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Snapshot of long COVID in young adults: fast
screening using electronic noses
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Background: Long COVID (LC) is a multisystemic condition characterized by persistent symptoms following

SARS-CoV-2 infection. Although most research focuses on older or hospitalized individuals, young adults

are frequently overlooked despite significant effects on their academic, professional, and social functioning.

Methods: This cross-sectional study evaluated 78 university students (median age 20 years; 56.4% female)

with prior COVID-19 infection, classified according to the WHO Delphi consensus definition.

Sociodemographic, clinical, and spirometry data were collected, and exhaled breath samples were analyzed

using an electronic nose system (e-Nose) under controlled conditions. Chemometric and machine learning

techniques—Principal Component Analysis (PCA), Partial Least Squares–Discriminant Analysis (PLS-DA),

Canonical Analysis of Principal Coordinates (CAP), and Random Forest (RF)—were applied to identify LC-

associated volatile organic compound (VOC) patterns. Findings: LC prevalence was 29.5%. Acute-phase

fatigue, (odds ratio) (OR = 3.22), dyspnea (OR = 6.09), nausea (OR = 3.57), and vomiting (OR = 11.37) were

significantly associated with LC. Post-acute anosmia (OR = 3.65), sleep disturbances (OR = 4.34), and

bradycardia were also more frequent among LC cases. All participants exhibited normal spirometry.

e-Nose data revealed distinct group-associated VOC patterns and demonstrated promising discriminatory

potential between LC and control participants (PCA variance 94.1%; CAP R2 = 0.95; PLS-DA accuracy

97.4%, Q2 = 0.534). The RF model achieved an out-of-bag error of 3.42% and receiver operating

characteristic curve (ROC) area under the curve (AUC) of 0.966. Interpretation: Nearly one-third of young

adults experienced LC despite normal pulmonary function, suggesting substantial subclinical and systemic

alterations. e-Nose breath analysis represents a promising, non-invasive, and rapid approach for LC

screening; while these findings support the feasibility of breath-based screening for LC, further validation in

larger and independent cohorts is required before clinical implementation.

Introduction

Long COVID (LC) refers to a spectrum of symptoms that
develop in individuals with a history of probable or confirmed

SARS-CoV-2 infection.1 These symptoms typically appear
within three months of the initial illness and persist for at
least two months, with no alternative diagnosis to explain
them. Symptoms may be new-onset after recovery from acute
COVID-19 or persist from the initial infection, often
fluctuating or relapsing over time. LC can severely impair
daily functioning, affecting work, household tasks, social
participation, and overall quality of life.2,3

LC symptomatology is heterogeneous and can be grouped
into physical, psychological, and cognitive clusters, often
overlapping and resulting in physical and financial disability.4

Fatigue is frequently reported as the primary symptom,
followed by post-exertional malaise, dyspnea, myalgia,
insomnia, and anosmia. Other symptoms may include joint
pain, headaches, gastrointestinal disturbances (e.g., diarrhea,
dysgeusia, loss of appetite), dizziness, hoarseness, sweating,
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alopecia, and reduced libido. Psychological complaints range
from anxiety and depression to post-traumatic stress, while
cognitive symptoms, such as short-term memory loss, difficulty
concentrating, reduced processing speed, language fluency
problems, and executive dysfunction, further interfering with
daily and occupational functioning.5

According to the World Health Organization, about 6% of
individuals infected with COVID-19 develop LC globally.1

Other studies estimate that 10–20% of patients with mild or
moderate COVID-19 develop persistent symptoms, and this
prevalence increases to 50–70% among hospitalized
patients.6 Meta-analyses from 2024 report a global prevalence
between 33% and 40%, with an estimated overall prevalence
of 36% (95% CI)7 (confidence interval). Despite growing
research, the university-student-aged population remains
understudied. A 2022 study at Washington State University
involving 1338 COVID-19 cases found higher LC risk among
females, unvaccinated individuals, and those with preexisting
conditions, with 28.6% reporting symptoms lasting beyond
six months.8 Recent findings also show that LC can cause
long-term impairments in adolescents (10–18 years) and
young adults (18–44 years), especially those in education or
early professional stages. Studies suggest that 5–10% of
young adults experience persistent symptoms following SARS-
CoV-2 infection.9–11

