomic technologies hold great
promise for identifying multi-molecular biomarker panels
with superior discriminative power compared to traditional
single-molecule approaches, potentially transforming disease
diagnosis and prognosis [4, 5].

Ocular fluids, including tears, aqueous humor, and
vitreous humor, are particularly valuable for studying
eye-related diseases such as glaucoma and retinitis. Due to
the anatomical and functional proximity of the retina to the
central nervous system (CNS), these fluids also provide
critical insights into CNS-related cellular and molecular
mechanisms. Moreover, they have demonstrated utility
in elucidating the biological alterations associated with
systemic conditions, including diabetes [6] and metabolic
disorders [7]. Despite this potential, further research is
needed to fully unlock their diagnostic and prognostic
capabilities in clinical settings.

Among ocular fluids, tears stand out as a uniquely
accessible and non-invasive sample source. In contrast to
aqueous and vitreous humor, which require invasive
surgical procedures for collection [8], tears can be obtained
easily, making them a practical option for routine clinical
use. Produced by the lacrimal gland in the lacrimal fossa of
the frontal bone, tears play essential roles in ocular surface
lubrication, cleansing, and protection against pathogens [9],
Their complex composition, which includes lipids, biogenic
amines, amino acids, and other low-molecular-weight mol-
ecules [10], reflects both local and systemic physiological
states, positioning tears as a rich source of metabolomic
information.

The aim of this study was to characterize the human
tear metabolome using a targeted approach, addressing
the challenges posed by the inherent variability of this
biofluid, which has historically hindered its utility in
biomarker discovery and disease diagnosis. We employed
a comprehensive range of data analysis methods to
develop a novel normalization model based on the con-
centrations of five key metabolites. This model enables the
establishment of reference values for clinical chemistry
parameters, facilitating robust inter-individual compari-
sons and sample categorization. Notably, our approach
demonstrated the ability to predict the sex of tear donors,
highlighting its potential to enhance diagnostic precision

and improve prognostic predictions. Furthermore, the
versatility of this protocol allows for its adaptation to other
biological samples, such as plasma or cerebrospinal fluid,
expanding its applicability in the broader context of pre-
cision medicine.

Materials and methods

Participants

Participants were informed and signed consent was
obtained. In terms of ethical standards, this study adhered
to the tenets of the declaration of Helsinki and the national
and international regulations. The study has been evaluated
and approved by the Comitè d’Ètica de la Investigació de
les Illes Balears; protocol: CEI: IB 5332/23 PI.

A total of 103 tear samples were collected from donors
whomet the inclusion criteria and had none of the exclusion
criteria outlined in the study protocol approved by the
Ethical Committee. All donors were free from diagnosed
ocular diseases. Among the participants, six individuals had
hypertension, three had hypothyroidism, one had asthma,
one had diabetes, one had neurofibromatosis, and one had
epilepsy accompanied by headaches. None of the samples
exhibited atypical metabolomic patterns that warranted
exclusion from the dataset.

The cohort comprised 64 females and 39 males, with
ages ranging from 18 to 81.7 years (mean age: 33 years). The
time elapsed since the last meal was also recorded, with
fasting times ranging from 5min to 8 h (mean fasting time:
2 h and 34 min; see Table 1). Additional cohort details,
including sex, age, and other relevant information, can be
found in Supplementary Excel File S1.

Tear obtention

Tear collection was performed using two methods: self-
induced tearing by the donor or induction using a
commercially available “tear stick” (Kryolan, Germany, Tear
Stick, Ref: 03005/00). The product is described as “wax stick in

Table : Demographic characteristics of donors. Mean and standard
deviation values are shown.

Males (n=) Females (n=)

Age, years ± SD  ±   ± 

n< years (%)  ()  ()
n≥ years (%)  ()  ()
Fasting, min ± SD  ±   ± 
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a lipstickmechanism, with an effective content ofmenthol and
camphor extracts so as to generate natural tears”; https://
global.kryolan.com/product/tear-stick accessed on Feb 12,
2025) thus making it more suitable than other more drastic
methods for tear induction. Tears were collected with a
100 µL micropipette using sterilized tips. Each sample was
subsequently transferred to a 0.5 mL Eppendorf tube and
stored at −80 °C until metabolomic analysis.

