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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• UV–VIS spectroscopy enables rapid, 
cost-effective PCC severity diagnosis.

• Machine learning enhances spectral 
analysis, distinguishing symptomatic 
PCC patients.

• The 297–600 nm range correlates 
strongly with biochemical markers of 
PCC.

• Spectroscopy demonstrates high agree
ment with clinical and proteomic data.

• Promising tool for portable, point-of- 
care PCC diagnostics.
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A B S T R A C T

The COVID-19 pandemic has resulted in a persistent health challenge known as Post-COVID Condition (PCC), 
characterized by symptoms lasting at least three months after the initial SARS-CoV-2 infection and potentially 
persisting for several years. While studies on PCC using lipidomics and proteomics have been conducted, these 
methods are costly and time-consuming. The comprehensive analysis of UV–VIS–NIR–MIR spectroscopy is 
explored here as an alternative for the rapid and cheap diagnosis and quantification of the severity of PCC. Blood 
samples from 65 PCC patients, previously analyzed in lipidomic and proteomic studies, along with samples from 
65 new patients, were examined to develop a model that quantifies the severity of PCC based solely on spec
trophotometric data. Significant spectral variability was observed in the UV–VIS region, particularly between 
297 and 600 nm, correlating strongly with patient symptoms. Unsupervised clustering algorithms in this spectral 
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region effectively differentiated between asymptomatic and symptomatic patients, achieving a Jaccard similarity 
score of 0.667 when compared with clinical symptom classifications. Comparative analysis with proteomic and 
lipidomic studies indicated that UV–VIS spectroscopy captures clinically relevant biochemical information. The 
results of the model developed in this work to quantify the severity of PCC demonstrated robustness with new 
patient data, underscoring the method’s potential as a rapid, non-invasive, and cost-effective diagnostic tool. 
This study highlights the strengths of spectroscopic techniques, suggesting their suitability for widespread 
clinical application in diagnosing and monitoring PCC, and emphasizes the need for further refinement and 
integration of these methods into healthcare practice, particularly for their potential implementation in portable 
devices.

1. Introduction

The COVID-19 pandemic has left in its wake a complex and persistent 
health challenge known as Post-COVID Condition (PCC), also referred to 
as long-COVID or Post-Acute Sequelae of COVID-19 (PASC) [1–5]. As 
defined by the World Health Organization, PCC is characterized by 
symptoms that persist or develop at least three months after the initial 
SARS-CoV-2 infection, potentially lasting for years and significantly 
impacting patients’ quality of life [6].

The prevalence and severity of PCC have become increasingly 
apparent as the pandemic has progressed. Studies indicate that 35 %–60 
% of COVID-19 survivors experience symptoms such as fatigue and 
dyspnea in the months following infection, with variations depending on 
the follow-up period [7]. While estimates vary, it is widely believed that 
at least 10 % of people who have contracted COVID-19 globally suffer 
from PCC [8]. Recent meta-analyses have further revealed the chronic 
nature of this condition. Approximately 30 % of patients still experience 
post-COVID symptoms two years after the initial infection [9]. The most 
prevalent long-term symptoms include fatigue and cognitive disorders, 
followed by pain, psychological disturbances, and sleep problems. These 
findings highlight PCC’s potential to cause prolonged disability and 
reduced quality of life, underscoring the urgent need for comprehensive 
research and improved diagnostic methods. Notably, PCC affects a broad 
demographic, including individuals aged 36–50 years who experienced 
only mild acute illness, suggesting that the long-term impact of COVID- 
19 extends beyond the severity of the initial infection [10].

To date, omics-based methods, such as proteomics and lipidomics, 
have played a crucial role in elucidating the complexities of the acute 
phase of COVID-19, offering detailed molecular insights into the im
mediate effects of the infection [11–20]. However, research focusing on 
the long-term changes related to PCC is considerably less developed, 
with limited identification of the specific lipidomic and proteomic dis
ruptions responsible for the persistent symptoms [20–27]. Our group 
recently conducted separate lipidomic and proteomic studies on the 
same cohort of PCC patients, providing complementary insights into the 
molecular basis of this condition. The lipidomic analysis revealed sig
nificant changes in lipid subclasses, including increased lysophosphati
dylglycerols and phosphatidylethanolamines, and decreased 
lysophosphatidylcholines [28]. On the other hand, proteomic in
vestigations using SWATH-MS technology identified dysregulations in 
the complement system and thromboinflammatory pathways, with 
distinct profiles between symptomatic and asymptomatic PCC patients 
[29]. These findings contribute to the understanding of PCC and suggest 
potential biomarkers for its diagnosis and monitoring.

While these omics approaches provide valuable insights, their clin
ical implementation is hindered by the need for costly instrumentation, 
complex sample preparation, and specialized technical expertise. 
Consequently, there is a pressing need for more accessible methods to 
diagnose and monitor PCC in clinical settings.

Spectroscopic techniques have emerged as promising tools for the 
rapid and cost-effective analysis of biofluids in various medical appli
cations [30]. These methods, particularly in the visible and near- 
infrared (VIS-NIR) range, offer several advantages in disease diagnosis 
and monitoring. They provide immediate information about the overall 

composition of biological samples, potentially revealing metabolic fin
gerprints associated with specific conditions [31,32]. The strengths of 
spectroscopic approaches lie in their relative affordability compared to 
omics techniques, their potential for implementation in portable de
vices, and their ability to offer non-invasive and rapid diagnostic solu
tions [33]. These characteristics enhance their accessibility and clinical 
utility, making them particularly attractive for widespread application 
in healthcare settings. When combined with advanced data analysis 
techniques, spectroscopic methods have the potential to offer robust 
diagnostic tools for complex conditions like PCC. Machine Learning 
(ML) algorithms are particularly valuable in this context, as they can 
detect subtle signal changes, potentially improving diagnostic accuracy 
[34,35]. These computational methods can analyze spectral features to 
differentiate between disease and control cases without necessarily 
identifying specific biomarkers. This offers a novel approach to disease 
detection.

In the specific context of COVID-19, recent studies have demon
strated the feasibility of various spectroscopic techniques for diagnosis 
[36–38]. When combined with chemometrics tools and ML algorithms, 
these approaches have shown promise in identifying SARS-CoV-2 
infection, achieving notable levels of accuracy, sensitivity, and speci
ficity [39]. The application of these techniques to PCC represents a 
logical extension of their use in acute COVID-19 diagnosis. In this study, 
the synergy between spectroscopy and ML algorithms was leveraged to 
develop a novel, efficient, and accessible method for PCC diagnosis and 
severity quantification, with the potential to transform the management 
of this complex condition. UV–VIS-NIR-MIR spectroscopy combined 
with ML was employed to analyze blood samples from PCC patients 
(Fig. 1). This approach aims to develop a predictive model and severity 
scale based solely on spectrophotometric data. The cohort includes 65 
patients previously analyzed by lipidomic and proteomic studies, along 
with 65 additional new patients. The potential of this approach extends 
beyond the current study, offering possibilities for rapid, point-of-care 
diagnosis and monitoring of PCC. The ultimate aim of this study is to 
facilitate broader access to PCC diagnosis and potentially enable more 
timely and targeted interventions for those suffering from long-term 
effects of COVID-19.

