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Abstract: The global threat of COVID-19 has led to an increasing use of metabolomics to study 

SARS-CoV-2 infection in humans and animals. Despite this, understanding SARS-CoV-2's metabo-

lome during an infection remains difficult and incomplete. Here, metabolic responses were charac-

terized from sampled nasal washes collected from an asymptomatic ferret model (n = 20) at different 

time points before and after the SARS-CoV-2 challenge using an LC-MS-based metabolomics ap-

proach. Multivariate analysis of the nasal wash metabolome data resulted in several statistically 

significant features being observed. Despite no effects of gender or interaction between gender and 

time on the time course of SARS-CoV-2 infection, 16 metabolites were significantly different at every 

time point post-infection. Among these altered metabolites, the relative abundance of taurine was 

elevated post infection which could be an indication of hepatotoxicity, while the accumulation of 

sialic acids could indicate SARS-CoV-2 invasion. The pathway analysis identified several pathways 

influenced by SARS-CoV-2 infection. Of these, sugar, glycan, and amino acid metabolisms were the 

key altered pathways in the upper respiratory channel during infection. These findings provide 

some new insights into the progression of SARS-CoV-2 infection in ferrets at the metabolic level 

which could be useful for the development of early clinical diagnosis tools and new or repurposed 

drug therapies. 
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1. Introduction 

Highly transmissible and pathogenic coronavirus (CoV) infections are well-estab-

lished sources of epidemics in humans and have caused global concerns. The severe acute 

respiratory syndrome CoV (SARS-CoV) first emerged in Guangdong, China in 2002 [1]. 

The SARS-CoV rapidly spread to 29 countries and caused 8096 infections and 774 deaths 

worldwide, according to the World Health Organization (WHO) [2]. The Middle East res-

piratory syndrome CoV (MERS-CoV) was first recorded in Saudi Arabia in 2012 and has 

rapidly spread to 27 countries [3]. As of May 2022, the total MERS-CoV infections reported 

globally is 2591 including 894 deaths, according to the WHO [4]. The novel coronavirus 

disease, COVID-19, caused by SARS-CoV-2 was first reported in Wuhan, China and has 

rapidly spread worldwide causing over 522 million cases [5]. Although the mortality rate 

is relatively low (1.2%), with, 5.94 million deaths reported between 1 January 2020 and 31 

December 2021, analysis of excess mortality for this two-year period has led to an estimate 

of 17.1-19.6 million deaths at 95% uncertainty interval [6]. Current estimates are 6.5 million 

deaths recorded [5] and up to 26.5 million excess deaths globally [7]. 
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The COVID-19 etiology is progressively being unraveled, but the underlying molec-

ular mechanisms and the associated metabolic alterations remain poorly understood. The 

COVID-19 infection reflects a broad spectrum of patient symptoms. Several pathophysio-

logical pathways are perturbed during the progression of disease. This complexity led us 

to investigate this exciting topic using metabolomics. Metabolomics studies the changes 

in holistic endogenous metabolites, presenting essential insights into a cell’s metabolic 

state in response to physiological and pathological disturbances. Harnessing these meta-

bolic outputs can potentially lead to the discovery of signature metabolic biomarkers rel-

evant to pathogenesis. Such metabolic biomarkers could then be applied to personalized 

medicine, the development of public healthcare strategies, and/or the designing of Point-

of-Care (PoC) testing regimens for more rapid testing [8, 9]. 

Most metabolomics studies related to COVID-19 have focused on the identification 

of new potential biomarkers of the disease. For example, Wu, et al. [10] reported altered 

energy metabolism (due to reduced malic acid of the TCA cycle) and hepatic dysfunction 

(due to reduced carbamoyl phosphate of the urea cycle and D-xylulose-5-phosphate of the 

pentose phosphate pathway). Barberis, et al. [11] suggested that monolaurin could have a 

potential defensive role against SARS-CoV-2 infection, and demonstrated that people 

with higher cholesterol levels are at a higher risk of developing SARS-CoV-2 infection. 

The dysregulation of macrophage, platelet degranulation, complement system pathways, 

and massive metabolic suppression have been reported in COVID-19 patient sera [12].   