Only five samples were collected without chemical
induction. Given the absence of significant compositional
differences, data from all samples – regardless of tear type –
were included in the statistical analysis.

Tears were collected from donors at various institutions
in Barcelona between 16:00 and 18:00 h. A strict time limit
was imposed for the tear collection process: a maximum of
2 min for induction and an additional 2 min for collection.
Only tears with an approximate volume exceeding 10 µL
were retained for storage. Subsequent analysis was
performed using tears with a minimum volume of 40 µL,
as this was the volume required for plating in each well of
the Biocrates kit (details provided below); the remaining
samples were discarded.

Mass spectrometry

The AbsoluteIDQ™ p180 Kit (Biocrates Life Sciences, Inns-
bruck, Austria) was used. 188 metabolites, from biogenic
amines, amino acids, hexoses, phospho- and sphingolipids
and acyl-carnitines can be determined using this specific kit.
Individualmetabolites may be found inwww.biocrates.com/
products/research-products/absoluteidq-p180-kit. The inter-
laboratory reproducibility of the platform using human
plasma/serum and details of the associated methodology
have been reported elsewhere; using standard reference
(human) plasma the reported median inter-laboratory
precision and accuracy of the assay are, respectively, 6.7
and 107 % [11].

Sample processing was performed as indicated by the
manufacturer. Briefly, 10 µL of internal standard (provided
by the kit) as well as 10 µL of phosphate buffered saline (PBS)
(used as blank), 10 µL of calibrators, 10 µL of quality controls
(provided by the kit), or 40 µL of tear samples were plated in
each well. Samples were dried down at room temperature
under nitrogen gas flow. Next, phenylisothiocyanate (PITC)
solution (PITC 5 % V/V in ethanol:water:pyridine 1:1:1
solvent) was added to each well. After 25 min incubation
at room temperature, all the wells were dried down under
nitrogen gas flow. Metabolites were then resuspended in
300 µL of solvent (5 mM ammonium acetate in methanol).
For the analysis, samples were diluted 1:1 with milliQ water

(for tandem mass spectrometry coupled to high pressure
liquid chromatography (HPLC/MS/MS)) or diluted 1:10 with
FIA mobile phase (flow injection analysis (FIA) coupled to
MS/MS). The analyses were performed in the AB Sciex 6500
QTRAP MS/MS mass spectrometer (AB Sciex LLC, Framing-
han, MA, USA) coupled to an Agilent 1,290 Infinity ultra-high
pressure liquid chromatography (UHPLC) system (Agilent,
Santa Clara, CA, USA).

HPLC/MS/MS settings

HPLC column was Agilent ZORBAX Eclipse XDB C18,
3.0 × 100 mm, 3.5 μm (Agilent, Santa Clara, CA, USA). Column
oven was set up at 50 °C. HPLC mobile phases were water +
0.2 % formic acid (solvent A) and acetonitrile + 0.2 % formic
acid (solvent B). Flow rate was maintained at 0.5 mL/min
for all the analysis. HPLC gradient started with 0.5 min at
100 % of solvent A, then a gradient for 5 min up to 95 % of
solvent B, then 1 min at 95 % of solvent B, and then a gradient
for 0.5 min up to 100 % of solvent A. These final conditions
were maintained for 2.5 min. Ionization source of MS/MS
was electrospray ionization (ESI) in positivemode. ESI probe
position was x-axis = 8 and y-axis = 0. The injection volume
was set at 5 μL, with the autosampler maintained at 10 °C,
and the total LC-MS/MS analysis time per injection was
about 9.5 min. Data was recorded using multiple reaction
monitoring (MRM) scan type, using the methods provided
by the kit.

FIA/MS/MS settings

FIAmobile phasewasmethanol + FIAMobile phase Additive
provided by the kit. FIA gradient started at a flow rate of
0.03 mL/min for 1.6 min, then flow increased linearly until
reaching 0.20 mL/min after 0.8 min. This flow was main-
tained for 0.4 min. Finally, flow decreased up to 0.03 mL/min
in 0.2 min. Ionization source of MS/MS was ESI in positive
mode. ESI probe position was x-axis = 5 and y-axis = 5.
FIA-MS/MS analysis was carried out with an injection
volume of 20 μL. Data was recorded using MRM scan type,
using the methods provided by the kit.