2. Materials and methods

2.1. Recruitment of patients

The analyzed plasma samples from recovered COVID-19 patients (n 
= 130) come from a cohort of patients enrolled in a PCC clinical study 
for the medical monitoring of symptoms evolution (Table S1). 65 of 
these patients were previously evaluated in lipidomic [28] and proteo
mic [29] studies, referred to as the Omics group. This group was 
analyzed to provide a comprehensive comparison across multiple 
analytical techniques and to leverage existing detailed data. The 
remaining 65 patients, categorized as the Extended group, were used to 
assess findings and ensure the robustness of the analysis across a broader 
population. This division into two groups—Omics for detailed compar
ison with molecular data, and Extended for model validation—was 
designed to assess both the model’s development and its generalizability 
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across a broader PCC patient population. All the patients had been 
infected with SARS-CoV-2 virus, from early 2020 to middle 2021 and 
diagnosed by RT-PCR assay targeting viral RNA from nasal swab sam
ples and/or by IgG detection assay in blood. Blood samples were 
collected at different stages after the first symptoms, but only once for 
each patient. According to the PCC monitoring, every patient has a 
medical evaluation of the symptoms 90 days and 9 months after the 
infection. Moreover, another evaluation is set for the day of the blood 
draw. All the samples were collected within the same geographical re
gion (Galicia, Spain), following standardized procedures for tempera
ture, clotting tube, and clotting time. The blood samples were obtained 
through the CHUS Biobank [40] under a protocol approved by the 
Santiago-Lugo Committee of Ethics and Clinical Research (2021/079). 
The methods were carried out in accordance with the approved guide
lines. The CHUS Biobank complies with the quality management, 
traceability and biosecurity, set out in Spanish Law 14/2007 of 
Biomedical Research and in Royal Decree 1716/2011. The study was 
conducted according to the Declaration of Helsinki [41]. All study 
subjects provided written informed consent.

The patients were divided into several categories based on their 
clinical characteristics and timing of their symptoms, as detailed in 
Table S1. These categories include symptoms experienced on the day of 
blood extraction (Ext), 90 days after diagnosis (90d), and 9 months after 
diagnosis (9m). Additional categories include combined symptomatic 
status across these three time points (Ext + 90d + 9m), symptoms during 
the COVID infection (COVID), hospitalization status during the infection 
(Hosp), previous medication (Prev medication), previous diseases (Prev 
diseases), medication during COVID infection (COVID medication), and 
overall COVID status (COVID status).

2.2. Blood sample processing

Blood samples were collected from each patient, with 5–8 mL of 
whole blood drawn into EDTA vacutainers. After collection, these 
samples were centrifuged at 1600 rpm for 10 min at a consistent tem
perature of 23 ◦C. The centrifugation process effectively separated the 
blood into two main fractions. The top layer, predominantly plasma 
(supernatant), was meticulously extracted for further analysis. The 
remaining portion, consisting of both the intermediate and the lower 
layers, was collectively processed as a separate component. This residual 
portion (pellet), rich in blood cells and other elements, was then pre
served at − 80 ◦C alongside the plasma (supernatant) samples, until they 
were analyzed.

2.3. Spectroscopic measurement procedure for supernatant and pellet 
samples

The UV–VIS–NIR transmittance spectra of each plasma sample were 
measured with Spectrophotometer Jasco V670 (Jasco Inc., Hachioji, 
Tokyo, Japan), employing a cuvette made of Quartz Suprasil 300 with a 
1 mm light path (Hellma GmbH & Co. KG, Mulheim, Germany). The 
transmittance spectra were acquired at 1 nm intervals in the 190–2500 
nm range, giving a total of 2310 wavelength channels. The UV (ultra
violet) region corresponds to the 190–340 nm range, VIS (visible) to 
340–780 nm and NIR (near infrared) to 780–2500 nm. The trans
mittance spectra in the MIR (mid-infrared) region were also recorded 
with Spectrophotometer Jasco FTIR-4X coupled with ATR PRO 4X 
(Jasco Inc., Hachioji, Tokyo, Japan). The transmittance spectra in the 
MIR region were measured in the 399–4000 cm− 1 range (2500–25000 

Fig. 1. Schematic of the spectroscopic workflow and optimization framework for diagnosing and assessing PCC severity. The figure outlines the process from patient 
cohort division, with 65 patients from previous proteomics and lipidomics studies (Omics group) and 65 new patients (Extended group), to the collection and 
processing of blood samples into supernatant and pellet fractions. UV–VIS–NIR–MIR spectroscopy is applied to both fractions, and various spectral preprocessing 
techniques are used, including trimming, scatter correction, and second-order derivation, with a focus on the optimized spectral range of 297–600 nm. The opti
mization process, driven by the highest Jaccard score, ensures the best alignment between clinical classification (symptomatic vs. asymptomatic) and spectral 
clustering. The figure also details the clustering of patients, visualized as two clusters (CL0 and CL1), and the iterative optimization cycle that selects the spectral 
parameters most correlated with clinical severity. Finally, the diagnostic model’s validation across the extended cohort is highlighted.
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nm) at 0.964 cm− 1 intervals (3738 wavelengths). Each spectrum was 
measured twice, so a total of 520 spectra were obtained in each region. 
Two aliquots of about 2 mL from each patient were taken for this 
analysis. Before the measurement, each aliquot was heated to 36 ◦C for 
10 min. A total amount of 350 µL was employed from each plasma su
pernatant sample (300 µL and 50 µL to measure in the UV–VIS-NIR and 
the MIR region, respectively). Transmittance spectra of pellet samples 
were also measured following the same protocol but diluting in water to 
1:1 in that case to facilitate the cuvette cleaning.

2.4. Spectra preprocessing

The Spectra Manager™ II software (Jasco Inc., Hachioji, Tokyo, 
Japan) was first used to read all the spectra files and for baseline 
correction. Further data pretreatment and analysis were performed 
employing own developed codes in Python, based on the following 
packages: Pandas [42], Numpy [43], Scipy [44], Scikit-learn [45], 
Matplotlib [46] and Nippy [47]. The pretreatment of the spectra con
sisted first in the calculation of the average of the two measurements 
obtained for each sample and the removal of outliers according to the 
Tukey test (patients S_123, S_103, S_25, S_9 and P_94), remaining a total 
of 126 spectra for the supernatant fraction (_S) and 129 for the pellet 
fraction (_P).

The preprocessing of the spectra was performed making use of the 
Nippy package, involving the following steps: trimming, scatter 
correction, Savitzky-Golay filter, and second order derivation. Trimming 
and scaling the spectra was optimized according to the analysis per
formance (favoring the relation between spectra and clinical pre- 
classification, see Section 2.5.), eventually selecting the 297–600 nm 
region, which corresponds to the UV–VIS region. The scaling method 
selected was Robust Normal Variate (RNV), a variation of Standard 
Normal Variate (SNV) less sensitive to outliers. This scaling procedure 
involves normalization on a per-spectrum basis, removing the mean and 
scaling according to the interquartile range (IQR). These type of scaling 
methods are widely used in infrared spectroscopy [48]. Their objective 
is to minimize scattering associated to changes in particle-size distri
bution, that may cause additive or multiplicative effects, the alteration 
of the spectral profile, and may contribute to the variability of the raw 
data set [49]. A Savitzky-Golay filter [50] with a polynomial order of 3 
and a filter window of 7 wavelength channels, was applied for the 
purpose of smoothing the data. Finally, the second derivative of the 
preprocessed spectra was calculated in order to highlight the differences 
between samples. The parameters of the different pretreatment steps 
(the trimming range, the scaling method, the window filter, the poly
nomial order and the derivative order) were optimized to favor the 
relation between the spectra classification of patients and the clinical 
data.

