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Abstract

Long COVID, a post-infectious syndrome is caracterized by multitude interconnected pathophysiological
mechanisms involving both genetic and environmental factors. Due to these complications, diagnosis
remains an area of ongoing research because of the lack of reliable and robust biological markers. The
development of biomarkers that reflect the biological mechanism(s) involved in the disease will enable
accurate diagnosis, prevent misdiagnosis and, above all, facilitate the proper design of therapeutic trials
based on these biomarkers and their modulation. We performed a multi-omics analysis of plasma
samples from 222 participants: 100 well-characterised long-COVID patients (LC), 62 individuals with
resolved-COVID (RC), and 60 uninfected controls (UC). We integrated state-of-the-art nuclear magnetic
resonance metabolomics and lipoproteomics with multiplexed assays screening immune, vascular, and
mitochondrial stress markers.

LC patients exhibited a distinct signature of persistent thrombo-inflammation and bioenergetic
alteration. We identified a systemic metabolic rewiring characterised by depleted pyruvate and lactate
levels, indicating impaired glycolytic throughput, with evidence of altered alternative compensatory
glutamine-dependent and enhanced ketone body-driven anapleurosis. The immunovascular profile
revealed chronic platelet and neutrophil activation, as well as high levels of angiogenesis and matrix
metalloproteinases, suggesting vascular damage. Furthermore, LC patients demonstrated a pro-
atherogenic lipoproteomic profile. A XGBoost machine learning model integrating these markers could
identify LC patients with 100% accuracy. Our results show that LC is defined by a breakdown in energy
metabolism and microvascular integrity. The identification of accurate multi-omics signature provides a
robust framework for objective clinical diagnosis and paves the way for targeted therapies to improve
patient care and advance precision medicine.

Introduction

Since the onset of the COVID-19 pandemic, SARS-CoV-2 is estimated to have caused at least a billion
infections worldwide. A substantial subset of infected individuals reported persistent symptoms weeks
to months after initial infection, a condition now referred to as post-acute sequelae of SARS-CoV-2
infection (PASC), or long COVID ', which affects more than 400 million individuals worldwide 2. Long
COVID is an increasingly widely recognised condition, but there is still no consensus on its precise
definition, pathophysiology, or diagnostic criteria. The World Health Organisation (WHO) defines long
COVID as symptoms that persist for at least three months post-infection >*. Conservative estimates
suggest that approximately 10% of individuals with acute COVID-19 develop long COVID °. Risk factors
include being female, age (35-50 years), high BMI, ethnicity, and pre-existing conditions such as
diabetes and asthma ©. It's a multisystem condition linked to a broad heterogenous spectrum of clinical
symptoms, including severe fatigue, exercise intolerance, neurocognitive disorders, respiratory and
cardiovascular symptoms which makes it challenging to monitor and track. In addition to the complexity
of the syndrome, the absence of specific biomarkers poses challenges for both diagnosis and effective
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curative treatment. Current care is often based on the management of symptoms rather than targeted
therapy.

A particular attention should be given to individuals with severe LC, who are affected the most with most
functional burden. Objective biomarkers that could identify this spectrum of patients should be defined
for precise stratification of those individuals facilitating the development of targeted therapeutic
strategies. In addition, the identification of the biological alterations in this group would support
personalized therapeutic approaches addressing disease mechanism rather than relying on generalized
symptomatic management for all spectrum of LC.

Several mechanisms have been put forward, but it remains unclear which are causal, correlative, or
purely incidental. However, these hypotheses pave the way for targeted research and therapeutic
strategies to improve the understanding, diagnosis and treatment of long COVID. One hypothesis
explaining the pathophysiology is SARS-CoV2 persistence suggesting incomplete viral clearance,
following the infection establishing viral reservoir in certain tissues  or the reactivation of latent viruses
such as EBV & which cause prolonged immune response and thus chronic inflammation &°. In fact, many
studies have reported persistent immune activation, linked to high levels of pro-inflammatory cytokines,
such as IL-6 and IL-8, long after viral clearance. This persistent immune activation may involve
dysregulated innate or adaptive responses and impaired regulatory immune control, with chronic
inflammation %11, Mast cells activation has also been described in some patients '2. There is also

strong evidence of platelet hyperactivation in long COVID, probably contributing to ongoing clot

formation, endothelial dysfunction and vascular complications '3,

Mitochondrial dysfunction is hypothesis is gaining momentum recently as one of the most legitimate
contributors of Long COVID evidenced by some main hallmarks that distinguish Long COVID such as
fatigue, cognitive dysfunction, muscle weakness, and exercise intolerance, through mechanisms
involving impaired mitochondrial function energetic metabolism '*. Growing body of evidence show that
Long COVID patients exhibit alteration in systemic energetic metabolism such as glycolysis and TCA
cycle as well as alterations in amino acid and fatty acid metabolism '°'®. This change in circulating
plasma markers can shape the understanding of mitochondrial and glycolytic alteration, and the
characterization of the biological processes underlying the symptoms enabling the identification of
unique metabolic signatures associated with Long COVID.

Despite these findings, no study has yet defined a unique molecular signature characterizing severe LC
allowing to distinguish them from RC. In this retrospective study, we used multiple omics approaches
combining measurement of lipoproteins, metabolites, mitokines, vascular and immunological markers to
distinguish LC patients from RC and UC. Using machine-learning, we identified a biomarker signature
that discriminate LC individuals from individuals without LC with high accuracy. The long COVID-specific
markers identified revealed an abnormal lipoprotein signature and a dysregulation of metabolic and
immune pathways, with energetic metabolism dysfunction and vascular damage. These findings provide
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new insight into the underlying pathophysiological mechanisms linked to severe LC facilitating the
development of reliable diagnostic markers and ultimately more targeted therapeutic strategies.

Results

Characteristics and symptoms of long COVID patients

The IMPP retrospective study included 222 participants: 100 long COVID (LC) patients enrolled at a
single study site (Institut Fournier), 62 individuals with resolved COVID (RC) enrolled at two study sites
(Institut Fournier and Bordeaux Hospital) and 60 pre-pandemic healthy controls from Bordeaux Hospital
(HC). The demographic variables are presented in table 1. In the LC group, 73.9% of participants were
female and median age was 45 years (35.5-52.5 years), whereas, 62.9% of RC participants and 76.7% of
HC were female and the median age in these two groups was 36.5 years (30.2-47 years) and 47 years
(36-55 years), respectively (Table 1).