Data processing

The initial data files were uploaded into the kit software
(Version “Oxygen-DB110-3,023”) and processed using Analyst
(AB Sciex LLC, Framinghan, MA, USA) and the MetIDQ™
(Biocrates, Life Sciences, Innsbruck, Austria) software.

Initially, the integration of each LC-peak in every
sample was manually reviewed and corrected as needed.
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Calibration curves for metabolites, based on a 11-point cali-
bration, were then examined. Quadratic regression with 1/x
weighting was applied to calculate the calibration curves, as
recommended in the manufacturer’s technical guide.
Calibration points that fell significantly out of range were
excluded. Curve fits were validated to ensure a regression
coefficient (R2) of ≥ 0.98. Once plate validation and approval
were completed, the LC-MS/MS data were prepared for
export in txt format.

FIA data were automatically processed, quantified, and
validated within the kit software

Results were reported in μmol/L, with quantification per-
formed at different quality levels (11-point calibration using
calibrators or 1-point calibration using internal standard
concentrations). To estimate background noise, the median
value of zero samples (PBS in three plate wells) was calcu-
lated for each metabolite. The limit of detection was set at
three times this median value. If no signal was detected in
zero samples, the software automatically applied limit-of-
detection values established during method validation.

For tear samples, the obtained concentration was then
corrected considering the real volume plated in each well.
All values used in the statistical analysis are provided in
Supplementary Excel File S1. Empty cells in the file indicate
values excluded from the analysis, either because they fell
below the limit of detection or exceeded the upper concen-
tration range of the standard curves.

Results

Interindividual variance of metabolite
concentrations

For several of the samples analyzed, it was possible to
reliably determine the concentration of 74 out of 188
metabolites, including 21 amino acids, 6 biogenic amines,
11 acylcarnitines, 8 lysophosphatidylcholines, 15 phosphati-
dylcholines, and 12 sphingomyelins (see data on metabolite
concentrations per sample in Supplementary Excel file S1).
For nearly all metabolites, concentrations exhibited
substantial inter-individual variability across samples, with
some differing by one or even two orders of magnitude.
For example, the biogenic amine putrescine measured
0.0048 µM in one sample but reached 1.2675 µM in another.
Likewise, the amino acid citrulline ranged from 0.1460 µM

in one sample to 69.0 µM in another. These examples are
not exceptions, rather it was a common trend observed in all
the group of metabolites. On average, the amino acid group
is the one displaying a greater variability, followed by that
of the biogenic amines. Acylcarnitines and sphingomyelins
are the compounds displaying a less pronounced variability,
being the average difference of less than one order of
magnitude. As mentioned earlier, no significant differences
were observed using samples from emotionally induced or
chemically induced tears; therefore, data from all samples,
regardless of tear type, were included in the statistical
analysis.

The variability is so notable that even two samples
from individuals of the same sex and age (18 years)
exhibit significantly differentmetabolite concentrations. For
alanine, one sample showed a concentration of 71.7 µM,
while the other sample had a concentration of 29.0 µM. In the
case of serine, one sample had a concentration of 153.7 µM,
whereas the other sample had 58.25 µM. In two samples from
individuals of the opposite sex, aged 66 and 67 years, glycine
concentrationswere 40 and 23.2 µM, respectively. For serine,
one sample exhibited a concentration of 134.9 µM, while the
other displayed a concentration of 44.0 µM. These examples
underscore the significant variability in metabolite concen-
trations across individuals, even when comparing those
of the same sex and age group.