2.5. Data mining, selection of optimal spectral region and preprocessing 
parameters

The analysis of spectral data aimed to identify regions significantly 
associated with clinical outcomes. Given the high dimensionality of the 
spectral data relative to the sample size, principal component analysis 
(PCA) was first used for dimensionality reduction and pattern identifi
cation on the preprocessed spectra. This was followed by a clustering 
analysis, identifying two clusters that were later compared to clinical 
classification of patients. This approach enabled the identification of the 
spectral region that best correlated with clinical classifications, ensuring 
robust and meaningful associations between spectral features and pa
tient outcomes. The explained variance for each component as well as 
the wavelength channel contributions to each principal component were 
determined. Then the samples were plotted in the space defined by the 
first two eigenvectors, and an unsupervised classification was performed 
on these coordinates. The K-means algorithm was used for this aim due 
to its superior performance (higher average silhouette score) compared 

to other tested methods such as Gaussian Mixture or DBSCAN models. 
The same silhouette score criterion was also employed to choose the 
optimal number of clusters, which was found to be two for all the pro
posed spectral regions and preprocessing parameters considered.

The complete analysis (trimming or selection of the spectral range, 
scatter correction scaling, Savitzky Golay filtering, derivation, PCA and 
clustering) was repeated for different spectral regions and preprocessing 
parameters. Spectral regions were selected first by considering the 
different transmittance peaks and then manually modifying their limits 
narrowing and widening the intervals, uprising new proposed spectral 
ranges. The preprocessing parameters considered included: SNV, RNV 
and no-scaling for scatter correction; polynomial order of 2 and 3 and 
window length of 7, 13, and 15 for the Savitzky Golay filter; and order of 
0, 1 and 2 for spectra derivation. Each spectral region considered was 
submitted to all combinations of the considered preprocessing param
eters, and subsequently subjected to PCA and clustering analysis. The 
selection of the spectral region and preprocessing parameters considered 
for the analysis were optimized by comparing the clusters classification 
(CL0 and CL1) with a first general classification based on clinical data 
using the category Ext + 90d + 9m (asymptomatic and symptomatic) by 
means of the similarity Jaccard score, J (Eq. (1)). This coefficient is a 
function of the elements of the contingency table for clinical data clas
sification and cluster assignation (in our case), where nAi, nSi denote the 
number of patients assigned to the symptomatic or asymptomatic clinical 
groups and identified in cluster i.

contingency table (clinical data × clusters) =

(
nA0 nS0
nA1 nS1

)

J =
1
2

[
nA0

nA0 + nS0 + nA1
+

nS1

nS1 + nS0 + nA1

]

(1) 

The region and parameters that showed the best performance in 
terms of clustering quality and its correlation with clinical classifications 
were selected. Specifically, the 297–600 nm range was identified as 
optimal because it provided the highest Jaccard similarity score when 
comparing cluster classifications (CL0 and CL1) with clinical classifica
tions (asymptomatic and symptomatic). This region was thus selected for 
further analysis.

2.6. Statistical analysis

Clusters identification was followed by their characterization and 
relation to the clinical data available for each patient, aiming to identify 
the clinical information that best correlated with cluster separation. 
Clinical data were compared between clusters both individually (each 
clinical characteristic isolated) and by clinical categories (ext, 90d, 9m, 
prev medication, COVID medication, prev diseases and covid status, 
Table S1), in order to identify and evaluate significancy.

For the quantification of possible discrepancies between clusters 
different statistical tests were used. The non-parametric Mann-Whitney 
U [51] test was employed to compare pairs of distributions (one for each 
cluster) of number of clinical variables presented by each patient (two 
binomial distributions). The χ2 test of independence and Barnard’s test 
were employed to analyze the dependency of the number of patients that 
did and did not present a given clinical variable and belonged to each 
cluster, a 2 × 2 (cluster × clinical variable) contingency table. The χ2 test 
is only valid for large sample sizes (all expected values in the contin
gency table ≥ 5), while Barnard’s test is an exact test meant for lower 
number of samples, converging to the χ2 test in the limit of large sam
ples. For this reason, Barnard’s test is always applied and χ2 is only 
employed if the validation criterion is satisfied. The p-value < 0.05 
criterion was used for statistical significance. Violin plots, color maps 
and bar diagrams were built for data visualization and clusters com
parison. The Jaccard score was employed again to compare the clusters 
classification and clinical classifications using different criteria, in order 
to find the clinical criterion that best associates with clusters separation.
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2.7. Comparative analysis with lipidomics and proteomics studies on the 
same patients and validation with an extended group

The results obtained from the previous analysis for the Omics group 
were compared with those from the two previous lipidomics [8] and 
proteomics studies [29] using the Jaccard score and contingency tables. 
Then, the spectral data from the 65 additional patients (the Extended 
group) were employed to validate the model’s predictive ability inde
pendently of the initial dataset. By introducing this second group, we 
aimed to test the robustness and accuracy of the model across a broader 
PCC patient population, thus enhancing its potential clinical 
applicability.

These data were transformed into the PCA space, subjected to cluster 
prediction, then the severity score was determined as the PC1 coordinate 
and finally the results were compared with clinical data to ensure the 
robustness and accuracy of our findings.

3. Results and discussion

3.1. Spectral characterization of UV–VIS–NIR and MIR regions in PCC 
blood samples from patients analyzed in proteomics and lipidomics studies

A comprehensive spectral analysis was conducted on both the su
pernatant and pellet fractions of blood samples obtained from 62 pa
tients (3 patients in the Omics group were outliers). These samples, 
previously analyzed in lipidomics [28] and proteomics [29] studies, 
were subjected to detailed examination across the UV–VIS–NIR 
(190–2500 nm) and MIR (2500–25000 nm) spectral regions (Fig. 2). The 
UV–VIS–NIR region is particularly sensitive to electronic transitions in 
biomolecules, making it ideal for detecting changes in electronic states, 
while the MIR region offers detailed information on vibrational modes, 
enabling a thorough characterization of molecular structures and 
interactions.

Studying both supernatant and pellet fractions is useful for a 
comprehensive understanding of blood’s molecular composition and 

Fig. 2. Transmittance spectra of plasma samples from 62 patients of the Omics group, common to our previous lipidomics [28] and proteomics [29] studies in the 
UV–VIS–NIR and the MIR region using the supernatant (top) and pellet (down) fraction of the blood.
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interactions, as they contain complementary information. The super
natant fraction, primarily containing plasma, provides insights into 
soluble proteins, lipids, and other circulating biomolecules. In contrast, 
the pellet fraction, composed of cellular components and other partic
ulate matter, reveals information about the intracellular environment 
and cell-associated molecules. By analyzing the UV–VIS–NIR and MIR 
spectra of both fractions, distinctive patterns and absorptive features can 
be identified, which may indicate specific biochemical changes or dis
ease states. Note the discontinuity at the end of the UV–VIS–NIR spec
trum (2500 nm) where transmittance drops to 0 %, and the start of the 
MIR spectrum (2500 nm) where transmittance is 100 %. This discrep
ancy is due to the use of different equipment: in the NIR region, a quartz 
cuvette is used, which is suitable for UV but absorbs completely beyond 
~2500 nm, causing the 0 % transmittance. In the MIR region, the sample 
is measured without a cuvette using an ATR accessory made of non- 
absorbing materials, resulting in 100 % transmittance. Additionally, a 
discontinuity is found in the spectra at 850 nm due to a grating change. 
Since the scaling procedure involves a second derivative, this could have 
negative effects, but since it is out of the selected region, no specific 
considerations are required.