The impact of LC on young adults is particularly
concerning because it disrupts education, professional
development, and social life. Persistent fatigue, cognitive
deficits, and emotional disturbances can severely limit their
ability to work, study, or engage in daily activities. Emerging
evidence indicates that young and middle-aged adults may
experience more severe or prolonged neurological and
psychological symptoms—such as headaches, depression,
anxiety, cognitive difficulties, and sleep or mood
disturbances—than older adults, independent of the initial
severity of infection. While many recover within two years, a
significant proportion continue to experience symptoms for
over a year. The multisystemic nature of LC complicates
diagnosis, posing major challenges for public health systems
and worsening patients' quality of life.12–14

Currently, LC diagnosis relies mainly on the duration and
persistence of symptoms, typically those lasting beyond 4–12
weeks after acute infection. Since LC is a diagnosis of
exclusion, individuals presenting with multiple unexplained
symptoms are evaluated only after ruling out other
conditions. This complexity highlights the urgent need for
precise and timely diagnostic tools that can support clinical
decisions and enable individualized treatment. Consequently,
researchers have focused on identifying reliable biomarkers
and innovative diagnostic technologies to detect LC more
effectively. Among these emerging tools, volatile organic
compounds (VOCs) have gained significant attention. VOCs
are a diverse group of molecules that volatilize at room
temperature and can be detected in biological matrices such
as urine, blood, sweat, faeces, and exhaled breath.15,16 They
can originate endogenously from normal metabolism, be

produced by pathogens, or result from the host's
inflammatory response. Transported via the bloodstream,
VOCs reach the lungs and are exhaled through the alveoli,
providing a non-invasive window into physiological and
pathological processes.16 VOC analysis can reflect both
healthy and diseased metabolic states and has been
investigated for diagnosing infectious diseases such as
COVID-19,17 influenza,18 tuberculosis,19 and Helicobacter
pylori infection,20 as well as chronic conditions like lung
cancer,21 gastric cancer,22 breast cancer,23 chronic obstructive
pulmonary disease,24 and asthma.25 Recent studies suggest
that VOC patterns may also serve as indicators for LC,
offering a promising avenue for its monitoring.

A particularly effective, low-cost, and non-invasive
approach to detect VOCs in complex matrices such as breath
is through electronic noses (e-Noses). These artificial
olfactory systems mimic the mammalian sense of smell and
typically consist of sensor arrays capable of detecting various
volatile molecules, along with microprocessors and signal
processing hardware. E-Noses generate chemical
“fingerprints” that correspond to the composition of gaseous
mixtures, detecting disease-specific VOC patterns at trace
concentrations, typically in the parts-per-billion by volume
(ppbv) range and, for selected compounds and sensor
configurations, approaching parts-per-trillion by volume
(pptv). It should be noted that while some advanced sensor
technologies may approach pptv-level sensitivity under
controlled conditions, most commercially available e-Nose
systems primarily operate with meaningful signal resolution
in the ppbv range rather than at true pptv concentrations.
When coupled with machine learning and deep learning
algorithms, e-Noses can analyze complex data in real time,
providing rapid diagnostic insights within minutes. Their
advantages, non-invasiveness, speed, sensitivity, and
affordability, make them suitable for point-of-care
applications where fast decision-making is critical. Early and
accurate detection can improve patient outcomes, optimize
treatment strategies, and reduce healthcare burdens.16

In this context, the present research aimed to assess the
feasibility of using e-Nose technology as a screening method
for LC in a university-student-aged population. This approach
seeks to contribute to the development of innovative
diagnostic tools capable of identifying metabolic signatures
of LC, thereby enabling early intervention and improving
quality of life among affected young adults.