The characteristics of the long COVID participants at the 1st consultation in the centre indicate a diverse
group with varying health conditions. 43.16% had an allergic or atopic background, most participants did
not have diabetes (95.79%) or hypertension (95.79%). Similarly, the majority did not have obesity history
(97.90%), asthma history (92.63%). 31.58% of participants had a personal autoimmune condition, and
20% reported a familial history of autoimmune conditions. Smoking habits varied, with 78.16% of
participants not smoking, 10.34% having stopped, and 11.49% still smoking. In terms of physical activity,
52.69% of participants identified as previously engaging in sports activities (Table 2).

At the 1st consultation for LC, clinical examinations indicated that 43.2% of LC patients had an allergic
background, 35.8% had a prior personal or familial history of autoimmunity, 4.1% had diabetes, and 3.2%
were obese (Tables 3 and 4). LC participants had a median of seven symptoms (range: 7-9 symptoms),
with fatigue and exercise intolerance predominating. Furthermore, 70.5% of LC patients were vaccinate
whereas 17.89% none vaccinated and 11.58% without vaccination history (Table 5).

We analysed the prevalence of symptoms in multiple organ systems in the LC patients(Fig. 1).
Neurological symptoms were particularly prominent, with high frequencies of neurocognition problems
(80%), attention disorder (68%) and memory loss (64%). Cardiothoracic complaints, such as dyspnoea
(66%) and tachycardia (42%), were also frequent. Gastrointestinal, mucosal/dermatological, and
musculoskeletal symptoms were less common, but were also marked in particular subgroups. This
visualization highlights the multisystem nature of long COVID, with symptoms concentrated in the
neurological and cardiothoracic domains, supporting the hypothesis of systemic dysregulation following
SARS-CoV-2 infection.

Persistent thrombo-inflammation and impaired myeloid renewal in
Long COVID patients
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Guided by our hypothesis of persistent innate immune activation in addition to endothelial and vascular
damage, we profiled a comprehensive panel of immunological and vascular markers. LC patients had
markedly high plasma concentrations of CD62P (P-selectin), a marker of platelet activation and
endothelial cell activation, in addition to PF4 (platelet factor 4), a protein released from activated
platelets; these findings are highly suggestive of platelet activation (Fig. 2A). In parallel, markers of
neutrophil degranulation (MMP-9, matrix metalloproteinase-9), MPO, and elastase were found to be
strongly overexpressed in LC patients (Fig. 2B). Strikingly, levels of growth factors crucial for granulocyte
and monocyte production, GM-CSF (granulocyte—macrophage colony-stimulating factor) and G-CSF
(granulocyte colony-stimulating factor) were low in long COVID patients (Fig. 2C), suggesting that
myeloid renewal was impaired despite evidence of peripheral activation. In addition, the high levels of
VEGF-A, associated with low levels of MMP-1 in LC patients may indicate hypoxia-initiated angiogenesis
22 (Fig. 2D). Finally, the concentrations of some cytokines were markedly high in LC patients, including.
The molecules concerned included eotaxin (CCL11), an eosinophil chemoattractant associated with
allergic inflammation, IL-15, a cytokine important for NK cell and memory CD8 T-cell survival and
activation indicating activated innate and cytotoxic T-cell immunity, and the anti-inflammatory cytokine
IL-10, suggesting a state of chronic inflammation and regulatory counterbalance (Fig. 2E, Fig. 2F, Suppl.
Figure 2). Similarly, CD163 (soluble form), a scavenger receptor expressed by monocytes or
macrophages, was found to be present at high concentrations in LC patients, supporting peripheral
myeloid cell activation. We also found low levels of IL-23, as already reported in chronic viral infections
(PMID: 21947740), suggesting that the Th17 axis is not or little involved in LC-related inflammation
(Suppl. Figure 2) (p < 0.0001 for all). The RC patients also had an immunological signature different from
that of controls. Resolved COVID was associated with higher levels of circulating IL-15 (p < 0.001), and
lower levels of EDN (p < 0.001), MPO (p < 0.01) and IL-1B (p < 0.05), suggesting that SARS-Cov2 infection
may leave an immunological scar.

Finally, levels of the cytokine-mitokine GDF15 (growth differentiation factor 15) were high in long COVID
patients. This stress-responsive cytokine is often induced by mitochondrial dysfunction, oxidative stress
and inflammation. Levels of FGF21, a hormone-like growth factor secreted by liver, muscle or adipose
tissue and frequently induced by mitochondrial stress, were also high in long COVID patients, but this
was also the case in the RC group (Fig. 2G).

We investigated whether these alterations reflected broader changes in cytokine network architecture by
analysing pairwise correlation matrices across groups. The control matrix revealed stable physiological
cytokine interactions that were largely preserved in the RC group, consistent with immunological
recovery after infection. By contrast, the LC group presented a markedly disrupted correlation structure
(Fig. 2H), indicating a breakdown of co-ordinated cytokine regulation.

Systemic glycolytic glutaminolysis blockade and compensatory lipid
metabolism in Long COVID patients
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We quantified 112 lipoprotein parameters, 41 metabolites, and 16 phenorisk biomarkers using IVDr NMR
technology, then duplicated parameters different analysis modules were discarded (Fig. 3). Anaerobic
glycolysis was affected by COVID, as shown by the lower lactic acid concentrations in individuals that
had been infected (LC and RC) relative to control group. Infected individuals show lower levels of pyruvic
acid, and this decrease was particularly marked in LC relative to RC (P < 0.0001). Pyruvic acid plays a key
role in various major metabolic pathways, including anaerobic glycolysis, aerobic glycolysis and
gluconeogenesis (Fig. 3A). Glycerol a marker that marks adipose tissue lipolysis was found in higher
levels in Long COVID reflecting a role in fatty-acid metabolism (p < 0.0007; Fig. 3B). Alterations to
markers of B-oxidation/ketogenesis were also observed in LC patients. Ketone bodies, such as 3-
hydroxybutyric acid, were present at high levels in LC patients (p < 0.0001 vs. RC; p<0.01 vs. UC), as was
acetone (p < 0.0001 vs UC). Acetic acid, a short-chain fatty acid (SCFA), was present at significantly
higher levels in LC patients than in either RC patients or UC (p < 0.0001). By contrast, acetoacetic acid
levels were significantly lower in LC patients (p < 0.0001 vs. RC; p < 0.01 vs. UC) (Fig. 3C). The high levels
of succinic acid, an intermediate linked to ketone body recycling via 3-hydroxybutyrate, in LC patients
provides additional support for the hypothesis of fatty acid as alternative mitochondrial fuel (Fig. 3D).
Alterations in the levels of citric acid levels between LC and UC reflects a perturbation in the early
intermediates of TCA cycle metabolism (Fig. 3D). Both sarcosine and N,N-dimethylglycine (DMG),
intermediates of betaine-dependent one-carbon metabolism, were present at significantly lower levels in
the LC group (Fig. 3E). LC patients, DMG displayed a positive correlation with pyruvic acid, whereas no
comparable association in control consistent with a metabolic rerouting of DMG-derived carbon to the
TCA cycle. Furthermore, the corelation between DMG and methionine shows difference, with positive
correlation in control and negative correlation in control indicating a disruption of the canonical coupling
within the one-carbon cycle (Fig. 3I).