3.1.1. Supernatant fraction analysis
The UV–VIS–NIR spectra of the supernatant fraction (Fig. 2) revealed 

significant spectral variability, particularly in the 297–1500 nm region, 
likely corresponding to electronic transitions in various biomolecules. In 
the UV region, a sharp decrease in transmittance is observed starting 
around 300 nm, corresponding to increased absorbance primarily 
attributed to aromatic amino acids such as tryptophan (~280 nm), 
tyrosine (~275 nm), and phenylalanine (~257 nm). This region also 
captures absorption from peptide bonds (below 240 nm) and nucleic 
acid bases (~260 nm) [52,53]. The variations in this spectral range 
likely reflect differences in protein concentrations or conformational 
changes among PCC patients, consistent with previous studies on serum 
protein analysis in this condition [54].

The VIS region (400–700 nm) exhibits a series of broad, overlapping 
bands with varying transmittance levels. Variability in this region may 
arise from differences in oxygenation status, hemoglobin concentration, 
or the presence of hemoglobin breakdown products such as bilirubin 
[55]. Significant absorption maxima within the 400–430 nm range – the 
Soret band – are characteristic of all hemoproteins. Oxyhemoglobin 
exhibits two closely positioned maxima at 540 and 578 nm, whereas 
deoxyhemoglobin shows a single absorption peak at 555 nm. These 
variations could be linked to altered respiratory function or hemolytic 
processes associated with PCC. Typical features of blood absorption 
spectra include bands at 350 nm, 412 nm, 576 nm, and 620 nm due to 
the absorption of iron porphyrin, which is also part of hemoglobin, along 
with a protein absorption band at 280 nm that overlaps with the lumi
nescence band for plasma proteins (λmax = 330 nm) [56]. The 400–500 
nm range, on the other hand, could reflect the presence of various ca
rotenoids [57].

In the NIR region (700–2300 nm), broad and overlapping bands are 
observed. This region is sensitive to the presence of water, lipids, and 
proteins, with broad and complex spectral features attributed to over
lapping absorption bands of these molecules. Variability in this region 
may indicate changes in the hydration state, lipid composition, or pro
tein secondary structure, reflecting metabolic alterations and inflam
matory responses in PCC patients. Strong absorption bands at ~1450 nm 
and ~1940 nm, seen as transmittance minima, are characteristic of 
water [58]. Hemoglobin and its derivatives also contribute to the NIR 
spectrum, with distinct features observed between 700–1100 nm. 
Oxygenated and deoxygenated hemoglobin show different absorption 
patterns in this range, allowing for their differentiation [59,60]. Addi
tionally, other specific absorption bands are centered at 2178 nm for 
albumin, 2240 nm for globulins, and 2200 nm for urea [61]. Lipid sig
natures are observed as C–H stretching overtones at ~1200 nm and 
~1700 nm [62] and ~2300 nm [63], while weak absorption features 

around 1408 and 2326 nm may be associated with glucose [64].
The MIR region, typically spanning from 2500 to 25000 nm, provides 

rich molecular information in biological samples. This region is char
acterized by fundamental vibrational modes of molecules, offering high 
specificity for various biochemical components [56,65,66]. The most 
prominent are the amide bands: Amide A (~3030 nm) and Amide B 
(~3225 nm), which arise from N-H stretching vibrations; Amide I 
(~6060 nm), primarily due to C––O stretching; Amide II (~6450 nm), 
resulting from N–H bending and C–N stretching; and Amide III 
(~7690 nm), associated with C–N stretching and N–H bending [56]. 
Although there is some variability in absorption intensities, these dif
ferences are relatively subtle, suggesting that the overall biochemical 
composition of plasma remains similar across the cohort. Beyond 8000 
nm, the MIR region shows a significant and consistent decrease in 
transmittance across all patients, continuing down to 25000 nm. This 
steady decline indicates increased absorption by various molecular 
bonds, such as C–H, O–H, and N–H, reflecting the complex 
biochemical composition of the plasma. The uniformity of this decrease 
among patients suggests common biochemical features within the PCC 
cohort. Key absorption features in this range include the stretching vi
brations of aliphatic and aromatic hydrocarbons (C–H stretching) 
around 8500–9500 nm, and the O–H stretching bands of water and 
alcohols near 9600–11,500 nm. The fingerprint region (approximately 
12500–15500 nm) also provides highly specific molecular information 
due to the presence of multiple bending and stretching vibrations of 
functional groups like C–O, C–N, and P––O.

3.1.2. Pellet fraction analysis
Following the examination of the plasma supernatant, the focus 

shifted to the spectral characteristics of the pellet fraction, which offered 
crucial insights into the cellular components of blood in PCC patients. 
This analysis highlighted the distinct biochemical environments be
tween the pellet and the supernatant.

In the UV–VIS–NIR spectra (190–2500 nm), the pellet fraction shows 
dramatically lower transmittance compared to the supernatant across 
the entire range, with the difference being most pronounced from 190 
nm to about 1300 nm (Fig. 2). Starting from 190 nm, the pellet exhibits 
very low transmittance (high absorbance) of around 0 %, while the 
supernatant shows much higher transmittance of 40–60 % in the same 
region. This stark contrast in the UV region (190–400 nm) likely reflects 
the high concentration of nucleic acids, aromatic amino acids, and other 
UV-absorbing cellular components in the pellet. The difference remains 
significant in the visible region (400–700 nm), where the pellet con
tinues to show lower transmittance. This is likely due to the presence of 
hemoglobin and other cellular pigments in the pellet fraction, primarily 
from erythrocytes.

The pellet spectra also displayed a prominent dip in transmittance 
around 950–1100 nm, which was less evident in the supernatant. This 
feature could be also attributed to the strong absorption of hemoglobin 
in the NIR region, further emphasizing the cellular nature of the pellet 
fraction. Notably, in this region, both the supernatant and pellet exhibit 
significant variability between patients, reflecting individual differences 
in hemoglobin levels and other cellular components. Beyond 1500 nm, 
the spectra of the supernatant and pellet fractions become more similar, 
suggesting that the major differences in transmittance and variability 
are concentrated in the lower wavelengths. This similarity in the higher 
wavelength region indicates that the overall biochemical composition of 
plasma and cellular components shares common features in this part of 
the spectrum, despite the distinct characteristics observed at lower 
wavelengths.