Dynamic shift of metabolic pathways is exhibited by living organisms to cope with 

various perturbations. Monitoring the dynamic metabolic changes during disease devel-

opment has attracted increasing interest in recent years. Evidence from the literature sug-

gests that the metabolomics studies based on time-series data could possibly provide in-

sight into the interfacial stage between normal and diseased states and further facilitate 

the screening of biomarkers for early diagnosis. For example, Villoslada, et al. [13] studied 

the metabolomic signatures associated with disease severity in multiple sclerosis. Sphin-

gomyelin and lysophosphatidylethanolamine were identified as putative biomarkers in 

the time series analysis for discriminating between multiple sclerosis patients and healthy 

individuals [13]. It was also reported that the levels of hydrocortisone, glutamic acid, tryp-

tophan, eicosapentaenoic acid, 13S-hydroxyoctadecadienoic acid, lysophosphatidylcho-

lines, and lysophosphatidylethanolamines were associated with more severe disease [13]. 

Jacyna, et al. [14] investigated the urine metabolic profiles of bladder cancer patients pre- 

and post-resection. It was reported that hippuric acid, pentanedioic acid and uridine 

could potentially be used for sample differentiation [14]. Huang, et al. [15] analysed the 

time-series lipidomics data to study the development of hepatocellular carcinoma in a 

hepatocarcinogenesis rat model. A ratio of lysophosphatidylcholine 18:1/free fatty acid 

(FFA) 20:5 was identified as the potential biomarker for hepatocellular carcinoma [15]. Li, 

et al. [16] used time-series metabolomics to study progressive stages of cholestatic liver 

fibrosis in mouse model. Taurocholic acid, tauromuricholic acid, lysophosphatidylethan-

olamine 20:2, sulfoglycolithocholic acid, and taurohyodeoxycholic acid were associated 

with the progression of the hepatocyte injury index, and docosahexaenoic acid, arachi-

donic acid, proline, leucine, and linoleic acid were associated with the progression of liver 

fibrosis index, liver hydroxyproline [16]. The metabolic profile during progression of car-

diac heart failure was studied to discover potentially new biomarkers of the disease [17]. 

Twenty-three metabolites were altered in the rat model of myocardial infarction induced 

cardiac heart failure. The branched-chain amino acids, leucine and valine, were found to 

differentiate between the rat failing hearts and healthy hearts [17]. 

In our previous study, we analysed the nasal wash samples from SARS-CoV-2 in-

fected ferrets [18]. Multivariate analysis of the acquired data identified 29 significant me-

tabolites and three significant lipids in the nasal wash samples. The presence of viral shed-

ding coincided with the challenge dose administered and significant changes in the citric 

acid cycle, purine metabolism, and pentose phosphate pathways, amongst others, in the 

nasal wash samples [18]. In the current study, the time-series metabolomics data from 

SARS-CoV-2 infected ferret model was analyzed to provide insights into the viral 
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progression and metabolic responses of ferrets to the virus infection. In addition, the study 

aimed to identify the gender-specific responses of male and female ferrets following 

SARS-CoV-2 exposure. For that purpose, ten male and ten female outbred ferrets (Mustela 

putorius furo) were challenged with SARS-CoV-2 via the intranasal route [19], and the na-

sal wash samples were collected for metabolomics analysis at six time points (3-days pre-

infection and 3, 5, 7,9 and 14-days post-infection). 

2. Materials and Methods 

2.1. Ferret Challenge and Sample Collection 

Ten male and ten female outbred ferrets (Mustela putorius furo, n = 20) at the age of 4 

months were used for this challenge experiment. The study was reviewed by the Animal 

Ethics Committee (AEC) at the Australian Centre for Disease Preparedness (ACDP) (AEC 

1990). All animal work in this study was conducted in the PC-4 containment facility at the 

ADCP in Geelong, Australia. Animal housing, husbandry, and handling for sample col-

lections were as previously described [43]. Ferrets were acclimatized in cages at the facility 

for 7 days prior the experiment. During this period, animals were monitored daily and 

given food and water ad libitum, and environmental enrichment. Before the challenge, 

ferrets were implanted with a LifeChip Bio-Thermo transponder (Destron Fearing); sub-

cutaneous temperature, rectal temperature and body weight were recorded. 

SARS-CoV-2 (BetaCoV/Australia/VIC01/2020) was used for the challenge experiment 

which was provided by the Victorian Infectious Diseases Reference Laboratory (The Peter 

Doherty Institute, Melbourne, Australia) [44]. The viral preparation was conducted as the 

method described by Au et al [45]. All ferrets were challenged with SARS-CoV-2 VIC01 

via the intranasal route (0.5 mL total volume diluted in PBS) at a target dose of approxi-

mately 9 × 104 TCID50 (back-titered to 4.64 × 104 TCID50). The inoculum was back-titrated 

by TCID50 assay on Vero E6 cells to confirm the administered dose. 