Finally, we observed a shift in nitrogen-handling metabolites and a depletion of ornithine in LC patients
(p<0.001 vs. RC and UC) (Fig. 3F), together with higher levels of glutamic acid and lower levels of
glutamine (Fig. 3G). In UC, glutamate and ornithine levels were positively correlated, consistent with co-
ordinated glutaminolysis and urea-cycle buffering this correlation was lost in LC patients. This was
coherent with the alteration in glutamine-ornithine correlation from weak in UC to strong in LC reinforcing
glutamine depletion association with urea cycle indication glutamine catabolism (Fig. 31). A diagram of
the metabolic network and the principal metabolites (Supplementary Fig. 3A and 3B) reveal an altered
network linking the TCA cycle, glycolysis, amino-acid catabolism and betaine-dependent one-carbon
beta-oxidating and ketone bodies metabolism.

We calculated two ratios capturing different aspects of TCA cycle fuelling: the glutamate/glutamine ratio
(Glu/GlIn), reflecting glutaminolytic flux, and the glutamic acid/pyruvic acid ratio (Glu/Pyr), reflecting the
relative reliance on amino acids as opposed to glycolytic inputs. Both ratios were markedly higher in LC
patients than in the RC and UC groups (p < 0.0001) (Fig. 3H).
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Pro-atherogenic expansion of VLDL and depletion of
cardioprotective HDL characterise long COVID patients

Based on the preceding metabolic findings concerning lipid mobilization reflected in glycerol levels,
metabolism and ketone body secretion, we used IVDr NMR technology to investigate the absolute
concentrations of lipoprotein subfractions of very low-density lipoproteins (VLDL 1 to 5), low-density
lipoproteins (LDL 1 to 6), high-density lipoproteins (HDL 1 to 4), and intermediate-density lipoproteins
(IDL), and their lipid compositions in terms of cholesterol, free cholesterol, phospholipids, triglycerides,
apolipoproteins A1, A2 and B100 (ApoA1, ApoA2, ApoB, respectively) and particle numbers.

Kruskal-Wallis tests followed by followed by Dunn'’s test under FDR correction showed that almost all
VLDL subgroup subfractions were present at significantly higher levels in LC patients than in the UC
and/or RC groups. This was particularly true for lipids in the highest density VLDL, VLDL3 and VLDLA4,
together with cholesterol, phospholipids, and free cholesterol (p < 0.0001). IDL subfractions (e.g., ApoB,
cholesterol, and free cholesterol) also had markedly higher abundances in LC patients (p < 0.0001)

(Fig. 4A). LDL subfractions presented more modest alterations. Interestingly, LDL1 and LDL2 sub-
particles (including cholesterol, phospholipids, and ApoB content) were present in significantly larger
numbers in both LC patients and UC groups than in RC patients. Higher-density LDL subfractions (e.qg.,
LDL3-6) presented only inconsistent or minor differences (Fig. 4B). HDL subfractions were consistently
and significantly present at lower levels in LC patients than in UC (p < 0.001 or P < 0.0001 across HDL1-3
for cholesterol, phospholipids, and apolipoproteins). RC patients also had lower HDL levels than UC,
although these changes were less pronounced (Fig. 4C). Finally, the general lipoprotein profiles obtained
were consistent with the various lipoprotein subfractions (Fig. 4D).

Sex is known to influence circulating lipoprotein levels and thus would influence the observed
differences across the different groups. In order to assess whether there is an impact lipoprotein
analysis we performed pairwise Mann-Whitney U of lipoproteins parameter for each sex (Supplementary
Fig. 4). Male participants had higher VLDL and IDL levels in all groups, with the largest sex-related
differences observed in LC patients. HDL levels were higher in female than in male participants in all
groups, consistent with known physiological patterns. Differences were observed between the sexes,
with VLDL and LDL higher in male participants and HDL higher in female participants. VLDL IDL and LDL
levels were higher in LC patients than in the other two groups, but with no sex x group interaction for
lipoprotein levels. Thus, male LC patients had higher levels of VLDL and lower levels of HDL than female
LC patients (Supplementary Fig. 4). Moreover, two-way ANOVA revealed no significant sex x group
interaction, indicating that the differences in lipoprotein profiles between study groups were not
significantly modified by sex (Supplementary Table two-way ANOVA).

Multivariate discrimination of clinical states by dimensionality
reduction
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We first performed principal component analysis (PCA) after standardization (Z-scoring) of biomolecule
levels to reduce dimensionality, and to assess the main drivers in results heterogeneity. (Supplementary
Fig. 5- A). The first two principal components, PC1 and PC2, accounted for 21% and 16% of the variance,
respectively, and allowed to visualize two main clusters of patients, one consisting predominantly of LC
cases and the other, a mixture of UC and RC cases. A subset of RC patients clustered closely with LC
patients, suggesting that some individuals displaying clinical recovery nevertheless retained blood
biomolecular signatures resembling those of LC patients. An analysis of component loadings indicated
that lipoproteins were the primary contributors to PC1, highlighting their potential role in driving the
observed separation of the groups and the presence of particular persistent molecular alterations in
certain RC cases.

We then performed PCA on sets of variables specific to each clinical group: features unique to LC
patients (identified from the LC—Control and LC-RC comparisons), features unique to RC patients (LC—
RC and RC-UC), features unique to the UC (LC-UC and RC-UC), and features differing between all three
groups (Supplementary Fig. 6A-D). PCA based on long COVID-specific variables showed a clear
separation of LC group samples from the samples of the RC and control groups. PCA with variables
unique to the RC group also separated RC samples from those of the other two groups, albeit with a less
pronounced distinction than for the LC variables. A similar pattern was observed for the control group-
specific variables, and variables that differed between the three groups.