The examination of the MIR region (2500–25000 nm) reveals that 
the spectra for both the supernatant and pellet fractions are quite similar 
and consistent across patients up to approximately 15000 nm. Important 
features, including a dip in transmittance around 3000 nm and another 
wide dip near 6247 nm, and a gradual decrease in transmittance from 
about 8000 nm onwards, are almost identical in both fractions. 
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However, notable differences emerge between supernatant and pellet 
fractions, particularly in the 15000–25000 nm range. The higher 
transmittance observed in the pellet fraction suggests lower absorption 
by these molecular species, which could be attributed to several factors. 
The intact cellular structures in the pellet might restrict certain low- 
frequency vibrations, reducing absorption. Additionally, the cellular 
environment could alter the vibrational behavior of large biomolecules 
compared to their state in solution, as found in the supernatant. While 
cellular components are more concentrated in the pellet, their structural 
arrangement might lead to less efficient absorption in this specific 
spectral range.

Notably, the pellet fraction displays greater variability between 
samples in the 15000–25000 nm range. This increased inter-patient 
variability could reflect differences in cellular composition, membrane 
integrity, or alterations in large biomolecular structures among patients 
with post-COVID condition. The diversity in cellular responses to the 
viral infection and subsequent recovery processes might manifest as 
spectral variations in this region. In contrast, the supernatant fraction 
shows lower transmittance (higher absorption) and more consistency 
between samples in this range. This could indicate that the molecular 
species responsible for absorption in this region, possibly including 
smaller biomolecules or metabolites, are more uniformly distributed in 
the cell-free fraction.

These spectral differences between supernatant and pellet fractions 
provide valuable insights into the biochemical alterations associated 
with the post-COVID condition. The variability observed in different 
regions of the spectra suggests that both plasma and cellular components 
exhibit sensitivity to individual metabolic changes, though in different 
ways. In some spectral regions, the supernatant shows greater vari
ability, indicating sensitivity to metabolic alterations, while in other 
regions, the pellet exhibits more pronounced changes, reflecting uni
form cellular alterations across patients. This highlights the complex 
nature of biochemical responses in PCC patients, with both plasma and 
cellular fractions contributing distinct and complementary information.

3.2. Identification of spectral regions correlating with patient symptoms 
through comprehensive analysis and unsupervised clustering

To identify spectral regions most closely associated with patient 
symptoms, a comprehensive analysis was conducted across the entire 
UV–VIS–NIR and MIR spectrum of both supernatant and pellet fractions. 
The spectral data underwent preprocessing, including Robust Normal 
Variate (RNV) scaling and Savitzky–Golay filtering, followed by the 
calculation of the second-order derivative. These steps significantly 
enhanced spectral features, accentuating peaks and troughs to reveal 
subtle differences between samples, particularly in regions associated 
with protein and metabolite absorptions.

A systematic approach was then employed (see Methods), applying 
PCA and unsupervised clustering algorithms. Specifically, a K-means 
clustering model was used to identify two distinct clusters in the space 
formed by the two first eigenvectors from the PCA. The resulting clusters 
were evaluated against patient symptom data and compared with the 
clinical pre-classification using the Jaccard score to determine the 
optimal spectral range and preprocessing parameters for analysis.

This comprehensive scanning and clustering process revealed that 
the region between 297 and 600 nm from the supernatant spectra 
showed the strongest correlation with patient symptoms (Fig. S1). This 
finding suggests that the electronic transitions of specific biomolecules 
within this spectral window may be particularly relevant to the under
lying biochemical changes in post-COVID condition.

Clustering in the MIR region was less effective, yielding lower Jac
card similarity scores compared to the UV–VIS region. For instance, the 
full MIR range achieved a Jaccard score of 0.375, while a specific sub
region (4100–4400 nm) achieved a slightly higher score of 0.381. These 
results indicate that, although the MIR region contains relevant 
biochemical information, its ability to differentiate between 

symptomatic and asymptomatic PCC patients is limited. Representative 
scatter plots illustrating clustering performance for these MIR regions 
are provided in the Supporting Information (Fig. S2). This analysis re
inforces the diagnostic superiority of the UV–VIS region, particularly 
297–600 nm, in aligning spectral data with clinical classifications and 
symptom severity.

Further analysis of this optimal spectral range provided additional 
insights. PCA applied to the preprocessed data within the 297–600 nm 
region showed that the first two principal components accounted for 
85.57 % and 5.47 % of the variance, respectively. The transmittance 
values at each wavelength channel served as features, resulting in a large 
set of corelated data points that presented an overall transmittance 
pattern. Fig. 3a illustrates the transmittance spectra colored by their PC1 
value, facilitating the identification of the proportionality between PC1 
and transmittance in the 297–335 nm region. This spectral range had the 
highest contribution to PC1, making it essential for distinguishing be
tween patients. This indicates that variations in transmittance within 
this wavelength range are the most critical for differentiating patient 
spectra. For PC2, the 390–460 nm region was the most significant 
contributor, characterized by changes in the curvature of local trans
mittance minima within that range (Fig. 3b). This means that differences 
in the spectral data within these wavelengths are particularly important 
for the second component’s variability.

The scatter plot in Fig. 3c shows the distribution of samples in the 
space defined by the first two principal components. It reveals that most 
of the variation in the data is captured along the PC1 axis, which aligns 
with PC1 having the higher explained variance. The plot also shows the 
two clusters identified by the K-means algorithm: cluster 0 (CL0, green) 
and cluster 1 (CL1, purple). The clear separation along the PC1 axis 
indicates that this component plays a significant role in differentiating 
the clusters. The components of these clusters (23 patients in CL0 and 39 
in CL1) were compared with those obtained from a clinical pre- 
classification using the Jaccard score. This was done to determine the 
optimal spectral range for analysis, specifically the spectral range that 
maximizes the Jaccard score between the clusters obtained from the 
spectroscopy data and those obtained from the clinical information. As 
anticipated, given the variance distribution, the clusters are separated 
by a PC1 threshold around 0.0025, i.e. patients from cluster 1 have a PC1 
value <0.0025 and patients from cluster 0 have a PC1 value >0.0025.

After identifying clusters based solely on spectral data and selecting 
the wavelength window that maximizes similarity with those derived 
from clinical information, a detailed characterization was conducted by 
analyzing the data of patients within each group. This analysis aimed to 
explore the relationship between the spectral clusters and the clinical 
manifestation of symptoms.

Qualitative and quantitative discrepancies between clusters are 
summarized in Fig. 4. The matrix representation of clinical character
istics reveals that CL0 predominantly consists of asymptomatic patients, 
whereas CL1 is mainly composed of symptomatic patients. This 
distinction is evident as patients in cluster 0 show fewer clinical symp
toms across various categories compared to those in cluster 1. The upper 
subfigure in Fig. 4 presents a bar diagram quantifying this observation, 
showing the percentage of patients from each cluster presenting 
different clinical characteristics. The results indicate that the symp
tomatic cluster (CL1) has a higher proportion of patients with various 
clinical symptoms compared to the asymptomatic cluster (CL0). This 
consistent pattern across multiple clinical characteristics underscores 
the robustness of the clustering in the spectra in differentiating between 
asymptomatic and symptomatic patients. This separation indicates that 
the PC1 value is inversely correlated with the severity of symptoms, as 
patients with lower PC1 values exhibit a higher prevalence of symptoms. 
Specifically, a lower PC1 value corresponds to an increased number of 
clinical characteristics associated with PCC, suggesting that PC1 can be 
used as a quantitative measure of symptom severity.