Following the virus challenge, ferrets were monitored daily for the presence of clini-

cal signs (e.g., reduced-interaction score, fever, sneezing, coughing and respiratory dis-

ease). Animals were anesthetized for collection of nasal wash samples, as well as for the 

measurement of rectal temperature and body weight on days 3, 5, 7, 9 and 14 post virus 

challenge. All samples were rapidly frozen, and then gamma-irradiated (50 kGy) to inac-

tivate the SARS-CoV-2 virus for safe removal of samples from the PC-4 containment la-

boratory. All samples were stored at −80 °C before extraction and metabolomics analysis. 

Reverse transcription qPCR was performed as per Marsh, et al. [46]. 

2.2. Metabolomics analysis 

The metabolite extraction was carried out as previously described [18]. The frozen 

nasal wash samples were thawed in 100 µL PBS, and extracted with 450 µL of ice-cold 

methanol and ethanol solution (1:1, v/v) followed by 100 µL milliQ water. Samples were 

vortexed at 2000 rpm for 10 min before centrifugation at 20,000 g for 2 minutes at 4°C. The 

metabolite and lipid extracts were separated via the Captiva EMR-Lipid plate (2 mL, Ag-

ilent, Mulgrave, Australia). A rinse of 200 µL Water: Methanol: Ethanol (2:1:1) through the 

same Captiva EMR-Lipid tube was performed. The extracted solution was dried under 

nitrogen stream, followed by the resuspension in 50 µL 20% methanol (in water). The re-

suspended samples were re-vortexed at 1000 rpm at room temperature for 45 minutes and 

analyzed on an Agilent 6470 Liquid Chromatography Triple Quadrupole Mass Spectrom-

eter (LC-QqQ-MS) (Agilent Technologies, Mulgrave, Vic, Australia) for central carbon me-

tabolite (CCM) analysis. Furthermore, discovery metabolites (non-CCM) were analyzed 

using the same suspension on an Agilent 6546 Liquid Chromatography Time-of-Flight 

Mass Spectrometer (LC-QToF) with an Agilent Jet Stream source coupled to an Agilent 

Infinity II UHPLC system (Agilent Technologies, Santa Clara, CA, USA). The analysis was 

performed as per the previous method [47]. A series of blanks, mixed QC standards were 

prepared in the same way. Pooled biological quality control (PBQC) samples were pre-

pared by combining 5 µL aliquots from each biological sample. Internal standards of 1 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 October 2022                   doi:10.20944/preprints202210.0320.v1

https://doi.org/10.20944/preprints202210.0320.v1


 

 

ppm L-phenylalanine (1-13C) and succinic acid (1,4-13C2) were used. The residual relative 

standard deviation (RDS%) of the internal standards were 8.98% (L-Phenylalanine, 1-13C) 

and 6.54% (Succinic Acid, 1,4-13C2). 

2.3. Statistical analysis and data integreation 

Identification of metabolites from acquired data was conducted using MassHunter 

Quantitative Analysis Software (v0B.10.0: Agilent Technologies, U.S.A). The acquired 

CCM data were first subtracted by blanks, then normalized to internal standards (L-phe-

nylalanine 13C and succinic acid 13C). Untargeted metabolite data were normalized to ref-

erence ions (positive mode = ; negative mode = ). The metabolomics data were subjected 

to further statistical analysis using multivariate statistics. The data were first imported, 

matched by sample identifiers (metadata), and log-transformed to normalize the data us-

ing SIMCA 16.02 (MKS Data Analytics Solutions, Uméa, Sweden). Partial Least Square-

Discriminant Analysis (PLS-DA) was performed by finding successive orthogonal com-

ponents from the SARS-CoV-2 isolate and sample type-specific datasets with maximum 

squared covariance and was subsequently used to identify the common relationships 

among the multiple datasets. All models were cross validated using CV-ANOVA in 

SIMCA, which is a diagnostic approach for assessing the reliability of PLS and OPLS mod-

els. 

MetaboAnalyst 5.0 (Xia Lab, McGill University, Montreal, QC, Canada) was also 

used for the univariate and multivariate analysis, biomarker analysis, enrichment and 

metabolic pathway analysis [48]. Metabolite features with >50% missing values were ex-

cluded. A Log10 normalisation and auto scaling were applied to the filtered metabolite 

features. Metabolites with Benjamini–Hochberg adjusted p-value of ≤ 0.05 were consid-

ered to be statistically significant [49]. Chemical clusters based on structural similarity 

were created for metabolic examination using the ChemRICH analysis [50]. 