Since all the PCA strategies we used could only individualize two groups of patients out of three, we then
performed a supervised multivariate analysis with Orthogonal Partial Least Square- Discriminant
Analysis (OPLS-DA) (Fig. 5A), which revealed a clear separation of LC patients from RC patients and UC
along the first predictive axis indicating a covariance between the groups and the biomolecules (t,),
confirming the differences in metabolic/immunological signatures between these groups. The
orthogonal separation of RC patients and UC on the non-predictive axis (t,) suggests the existence of
residual post-infection effects or unrelated physiological variation, although these groups remained
indistinguishable in this primary global classification. The model showed a high performance with R2X:
0.586, R2Y:0.609 and Q2: 0.473 and p-CV ANOVA = 0. The loadings plot of the model (Fig. 5B) showed
that the main variables driving the separation along the predictive axis were Glu/Pyr, glutamic acid,
CD62P, eotaxin, Glu/GlIn, PF4, VACH, VEGF-A, IL-10, IDFC, acetic acid and VLPN, which were highly
abundant in LC patients. By contrast, pyruvic acid, glutamine, H3PL, H3A2, G-CSF, GM-CSF, IL-23, were
less abundant in the LC group than in the other two groups.

We characterised the group-specific differences in greater detail by performing a pairwise OPLS-DA. This
approach separated each pair of groups to be modelled across the predictive axis, thereby capturing the
differences between resolved and control groups defined on the orthogonal axis in the multigroup model
(Supplementary Fig. 7).

These findings suggest that OPLS-DA not only differentiates between individuals with and without long
COVID, but also reveals secondary patterns of variation between the RC and UC groups, potentially

Page 9/33



reflecting post-infection residuals or other physiological differences. The model identifies key
biomolecules contributing to these patterns, providing a robust framework for further validation and
biological interpretation.

Identification of unique biomarker signatures for each
clinical group

We performed unpaired Mann—Whitney U tests with FDR-Correction for three comparisons between
groups: UC vs. LC, UC vs. RC, and RC vs. LC (Fig. 6A). We found that 137 of the 197 biomolecules
analysed presented significant differences in abundance in at least one comparison. Specifically, 108
biomolecules were differentially abundant between the UC and LC groups, 85 between RC and LC, and 76
between UC and RC. Thus, more than half the biomolecules investigated were found to be dysregulated
in individuals with LC relative to UC. Notably, 76 biomolecules had different abundance in RC patients
and UC, suggesting that COVID may trigger biochemical alterations that persist even after apparent
clinical recovery. This analysis revealed a characteristic metabolic shift involving an upregulation of
glutamic acid, glycerol, 3-hydroxybutyric acid, acetone, CXCL4 (PF4), CD62P and eotaxin levels, together
with markedly lower levels of pyruvic acid, ethanol, glutamine, ornithine, threonine, sarcosine, and
acetoacetic acid in LC relative to the RC and control groups. These patterns suggest a global switch
from carbohydrate to lipid metabolism, accompanied by enhanced fatty-acid oxidation and ketogenesis.
The high levels of 3-hydroxybutyric acid and acetone, coupled with low levels of acetoacetate, point to a
high mitochondrial NADH/NAD* ratio, favouring reductive flux. The depletion of glucogenic amino acids
(glutamine, threonine) and urea cycle intermediates (ornithine, sarcosine) provides further support for
the existence of a catabolic state, possibly driven by nutrient stress or mitochondrial dysfunction. The
concomitant increase in glutamic acid and chemokine levels indicates a redox imbalance linked to
inflammatory activation. These changes collectively reflect a hypometabolic and proketogenic plasma
phenotype consistent with chronic inflammation, post-viral metabolic reprogramming, or persistent
immune dysregulation, as observed in LC patients.

Pairwise Mann-Whitney U tests with FDR correction were performed to assess the significance of
differences between groups (p < 0.05) (Fig. 6B, on the right); the intersections represent the features
shared between groups in the comparisons. The biomolecules shown in blue are of particular interest for
biomarker, as they display fold-change differential in abundance between LC and UC and between LC and
RC while no significance between RC and UC. This pattern highlights biomolecules specific to LC
phenotype thus represent the candidate biomarker profile we are seeking for further validation (45
biomolecules). The green group consists of biomolecules with fold-change differences in abundance
between LC and UC and between RC and UC while showing no difference between LC and RC. This
pattern indicates that these biomolecules remain altered following the infection suggesting persistence
of molecular fingerprint compared to prior infection (36 biomolecules). Since these alterations are
shared only between LC and RC, they can't be used to discriminate LC, but can represent makers that
shows previous infection with persistent post-infection alterations. The group shown in cyan
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corresponds to variables displaying fold-change differences in abundance between LC and RC and
between RC and UC. These biomolecular patterns specifically correspond to a resolved state rather than
LC and recovery. Theoretically, they may correspond to compensatory mechanisms leading to successful
recovery, but since it's a cross-sectional study, there is no possibility to determine if these alterations are
a consequence of recovery (17 variables). The final group, shown in red, corresponds to the variables
displaying fold-change differences in abundance between all groups. These markers appear to display a
partial normalisation, with a trend towards a recovery of control levels without fully returning to baseline
levels, consistent with ongoing biological adjustment during the resolution phase (18 biomolecules).
(Fig. 6B).

High-accuracy diagnostic classification via multi-omics integration

To validate the biomolecules as specific biomarkers for Long COVID we calculated the area under the
receiver operating characteristic curve (ROC AUC), to validate the ability of these variables to
differentiate between LC patients and the other groups. The top biomarkers for separating LC from UC
were Glu/Pyr, Glu/GIn, glutamic acid, pyruvic acid, CD62P, eotaxin, VEGF, PF4 and acetic acid (Fig. 7-A).
We calculated the ROC AUC for differentiation between LC and RC patients. This analysis identified the
same best biomarkers, together with L1FC and MPO (Suppl. Figure 7-A). We also calculated the ROC
AUC for the comparison between RC and UC (Suppl. Figure 7-B). As expected, we identified the same
biomolecules at the extremities of the OPLS-DA orthogonal axis separating the RC and control groups
(Fig. 5-A).

To assess whether the variables could discriminate between LC, RC and UC, we performed several
supervised machine learning models were evaluated using 5-fold cross validation (Suppl. Figure 8).
Overall, XGBoost followed by Random Forest showed the strongest classification performance across
the different metrics. This was further validated using multiclass ROC curve analysis, showing XGBoost
with highest macro average AUC (0.970) followed by Random Forest macro average AUC (0.943). The
resting models showed lower discriminatory performance. Together these results show that the
biomolecules that we found have a strong discriminatory power that must be further investigated.