Experimental
Study population

This observational, cross-sectional, and analytic study was
conducted at the School of Medicine of Cuauhtémoc
University, San Luis Potosí, Mexico, between January and
May 2025, with approval from the Institutional Ethics
Committee. The required sample size was calculated using
an estimated LC prevalence of 9.7% among university-aged
individuals, based on previously published epidemiological
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data in similar populations, with a 5% margin of error and
80% statistical power, resulting in 126 participants. This
estimated frequency refers to the expected proportion of
students with persistent post-COVID symptoms within the
target population. Using the formula to calculate the sample
size (n) for a population in a finite population26 (eqn (1)),
where, n is the required sample size, EDFF stands for the
effective design factor; N is the total population size; p the
estimated proportion of the characteristic being in the
studied population; d as the desired precision; Z1−α/2 is the
Z-score corresponding to the desired confidence level, α

being the tail probability (2 sided Z value). After recruiting
62% of the target, statistically significant differences were
observed between students with and without LC, and the
main clinical variables achieved over 80% statistical power.

n ¼ EDFF·Np 1 − pð Þ½ �
d2

Z2
1 −α2

� �
· N − 1ð Þ þ p· 1 − pð Þ

� � (1)

Eligible participants were medical students aged 18 years or
older who could provide information on prior COVID-19
infection, LC status, and vaccination history. Exclusion
criteria included autoimmune or oncologic diseases and
pregnancy during or before COVID-19 infection, while
elimination criteria involved withdrawal or incomplete data.
Participants completed a detailed questionnaire on
sociodemographic factors, medical and COVID-19 history, LC
symptoms, and vaccination records, followed by signing
informed consent. Each participant underwent
anthropometric measurements, digital spirometry, and
exhaled breath sampling using an e-Nose under controlled
environmental conditions to ensure data reliability and
minimize bias.

Electronic nose analysis

Exhaled breath analysis was performed using a custom-
developed e-Nose system designed specifically for biomedical
breath analysis. The device was developed by the authors'
research teams in collaboration with engineering partners
and has been described in detail in previous
publications.27,28 It is not a commercial off-the-shelf
instrument. The system consists of a temperature-controlled
aluminum sensing chamber (3 mL), maintained at 45 ± 1 °C
to prevent condensation of volatile organic compounds, and
is equipped with a buffered end-tidal sampling module to
selectively collect alveolar breath. The sensor array comprises
21 digital metal-oxide semiconductor (MOX) sensors, 8
analog MOX sensors targeting complementary VOC
sensitivities, and 6 auxiliary sensors for monitoring
temperature, humidity, and pressure.

Signal acquisition, preprocessing, and data export were
performed using proprietary software developed for this
platform. Detailed hardware architecture, sensor specifications,
calibration procedures, and system validation have been
reported previously. A generalized description of the MOX

sensor materials and operating principles is provided in the SI,
without attribution to individual sensor models, to improve
transparency while respecting intellectual property constraints.

Sample collection

The sensor boards were consistently maintained at 40 °C
throughout the analysis. First, ambient air was measured to
establish a baseline for the sensors, ensuring that any
subsequent changes detected were due to compounds in the
exhaled breath rather than environmental factors. Then,
participants exhaled through the mouthpiece of the breath
sampler, allowing their breath to be analyzed. After each
breath measurement, the system executed an automated
purge sequence designed to remove residual VOCs and
restore the sensor baseline. This purge comprised evacuation
of the sampling pathway and sensing chamber, followed by
flushing with filtered ambient air. This procedure was
intended to minimize chemical carryover between
measurements and stabilize sensor responses and should not
be interpreted as a sterilization step. To support hygienic
operation and reduce the risk of microbial contamination, a
new disposable mouthpiece was used for every participant,
and the external and accessible internal surfaces of the
sampling pathway were wiped with isopropanol swabs
between measurements. This chemical cleaning step was
implemented to reduce potential bacterial or viral residues
on surfaces. Each one of the participants was required to
blow twice; therefore, the data was analyzed by duplicate.

Chemometric and statistical data analysis

All demographic and clinical data were compiled
anonymously in Microsoft Excel 2016 and statistically
analyzed using SPSS Statistics for Mac (version 30.0) and Epi
Info™ 7.2. A two-tailed p-value <0.05 was considered
statistically significant. Categorical variables were
summarized as frequencies and percentages and compared
between groups using contingency tables analyzed
with Mantel–Haenszel chi-squared or Fisher's exact
tests, as appropriate. Continuous variables were
evaluated using parametric (Student's t-test) or non-
parametric (Mann–Whitney U test) methods, depending on
data distribution, to compare differences in central tendency
(mean or median) between participants with LC and those
without LC. The null hypothesis tested in each case was that
no difference existed between groups. Odds ratios (OR),
defined as the ratio of the odds of an outcome occurring in
one group compared with another, were calculated to assess
associations between acute COVID-19 symptoms and the
subsequent development of LC.