3. Results and Discussions 

No clinical signs and perturbations on bodyweight were observed in ferrets after vi-

rus challenge. However, an increase of viral RNA shedding and changes of metabolites 

were recorded in nasal wash, indicating the infection of the virus in ferrets. The upper 

respiratory tract is one of the primary sites of SARS-CoV-2 infection [20, 21]. The current 

study involved nasal wash as the representative of the site of nasal tract to assess biochem-

ical changes during SARS-CoV-2 infection in the ferret model. 

3.1. Viral shedding following challenge 

Viral RNA was detected in the nasal wash of 20 ferrets from 3 days post-infection 

(dpi) and continued to be detected at varying levels until 9 dpi (Figure 1). The peak in 

viral RNA shedding was seen at 3 dpi and 7 dpi for all ferrets. A decline in viral RNA was 

seen at 5 dpi and 9 dpi for all ferrets. The viral RNA declined below the limit of quantifi-

cation of the assay at 14 dpi at which point no viral RNA was detected in their nasal 

washes. Similar observation on viral RNA shedding have been reported in ferret model 

[19, 21, 22]. In humans, the mean time of viral shedding was reported to be 14 days [23, 

24]. However, there is a wide variability of SARS-CoV-2 shedding among studies, reflect-

ing the heterogeneity of human populations [25-27]. 
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Figure 1. Viral RNA shedding in nasal washes collected from SARS-CoV-2 infected ferrets (n = 20). 

Red and green dots represent female (n = 10) and male ferrets (n = 10), respectively, while all ferrets 

(both males and females) are annotated in blue. SARS-CoV-2 RNA was detected in nasal wash sam-

ples from ferrets at 3, 5, 7, and 9 dpi. The dotted line represents the limit of detection (LOD) of the 

reverse transcription qPCR assay. 

3.2. Central carbon metabolism variance in the nasal wash samples 

The nasal washes from the infected ferrets were subjected to a central carbon metab-

olism metabolite screening via the LC-QqQ-MS method. The samples indicated the pres-

ence of 82 out of the 223 common polar metabolites from the central carbon metabolism 

and related pathways. The residual relative standard deviation (RSD%) of the internal 

standards was 8.99% (L-phenylalanine 1-13C) and 6.54% (succinic acid 1,4-13C2). The RSD% 

of the QC standards (Supplementary Table S1) was <10% with the exception of lactic acid 

(RSD% = 11.07%). Within the PBQC samples, a total of 34 metabolites indicated an RSD% 

of <10% (Supplementary Table S2).  

This dataset was processed via an unsupervised statistical approach using Principal 

Component Analysis (PCA) (Supplementary Figure S1). Any sub-data clustering was not 

evident from the PCA analysis. The grouped data were then analyzed using a supervised 

partial least squares discriminant analysis (PLS-DA) (Supplementary Figure S2) and or-

thogonal PLS-DA (OPLS-DA) (Figure 2) to explore metabolic differences in infected fer-

rets as a function of time. The PLS-DA analysis of nasal wash samples did not yield any 

better sub-data clustering. Whilst the PLS-DA dataset was found to be statistically non-

significant (p-value > 0.05) when cross-validated (Supplementary Table S3), the OPLS-

DA model dataset was found to be statistically significant (p-value < 0.05, Supplementary 

Table S4). 
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Figure 2. Orthogonal partial least square discriminant analysis (OPLS-DA) of the central carbon 

metabolism metabolite dataset of nasal wash samples collected from ferrets. A. OPLS-DA scatter 

plot, and B. OPLS-DA loadings plot. For this plot, R2X (cum) = 0.453, R2Y (cum) = 0.304, Q2 = 0.108. 

The ellipse presented in panel A represents Hotelling’s T2 confidence limit (95%). The colored circles 

in panel A represent each analyzed sample, while the black crossed circles in panel B indicate the 

average group position for each sample cluster, with the white circles representing the distribution 

of metabolite features between these groups. 

3.3. Chemical and pathway analysis of the central carbon metabolism 

The chemical analysis of the entire central carbon metabolism dataset indicated that 

monosaccharides, tricarboxylic acids (TCA), benzoic acids, organic dicarboxylic acids, 

fatty acids and conjugates, disaccharides, purines, amino acids and peptides, pyridines, 

carboxylic acids, pyrimidines, sulfonic acids, hydroxy acids, delta valerolactones, phos-

phate esters, keto acids, and benzamides were significantly (p-value < 0.05) enriched 

chemical classes. 