We utilized XGboost as our machine learning model to validate the best performing markers found in the
ROC curve analysis. In the three-model group the 99/100 of LC participants were correctly classified
whereas one was miss classified as RC. Interestingly 50/60 of UC were correctly classified, and 51/62 pf
RC patients were correctly classified. Feature-importance analysis showed the highest-ranking
predictors encompassed variables with distinct patterns across the three groups most importantly LC-
specific variables (CD62P, glutamic acid, H3A2 and IDAB), variables carrying difference across all groups
(Glu/Pyr, pyruvic acid, and MPO), UC-specific variables (TPA1) and RC specific variables (L1PL), so rather
than concentrating on single biomarker groups, the model associated different biomarker groups for
optimal classification (Fig. 7-B). On the other hand, misclassification occured between LC and UC
between in the bi-classification model. Feature importance showed that all top variables belonged to the

markers with LC-specific distinct pattern (Fig. 7-C). The same analyses were independently performed
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using Random Forest, and showed comparable classification and feature-importance patterns (Suppl
Fig. 8-B; C)

Discussion

In this study, we provide an extensive multi-omics characterization of long COVID, integrating NMR-
metabolomics, lipoproteomics, immune and vascular profiling. Our main finding is the identification of
highly specific biological signature that distinguished long COVID patients from both resolved COVID
(RC) and uninfected controls (UC) with an accuracy of 100%. This signature encompasses features
indicative of a systemic bioenergetic crisis, a pro-atherogenic lipid remodeling, and an inflammatory
endotheliopathy. Interestingly, we demonstrate that even clinically recovered patients retain an
“immunological scar”, characterized by metabolic and cytokine alterations compared to pre-pandemic
controls.

One of the most striking features in our LC cohort is the profound deficit in glycolytic intermediates,
specifically pyruvic and lactic acids. This suggests a systemic impairment in glycolytic throughput or an
inhibition of the entry of pyruvate into the tricarboxylic acid (TCA) cycle. While acute SARS-Cov2
infection is often characterized by shift toward anaerobic glycolysis to support rapid immune activation,
our data suggests that the chronic phase is defined by a paradoxical hypometabolic state. The main
compensatory pathways operating under conditions of low glycolytic flux are glutamine-driven
anaplerosis, fatty-acid oxidation, and lipolysis (with glycerol as a marker of triglyceride breakdown) 3.
Accordingly, we observed a marked elevation of the Glu/GIn ration in LC patients, suggesting a metabolic
adaptation through alternative anaplerotic pathways to sustain the TCA cycle activity. Additionally, long
COVID patients also displayed high concentrations of 3-hydroxybutyric acid, acetone, and acetic acid.
These shifts suggest an upregulation of B-oxidation to compensate for impaired glycolytic flux, leading
to an increase in ketogenesis in the liver 24. This metabolic flexibility, commonly seen in proliferative and
metabolically stressed cells, such as cancer cells, reflects a broader principle of nutrient compensation
25 0ur findings suggest that a similar metabolic rewiring occur in long COVID, preserving basic cellular
survival but likely failing to sustain the energy demand required for normal physical activity. Given the
brain's unique dependence on glucose — accounting for ~ 20% of total body glucose consumption 2 —
such adaptations could provide a biological explanation for the debilitating fatigue and brain fog
reported by 80% of our patients. Furthermore, the reduction in sarcosine and DMG, together with altered
correlation between DMG, pyruvate, and methionine, suggests a disruption of betaine-dependent one-
carbon metabolism in Long COVID. These changes could reflect altered flux through pathways
connecting betaine metabolism with the folate and methionine cycles or changes in mitochondrial
utilization of DMG- and sarcosine-derived carbon. The association between DMG and pyruvate in LC may
therefore indicate altered coordination between one-carbon and central energy metabolism.

Altogether, our findings support the hypothesis of a catabolic state characterised by high levels of fatty-

acid mobilisation and ketogenesis and disruption of the Krebs cycle, mitochondrial flux, amino-acid

metabolism, urea cycle and methylation pathways. The body burns fat from lipolysis, releasing large
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amounts of glycerol and fatty acids, which fuel B-oxidation and generate large amounts of acetyl-CoA.
The Krebs cycle in LC patients does not process carbon normally, resulting in an accumulation of
succinate and low levels of glycolytic intermediates (pyruvate, lactate, citrate) (Fig. 3A and 3B). LC
patients also display a shift to ketone-body production (high levels of 3-HB and acetone). They have a
low glutamine/high glutamate profile, suggesting glutaminolysis (in which glutamine is consumed to fuel
the Krebs cycle) 27 ,and low levels of ornithine and methylation metabolites (such as sarcosine and NN-
dimethylglycine), indicating disruption of the urea cycle and carbon/methylation metabolism via the
folate cycle. Folate mediates this one-carbon metabolism and provides methyl groups for DNA

methylation, with potential effects on transcription.

Furthermore, the elevation of mitokines GDF15 and FGF21 (recently characterized as endogenous stress
sentinels) in LC is suggestive of unresolved mitochondrial stress. GDF-15 is present at high levels in
COVID-19 patients and is correlated with disease severity, including poor respiratory function, ICU
admission, and mortality 282°. Impairment of mitochondria could be reinforcing the bioenergetic failure
and perpetuating a vicious cycle that would account for the persistence of symptoms. This finding is
consistent with the cerebral hypometabolism observed on FDG-PET imaging in long COVID patients C.

Our deep lipidomic profiling revealed a distinctive proatherogenic state in LC patients, characterized by
increase in cholesterol/free cholesterol, triglycerides, phospholipids and VLDL and a decrease in
protective HDL in long COVID patients. This disruption of lipid transportation balance leads to an
increase in lipid transport to the tissues and decreases in reverse lipid transport back to the liver,
facilitating plaque formation.

In line with this finding, we found high levels of the angiogenic factor VEGF-A, that is known to increase
in hyperlipidaemic individuals with early stages of atherosclerosis, in response to deterioration of the

artery wall 37. Additionally, we found elevated levels of CD62P and PF4, markers of chronic platelet
activation and degranulation. Both CD62P and PF4 are involved in platelet activation and thrombo-

inflammatory processes and are present at high levels in patients with COVID-19 and long COVID3233 33~

35 These molecules facilitate the formation of microclots that may obstruct capillaries and impair
oxygen delivery to distal tissues. Lastly, we observed high levels of metalloprotease MMP-9, that are also

observed at early stages of atherosclerosis and correlates with artery plaque size 3. These findings
reinforce the hypothesis that long COVID is primarily a microcirculatory disease with maladaptive
angiogenic response to hypoxia.