Normalization step 1: Model for predicting
metabolite concentrations

For normalization, we first attempted to divide each
metabolite concentration by the total sum of all metabolites
in the sample; however, this approach yielded unsatisfac-
tory results. We then applied probabilistic quotient
normalization, which is specifically designed to correct for
systematic variability in metabolomics data, particularly
when, as in the case of tear samples, there are differences
in sample volume or concentration. In this method, we
computed the median concentration of each metabolite
across all samples, using this as a reference to adjust
for variations in sample volume and handling. Finally, we
tried median and mean normalization, where metabolite
concentrations were divided by either the median or mean
concentration of all metabolites in the sample. However,
none of these methods provided satisfactory results,
as inter-individual variability remained high or even
increased further.
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Normalization step 2: Searching for a
reference metabolite concentration for
predicting metabolite concentrations

Our next approach was to develop a linear model using a
reference metabolite that could normalize all the data
for each sample. Preliminary assays using square roots,
logarithms, and combinations of both led to hypothesize that
a logarithmic transformation would be the most suitable.
Based on optimal performance, one model was selected. The
model can be described by a linear equation, that for a given
i-th metabolite takes the form:

Log metabolitei[ ]predicted/ reference[ ])
= Constant0 + Constant2 Age + Constant3 Fasting

+ Constant4Sex + Constant5 Age*Sex

Being “reference” a metabolite of reference. For
operational purposes we passed log[reference] to the right
side of the equation and used the equivalent expression:

Log[metabolitei]predicted = β0 + β1 log reference[ ]
+ β2 Age + β3 Fasting

+ β4 Sex + β5 Age*Sex (1a)

The next step was to identify the reference metabolite,
which will be referred to as the “concomitant” metabolite.
In statistics, a “concomitant” parameter refers to a variable
that is included in a model to account for or adjust the
relationship between other variables, often serving as a
covariate. It is not the primary variable of interest but
is considered important for explaining or modifying the
observed outcome. In our context, the concomitant param-
eter refers to the actual concentration of a specific metabo-
lite that is used to adjust or account for the variation in
other metabolite concentrations within the same sample.
Then Eq. (1a) can be rewritten as:

Log[metabolitei]predicted = β0 + β1 log concomitant[ ]
+ β2 Age + β3 Fasting

+ β4 Sex + β5 Age*Sex (1b)

The equation predicts the concentration of a given
metabolite by considering age (in years), sex (0 for males
and 1 for females), fasting time (in minutes) and the
concentration (in the sample) of a reference metabolite.
Concentrations were in international units, i.e. in Molar.
β0i, β1i, β2i, β3i, β4i and β5i are the regression coefficients that
must be calculated by every metabolite (i-th) in the tear

sample, “Age” is computed in years, “Sex” is 0 for males and
1 for females, and “Fasting” is computed in minutes. Notice
that for Sex=0, males, Eq. (1) reduces to

Log[metabolitei]predicted = β0 + β1 log concomitant[ ]
+ β2 Age + β3 Fasting (2)

All metabolites were systematically tested as potential
concomitant candidates. A key finding was that no single
metabolite was useful to predict the concentration of all other
metabolites in the sample. Therefore, we explored groups
of metabolites categorized as follows: (i) amino acids, (ii)
biogenic amines, (iii) acylcarnitines, (iv) lysophosphati-
dylcholines, (v) phosphatidylcholines, and (vi) sphingomye-
lins. For each metabolite within every family, we evaluated
each metabolite individually as a potential concomitant and
computed the distances between the predicted and actual
concentrations (of the other metabolites) based on Eq. (1).
Importantly, there were no prior restrictions on selection
based on molecular structure or shared metabolic pathways.
Instead, selection was guided by residual minimization using
least-squares optimization. Final model selection was based
on adjusted R2 values, with statistical analysis performed us-
ing R software.

The overall process involved two key steps: (i) deter-
mining the β parameter in Eq. (1) and (ii) selecting the
optimal concomitant metabolite – requiring the evaluation
of over 700,000 models. The results identified the following
optimal concomitant metabolites: proline (amino acids),
taurine (biogenic amines), C0 (acylcarnitines), lysoPC a C14:0
(lysophosphatidylcholines), PC aa C32:1 (phosphatidylcho-
lines), and SM C16:0 (sphingomyelins).