The entire central carbon metabolism dataset was used to identify the most relevant 

pathways (Supplementary Table S5). Several pathways including the pentose phosphate 

pathway, pentose and glucuronate interconversions, arginine biosynthesis, starch, and 

sucrose metabolism, D-glutamine and D-glutamate metabolism, alanine, aspartate and 

glutamate metabolism, citrate cycle, butanoate metabolism, valine, leucine, and isoleucine 

biosynthesis, amino sugar and nucleotide sugar metabolism, phenylalanine, tyrosine, and 

tryptophan biosynthesis, glyoxylate and dicarboxylate metabolism and nicotinate and 

nicotinamide metabolism were found to be significantly relevant (p-value < 0.05, Figure 

3). Figure 4 illustrates the time-series observed for the central carbon metabolites contrib-

uting to these pathways. 
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Figure 3. Relevant pathways identified using the central carbon metabolism dataset in nasal washes 

collected from ferrets. The red-colored circles represent significantly relevant pathways, while the 

white circles represent the non-significant pathways. Noting, 1: Pentose phosphate pathway, 2: Pen-

tose and glucuronate interconversions, 3: Arginine biosynthesis, 4: Starch and sucrose metabolism, 

5: D-Glutamine and D-glutamate metabolism, 6: Alanine, aspartate and glutamate metabolism, 7: 

Citrate cycle (TCA cycle), 8: Butanoate metabolism, 9: Valine, leucine and isoleucine biosynthesis, 

10: Amino sugar and nucleotide sugar metabolism, 11: Phenylalanine, tyrosine and tryptophan bi-

osynthesis, and 12: Glyoxylate and dicarboxylate metabolism. 

In our previous study, pentose phosphate pathway, purine metabolism and citrate 

cycle were identified to be the key metabolite pathways in the ferret nasal cavity during 

SARS-CoV-2 infection [18]. The current study indicated that the sugar and glycan metab-

olism pathways leading from and to the non-oxidative parts of energy pathways were of 

key importance in the upper respiratory channel during the SARS-CoV-2 infection. Par-

ticularly, in our studies, pentose phosphate pathway (PPP) has shown to play a key role 

during SARS-CoV-2 infection. Recently reported proteomic study indicated that the en-

zymes such as transketolase (TKT) and transaldolase 1 (TALDO1) which contribute to-

wards the non-oxidative part of PPP, were upregulated in the cells infected with SARS-

CoV-2 [28]. Due to this phenomenon, biochemicals such as 2-deoxy glucose (2DG) and 

benfooxythiamine (BOT) which inhibit the non-oxidative pathways of PPP, have shown 

to inhibit SARS-CoV-2 replication [28, 29]. In addition to this, recent correlation network 

analysis in patients with COVID-19, has also shown that in addition to the viral infection, 

the upper respiratory microbiota also gets affected during SARS-CoV-2, which in turn has 

been shown to be correlated with the upregulation of pathways such as PPP [30]. Alt-

hough we did not study the impact of SARS-CoV-2 infection on nasal microbial popula-

tion and metabolism, a further study of host-microbiome-virus interactomics is expected 

to shed more light on this biochemical mechanism. 

PPP associated pathways such as glycan metabolism (reflected through the pentose 

and glucuronate interconversions) and amino sugar and nucleotide sugar metabolism ap-

peared to be key pathways in ferret nasal cavity during SARS-CoV-2 infection. Some of 

the early genomic studies have shown that the SARS-CoV-2 triggered surface protein re-

ceptors (STSPRs) such as Ephrin type-A receptor 6 (EPHA6) are differentially expressed 

in the human lungs. The EPHA6 proteins have been indicated to be enriched for pentose 

and glucuronate interconversions [31]. Our study experimentally confirms the outputs of 

the bioinformatics-based observations of Forst, et al. [31] that in the ferret upper 
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respiratory tract, the pentose and glucuronate interconversions generally upregulate, par-

ticularly around 5-7 dpi (Figure 4B). It has been shown in the poultry studies that the 

infection stress due to high density stocking elevated the pentose and glucuronate inter-

conversion pathway, during the upregulated interleukin (IL)-1β and IL-10 activities in the 

tracheal barrier and plasma, possibly providing immune response against the infection 

[32]. Furthermore, the treatment regimen involving bleomycin + pirfenidone drug supple-

mentation for treating the lung fibrosis condition in mice indicated an upregulated pen-

tose and glucuronate interconversion pathway. This study indicated the positive role of 

this metabolic pathway in providing an immune response to host during respiratory dis-

orders [33]. Thus, our study indicated a likely increased immune response to SARS-CoV-

2 infection. However, a further proteomic study would be able to further highlight the 

importance of this pathway in conferring its role towards host immune response.  