VEGF-A is a critical regulator of vascular integrity and angiogenesis, playing a significant role in the
endothelial dysfunction observed in COVID-19 3738 High VEGF-A levels are associated with severe

disease and are correlated with markers of alveolar epithelial injury and neutrophil activation 38. VEGF-A
levels are influenced by hypoxia and inflammation, which are hallmarks of COVID-19 pathophysiology

394041 An increase in VEGF-A levels in long COVID has been linked to vasculoproliferative processes,
hypoxia, and systemic inflammation, contributing to organ-specific dysfunctions, such as
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cardiometabolic and neurological problems #2744 While VEGF-A is essential for vascular repair, its
chronic elevation can increase blood-brain barrier permeability, facilitation the infiltration of pro-
inflammatory cytokines into the central nervous system. One the cytokines we found elevated in LC

45,46

patients was CCL11 (or eotaxin). CCL11 was found elevated in active SARS-Cov2 infection and in

one study in long COVID patients where it was significantly associated with depression, suggesting a
potential link between CCL11 and neuropsychiatric symptoms in this condition*’. Serum and
cerebrospinal fluid samples from patients with neuroinflammatory disorders, such as multiple sclerosis,
HTLV-1-associated myelopathy and neuromyelitis optica, also contain high levels of CCL11 #84% The
secretion of this chemokine into plasma and cerebrospinal fluid leads to an inhibition of neurogenesis in
the central nervous system, resulting in memory impairment °°, and providing a possible mechanism for
neurological symptoms in LC.

A novel finding in our study is the “myeloid paradox”: while LC patients exhibit elevated levels of
neutrophil degranulation markers (MPO, MMP9; elastase), they also have diminished levels of GM-CSF
and G-CSF. Persistent myeloid activation in LC could lead to ongoing systemic inflammation, tissue
damage and immuno-thrombosis phenomena. In acute COVID-19, neutrophil markers are elevated and
correlate with severity °'. However, high GM-CSF levels are also elevated and an important driver of
inflammation and severity. In contrast, the relatively low levels we observe in long COVID suggest bone
marrow exhaustion and/or a transition to localized, tissue-based inflammation. Since GM-CSF is crucial
for the metabolic capacity of alveolar macrophages, its relative deficiency may also explain impaired
resolution of pulmonary inflammation.

Finally, the ability of XGboost model to identify long COVID with 100% accuracy is a significant step
toward a standardize diagnostic test. Current clinical practice relies on exclusionary diagnosis, which
often leads to delayed treatment. A biological score based on these markers in addition to precise
clinical diagnosis would allow for early identification of LC patients and stratified treatment, moving the
field toward precision medicine.

Concerning our cross-sectional study, to avoid a site effect on the analysis of the CR group, whose
patients came from two sites, we compared the variables obtained from our studies between the two
sites in the CR group, and then between the two other groups, LC and UC. No significant changes were
observed in the variables. The replication of these results in other cohorts is, therefore, required before
the development of these biomarkers for use at a larger scale. We are also considering replicating this
study in a group of patients with other causes of post-infections syndromes as for myalgic
encephalomyelitis (ME) or chronic fatigue syndrome (CFS), to determine whether the set of biomarkers
defining this signature is specific for long COVID, or also applies to other post-infection syndromes or
ME/CFS.

Strengths and limitations
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The strengths of this study include the use of a well-characterized cohorts, the inclusion of a “resolved
COVID” group to differentiate between post-viral recovery and true LC, the multi-omics approach and the
use of standardized state of the art IVDr-NMR protocols ensuring high reproducibility. This is the first
time that a set of biomarkers has been identified for LC based on a variable algorithm with such high
specificity and sensitivity with respect to RC patients and UC. This may reflect the very strict inclusion
criteria used for the LC group: all patients have received a physician-confirmed diagnosis of LC, with
symptoms including excessive fatigue and at least two other symptoms. All alternative diagnoses and
metabolic disorders had to have been ruled out. The combination of markers of both metabolic and
immunological dysfunction provided broad coverage of the multiple dysfunctions described in LC.

However, this study also had several limitations. The sample size, while sufficient for high-accuracy
machine learning, is moderate for detailed symptom-correlation sub-analysis. Furthermore, the cohort
mostly consist of severe cases referred to a specialist centre which may not reflect the full spectrum of
LC patients. Additionally, the cross-sectional nature of the study precludes definite conclusions on the
causes of long covid, though the correlations between specific pathways are robust.

Conclusions

Through an integrated immune and metabolic analysis, we show that LC is a multi-system disorder
driven by a breakdown un energy metabolism and vascular integrity. These biomarkers may improve the
diagnosis of LC, facilitating earlier and more appropriate clinical management while reducing diagnostic
uncertainty. Importantly, they also offer insight into disease mechanisms and could help to guide the
development of targeted therapies in a context of precision medicine.

The persistence of a particular immune and metabolic signature in patients with RC suggest that SARS-
Cov2 has a lasting impact on human physiology. It remains unknown how long this signature persists
and whether these patients will eventually progress to long COVID.

By identifying a specific and accurate LC signature, we move closer to a precision medicine approach
where patients can be diagnosed objectively and treated based on their specific metabolic and
inflammatory disorders. Further research should focus on longitudinal validation of these biomarkers
and their response to targeted therapeutic interventions.

Methods
Study design

We conducted a retrospective cross-sectional cohorts called “IMPP retrospective study”, to identify
biological signatures for LC. The study included individuals with long COVID (LC) (n = 100), individuals
recovered from COVID-19 without persistent symptoms resolved COVID (RC) (n = 62) and uninfected pre-
pandemic healthy controls (UC) (n = 60). We have used existing available data and ensured that each
group had an appropriate and consistent number of participants to allow for comparisons.
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The LC group participants and 22 RC participants were selected from PERCICOR, a dedicated
observational cohort of patients attending a health centre for long COVID and has previously been
described 7. The UC and remaining RC populations were recruited from the COLCOV19-BX prospective
observational cohort study. This cohort study was conducted from April 2020 to June 2021
(NCT04332016) '8

The LC patients were adults aged 18—-55 years, with no metabolic disease before COVID and symptoms
progressing for more than two months after a first documented SARS-CoV-2 infection (PCR or detection
of antigens in the blood), including unusual fatigue and at least two symptoms from the following list:
neurocognitive and neurological, cardiothoracic, digestive, musculoskeletal, ENT, ophthalmological or
cutaneous symptoms, not attributable to any other alternative diagnosis.

The RC patients were adults aged 18-55 years, without metabolic disease before COVID (diabetes,
obesity) or under any of metabolism influencing medication and with a history of resolved documented
SARS-CoV-2 infection (PCR or detection of antigens in the blood).