For a given metabolite, for instance, an amino acid, argi-
nine (Arg), the predictive equation for a female donor becomes:

Log Arg[ ]predicted = 0.48277 + 1.04109 log Proline[ ]
− 0.00063977Age + 0.0002797 Fasting

− 0.0493999 Sex − 0.00244175Age*Sex

For amino acids the concomitant metabolite is proline
(see below)

For a given sample of a female

Log Arg[ ]predicted = 0.48277 + 1.041092 * log 0.0000142( )
− 0.00063977Age + 0.0002797 Fasting

− 0.0493999 Sex − 0.00244175Age*Sex

The donor in this case (female) is 18.9 years old and tear
was given 240 min after a meal:
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Log Arg[ ]predicted = 0.48277 + 1.041092 * log 0.0000142

− 0.00063977 * 18.9 + 0.0002797 * 240

− 0.0493999 * 1 − 0.00244175 * 18.9 *1

Log Arg[ ]predicted = 0.48277 – 5.0469 − 0.012091 + 0.067128

− 0.0493999 − 0.04615

= −4.6046
Hence,

Arg[ ]predicted = 10−4.6046 = 0.00002485 = 2.485E−05M

Considering that [Arg]actual=3.55E−05M, the difference
between [Arg] actual and [Arg]predicted is, in absolute value,
1.07E−05 M, and the quotient [Arg]actual/[Arg]predicted=1.43.

A second example considering a 48-years-old female
with 60min of fasting, the [Arginine]actual in her sample was
4.675E−05 and [Arginine]predicted was 4.67E−05; therefore, the
[Arg] actual/[Arg]predicted=1.0003.

The concomitant variable, i.e., proline concentration,
is positively associated with the arginine concentration,
the higher the concentration of proline, the higher the
concentration of arginine. This positive association is
indexed by the coefficient β1 in Eq. (1b) (β1=1.04109). For
comparison the equivalent regressor for alanine is 1.2613.
In addition, for an older the individual, the lower the con-
centration, and the longer the fasting, the higher the con-
centration. These associations are captured by the
coefficients −0.00063977 and 0.0002797. Finally, regarding
sex, females had a lower concentration of arginine, and
older females had an even lower concentration, which are
indexed by the coefficients 0.0493999 and 0.00244175,
respectively. Regarding other metabolites, the tendencies
of these variables: age, fasting and sex on the concentration
of the metabolites of interest were similar with some
exceptions.

Using this normalization approach, we examined po-
tential differences in the composition of emotional-induced
and chemical-induced tears, but no significant differences
were observed. The data presented in the paper were
obtained by considering the values from all samples.

Normalization step 3: Gaussian distribution
of residuals

Data for a given metabolite were not following a Gaussian
distribution. For practical purposes values consisting of
log[metabolitei]predicted/[reference]) cannot be used for

making a proper distribution of the data. Normal distri-
bution was achieved by the residuals obtained by consid-
ering predicted and actual values of metabolite
concentrations, in fact, the differences between actual log
[metabolitei]predicted and log[metabolitei]actual were
normal, with few exceptions. Specifically, the Shapiro-Wilk
normality test indicates lack of Gaussian distribution
(p<0.05) for all metabolites reliably quantified in tears
(Figure 1A). In contrast, Figure 1B indicates normal distri-
bution (p>0.05) of log[metabolitei]predicted-log[metabo-
litei]actual residuals for all metabolites except for three
phosphatidylcholines, PC.aa.C38.6, PC.ae.C34.1 and
PC.ae.C34.2. The code was developed in RStudio, as it
provides tools to facilitate the coding process.

Approach for categorical discrimination

The ultimate goal of this study on tear composition was to
leverage the normality of residuals to establish categories
that, in a clinical setting, would help differentiate healthy
individuals from patients. In this case, sex was used as
the categorical parameter. The behavior of the residuals,
defined as log[metabolite]predicted – log[metabolite]actual,
varied depending on the metabolite. For each predicted
metabolite concentration Figure 2, illustrates the unadjusted
(Figure 2A) and adjusted (Figure 2B) explained variability
(R2). The values fluctuate, indicating that the degree of
success – defined as the closeness between predicted and
actual concentrations – differs by metabolite. For acylcar-
nitines, the success rate is relatively low (<0.4, or 40 %),while
for amino acids, it is comparatively higher.