Given the high dimensionality and multivariate nature of
e-Nose sensor data, a stepwise chemometric strategy was
adopted. Analyses were structured to i) explore global
variance and data structure, ii) build a supervised
classification model aligned with the study objective of
screening for LC, and iii) assess robustness and feature
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relevance. Partial Least Squares-Discriminant Analysis (PLS-
DA) was selected as the primary classification method, while
Principal Component Analysis (PCA), Canonical Analysis of
Principal Coordinates (CAP), and Random Forest (RF) were
used as complementary and confirmatory approaches by
using a custom-developed Python script (version 3.13.6) and
MetaboAnalyst 6.0 (https://www.metaboanalyst.ca/). PCA was
used as an unsupervised exploratory tool to visualize intrinsic
data structure, detect outliers, and assess whether breath
profiles exhibited group-related trends without imposing
class labels. PCA was not used for classification, but rather to
evaluate overall variance distribution and data quality. As for
PLS-DA it was employed as the primary supervised
classification method since it is well suited for correlated
sensor data and binary outcomes. PLS-DA identifies latent
variables that maximize covariance between predictor
variables (sensor responses) and class membership (LC vs.
healthy), thereby enhancing group separation while reducing
dimensionality. Model performance was evaluated using
cross-validation, reporting accuracy, R2 (explained variance),
and Q2 (predictive ability). Receiver operating characteristic
(ROC) analysis was used to assess classification behavior
across probability thresholds. CAP was applied as a
constrained ordination method to confirm group separation
observed with PLS-DA, using class membership as a
constraining variable to evaluate whether between-group
variation exceeded within-group variability in a distance-
based framework. Finally, RF analysis was used as a
complementary, non-linear classification approach to assess

model robustness and identify the most informative sensors
contributing to group discrimination. RF outputs were
interpreted in conjunction with PLS-DA results rather than as
an independent primary classifier.

Results
Characteristics of the study population

Among 78 participants, 23 (29.5%) met the criteria for LC. Over
half were female, with a median age of 20 years. The mean body
mass index (BMI) was 26.1 ± 5.2, with most participants
classified as normal weight, followed by overweight and obesity.
Twenty-five percent reported at least one comorbidity, and 33%
experienced reinfection. Nearly all (98%) were vaccinated; 68.8%
had infection before vaccination, and 54.5% after. Pulmonary
parameters – peak expiratory flow (PEF), forced expiratory
volume in one second (FEV1), forced vital capacity (FVC), FEV1/
FVC ratio – were similar between groups, with all participants
showing normal lung function (>70% predicted values)
(Table 1). Overall, sociodemographic and clinical characteristics
were comparable between LC and healthy groups. Although a
higher absolute number of females was observed in both groups,
the proportion of participants with LC was comparable between
females and males, and no statistically significant association
between sex and LC status was detected.

Table S1 summarizes the clinical characteristics of the
first COVID-19 episode. The most common symptoms were
headache, myalgia, fever, nasal discharge, sore throat,
fatigue, sneezing, and dysgeusia. Compared with those

Table 1 Sociodemographic characteristics of the study participants. The Mann–Whitney U-test, T-test, chi-square, and Fisher's exact test were
performed