The individuals in the UC group were all adults aged 18-55 years with no history of SARS-CoV-2 infection
and negative serological tests for the nucleoprotein of SARS-CoV-2.

Vaccination against SARS-CoV-2 was authorised in all groups, provided that vaccination did not occur in
the two months preceding sampling.

Ethics approval for the whole IMPP retrospective study was obtained from the Institutional Review Board
for Infectious Diseases IRB no. 000116242 on March 13, 2023 (No. 2023-0110-2).

Plasma Preparation
Hospital CHU de Bordeaux :

Samples were transferred to the BRC within an hour for centrifugation at 25009 for 10 minutes at room
temperature. EDTA plasma samples were aliquoted into cryotubes and immediately stored at-80°C for
long-term preservation.

Fournier Institute:

Upon receipt, samples were centrifuged at 2500g for 10 minutes, after which the plasma was aliquoted
and frozen at -80°C. Long COVID samples were retained after histamine assay.

All samples were later transported to the NeuroDiderot Institute at Hospital Robert Debre on dry ice and
stored at -80°C.

IVDr NMR analysis

Sample preparation
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Samples were performed according to the In Vitro Diagnosis for Research only (IVDr) NMR system with
Bruker-validated SOPs (standard operating procedures) as described in detail elsewhere '°.In total, 120
biobanked plasma samples were thawed at room temperature for 30 min. We added 350 pL Bruker
Plasma Buffer and 350 pL plasma to a 1.5 mL Eppendorf tube, with gentle shaking. We then transferred
600 pL of the mixture to a 5 mm NMR tube for measurement.

Spectral acquisition and quantification by TH NMR
spectroscopy

In total, all EDTA-plasma samples were analysed on a 600 MHz IVDr NMR system (Bruker NEO console)
operating with a 5 mm double-resonance (BBI) probe, at room temperature, with z-gradients at 310 K.
Standard nuclear Overhauser spectroscopy (1D-NOESY) was used for metabolomics, with four-minute
runs wto quantify 38 polar metabolites and 112 lipoproteins by automated Bruker IVDr quantification of
small-molecule metabolites (B.I. QUANT-PS™) and Bruker IVDr Lipoprotein Subclass Analysis (B.I.LISA™),
respectively (1). A combined diffusional and relaxation editing (DIRE) NMR experiment was performed to
quantify composite signals by Bruker IVDr Methods (B.I.PHENORISK™) for groups of glycoproteins and
phospholipids, which may indicate inflammation and cardiovascular disease risk, and for a new NMR
biomarker called supramolecular phospholipid composite (SPC). With the use of these SOPs, NMR
metabolomics has been shown to provide highly reproducible data 2%?’. The MetaboParis-Santé
platform is a standardized platform for diagnostic research testing, with all quality control measures
already in place and protocol fully validated. SOPs were applied as routinely done for NMR IVDr analysis
which include real blood quality controls before and during cohort analysis. Moreover, IVDr NMR is also
known to be one of the most relevant techniques to control quality of biobanks (Bruker
B.l.BioBankTool™). Recently, it has been discovered that NMR could detect preanalytical issues in
cohorts (REF Oct. 2025 https://pmc.ncbi.nim.nih.gov/articles/PMC11670813/) which were not detected
by Mass Spectrometry. In this study we don’t detect any problems of quality of samples by NMR
indicating that rigorous collection and storage and transportation processes were applied. From this
perspective, there will be no artefactual results in our studies. Regarding the freezing of samples, all
samples at both sites were prepared and frozen directly. Furthermore, in our studies, we used plasma
samples that had never been thawed beforehand to ensure accuracy and avoid artifacts.

Soluble immune, inflammation and mitochondrial markers

Concentrations of angiopoietin, VEGF, CD163, CD62P, eotaxin, G-CSF, GM-CSF, IL-23, MMP-1, MMP-9, and
MPO were determined with a custom Procartaplex Luminex kit (Life Technologies SAS, Courtaboeuf,
France). Concentrations of PF-4, IL-15, and IL-10 were determined by electrochemiluminescence
(Mesoscale Diagnostics, Rockville, USA). Standard ELISA was performed to determine the levels of
neutrophil elastase (Life Technologies SAS, Courtaboeuf, France), GDF15 and FGF21 (Quantikine, R&D
Systems, Minneapolis, USA). All kits were used on EDTA-anticoagulated plasma samples, according to
the manufacturer’s instructions.

Data preprocessing
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We quantified 189 biomolecules in plasma samples from 222 individuals: 60 uninfected, 62 RC, and 100
LC samples. We obtained very few non-zero measurements for D-galactose, choline, and these
metabolites were, therefore, excluded from downstream analyses. The resulting profiles of 197
biomolecules and ratios in 222 samples were used for all subsequent analyses.

Univariate analysis

The data did not follow a normal distribution. We therefore used non-parametric statistical tests
throughout. Differences between the three groups (LC, RC, UC) were evaluated in Kruskal-Wallis tests,
followed by Dunn’s post hoc test with False Descovery Rate (FDR) for pairwise comparisons. These
analyses were performed in Python (SciPy and scikit-posthocs libraries). We considered FDR corrected
p-values < 0.05 to be statistically significant.

PCA and OPLS-DA

Principal component analysis (PCA) was performed for exploratory data analysis with the scikit-learn
library in Python. The data were first centred on the mean and scaled to unit variance (z-score
normalization). PCA score plots were used to visualise clustering patterns and variance distribution
across groups.

Orthogonal partial least squares discriminant analysis (OPLS-DA) was performed with SIMCA 18
(Sartorius Stedim Biotech). Data were first subjected to log,y transformation to decrease skewness,
followed by unit variance scaling. Model performance was evaluated with R2X (explained variance of
predictors), R?Y (explained variance of response), and Q2 (predictive ability) obtained through cross-
validation. Model robustness was further assessed by CV-ANOVA testing.

Differential analysis of biomolecules between groups

Differences in biomolecule levels were assessed between the following pairs of groups: UC vs. LC, UC
vs. RC, and RC vs. LC. The statistical significance of differences was evaluated in unpaired Mann-
Whitney U tests. Effect sizes were quantified as log, fold-change differences between groups. We
considered FDR corrected p-values < 0.05 to be statistically significant.

ROC curve analysis

Receiver operating characteristic (ROC) curve analysis was performed to evaluate the diagnostic
performance of individual biomarkers. ROC curves were generated with the scikit-learn library in Python.
The area under the curve (AUC) was calculated for each variable, to assess its ability to distinguish

between groups. Optimal cut-off values were determined with the formula distance=Sqrt((FPR)?+(1 -
TPR)?).