Can the residuals for certain metabolites in tears derived
from the use of Eq. (1b) be used to make categorizations?
Overall, the closeness between log[metabolite]predicted and log
[metabolite]actual, is quite remarkable although individual
differences are observed. Figure 3 provides two examples.
In the case of arginine (left bar) the adjusted R2 value,
i.e., the explained variability is notable, 0.59. In other words,
the linear model depicted in Eq. (1b) explains 59% of
the concentration variation of the samples. Strikingly,
adjusted R2 is excellent for glutamine (right bar), 0.90,
meaning that Eq. (1b) explains 90% of the concentration
variation of the samples. The model is constructed in such
a way that, for a given metabolite, the mean of predicted
concentrations of all samples is very close to the mean of
actual concentrations; red dots in Figure 3 show that the
mean of the actual-predicted differences is near zero for
arginine and for glutamine (and for the other amino acids,
not shown). Gaussian distribution of these differences is
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centered in such a way that the mean of [glutamine]actual/
[glutamine]predicted=1 (log 1=0) This is a remarkable
achievement that sustains the potential of the method for
interindividual data comparisons.

Approach to detect sex differences

Questioning the model to check for its usefulness for
reliable categorization was the most important aim of
this study. First, many of the metabolites determined
may not be useful at all. However, the advantage of
metabolomics is the simultaneous detection of dozens
of metabolites in a biological fluid, for later, in routine
tests use only a few metabolites. Those metabolites would
then be real biomarkers for categorization.

Figure 1: Adjusted p-values from the Shapiro-Wilk normality test for eachmetabolite. Each dot represents the value of ametabolite; each color represent
a metabolic group as indicated in the label in the X axis, (A) before standardizing and (B) after standardizing/normalization using Eq. (1b). The dotted
horizontal line is the threhold for Gaussian distribution (p<0.05 indicates lack of normal distribution).

Figure 2: Dotplot indicating multiple (A) and adjusted (B) R-squared coefficient. Each color represents a different metabolic group.

Figure 3: Data from all donor’s tear samples are considered. The Y axis
shows the differences in M between actual and predicted concentrations.
The red dot indicates themean of the differences considering all samples.
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Could be our model useful to know the sex of the donor
based only in the concentration of a metabolite and a
concomitant metabolite in tear?

A first analysis showed that the differences in acylcar-
nitine concentrations could provide the desired outcome
(Table 2). The grand mean of acylcarnitine concentration
is significantly different in males vs. females (p<0.05).
However, it would be amatter of chance to guess the donor’s
sex when a new sample is incorporated into the analysis
in a blind manner. This problem derives from to the high
variability observed in the samples, which is one of the
stumbling blocks to overcome in human clinical chemistry.
In fact, taking C4 acylcarnitine as example and using the
Student’s t test comparison one could misclassify a female
with [C4 acylcarnitine] closer to the mean of males
(6.92E-08 M) than to the mean of females (4.11E-08 M).
To circumvent this issue, we have developed an approach
using linear discriminant analysis (LDA) and validation
using the leave-one-out procedure.

We then devised a linear discriminant analysis (LDA)
approach based on eliminating the data from one sample
and calculate the value of the β regression coefficients using
data from all the other samples using Eq. (2), i.e. without
considering the sex in the formula:

log metabolitei[ ]predicted = β0 + β1 log concomitant[ ] + β2 Age

+ β3 Fasting

Then, we computed the differences log[metabo-
litei]predicted – log[metabolitei]real and used the label sex to
segregate male and female populations by implementing
an LDA classifier. After doing so, we calculated log[metab-
olitei]predicted of the excluded sample using the log[concom-
itant] of the excluded sample. Then, the residuals (log
[metabolitei]predicted minus the log[metabolitei]real) of the

excluded sample served to classify the excluded sample as
coming from a male or from a female. In other words, if the
difference log[metabolitei]predicted – log[metabolitei]real was
closer to the centroid of the distribution values for the male
population, the sample was classified as male. Otherwise, it
was classified as female. This process was repeated for all
samples using the leave-one-out method which consists of
repeating the same procedure but taking one sample out and
using the remaining samples to calculate the regressors of
themodel. The leave-one-out data analysis indicated that the
percentage of success in predicting the sex of the donor using
acylcarnitine C4 was 78 %. Remarkably, the use of acylcar-
nitine C4 led to correctly predict the sex of 92 % of females.
These data mean that by only considering C4, a concomitant
metabolite and knowing the age and fasting time of the
donor, our development allows categorical classifications to
be made.