Parameters All Long COVID Healthy p

N, (%) 78 23 (29.5%) 55 (70.5%) N.C.
Sex, n (%)
Femaleb 44 (56.4%) 14 (60.9%) 30 (54.4%) 0.608
Maleb 34 (43.6%) 9 (39.1%) 25 (45.5%)
Age, median (p25–p75) 20 (20–22) 20 (20–23) 21 (20–22) 0.441
BMI, kg m−2, mean (±SD) 26.1 (±5.2) 26.6 (±5.2) 25.8 (±5.2) 0.812
Low weight, n (%) 2 (2.6%) 0 (0.0%) 2 (3.6%) 1.000
Normal weight, n (%) 37 (47.4%) 9 (34.8%) 29 (52.7%) 0.148
Overweight, n (%) 22 (28.2%) 10 (43.5%) 12 (21.8%) 0.053
Obesity, n (%) 17 (21.8%) 5 (21.7%) 12 (21.9%) 0.994
Comorbidities,a n (%) 21 (27.6%) 8 (34.8%) 13 (24.5%) 0.358
Reinfections, n (%) 27 (34.6%) 10 (43.5%) 17 (30.9%) 0.287
COVID-19 vaccine, n (%) 77 (98.7%) 23 (100.0%) 54 (98.2%) 1.000
COVID-19 before vaccination, n (%) 53 (68.8%) 17 (73.9%) 36 (66.7%) 0.520
COVID-19 after vaccination, n (%) 42 (54.5%) 14 (60.9%) 29 (51.9%) 0.467
PEF l s−1, average (±SD) 6.03 (±2.15) 6.58 (±1.8) 6.2 (±2.3) 0.461
FEV1 l, mean (±SD) 3.3 (±1.15) 3.1 (±0.9) 3.4 (±1.3) 0.141
FVC l, mean (±SD) 3.77 (±1.27) 3.5 (±1.0) 3.9 (±1.4) 0.174
PEF/FVC, mean (±SD) 87.73 (±6.11) 87.1 (±5.6) 88.0 (±6.4) 0.378
FEV1 predicted, median (p25–p75) 91.8 (77.8–98.0) 86.0 (74.0–105.3) 92.1 (78.6–96-4) 0.727
FVC predicted, median (p25–p75) 89.9 (76.0–100.9) 90.4 (74.0–105.3) 89.4 (75.7–96.5) 0.815
FEV1/FVC predicted, median (p25–p75) 100.4 (94.1–105.9) 99.2 (91.7–105.6) 101.2 (94.6–106.5) 0.417

a Comorbidities: asthma, polycystic ovary syndrome, anxiety, endometriosis, allergic rhinitis, ADHD, dyslipidemia, vasovagal syndrome,
esophagitis, and arterial hypertension. b Percentages for sex are shown relative to the total number of participants within each study group.
Statistical comparisons were performed using contingency-table analysis comparing the prevalence of long COVID between females and males
across the entire cohort.
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without LC, participants with LC reported higher frequencies
of fatigue, dyspnea, nausea, and vomiting during acute
infection. Overall, 59% experienced post-COVID sequelae,
with a higher proportion in the LC group (82.6% vs. 49.1%).
Significant risk factors for LC included fatigue (OR 3.22, p =
0.041), dyspnea (OR 6.09, p < 0.001), nausea (OR 3.57, p =
0.042), and vomiting (OR 11.37, p = 0.041). Table S2 presents
persistent symptoms after the acute phase. The most
frequent LC manifestations were fatigue, hair loss, headache,
dyspnea, anxiety, reduced lung function, eating disorders,
and anosmia. Post-acute symptoms significantly associated
with LC included anosmia (OR 3.65, p = 0.030) and sleep
disturbances (OR 4.34, p = 0.017); bradycardia was also
observed exclusively in the LC group.

Chemometric data analysis

Data obtained from e-Nose sensors, were analysed through
chemometric approaches. The average response from the
sensors to the exhaled breath of each one of the study groups
is shown in Fig. 1, differences in the sensors' response can be
clearly observed, indicating a higher overall response in the LC
group. For all chemometric analyses, only the sensors with the
highest importance index by RF and PLS-DA, were selected for
analysis to enhance model's performance (Fig. S2).

The PCA plots (Fig. S1) show separation between the LC
and healthy participants with an overall model variance of
94.11%, through 5 principal components (PC1 = 52.67%; PC2
= 16.37%; PC3 = 13.23%; PC4 = 6.41% and PC5 = 5.43%).

The PCA indicates that separation is most evident when
considering PC1 and PC2. While there's some overlap, the LC
group (blue circles) tends to cluster differently from the
healthy group (orange circles). The PCA results suggest that
the sensors can distinguish between LC participants and
healthy participants.