Machine Learning
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Serval machine learning models were used to assess the predictive power of the biomarkers identified
and to classify samples as LC, RC or control. The models were developed with the scikit-learn library in
Python. Model training and evaluation were performed using stratified five-fold cross-validation to
preserve the distribution of the three study groups across folds. The models included a Random Forest
classifier with 500 trees and a fixed random seed of 48; an XGBoost classifier with a multiclass
probabilistic objective (multi:softprob), three classes, multiclass logarithmic loss as the evaluation
metric (mlogloss), 300 boosting trees, a maximum tree depth of 4, a learning rate of 0.05, and
subsampling of 80% of samples and features for each tree; a support vector machine (SVM) with a fixed
random seed of 42; Gaussian, multinomial, and Bernoulli naive Bayes classifiers; and a logistic
regression classifier using the L-BFGS solver and a fixed random seed of 42. The XGBoost and logistic
regression models used a fixed random seed of 42 to support reproducibility. To reduce overfitting and
improve model generalizability, 80% of the training samples (subsample = 0.80) and 80% of the features
(colsample_bytree = 0.80) were sampled for the construction of each tree. Model performance was
evaluated using accuracy, precision, recall, macro-averaged F1-score, balanced accuracy, Matthews
correlation coefficient (MCC), and area under the receiver operating characteristic curve (AUC).
Probabilistic predictions were additionally evaluated using Brier score loss and multiclass log loss. The
main model used for data classification was XGBoost as it builds sequential trees with each tree
focusing on the errors made by the preceding trees. This iterative process improves classification
performance and reduces models errors. But to assess if the performance was based on the sequential
correction process, we ran Random Forest model used as a benchmark because its trees are built
independently and it doesn’t overcorrect, reducing the risk of overfitting.
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Symptom prevalence across multiple organ systems in a cohort of long COVID patients

Analysis of the prevalence of symptoms across multiple organ systems in a cohort of long COVID patients,
visualized as a binary heatmap followed by hierarchical clustering.
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Distribution of concentrations for the top significant activation markers and mitokines

The panels show variables associated with: platelet activity (A), neutrophil extracellular degranulation (B),
granulocyte and monocyte growth factors (C), angiogenesis and endothelial remodeling, vascular
permeabilization (D), eosinophil activation (E), immune regulation (F), and mitochondrial stress (G). The
significance of differences between groups was assessed with FDR adjusted Dunn's post hoc test p-value.
**E% p < 0.0001, *** p < 0.001, *, p<0.07,and * p < 0.05. (H) Spearman correlation matrices for the various
cytokines in control individuals (left), LC patients (middle) and resolved COVID patients (right).
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Figure 3

Distribution of concentrations for the most significant metabolites

The panels show metabolites associated with: glycolysis (A), glycerol (B), ketone bodies and their
associated metabolites (C), TCA cycle metabolites (D), choline intermediate metabolites (E), ornithine (F),
amino acids (G), and metabolic ratios (H). The significance of differences between groups was assessed
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with FDR- adjusted Dunn's post hoc test p-value. Significance levels are indicated as: **** for p < 0.0001, ***
for p < 0.001, ** for p < 0.01, and * for p < 0.05, and Spearman correlation matrices for metabolites in the

various groups (1).

—— Control
- Long COVID
—— Resolved

Kruskal-Wallis FDR p-value (log scale)

2.0

1.8

1.6

1.4

-
N

-
o
Fold Change

0.8

0.6

Correlation Matrix of Long COVID
iip | wi

ﬂ.i' ”"

Spearman correlation

Figure 4

Distribution of concentrations for the most significant lipoproteins
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Radar plots of Z-score for lipoprotein subfractions: cholesterol (CH), phospholipid (PL), free cholesterol
(FC), triglycerides (TG), particle number (PN), ApoB100 (AB), ApoAT (A1), and ApoA2 (A2). Very low-density
lipoproteins (VLDL) (A), low-density lipoproteins (LDL) (B), high-density lipoproteins (HDL) (C), and total
lipoprotein subfractions including VLDL, intermediate-density lipoprotein (IDL), LDL, and HDL (D). Each radar
plot includes four concentric rings: innermost ring: FDR-adjusted Kruskal-Wallis p-values, second ring: long
COVID / control fold-change difference, third ring: long COVID / resolved COVID fold-change difference,
outermost ring: Resolved COVID / control fold-change difference. Spearman correlation matrices for control
individuals (left), long COVID (LC, middle), resolved COVID (right) (E).
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Figure 5

Orthogonal partial least squares discriminant analysis (OPLS-DA) illustrating the separation of sample
groups and associated biomolecular covariates.

Page 29/33



OPLS-DA scores plot showing the distribution of long COVID (LC), resolved COVID (RC), and control (C)
samples based on their covariance with biomolecules along the predictive (horizontal) and orthogonal

(vertical) components, with an R?X of 0.586, R?Y of 0.609 and Q? of 0.473, and cross-validated analysis of
variance (CV-ANOVA) with p<107'®(A). Corresponding loading plot indicating the biomolecules contributing
to group separation along the predictive and orthogonal axes (B).
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Volcano plots showing the differential abundance of biomolecules between long COVID and control, long
COVID and resolved COVID and resolved COVID and control (from left to right).

Biomolecules with an absolute log, fold change greater than 0.5 and a FDR- adjusted Mann Whitney p-value
less than 0.05 are annotated in each plot (A). Heatmap of biomolecules with differential abundances
between the LC, RC and control groups. The heatmap shows the 135 biomolecules significantly different
with FDR-adjusted Kruskal-Wallis (P<0.05) displaying differential abundance in at least one of three
comparisons: LC vs. C, LC vs. RC or RC vs. C, based on Log, fold change. The resulting Venn diagram (on
the right) shows seven biomolecular groups, with counts displayed in different colors. The samples from
each sample group color-coded at the top of the column were clustered hierarchically and the biomolecules
associated to their biomolecular groups were clustered in the heatmap and indicated by their corresponding
color code in row sidebars (B).
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Figure 7

Receiver-operating characteristic curve (ROC) for biomolecules with the greatest area under the curve
(AUC) for LC vs. control comparisons.

The figure on the left shows the AUC ROC curve with the cutoff closest to the top left corner, the figure on
the right shows the box plot with a Mann Whitney test identifying the optimal cutoff from the ROC AUC (A).
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XGBoost Classifier Feature importance (left) and confusion matrix (right) for the three groups (B) and for
LC and UC (C).
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