We conducted Lasso logistic regression using the actual
values of C0, C4 and C5. The accuracy, measured as quotient
of correct predictions vs. total, was 65, 71 and 71 % when
using, respectively C0, C4 or C5. C0 was the weakest
discriminator because it failed to classify males; C4 and C5
show similar results, with better discrimination but still
scoring low in male classification. In terms of sensibility
and specificity for detecting females the values were 100 %
for sensitivity but very low for specificity (0 % when using
C0 and 16.7 % when using C4 or C5). Taking logarithms
slightly improved performance in the case of C0, did no
modify the performance in the case of C5 and decreased the
performance in the case of C5. The non-linear Random
Forest classifier led to the following values for sensitivity
and specificity, respectively, 54 and 33 % using C0, 54 and
50 % using C4 and 82 and 33 % using C5. Overall, in com-
parison, our model was significantly better at predicting
sex.

Table : Sex-based differences in acylcarnitine concentration. Mean values of Predicted and actual concentrations segregated by sex. The predicted
values were obtained using Eq. (b).

Aylcarnitine Mean males
[concentration]predicted (M)

Mean females
[concentration]predicted (M)

Mean males
[concentration]real (M)

Mean females
[concentration]real (M)

C
(concomitant)

– – .E- .E-

C .E- .E- .E- .E-
C .E- .E- .E- .E-
C .E- .E- .E- .E-
C·
OH.C.DC.M.

.E- .E- .E- .E-

C. .E- .E- .E- .E-
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Discussion

The need for advanced diagnostic tools to detect neurode-
generative diseases such as Alzheimer’s and Parkinson’s is
well-documented, with early diagnosis being crucial for
improving patient outcomes and reducing healthcare costs
[12]. Additionally, precision medicine requires innovative
methodologies to stratify patients and monitor disease pro-
gression effectively. Based on advancements in metab-
olomics and previous work with aqueous humor [13–15], we
hypothesized that human tears could serve as a valuable
biofluid for clinical chemistry applications. Unlike aqueous
humor, which requires invasive collection methods, tears
offer a non-invasive and accessible alternative, making them
highly suitable for routine diagnostics [16].

A major challenge in tear-based biomarker research
is the high interindividual variability in metabolite con-
centrations, which complicates the establishment of refer-
ence values using conventional methods. Prior studies have
documented these inconsistencies [17, 18] highlighting the
limitations of traditional Gaussian-distributed reference
models commonly used in clinical chemistry [19]. To address
this, we developed a novel methodological framework that
normalizes data using the concentration of a concomitant
metabolite within each chemical family. The goal is to
enhance the prediction of other metabolites by including
this variable, reducing the impact of potential confounding
factors. In essence, the concomitant parameter serves as
a supplementary variable that influences or supports the
analysis of the primary metabolites of interest, helping
to correct for variability or establish clearer patterns.
This approach significantly minimizes variability, allowing
reliable interindividual comparisons.

To evaluate the robustness of our approach, we
compared our classification results with alternative statis-
tical methods, including Lasso logistic regression and a
Random Forest-based approach. While these conventional
machine learning models showed moderate success in
classifying sex based on metabolite concentrations, our
method outperformed them in accuracy, achieving a 92 %
success rate in predicting female donors based on the
concentrations of two metabolites: C4 acylcarnitine and the
concomitant of the family, C0 acylcarnitine. These findings
highlight the advantages of our normalization strategy in
reducing variability and enhancing the discriminatory
power of metabolomic biomarkers.

While sex classification has successfully illustrated the
potential of our methodology, our primary goal is to apply
this framework to crucial disease-related classifications.
We aim to clearly differentiate between individuals who are

healthy and those who are affected by neurodegenerative or
systemic diseases. By establishing a strong baseline for
interindividual metabolomic comparisons, our approach
not only lays the groundwork for these significant applica-
tions but will also deepen our understanding of the under-
lying mechanisms of disease, paving the way for enhanced
diagnostic and therapeutic strategies.