A quantitative analysis was performed to assess the independence of 
the number of patients presenting each characteristic within the 
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identified clusters, using Barnard’s and χ2 tests where applicable. Out of 
the evaluated characteristics, 26 were found to be statistically signifi
cant (p-value < 0.05) for distinguishing between clusters using Bar
nard’s test. Among these, 19 characteristics were also significant 
according to both Barnard’s and χ2 tests. This statistical significance is 
visually represented in Fig. 4, with red asterisks indicating χ2 test sig
nificance and black asterisks indicating Barnard’s test significance. 
Notably, the lowest p-values were associated with Conventional oxygen 
therapy and Hospitalization (Table S2). These characteristics pertain to 
the acute phase of infection rather than PCC symptoms or those present 
at the time of blood extraction. Other significant characteristics were 
categorized into groups related to symptoms on the extraction day (ext), 
symptoms observed 90 days (90d) and 9 months (9m) post-diagnosis, as 
well as medications administered during COVID infection (Covid medi
cation). Interestingly, all patients classified in CL0 (identified as pri
marily asymptomatic) reported no symptoms at the time of blood 
extraction, 90 days, and 9 months post-diagnosis, except for five mis
classified patients (codes 13, 17, 46, 64 and 99) according to the spectral 
data.

To further explore the relationship between illness severity and 
spectral data, Fig. 5 presents violin plots of the PC1 coordinates of pa
tients grouped by their hospitalization status, conventional oxygen 
therapy requirement, and ICU admission during COVID infection. The 
characteristics Hospitalization and Conventional oxygen therapy were 
selected due to their statistical significance in differentiating clusters, as 
shown in Table S2. Additionally, Admission to ICU or similar was included 
to further delineate patient subgroups. The violin plots clearly demon
strate that greater illness severity is associated with lower PC1 values, 

indicating that patients who required more intensive treatment during 
the acute phase of COVID-19 exhibit distinct spectral signatures.

Grouping clinical data into categories can provide additional insights 
not identified by individual analysis. Seven categories were analyzed: 
Ext (symptoms at the time of extraction), 90d (symptoms 90 days post- 
diagnosis), 9m (symptoms 9 months post-diagnosis), previous medication, 
previous diseases, COVID medication, and COVID status (Table S1). For 
each patient, the sum of symptoms or clinical characteristics belonging 
to each clinical group was calculated, resulting in seven distributions for 
each cluster. To evaluate the significance of the differences between 
clusters, the Mann-Whitney U test was used. Statistical significance in 
this context would indicate that the two populations belong to different 
distributions, or that they differ in their median values if equal variance 
is satisfied.

The p-values obtained for each clinical group (Fig. 6) suggest that six 
out of seven clinical groups have two significantly different distributions 
for each cluster. The previous diseases group, with a p-value of 0.025, is 
within the range of significance but presents the highest p-value among 
the significant groups. The previous medication group is the only one not 
showing significant differences between clusters, with a p-value of 
0.065. However, medication administered during the COVID infection 
presented two clearly differentiated distributions for the two clusters, 
achieving a p-value of <0.005. This result may be attributed to the 
positive correlation between illness severity and the intensity of medi
cation treatment. Symptoms on the extraction day showed clear signif
icance, as did symptoms during the COVID infection, 90 days after 
diagnosis, and 9 months after diagnosis. These results suggest that blood 
plasma compounds, such as proteins and lipids, are altered during the 

Fig. 3. Analysis of wavelength contributions to principal components PC1 and PC2, with a focus on differentiating spectral profiles of PCC patients. (a) Absolute 
values of each wavelength’s contribution to PC1 are shown in yellow as a background overlay, helping to identify key wavelengths that influence this component. 
The original spectra are color-coded according to their PC1 values, with darker shades indicating higher PC1 contributions. Patient 17, with the highest PC1 value, is 
highlighted with a thicker line to underscore its distinct spectral signature within this component. (b) Similar analysis for PC2, with absolute values of each 
wavelength’s contribution displayed in yellow as a background overlay. The original spectra are color-coded by PC2 values, emphasizing the relative impact of each 
wavelength on this component. Patient 48, which exhibits the highest PC2 value, is highlighted with a thicker line to indicate its unique profile in relation to PC2. (c) 
Scatter plot of samples in the PC1-PC2 space, where clusters CL0 and CL1 are represented in green and purple, respectively. Patients 17 and 48, exhibiting the highest 
PC1 and PC2 values, are outlined with a yellow border to highlight their distinct clustering positions and to emphasize the separation achieved between asymp
tomatic and symptomatic patients. The plot indicates that most variability is captured along the PC1 axis, reflecting symptom severity.
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COVID infection in a way that persists even 9 months after the disease 
onset. Furthermore, the medians of the distributions for cluster 0 are 
0 for all clinical categories, and lower than those for cluster 1 across all 
clinical groups except for prev medication, reinforcing the identification 
of clusters CL0 and CL1 with asymptomatic and symptomatic patients, 
respectively.

To complete the cluster characterization, an additional analysis 
using the Jaccard and ϕ similarity scores was performed to identify the 
clinical category best associated with cluster separation. Different clin
ical categories from Table S1 were selected, along with an oxygen group 
(separating patients who received conventional oxygen therapy during 

the COVID infection from those who did not) and a significant group 
(separating patients who presented more than one clinical characteristic 
from those selected as significant in Fig. 4 or Table S3 from those who 
did not). Clinical groups are ordered by ascending Jaccard similarity 
score (Fig. 7). The hosp, oxygen, ext + 90d + 9m, and significant groups 
present the highest similarity scores (both Jaccard and ϕ), indicating the 
strongest association with cluster separation from spectral data. The ext 
+ 90d + 9m criterion, used to optimize the spectral range for analysis, 
was expected to have a high Jaccard score. Conventional oxygen therapy 
and hospitalization during the COVID infection, identified as the two 
most significant clinical characteristics for differentiating clusters using 

Fig. 4. Top: Bar diagram showing the percentage of patients from each cluster presenting various clinical characteristics. Green bars represent CL0 (asymptomatic) 
and purple bars represent CL1 (symptomatic). The asterisks (*) indicate statistical significance: black asterisks for Barnard’s p-value < 0.05 and red asterisks for χ2 p- 
value < 0.05. Bottom: Matrix representation illustrating the severity scale based on UV–VIS data and its correlation with clinical characteristics. The data is derived 
from 62 patients previously analyzed in proteomics and lipidomics studies. The y-axis represents patient codes, ordered by PC1 values whereas the x-axis lists 
different clinical characteristics (details in Table S2). Each element in the matrix is color-coded to indicate the presence of a symptom: green for CL0 and purple for 
CL1. Absence of color denotes the absence of the clinical characteristic. This visualization highlights the trend of symptom presence in each cluster, with CL1 showing 
a higher prevalence of symptoms compared to CL0. The ordering by PC1 values emphasizes the correlation between PC1 and the severity of symptoms, with lower 
PC1 values indicating higher symptom prevalence.
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Barnard’s test (Table S3), also rank highly in cluster association ac
cording to the Jaccard score. Notably, these high Jaccard scores are 
achieved with single characteristics rather than groups of characteris
tics, as seen in most other cases. The significant group (using a threshold 
of more than one symptom) also presents a high Jaccard score.