The CAP analysis revealed clear separation along the first
canonical axis (CAP1) between the two groups. The CAP

presented an R2 value of 0.95. As shown in Fig. S3, the LC
group cluster distinctly from those in the healthy group.
CAP1 accounted for the full variability explained in the
constrained model, with all additional axes contributing
negligible variance (nearly zero), suggesting a
unidimensional separation primarily driven by group
differences. This is supported quantitatively by the CAP1
score distribution, where healthy group predominantly had
positive CAP1 values, ranging from 0 to 2.5, and LC group
exhibited negative CAP1 scores ranging from −5.2 to 0. This
polarity in CAP1 values indicates a discriminant function
that effectively differentiates between the clinical states,
validating the presence of group-structured variation in the
dataset.

The PLS-DA results confirm the separation between LC
participants and healthy individuals, revealing key
differences in the exhaled breath patterns. The PLSDA
(Fig. 2) presents an overall model variance of 97.5% through
5 PLS components (PLS1 = 67.5%; PLS2 = 8.7%; PLS3 =
13.3%; PLS4 = 5.9% and PLS5 = 2.1%). PLS1 exhibits a wide
range of loadings (−0.6 to 7.3), suggesting that specific
sensors strongly differentiate LC from healthy, while PLS2
shows more subtle variations (−2.8 to 5.2). The cross-
validation results (Fig. S4a) confirm that model performance
improves through 5 PLS components, reaching 0.974
accuracy with five components, alongside increasing R2

(0.606) and Q2 (0.534) values.
This indicates that the model effectively captures the

biological differences between individuals with LC and
healthy individuals, with higher component numbers
enhancing classification reliability.

The permutation test further validates the model's
significance, yielding a p-value of 0.96 (0/100), indicating that
the observed separation between the LC and healthy groups
is highly unlikely due to random chance (Fig. S4b). The
frequency distribution of permuted statistics confirms that
the model's performance exceeds random expectations.

Fig. 1 Distribution of e-Nose sensor responses for healthy and long COVID participants. Boxplots show median and interquartile range (IQR), with
whiskers indicating dispersion; individual measurements are overlaid as jittered points. Responses are shown on a log 10 scale to accommodate
the large dynamic range across sensors.
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Together, these findings suggest that PLS-DA successfully
identifies discriminative patterns in participants with LC,
through five components providing the optimal balance of
accuracy and predictive power.

Although group separation was evident across multiple
chemometric approaches, partial overlap between LC and
healthy participants was observed, with a subset of samples
occupying intermediate regions of the multivariate space.
This overlap likely reflects biological heterogeneity within LC
as well as shared metabolic features between groups.

Regarding the RF classifier, it demonstrates strong
classification performance. With 500 trees and seven
predictors, the model achieves an out-of-bag error (OOB) of
3.42%, indicating high overall accuracy. The RF indicates a
higher misclassification rate for LC individuals with a 16.7%
classification error than healthy classification rate of 1%.
This suggests that while the model excels at identifying
healthy, it is slightly less precise in confirming LC, possibly
due to overlapping features or a smaller sample size in the
LC group. The error rate stabilizes after ∼100–200 trees,
confirming that the ensemble is well-optimized.

The variable importance plot for the RF analysis (Fig. S2)
highlights the key biomarkers and clinical measures that
drive the classification. Sensors S4 and S2 were the top three
contributors to model accuracy, suggesting these markers are
strongly associated with LC group. Spirometry metrics, such
as FEV1/FVC predicted, FVC, and PEF, also play significant
roles, aligning with the known respiratory and inflammatory
effects of LC. The low error rate for LC classification,
combined with the biological relevance of the top predictors,
supports the RF model's utility in clinical or research settings
for identifying LC cases with high confidence. Further
refinement, such as balancing the dataset or incorporating
additional healthy samples, could improve specificity for
healthy individuals.

The receiver operating characteristic curve (ROC)
demonstrates an excellent performance in distinguishing LC
from healthy participants, with an AUC of 0.966 (95% CI =
0.891–1) (Fig. 3). This high AUC indicates strong sensitivity
(true positive rate) and specificity (low false positive rate),
meaning the model reliably identifies true LC cases while
minimizing misclassification of healthy individuals.