Recognizing the pivotal role of reproducibility in clinical
metabolomics, we undertook an extensive evaluation of
various tear collection methods. Emotional self-induced
tears present a compelling advantage, as they are inherently
free from the influences of external triggers or environ-
mental factors. However, the variability of emotional re-
sponses introduces significant challenges to the
standardization process. In our study, we gathered only a
modest number of emotional tear samples (n=5), which
notably constrained their broader applicability and the in-
sights that could be derived from them.

To effectively address this challenge, we opted for
chemical-induction of tears – using a technique widely
used by actors to evoke tears. This method ensures that all
participants generate a minimum of 40 µL of tears within
a carefully controlled timeframe, thereby enhancing the
reliability and validity of our results. The significance of such
standardization is especially critical in large-scale studies
and potential clinical applications, where consistency in
sample collection is essential. By adopting this approach, we
strengthen the relevance of our findings, making them not
only robust but also applicable in real-world settings.

One potential limitation of chemical induction is the
possibility of interference with mass spectrometry
measurements, particularly due to ionic suppression effects.
However, our metabolomic analysis confirmed that the
presence of menthol in the collected samples was negligible,
and we observed no significant interference in metabolite
detection. Additionally, a comparative analysis of the two
tear collection methods revealed no significant differences
in metabolite concentrations, further supporting the
robustness of our findings. These results suggest that
menthol induction could serve as a reliable and standard-
ized method for tear collection in metabolomic studies,
particularly when standardization is a priority.

We purposefully selected a cohort of individuals
without any ocular conditions to establish a reliable baseline
formetabolite concentrations in tears. This careful approach
ensures that future comparisons with disease-affected
populations are based on a well-defined reference dataset.
Additionally, our commitment to methodological rigor
was essential in securing ethical approval for the study, as
detailed in the carefully crafted protocol approved by the
bioethical committee. This foundational work not only
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enhances the credibility of our research but also amplifies
the potential impact of our findings in the field.

Future research should extend this methodology to
patient cohorts to determine its diagnostic utility for
neurodegenerative and ocular diseases. External validation
in independent cohorts will be crucial for confirming the
reproducibility and broader applicability of our findings.
Although the current study was limited by sample avail-
ability, we recognize the necessity of validating our
approach with larger and more diverse populations. By
providing a standardized methodology and demonstrating
the feasibility of tear metabolomics, our work lays the
groundwork for future studies aimed at integrating tear-
based diagnostics into clinical practice.

Furthermore, expanding the range of metabolites
utilized in the classification process offers significant
potential for enhancing diagnostic accuracy. Previous
research has compellingly demonstrated that specific
metabolites in aqueous humor can serve as effective bio-
markers for differentiating between various conditions
[13, 14]. By applying a similar methodology to tear analysis,
we could uncover valuable insights, leading to the creation
of highly refined disease classification models. Such
advancements have the potential to transform diagnostic
practices, ultimately enabling more precise and targeted
approaches to patient care.

Conclusions

This study advances the field of tear metabolomics by
introducing a robust normalization framework that signifi-
cantly reduces interindividual variability. Our findings
demonstrate that menthol-induced tears can be effectively
used for biomarker discovery without introducing signifi-
cant methodological bias, making this method a practical
choice for standardized tear collection.

By implementing a normalization protocol that
accounts for interindividual variability, we demonstrated
that biomarker identification can be optimized through the
relationship between a preselected concomitant metabolite
and the biomarker of interest. Using this novel methodology,
we achieved a 92 % accuracy in classifying female donors
based on just two clinical chemistry parameters. This dem-
onstrates the potential of our approach for categorical
discrimination, even in the presence of substantial biological
variability.

The proposed approach has broad implications for
precisionmedicine, providing a reliable and scalable tool for
identifying metabolic biomarkers in tears and potentially

other biofluids. Further validation in external cohorts will
be essential for translating these findings into clinical
practice, but our work provides a solid foundation for future
metabolomics-based diagnostic strategies.
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