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ABSTRACT 32 

Introduction The coronavirus disease 2019 (COVID-19) pandemic has challenged health 33 

care systems worldwide, in certain areas exceeding hospital capacities and human resources. 34 

This has underscored the importance of having better tools to predict the outcome of 35 

potentially severe respiratory infections such as SARS-CoV-2. Predicting COVID-19 severity 36 

may allow physicians to better manage ICU beds and increase the chances of patient survival 37 

through appropriate management. During the toughest months of the pandemic, most 38 

physicians tried to identify patients that might develop severe forms based primarily on 39 

clinical features on admission (e.g., BMI, age). In this context, significant research has 40 

focused on identifying comorbidities, clinical manifestations, and routine blood biomarkers to 41 

predict disease severity. However, despite the demonstrated value of untargeted metabolomics 42 

in assessing severity, limited data exist on its use for identifying novel metabolite biomarkers 43 

that could improve both the sensitivity and specificity of outcome prediction. Our goal is to 44 

identify metabolite biomarkers that could enhance the predictive accuracy of standard medical 45 

biology data and clinical parameters. 46 

Methods and analysis This is a retrospective, observational, monocentric cohort study 47 

conducted at the Centre Hospitalier Universitaire Grenoble Alpes (CHUGA). The maximum 48 

number of eligible patients admitted for PCR-confirmed COVID-19 between March and 49 

December 2020 will be included. Severity outcome is defined using the WHO 10-category 50 

ordinal scale (mild: categories 4–5; severe: >5). Blood samples were collected within 48 51 

hours of admission and analyzed for 62 routine blood tests and untargeted multiplatform LC-52 

MS/MS metabolomics across four national platforms. Statistical analysis will include logistic 53 

regression with variable selection for the primary aim, and multi-block chemometric 54 

integration of clinical, biological, and metabolomics data as a secondary aim. 55 

Ethics and dissemination A study steering committee has been formed to ensure the 56 

accuracy of the collected data by thoroughly reviewing it prior to the data lock. All aspects of 57 

the study comply with ethical standards, including approval by the CHUGA institutional 58 

review board and adherence to CNIL Reference Methodology MR004 for the protection of 59 

participants' rights, privacy, and confidentiality. This study is registered on the French Health 60 

Data Hub (number F20210218154851). Results will be disseminated through peer-reviewed 61 

publications, presentations at national and international scientific and clinical conferences, 62 

and reports shared with key healthcare system stakeholders. 63 

Keywords: Metabolomics; COVID-19; prognostic biomarkers; severity prediction; SARS-64 

CoV-2; biostatistics 65 

Word count: 1813 words 66 

 67 

ARTICLE SUMMARY 68 

Strengths and limitations of this study 69 

• Blood samples were collected within 48 hours of admission and before any severe 70 

symptom onset, aliquoted within 4 hours of collection and stored at −80°C, ensuring 71 

high pre-analytical quality. 72 
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• This study uses a multiplatform untargeted LC-MS/MS metabolomics approach across 73 

four complementary analytical platforms (CEA Saclay, INRAE Clermont, MetaToul, 74 

GEMELI), providing broad metabolome coverage. 75 

• The integration of three heterogeneous data blocks (Metabolome, Biologicome, 76 

Clinicome) via multi-block chemometrics enables a systems-level view of COVID-19 77 

severity. 78 

• The sample size is limited by the complexity and cost of metabolomics analyses, and 79 

no formal sample size calculation was performed; findings should be considered 80 

exploratory and hypothesis-generating. 81 

• As a monocentric, retrospective study conducted during a single epidemic wave 82 

(March–December 2020), generalizability may be limited by incomplete data across 83 

some routine blood tests and by differences in settings, subsequent variants, or treated 84 

populations. 85 

INTRODUCTION 86 

The COVID-19 pandemic profoundly disrupted hospital operations, placing physicians 87 

worldwide in unprecedented circumstances. Patient stratification for those hospitalized with 88 

COVID-19 can be accomplished through clinical characteristics, ¹·² clinical symptomatology, 89 

³ and routine blood biomarkers analyzed in medical biology laboratories. � However, the 90 

ability to predict disease severity using such data has proven to lack both specificity and 91 

sensitivity. This underscores the importance of ongoing research to identify more effective 92 

biomarkers for predicting disease progression. 93 

At the Centre Hospitalier Universitaire Grenoble Alpes (CHUGA) in March 2020, when 94 

admitting patients without severe symptoms, predictions were primarily based on clinical 95 

features and emerging evidence from the literature, including age, sex, comorbidities (e.g., 96 

arterial hypertension, body mass index (BMI)¹), and clinical symptoms.³ Nevertheless, due to 97 

the lack of sensitivity and specificity of these factors, an important "grey area" remains: 98 

physically fit and relatively young patients without known pre-existing conditions may 99 

develop severe COVID-19. Validated prognostic biomarkers include C-reactive protein 100 