While the Jaccard and ϕ scores generally align, some discrepancies 
exist. In this analysis, the Jaccard score is preferred because it does not 
penalize imbalances between non-diagonal elements in the contingency 
table. Since we aim to measure the degree of association between the 
two classifications ignoring these imbalances is more suitable. There
fore, hospitalization during the COVID infection emerges as the clinical 
criterion most strongly associated with cluster separation, even sur
passing the combination of individually significant symptoms or the ext 
+ 90d + 9m criterion used to optimize the spectral region and scaling 
method.

3.3. Comparative analysis between spectral, proteomic and lipidomic 
studies

To compare the spectral analysis with previous lipidomic and pro
teomic studies conducted on the same cohort of patients, Jaccard 

similarity scores were calculated between clusters obtained from spec
tral data, symptoms (ext + 90d + 9m, Table S1), hospitalization status, 
and proteomic and lipidomic classifications (Table 1). The similarity 
scores for these different combinations are summarized in Fig. 8. 
Additionally, for combinations involving cluster separation, contin
gency tables are included to illustrate the comparison of cluster as
signments between spectral data, proteomics, lipidomics, 
symptomatology (ext + 90d + 9m), and hospitalization during COVID 
infection.

The Jaccard scores provide a valuable insight into the concordance 
between different methods of classifying patient data. While the scores 
are not exceptionally high, they do show a reasonable degree of simi
larity, suggesting that UV–VIS spectroscopy captures significant 
biochemical information related to patient symptoms and clinical out
comes. Specifically, the similarity scores between spectral data and 
clinical symptom-based classification (0.667) and hospitalization status 
(0.681) are promising, indicating that UV–VIS spectroscopy can effec
tively reflect clinical severity and patient status. The score of 0.599 
between spectral data and proteomic classifications and 0.643 with 
lipidomic classifications indicate that while VIS spectroscopy is less 
aligned with these more detailed molecular analyses, it still captures 

Fig. 5. A. Violin plots showing the distribution of PC1 values for patients grouped by hospitalization status, ICU admission, and receipt of conventional oxygen 
therapy during COVID infection. The categories include: none (no hospitalization or oxygen therapy), Hosp (hospitalized), Hosp and Oxygen (hospitalized and received 
oxygen therapy), and Hosp, Oxygen and ICU (hospitalized, received oxygen therapy, and admitted to ICU). B. Violin plots showing the distribution of PC1 values for 
patients grouped by symptomatology according to the presence of symptoms at the time of extraction, 90 days post-diagnosis, and 9 months post-diagnosis (Ext +
90d + 9m). White dots represent the mean values, and black vertical lines indicate the interquartile range for each group. The p-value for the Mann-Whitney U test is 
shown, indicating the statistical significance of differences in distribution between asymptomatic and symptomatic patients.

Fig. 6. Violin plots showing the distribution of the number of symptoms for each patient, divided by clinical categories: symptoms at extraction, 90 days post- 
diagnosis, 9 months post-diagnosis, previous medication, previous diseases, medication during COVID infection, and COVID status. Median values are indicated 
by white dots, and interquartile ranges are represented by black vertical lines. The p-values for the Mann-Whitney U test are provided for each group, highlighting the 
statistical significance of differences in distribution between cluster 0 (CL0) and cluster 1 (CL1).
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relevant biochemical changes. The slightly lower scores may be attrib
uted to the broader scope of UV–VIS spectroscopy, which might not 
detect the same specific molecular details as proteomics and lipidomics 
but does provide a holistic view of the biochemical state. The extremely 
high similarity between proteomics and lipidomics (0.767) aligns with 
expectations, given that both techniques provide comprehensive mo
lecular profiles. This high degree of agreement supports the validity of 
using these methods as benchmarks for evaluating the effectiveness of 
UV–VIS spectroscopy.

3.4. Assessing the predictive ability of the spectroscopic analysis with an 
expanded patient cohort

The PCA analysis performed on the spectral data of the Omics group 
shows that the projection of the samples on the two first eigenvectors 
(PC1 and PC2) can effectively classify patients into symptomatic and 

asymptomatic. Moreover, it provides a quantitative measurement of 
their severity. Once this analysis is completed, the spectra of the addi
tional 64 patients from the Extended group (Fig. S3) can be scaled and 
transformed to the same PCA space. Using the clustering model obtained 
from the Omics group, they can also be classified into the previously 
defined clusters. Among the new 64 patients of the Extended group (1 
patient was an outlier), 23 were assigned to the asymptomatic cluster, 
while the remaining 41 were predicted to belong to the symptomatic 
cluster. However, only 13, 9, and 15 patients from the Extended group 
were actually asymptomatic during blood extraction, 90 days after 
diagnosis, and 9 months after diagnosis, respectively. This discrepancy 
suggests that while the clusters from spectra provide a good general 
indication of patient status, there may be some misclassification or the 
presence of subclinical symptoms not captured by the initial symptom 
reports.

Fig. S4 presents a matrix representation illustrating the severity scale 
of the 64 patients based on UV–VIS data and its correlation with clinical 
characteristics, classified according to the developed predictive algo
rithm. The Figure highlights the trend of symptom presence in each 
cluster, showing that the symptomatic cluster (CL1) consistently has a 
higher number of clinical symptoms. This underscores the robustness of 
the UV–VIS spectroscopic analysis in correlating with clinical manifes
tations. However, some patients predicted to be asymptomatic from 
their PC1 value still exhibited symptoms at various follow-up points, 
suggesting potential subclinical presentations or variations not fully 
captured by the spectral data alone. This indicates that while the model 
is generally effective, there is room for improvement in refining its 

Fig. 7. Jaccard and ϕ similarity scores for the comparison between cluster classifications and various clinical characteristic criteria. The clinical categories analyzed 
include COVID status (COVID), symptoms 90 days post-diagnosis (90d), symptoms 9 months post-diagnosis (9m), symptoms at extraction (ext), significant symptoms 
(significant), combined symptoms at extraction, 90 days, and 9 months (ext + 90d + 9m), oxygen therapy requirement (oxygen), and hospitalization status (hosp). 
Higher scores indicate a stronger association between the clinical characteristics and the clusters from spectra.

Table 1 
Jaccard similarity coefficients for the comparisons between clusters obtained 
from spectra, clusters obtained from the proteomics [29] and lipidomics studies 
[28], classification of patients by Hospitalization and Ext + 90d + 9m.

Jaccard 
score

Proteomics 
[29]

Lipidomics 
[28]

Symptoms Hospitalization

Spectra 0.599 0.643 0.667 0.681
Proteomics ​ 0.767 0.792 0.816
Lipidomics ​ ​ 0.967 0.762

Fig. 8. Jaccard similarity scores between the groups obtained from spectra, lipidomics, proteomics analysis, patient symptomatology, and patient hospitalization 
during COVID-19 infection. Only patients from the Omics group were used for this comparison. Contingency tables illustrate the comparison of cluster assignments 
between spectral data and proteomics [29], lipidomics [28], symptomatology (ext + 90d + 9m), and hospitalization during COVID infection.
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predictive capabilities to better account for subtle clinical variations.
Violin plots of the distributions of the number of symptoms for each 

clinical group are shown in Fig. 9. These plots reveal that for all clinical 
groups, the median of symptoms in the symptomatic group was higher 
than that in the asymptomatic group. This difference was statistically 
significant for all clinical groups except for those assessing symptoms at 
the time of extraction, 90 days, and 9 months post-diagnosis. In these 
specific cases, statistical significance was likely hindered by the smaller 
number of asymptomatic patients (13, 9, and 15, respectively) compared 
to the symptomatic patients (51, 55, and 49, respectively). Despite this, 
the higher median values in the symptomatic group suggest that the lack 
of significance may be due to the unbalanced sample sizes rather than an 
absence of a true effect. The other clinical groups, which had more 
balanced patient numbers, reinforced the robustness of these findings. 
For instance, groups considering previous diseases and COVID medica
tion showed clear statistical significance, indicating that these factors 
are strongly associated with the patients’ symptomatic status as deter
mined by the clusters from spectra.