Using a fixed probability threshold of 0.5 for class
assignment (LC = positive class), sensitivity and specificity
were calculated directly from the cross-validated confusion
matrix. At this threshold, the model achieved a sensitivity
of 98.9% (92/93), indicating a high true positive rate for
identifying LC cases, while specificity was 65.4% (17/26),
reflecting a moderate false positive rate among healthy
participants. This operating point corresponds to a Youden
index of 0.64, highlighting a classification balance that
prioritizes sensitivity over specificity. The corresponding
ROC coordinate was located at a false positive rate of
approximately 0.35 and a true positive rate of
approximately 0.99. The model maintains high accuracy
even with fewer features, suggesting clinical utility for
streamlined diagnostics.

Fig. 2 Partial Least Squares-Discriminant Analysis (PLS-DA) score plot
of exhaled breath sensor responses. Each point represents one
participant, with long COVID shown in blue and green and healthy
participants in orange. PLS-DA is a supervised multivariate method that
highlights group-associated VOC patterns; partial overlap reflects
shared metabolic features and inter-individual variability.

Fig. 3 Receiver operating characteristic curve (ROC) from groups
of study.
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Discussion

This study provides new evidence on the prevalence,
clinical characteristics, and breath-based diagnostic
potential of LC in a university-student-aged population—an
age group often overlooked in post-acute COVID-19
research. Nearly one-third (29.5%) of participants met the
WHO Delphi definition for LC, a proportion slightly higher
than that reported in other non-hospitalized young adult
cohorts (10–30%). These findings highlight that LC is not
confined to older or high-risk individuals and can affect
otherwise healthy young adults, underscoring the need for
early detection and targeted interventions in this
demographic.

The impact of LC on young adults extends beyond health,
affecting academic and occupational performance. Our
results align with those from the National Autonomous
University of Mexico (UNAM), where over 30% of students
reported fatigue, non-restorative sleep, and cognitive
impairment after COVID-19.29 Persistent symptoms such as
chronic fatigue, “brain fog”, and sleep disturbances can
severely impair concentration, memory, and learning, leading
to reduced academic performance and delayed progress.
Additionally, the abrupt transition between in-person and
remote education during the pandemic likely exacerbated
these cognitive and emotional challenges, contributing to
reduced motivation and engagement. From an occupational
standpoint, LC has been linked to decreased work capacity in
young adults. Studies from Canada and other countries
report that individuals with persistent post-COVID symptoms
experience higher unemployment rates, reduced working
hours, and diminished participation in the work force.30,31

The lack of official recognition of LC as a distinct medical
condition further complicates access to workplace
accommodations, rehabilitation programs, and social
support. Consequently, many affected individuals, especially
students and young professionals, struggle to regain normal
functioning and maintain productivity.

In our study, acute-phase fatigue, dyspnea, nausea, and
vomiting were significantly associated with LC, with dyspnea
showing the strongest link (OR = 6.09). These findings are
consistent with prior reports suggesting that respiratory
distress during the acute infection predicts a higher
likelihood of persistent symptoms. Interestingly, spirometry
results were normal across all participants, yet post-COVID
symptoms such as anosmia, sleep disturbances, and
bradycardia were significantly more frequent among LC
cases. This suggests that persistent symptoms in young
adults may reflect functional, autonomic, or neurologic
dysregulation not detectable by standard pulmonary testing.
The normal spirometry findings emphasize that conventional
lung function tests may fail to capture subclinical
dysfunctions associated with LC. These could involve
microvascular, inflammatory, or neural mechanisms not
reflected in standard pulmonary parameters. Which
reinforces the need for alternative screening approaches

capable of detecting metabolic or functional changes in non-
hospitalized populations.

Delayed or missed LC diagnoses carry major social and
economic consequences. Without formal recognition,
patients may be denied medical leave, insurance coverage,
and rehabilitative care, leading to prolonged disability and
emotional distress. Misunderstanding and stigmatization—
especially in academic or workplace settings—can intensify
social isolation and psychological strain. From a healthcare
perspective, the absence of standardized diagnostic criteria
results in repeated consultations, redundant testing, and
ineffective symptomatic treatments, increasing costs for both
patients and healthcare systems. Economically, LC-related
absenteeism and reduced productivity impose a growing
burden on national economies and individual livelihoods.