Similar to the pentose and glucuronate interconversion pathway, a recent bioinfor-

matics study indicated that the amino sugar pathway expression has been associated with 

immunity-related pathways upon the expression of SARS-CoV-2 transmembrane serine 

protease 2 (TMPRSS2) during COVID-19 [34]. This is an important aspect as it has been 

shown that the blood plasma amino sugars are key parts of the bio-signaling N-acetyl 

glycoproteins such as GlycA and GlycB and are important in providing the immune re-

sponse during SARS-CoV2 infection in the patients [35]. Furthermore, it has also been 

observed that glutaminolysis and glycolysis are essential for virus replication during 

SARS-CoV-2 infection, and inhibiting these pathways is important to counter virus repli-

cation [36]. Our observations of depleted glutamine and glutamate pathways (Figure 4E) 

indicated a possibly elevated immune response in the respiratory tract cells of the ferrets. 

Our metabolic output confirms the output of these genomics-based studies through met-

abolic output. Also, the time-series observations indicated an increased immune response 

by 7 dpi in ferret model. However, the proteomic studies will be able to provide further 

confirmation of these observations. 
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Figure 4. Time-series observed for metabolites related to the 13 significantly relevant central carbon metabolic pathways. A. Pentose phosphate 

pathway, B. Pentose and glucuronate interconversions, C. arginine biosynthesis, D. starch and sucrose metabolism, E. D-glutamine and D-glutamate 

metabolism, F. glyoxylate and dicarboxylate metabolism, G. citrate cycle, H. phenylalanine, tyrosine and tryptophan biosynthesis, I. amino sugar 

and nucleotide sugar metabolism, J. alanine, aspartate and glutamate metabolism, K. butanoate metabolism, L. valine, leucine and isoleucine bio-

synthesis, and M. nicotinate and nicotinamide metabolism. 
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3.4. Multivariate analysis of the central carbon metabolism and discovery metabolites 

The posthoc ANOVA indicated the presence of 28 significant central carbon metab-

olism metabolites (FDR-adjusted p-value ≤ 0.05) in nasal washes (Supplementary Table 

S6). The samples were further analysed using a Liquid Chromatography Quadrupole 

Time-of-Flight Mass Spectrometry (LC-QToF-MS) method to identify the discovery me-

tabolites. Eight significant metabolic features were identified (Supplementary Table S7). 

The significant metabolites were used to identify the most relevantly disturbed metabolic 

pathways due to the viral infection. These significant metabolites were then used to iden-

tify the most significantly disturbed metabolic pathways. While the phenylalanine, tyro-

sine and tryptophan biosynthesis, phenylalanine metabolism, and butanoate metabolism 

were significantly (p < 0.05) enriched and impacted (Supplementary Table S8), other 

pathways such amino sugar and nucleotide sugar metabolism and citrate cycle were sig-

nificantly enriched and impacted, respectively. 

3.5. Time-series metabolomics analysis of the progression of SARS-CoV-2 infection 

A two-way analysis of variance (ANOVA) was then conducted to decompose the raw 

data to further determine the contribution of two independent parameters (gender and 

time) and their interaction. The abundance of several metabolic features was significantly 

affected by time (Figure 5). No metabolic features were significantly affected by gender 

or interaction between gender and time.  

The thirty significant features included D-sedoheptulose-7-phosphate, N-acetyl D-

galactosamine, uric acid, vanillic acid, taurine, phenylpyruvic acid, nicotinic acid, L-2-hy-

droxyglutaric acid, 2,3-dihydroxyisovalerate, D-pantothenic acid, malonic acid, 2,3-dihy-

droxybenzoic acid, L-maltose, L-malic acid, N-acetylneuraminic acid, m-hydroxybenzoic 

acid, N-acetyl-alpha-D-glucosamine 1-phosphate, N-acetyl-D-glucosamine 6-phosphate, 

citramalic acid, myo-inositol, L-sorbose, L-phenylalanine, succinic acid, L-serine, 3-hy-

droxyanthranilic acid, mevalonic acid, 2-deoxycytidine 5-diphosphate, isopentyl acetate, 

D-galactosamine, and glyceric acid.  