The analysis of the Extended group underscores the robustness of 
UV–VIS spectroscopy in distinguishing between symptomatic and 
asymptomatic patients. The predictive ability of the method to classify 
and quantify the severity of the PCC, demonstrated its potential as a 
diagnostic tool. The consistent finding that symptomatic patients have 
higher median symptom counts across various clinical categories sug
gests that UV–VIS spectroscopy is capturing meaningful biochemical 
signals related to disease severity and symptom burden. However, the 
variability in certain categories and the occasional misclassification of 
asymptomatic patients highlight areas for further refinement. Incorpo
rating additional spectral regions, refining preprocessing techniques, 
and primarily increasing the sample size could improve the model’s 
accuracy in detecting subtle clinical variations.

4. Conclusions

This study investigated the potential of UV–VIS–NIR–MIR spectros
copy for the rapid diagnosis and severity assessment of post-COVID 
condition (PCC). By analyzing blood samples from 130 patients, 
including 65 previously studied in lipidomic and proteomic analyses, 
spectral regions strongly correlated with patient symptomatology and 
clinical outcomes were identified.

The findings reveal that the 297–600 nm range of the supernatant 
fraction provides the most significant information for differentiating 
between asymptomatic and symptomatic PCC patients. Unsupervised 
clustering of spectral data in this range effectively separated patients 
into two distinct groups, which aligned well with reported symptom 
severity and clinical characteristics such as hospitalization status and 
oxygen therapy requirement during acute COVID-19 infection.

The clusters from spectra showed significant associations with 

various clinical parameters, including persistent symptoms at different 
time points post-infection. Notably, the clustering based on spectral data 
correlated strongly with hospitalization status during acute infection, 
suggesting that the method captures not only current symptomatology 
but also reflects the severity of the initial COVID-19 episode.

Comparative analysis with proteomic and lipidomic data from the 
same patient cohort revealed moderate to strong concordance, sup
porting the validity of spectroscopic analysis in capturing relevant 
biochemical changes associated with PCC. While UV–VIS spectroscopy 
may not provide the same level of molecular detail as these omics ap
proaches, it offers a holistic view of the biochemical state that correlates 
well with clinical outcomes and symptom burden.

The robustness of our approach was further assessed through the 
analysis of an expanded patient cohort, demonstrating the potential of 
this method for widespread clinical application. Additionally, this 
spectroscopic method presents notable advantages in terms of compu
tational efficiency and practical applicability. Unlike proteomics and 
lipidomics, which require extensive profiling of individual bio
molecules, spectroscopic analysis involves simpler data processing, 
resulting in faster data acquisition and lower computational demands, 
making it suitable for rapid, cost-effective implementation. The acces
sibility of spectroscopy also makes it highly adaptable for use in both 
portable and point-of-care (POC) devices, enabling real-time assess
ments in clinical or primary care settings. Such POC applications would 
allow healthcare providers to monitor PCC severity without relying on 
complex infrastructure, thus expanding accessibility and facilitating 
timely, targeted interventions for individuals affected by long-term 
COVID-19. In addition to its computational efficiency and practical 
applicability, the proposed spectroscopic method demonstrates a high 
level of environmental sustainability. A greenness assessment using the 
MoGAPI [67] framework yielded a score of 90 [68], indicating the 
environmentally friendly nature of the approach. This further supports 
its suitability for widespread clinical application, as the method not only 
offers rapid and cost-effective implementation but also aligns with green 
chemistry principles.

Nonetheless, certain limitations should be acknowledged. The sam
ple size, while adequate for initial findings, could be expanded in future 
studies to enhance the model’s generalizability. Additionally, the pos
sibility of misclassification due to overlapping spectral features or the 
complexity of PCC symptoms suggests the need for further refinement. 
Future work should consider expanding the spectral range, integrating 
additional machine learning algorithms to improve model accuracy and 
robustness, and integrating this approach into clinical practice to fully 
realize its potential in managing PCC.

Fig. 9. Violin plots of the distributions of number of symptoms for each patient in the Extended group divided by clinical categories. Patients in clusters 0 (CL0) and 
1 (CL1) are from the Extended group (64 new patients) and were classified according to the projection of the spectra on the first eigenvector obtained from the 
analysis of the Omics group. Median values and interquartile range are shown as white dots and black vertical lines, respectively. The Mann-Whitney U test p-value is 
shown for each category of clinical variables.
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[40] IDIS. (s.f.). Unidad de Epigenómica – Instituto de Investigación Sanitaria de 
Santiago de Compostela https://www.idisantiago.es/plataformas-de-apoyo- 
comun/biobanco/ (Accessed Nov 17, 2024).

[41] Declaration of Helsinki, Recommendations guiding medical doctors in biomedical 
research involving human subjects, Med. J. Aust. 1 (7) (1976) 206–207, https:// 
doi.org/10.5694/j.1326-5377.1976.tb140527.x.

[42] J. Reback, W. McKinney, Jbrockmendel, J. Van den Bossche, T. Augspurger, P. 
Cloud, Gfyoung, Sinhrks, A. Klein, M. Roeschke, S. Hawkins, J. Tratner, C. She, W. 
Ayd, Petersen, T.; Garcia, M.; Schendel, J.; Hayden, A.; MomIsBestFriend; 
Jancauskas, V.; Battiston, P.; Seabold, S.; chris-b1; h-vetinari; Hoyer, S.; Overmeire, 
W.; alimcmaster1; Dong, K.; Whelan, C.; Mehyar, M. Pandas-Dev/Pandas: Pandas 
1.0.3. Zenodo 2020. Available from: doi: 10.5281/zenodo.3715232.

[43] C.R. Harris, K.J. Millman, S.J. van der Walt, R. Gommers, P. Virtanen, 
D. Cournapeau, E. Wieser, J. Taylor, S. Berg, N.J. Smith, R. Kern, M. Picus, 
S. Hoyer, M.H. van Kerkwijk, M. Brett, A. Haldane, J.F. del Río, M. Wiebe, 
P. Peterson, P. Gérard-Marchant, K. Sheppard, T. Reddy, W. Weckesser, H. Abbasi, 
C. Gohlke, T.E. Oliphant, Array programming with NumPy, Nature 585 (2020) 
357–362, https://doi.org/10.1038/s41586-020-2649-2.

[44] P. Virtanen, R. Gommers, T.E. Oliphant, M. Haberland, T. Reddy, D. Cournapeau, 
E. Burovski, P. Peterson, W. Weckesser, J. Bright, S.J. van der Walt, M. Brett, 
J. Wilson, K.J. Millman, N. Mayorov, A.R.J. Nelson, E. Jones, R. Kern, E. Larson, C. 
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