(CRP) and IL-6,� as well as platelet count, N-terminal prohormone of brain natriuretic 101 

peptide (NT-proBNP), troponin I, lactate dehydrogenase (LDH), aspartate transaminase 102 

(AST), alanine transaminase (ALT), albumin, creatinine, urea, creatine kinase (CK), and 103 

white blood cell count (WBC).��¹� However, the prognostic value of several other 104 

parameters remains insufficiently established, including agranular neutrophils (AGRAN), 105 

hemoglobin, red blood cell count, cholesterol, triglycerides, high-density lipoprotein (HDL), 106 

alkaline phosphatase (ALP), sodium, potassium, chloride, pH, red cell distribution width, 107 

gamma-glutamyl transferase (GGT), mean corpuscular hemoglobin concentration (MCHC), 108 

calcitriol (25-OHD), and total proteins. 109 

Untargeted metabolomics offers significant advantages for biomarker discovery. It enables a 110 

comprehensive, hypothesis-free analysis of all metabolites detectable in biological samples, ¹¹ 111 

making it well suited for identifying novel markers not captured by targeted methods. To date, 112 

untargeted metabolomics has been used primarily to study metabolic perturbations induced by 113 

SARS-CoV-2 infection, ¹²�¹� or to explore biomarkers of COVID-19 severity, ¹� with 114 

promising but preliminary results. Adding metabolite biomarkers identified by untargeted 115 
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metabolomics to standard prognostic tests has the potential to improve accuracy, sensitivity, 116 

and specificity, and to reveal specific metabolic pathways involved in the response to 117 

infection. 118 

This project is one of the few to combine prognostic biomarker discovery via untargeted 119 

metabolomics with routine blood test data in hospitalized COVID-19 patients and aims to 120 

provide a methodology adaptable to future emerging infectious diseases. 121 

METHODS AND ANALYSIS 122 

Study design and aims 123 

BIOMARCOVID is a monocentric, retrospective cohort study of patients hospitalized for 124 

COVID-19 at CHUGA. The primary aim is to build a logistic regression model integrating 125 

clinical and biochemical parameters collected at hospitalization to predict disease severity 126 

outcome. Secondary aims are: (1) to identify differential metabolites and metabolic pathways 127 

between mild and severe outcomes using untargeted metabolomics; and (2) to perform an 128 

integrated multi-block analysis combining metabolomics, routine blood test, and clinical data. 129 

A biobank of clinical, biological, and metabolomic data will be constituted to support future 130 

sub-studies. 131 

Participants 132 

Eligible participants must meet all inclusion criteria (Figure 1): 133 

• Admitted to CHUGA for suspected COVID-19 134 

• Confirmed positive PCR test for SARS-CoV-2 135 

Exclusion criteria: 136 

• Age <18 years 137 

• Transferred from another hospital 138 

• Expressed opposition to research 139 

• Admitted directly to the ICU on day 1 140 

• Blood samples collected more than 48 hours after admission to CHUGA 141 

Data collection 142 

Clinical evaluation (Clinicome) 143 

Demographic data (age, sex, BMI), medical history (comorbidities including arterial 144 

hypertension, obesity, diabetes), and disease progression data (date of first symptoms, date of 145 

hospitalization, date of ICU admission and discharge, date of oxygen initiation, date of 146 

corticosteroid initiation, date of return home, live/death status) will be recorded for all 147 

patients. Involvement of ICU and infectious disease medical teams will support complete 148 

clinical data acquisition. 149 

Patient-reported outcome measures 150 
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Patients will be classified retrospectively using the WHO 10-category ordinal progression 151 

scale: ¹� 0 (uninfected) to 10 (dead). For this study, patients with WHO scores of 4 or 5 152 

(hospitalized, not requiring or requiring low-flow oxygen) are classified as mild COVID-19, 153 

and those with scores >5 as severe COVID-19. 154 

Biological samples (Biologicome) 155 

Sixty-two routine blood tests will be included (see online supplemental data 1). These tests 156 

were performed according to CHUGA standard procedures upon patient admission. Pre-157 

analytical steps and pricing are described in CHUGA's biological catalogue 158 

(http://www.monkiosquesante.org/KS_EXP/LivretBio). For routine blood tests, samples were 159 

analysed prospectively as part of standard clinical care; no randomisation was applicable 160 

given the retrospective nature of the study. 161 

 162 

Metabolomics (Metabolome) 163 

Residual EDTA plasma samples, initially collected for IL-6 assays, will be repurposed for 164 

untargeted metabolomics analyses using multiplatform LC-MS/MS at four national platforms 165 