Of these metabolites, taurine, N-acetyl D-galactosamine, N-acetylneuraminic acid, D-

sedoheptulose 7-phosphate and L-galactosamine increased from pre-infection to 14 dpi. 

Other metabolites such as L-maltose, 2,3-dihydroxyisovalerate, nicotinic acid, D-panto-

thenic acid, m-hydroxybenzoic acid, and 2-hydroxyglutaric acid decreased as the infec-

tion progresses. Vanillic acid, uric acid and 2,3-dihydroxybenzoic acid decreased at 3 dpi, 

showed a slight increase at 5 dpi, and then decreased again. Myo-inositol, L-sorbose, suc-

cinic acid and L-phenylalanine decreased post challenge. 
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Figure 6. Heatmap representing the significant metabolites that were found to significantly vary 

identified using two-way analysis of variance. 

The up- and down-regulation of these metabolites according to infection time could 

be signatures of viral infection on the host. For example, the elevated taurine could be an 

indication of hepatotoxicity due to SARS-CoV-2 infection. These observations are con-

sistent with previous studies of SARS-CoV-2, indicating the role of elevated taurine in 

liver injury, which could be due to high prevalence of abnormal aminotransferase en-

zymes [37]. Several members of the CoV family use sialic acids, such as N-acetylneu-

raminic acid and N-acetyl-D-galactosamine, which are abundantly expressed on the host 

cell surface of the respiratory tract, as attachment points [38, 39]. Elevated sialic acids in 

the current study indicates SARS-CoV-2 invasion. Particularly high levels of sialic acids 

were found at 3 dpi and 7 dpi, when the viral load was at the peak. Nicotinic acid with 

reported anti-inflammatory properties is thought to influence the immune response [37]. 

Decline in nicotinic acid at 3 dpi and 7 dpi indicates infectious nature of SARS-CoV-2 
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represented by high levels of viral load. Reduced levels of pantothenic acid could cause 

lack of vitamin B5 and thus, compromise the mitochondrial energy metabolism [40]. 

Bruzzone, et al. [41] reported increased levels of phenylalanine and succinic acid in 

COVID-19 patients. On the contrary, the levels of these metabolites were found to de-

crease in the current study. Nevertheless, this may all be related to dysregulation of he-

patic central carbon metabolism. Li, et al. [42] investigated the use of uric acid as a prog-

nostic marker of COVID-19 patients. Declined levels of uric acid from 7 dpi in nasal sam-

ples of ferrets in the current study align well with the observations by Li, et al. [42]. Hence, 

this metabolite could be used as a marker to assess the severity of COVID-19 for both 

human and animal models.  

4. Conclusions 

The present study demonstrated the use of ferret model to study the progression of 

SARS-CoV-2 infection and metabolic responses of the host to the infection. The viral RNA 

was detected at 3 dpi and remained detectable until 9 dpi with the absence of clinical 

signs, indicating that ferrets are an appropriate model for studies of asymptomatic SARS-

CoV-2 infection. Along with the change in viral shedding, differences in metabolic re-

sponses of the host to different stages of the infection were observed via a time-series 

metabolomic analysis. This highlighted the power of metabolomics approaches for the 

systemic characterization of the disease via non-invasive sampling. In addition, this ap-

proach provided some metabolite candidates (e.g., uric acid, sialic acids) that could be 

used as a prognostic indicator SARS-CoV-2 infection and a biomarker to access the disease 

severity of COVID19. 
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tabolism metabolite dataset of nasal wash samples collected from ferrets; Figure S2: Partial least 

square discriminant analysis (PLS-DA) of the central carbon metabolism metabolite dataset of nasal 

wash samples collected from ferrets; Table S1: Composition of QC mix standards (1 ppm) applied 

to assess the variability of the LC-QQQ-MS metabolomic analysis for central carbon metabolites; 

Table S2: Composition of PBQC metabolites applied to assess the variability of the LC-QQQ-MS 
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Appendix A 

Table S1. Composition of QC mix standards (1 ppm) applied to assess the variability of the LC-

QQQ-MS metabolomic analysis for central carbon metabolites. 