Our chemometric analyses revealed a distinct and
reproducible separation between LC and non-LC participants,
demonstrating that VOC patterns in exhaled breath can
effectively distinguish affected individuals even in a young,
healthy cohort. These findings suggest that LC produces
metabolic or inflammatory alterations detectable through
breath analysis, supporting the feasibility of e-Nose
technology as a diagnostic tool.

Previous studies have reported similar applications. To
this extent, Nidheesh V. R. et al. (2022) reported that VOC
profiles could differentiate post-COVID patients from
controls with accuracies exceeding 95%.32 Our findings
align with theirs but extend the evidence to younger adults
with normal lung function, highlighting that e-Nose devices
can achieve comparable accuracy in populations without
significant comorbidities or pulmonary sequelae. This is
crucial because early, non-invasive breath-based screening
could be implemented in universities or workplaces to
facilitate rapid identification, monitoring, and referral of LC
cases. Zamora-Mendoza et al. (2023) also demonstrated that
e-Nose technology could discriminate between post-COVID
patients with and without lung damage using chemometric
models such as PCA, PLS-DA, and RF.33 Their results
achieved classification accuracies between 80–90%. In
contrast, our analysis in a university-student-aged cohort
achieved even stronger performance: PLS-DA accuracy of
97.4% (R2 = 0.606, Q2 = 0.534), CAP R2 of 0.95, and an RF
classifier with an out-of-bag error of only 3.42% and ROC
AUC of 0.966. These outcomes suggest that VOC breath
signatures may be more distinct—and thus easier to classify
—among young, non-hospitalized individuals, possibly due
to fewer comorbidities and less physiological variability. The
reduced heterogeneity of our sample likely enhanced the
signal-to-noise ratio, contributing to the high accuracy of
machine learning models.33

Despite the promising findings, this study has limitations.
The relatively small sample size restricts the generalizability
of results and limits the capacity to explore subgroup
differences. Its cross-sectional design prevents causal
inference, and reliance on self-reported symptoms introduces
potential recall bias. Nonetheless, the integration of
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objective, sensor-based data strengthens confidence in the
observed distinctions between LC and healthy groups. Future
studies should validate these findings within larger, multi-
center cohorts and longitudinally track VOC signatures to
assess recovery or chronicity over time. Investigating how
VOC profiles correlate with biological markers of
inflammation, autonomic dysfunction, or mitochondrial
impairment could further elucidate LC pathophysiology.
Additionally, integrating e-Nose analysis with clinical
parameters obtained via spirometry and correlating with
heart rate variability could enhance the diagnostic precision
and enable early identification of subclinical cases.
Importantly, despite the high classification metrics obtained,
overlap between LC and healthy participants was observed in
multivariate analyses, indicating the presence of ambiguous
breath profiles. This overlap may reflect inter-individual
variability, differing LC phenotypes, or transitional metabolic
states. As such, the present findings should be interpreted as
proof-of-concept evidence supporting the feasibility of e-
Nose-based LC screening rather than definitive diagnostic
discrimination.

Conclusion

This study represents a significant advancement on
investigating multisystemic and multifactorial diseases such
as LC by utilizing biomarkers present in exhaled breath
analyzed via advanced olfactory technologies such as the
electronic nose. This non-invasive methodology demonstrates
promising potential to differentiate individuals with LC from
healthy controls, even in underrepresented populations such
as young adults. Despite their generally lower risk of severe
complications, this age group can experience a wide range of
persistent symptoms that impact their physical, mental, and
functional health.

This work also serves as a motivation for health
authorities to formally recognize LC within the diagnostic
frameworks of public and private health systems such that
early identification becomes a priority, enabling timely access
to appropriate treatments and improving the quality of life of
those affected.

Finally, this study reinforces the potential of emerging
technologies, as e-Noses as complementary tools for the
diagnosis and monitoring of multisystemic and multifactorial
diseases, whereby the early differentiation from other
conditions is crucial for guiding effective therapeutic
interventions and optimizing patient outcomes.
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