(CEA Saclay, INRAE Clermont, MetaToul, GEMELI). Samples are processed within 4 hours 166 

of collection, aliquoted, and stored at −80°C until analysis. Metabolites are extracted from 167 

plasma proteins by methanol precipitation prior to analysis. Clinical and biological data are 168 

pseudonymised and stored in a secure database with access restricted to the study team, in 169 

compliance with CNIL MR004 requirements. Sample injection order was randomised across 170 

all four analytical platforms in accordance with mQACC quality assurance recommendations, 171 

to minimise systematic analytical drift and batch effects.  172 

Metabolomics data processing 173 

Raw files will be converted to mzXML format using MSConvert. Automatic peak detection 174 

and integration will be performed using the XCMS software package. ²� The resulting data 175 

matrix contains m/z values, retention times, and peak areas (arbitrary units). XCMS features 176 

will be filtered based on: (i) correlation between QC dilution factors and peak areas (r >0.7); 177 

(ii) repeatability (coefficient of variation of QC peak areas <30%); and (iii) biological-to-178 

blank sample peak area ratio >3. If required, LOESS normalization will be applied to correct 179 

analytical drift. Additionally, metabolomics features with more than 30% missing values 180 

across samples will be excluded from analysis. 181 

Statistical analysis 182 

General considerations 183 

This is a pilot study; no formal sample size calculation was performed. All eligible patients 184 

admitted to CHUGA during the study period will be included. Quantitative variables will be 185 

described using median and interquartile range; categorical variables using count and 186 

percentage. Complete case analysis will be used for the primary outcome. Additional targeted 187 

assays were performed to reduce missing data across routine blood tests. Statistical 188 

significance is set at α=0.05. 189 
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Primary analysis: clinical and biochemical factors 190 

The primary aim is to build a logistic regression model with LASSO variable selection, using 191 

clinical and routine biochemical parameters at admission to predict severity outcome. Model 192 

performance will be evaluated using accuracy, sensitivity, specificity, positive predictive 193 

value, and negative predictive value, as well as the cost of biological parameters (Figure 2). 194 

Routine blood test variables with more than 80% missing values across samples will be 195 

excluded from analysis. Blinding was applied where appropriate. Unsupervised analyses 196 

(PCA, multi-block exploratory analyses) were performed without knowledge of severity 197 

group allocation, allowing unbiased exploration of data structure. For supervised analyses 198 

(logistic regression with LASSO variable selection, discriminant analyses), severity class 199 

labels were provided to the model as the outcome variable, as required by the analytical 200 

approach. 201 

Secondary analysis: metabolomics and lipidomics biomarkers 202 

Each routine laboratory test and metabolite will be tested individually and in combination for 203 

their ability to predict severe COVID-19. Principal component analysis (PCA) will be 204 

performed on each data matrix (Biologicome and Metabolome) to explore variance and 205 

identify co-factors. Routine blood variables will be normalized by their standard deviation; 206 

metabolomics variables will be log-transformed and Pareto-scaled. Logistic regressions with 207 

sex, age, and obesity as cofactors will be used to identify predictive variables, with p-values 208 

adjusted by the Benjamini-Hochberg method. Significant variables will be decorrelated, and a 209 

reduced logistic regression model will be selected by AIC and validated by 10-fold cross-210 

validation. No pre-planned subgroup or sensitivity analyses are planned beyond those 211 

described above. 212 

Multi-block analysis 213 

The study is structured around three data blocks: Metabolome (untargeted LC-MS/MS data), 214 

Biologicome (62 routine blood tests), and Clinicome (clinical characteristics and symptoms). 215 

Single-block analyses will first be performed to compute block-specific scores and loadings. 216 

A multi-block modelling approach will then be applied to integrate all data sources, provide a 217 

global view of their combined information, assess the relative contribution of each block, and 218 

identify cross-block variable associations. ²¹·²² 219 

ETHICS AND DISSEMINATION 220 

This study is conducted in accordance with International Conference on Harmonization Good 221 

Clinical Practice guidelines. It is a non-interventional, monocentric, retrospective study 222 

involving data and samples from human participants, conducted at CHUGA in compliance 223 

with French regulations. The principal investigator (Prof. Olivier Epaulard) has signed a 224 

commitment to Reference Methodology No. 004 (MR004) issued by the French Data 225 

Protection Authority (CNIL). The study is registered on the French Health Data Hub under 226 

number F20210218154851. All participants were informed; none expressed opposition. 227 

Written informed consent was not required under French national legislation and institutional 228 

guidelines. This protocol will be made available upon publication via BMJ Open. Any 229 

substantial amendments to this protocol will be submitted to the CHUGA IRB and the CNIL 230 

for approval prior to implementation and communicated to all co-investigators. 231 
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Patient and public involvement: Patients were not involved in the design, conduct, or 232 

reporting of this study. This was a retrospective study using residual biological samples and 233 

routine clinical data collected during standard care. Results will be disseminated to the public 234 

through lay summaries and conference presentations. 235 

Data availability: The statistical code and analytical pipeline supporting this study are 236 

available from the Zenodo repository (DOI: 10.5281/zenodo.20558738). The metabolomics 237 

data and metadata are available via MassIVE upon reasonable request, in compliance with the 238 

General Data Protection Regulation. 239 

A steering committee comprising intensive care physicians, infectious disease specialists, 240 

medical biologists, and statisticians will validate data accuracy prior to data lock and oversee 241 

sub-study project selection. Results will be published in peer-reviewed journals and presented 242 

at national and international scientific and clinical conferences. 243 

DISCUSSION 244 

Numerous studies have investigated blood biomarkers and clinical risk factors to predict the 245 

severity and mortality of COVID-19.¹�¹� Elevated systemic cytokine levels, immune 246 

activation, and organ injury markers have been documented, driven in part by the angiotensin-247 

converting enzyme 2 (ACE2) receptor, which is expressed in multiple organs and serves as 248 

the functional entry point for SARS-CoV-2.²3 249 

Understanding ACE2-mediated pathophysiology is critical because many factors — including 250 

age, sex, ethnicity, comorbidities, and medication — influence both ACE2 expression and 251 

COVID-19 severity. However, ACE2-expressing organs do not equally participate in 252 

COVID-19 pathophysiology, implying that additional mechanisms contribute to tissue 253 

damage and disease severity. ²³ 254 

BIOMARCOVID addresses this gap by coupling 62 routine blood tests with untargeted 255 

multiplatform metabolomics in a well-characterized cohort of hospitalized patients. The use 256 

of plasma samples collected within 48 hours of admission — before severe symptom onset — 257 

is a key methodological strength, as it ensures that biomarkers reflect early pathophysiological 258 

processes rather than late-stage complications. 259 

Metabolomic profiling has the potential to differentiate mild from severe SARS-CoV-2 260 

infection and to identify metabolic pathways dysregulated in early disease. Combined with 261 

routine blood test data and clinical parameters through a multi-block analytical framework, 262 

this approach may enable more precise patient stratification, better anticipation of ICU bed 263 

requirements, and identification of early therapeutic targets. ¹¹ Importantly, the methodology 264 

developed here is designed to be transferable to other emerging respiratory infections. 265 

The main limitations of this study are its monocentric, retrospective design; the absence of a 266 

formal sample size calculation; incomplete data for some routine tests; and the potential 267 

influence of self-medication or variable time from symptom onset to admission on 268 

metabolomic profiles. These limitations are addressed in part by the multi-platform 269 

metabolomics approach, data imputation strategies, and the prospective constitution of a 270 

biobank for future validation studies. 271 
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FIGURES 272 

Figure 1: Flow diagram of participant selection (STROBE). Of 339 patients admitted to 273 

CHUGA for COVID-19 suspicion (March–May 2020), 243 were PCR-confirmed for SARS-274 

CoV-2 and eligible for inclusion. A total of 147 patients were included in the 275 

BIOMARCOVID training cohort after applying exclusion criteria: absence of biological 276 

sampling within ±48 hours of admission (n=19); PCR-negative or doubtful result (n=3); 277 

patient opposition to research use of data (n=3); other reasons including transfer from a 278 

peripheral hospital, absence of sampling data, or direct ICU admission on day 1 (n=71). An 279 

external validation cohort was constituted from 1,796 patients admitted during the second 280 

wave (September–December 2020), of whom 130 met the inclusion criteria. 281 

Figure 2: Study principle. Three data blocks, Metabolome (untargeted LC-MS/MS), 282 

Biologicome (routine laboratory tests), and Clinicome (clinical characteristics), are analyzed 283 

individually, then integrated using multi-block chemometrics to predict COVID-19 severity 284 

outcome. Created using BioRender (https://BioRender.com). 285 
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