QC Standard RSD (%) 

L-Arginine 6.11 

L-Histidine 9.58 

L-Proline 5.96 

L-Serine 4.36 

L-Cystine 7.39 

L-Threonine 3.73 

L-Homoserine 6.79 

L-Methionine 4.76 

L-Isoleucine 5.29 

L-Leucine 4.51 

L-Tyrosine 8.21 

L-Glutamic acid 5.48 

L-Phenylalanine 4.00 

L-Aspartic Acid 3.33 

Lactic acid 11.07 

Succinic acid 4.40 

 

Table S2. Composition of PBQC metabolites applied to assess the variability of the LC-QQQ-MS 

metabolomic analysis for central carbon metabolites. 

PBQC metabolite RSD (%) 

L-Glutamine  8.23 

4-Guanidobutyric acid  8.64 

L-Tyrosine  7.85 

Pyridoxal hydrochloride  8.75 

Inosine  7.68 

2-Deoxyinosine  5.78 

L-Kynurenine  8.06 

Guanosine  5.83 

L-Glutamic acid  2.14 

L-Phenylalanine  2.68 

L-Aspartic Acid  2.30 

Uric acid  9.28 

Thymidine  7.15 

D-Gluconic acid  4.32 

Galactonic acid  4.21 

L-Dihydroorotic acid  4.07 

N-Acetyl-alpha-D-glucosamine 1-phosphate  8.82 

N-Acetyl-D-glucosamine 6-phosphate  8.82 

D-Sedoheptulose-7-phosphate  5.14 

Nicotinic acid  9.29 

4-Hydroxybenzoic acid  8.49 

D-pantothenic acid  7.99 

Maleic acid  9.66 

Malonic acid  7.69 
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PBQC metabolite RSD (%) 

Succinic acid  1.77 

Vanillic acid  9.72 

m-Hydroxybenzoic acid  6.63 

L-Malic acid  5.71 

L-Hydroxyglutaric acid  6.12 

N-Acetylglutamic acid  8.07 

Isopentyl acetate  6.36 

4-Hydroxyphenyl-pyruvic acid  8.81 

D-Fructose 1,6-biphosphate  5.78 

4-Pyridoxic acid  8.40 

Note: Only metabolite features with RSDs ≤ 10% are represented in the table. 

 

Table S3. Cross-validation (CV)-ANOVA of the PLS-DA metabolomics model (Figure S2) 

PLS-DA (Figure S2) SS DF MS F-statistic p-value SD 

Total corr. 400 400 1   1 

Regression 24.3018 20 1.21509 1.229 0.226342 1.10231 

Residual 375.698 380 0.98868   0.994324 

In this table, SS: sum-of-squares, DF: degrees of freedom, MS: mean squares, SD: standard deviation 

 

Table S4. Cross-validation (CV)-ANOVA of the OPLS-DA metabolomics model (Figure 2) 

PLS-DA (Figure 2) SS DF MS F-statistic p-value SD 

Total corr. 400 400 1   1 

Regression 60.0163 40 1.50041 1.58874 0.0158789 1.22491 

Residual 339.984 360 0.944399   0.971802 

In this table, SS: sum-of-squares, DF: degrees of freedom, MS: mean squares, SD: standard deviation 
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Table S5. Pathway enrichment analysis of the central carbon metabolic pathways using the central carbon metabolism dataset. 1 

Metabolic pathway Total Expected Hits Raw p-value Holm p-value FDR Enrichment ratio 

Pentose phosphate pathway 22 1.17 7 <0.0001 0.00699 0.00699 5.982906 

Pentose and glucuronate interconversions 18 0.958 6 0.0002 0.0174 0.00881 6.263048 

Arginine biosynthesis 14 0.745 5 0.0005 0.0424 0.0145 6.711409 

Starch and sucrose metabolism 18 0.958 5 0.0019 0.151 0.0373 5.219207 

D-Glutamine and D-glutamate metabolism 6 0.319 3 0.0026 0.207 0.0373 9.404389 

Alanine, aspartate and glutamate metabolism 28 1.49 6 0.0028 0.219 0.0373 4.026846 

Citrate cycle (TCA cycle) 20 1.06 5 0.0031 0.243 0.0373 4.716981 

Butanoate metabolism 15 0.798 4 0.0065 0.499 0.0625 5.012531 

Valine, leucine and isoleucine biosynthesis 8 0.426 3 0.0067 0.509 0.0625 7.042254 

Amino sugar and nucleotide sugar metabolism 37 1.97 6 0.0116 0.872 0.0977 3.045685 

Phenylalanine, tyrosine and tryptophan biosynthesis 4 0.213 2 0.0157 1 0.12 9.389671 

Glyoxylate and dicarboxylate metabolism 32 1.7 5 0.0244 1 0.171 2.941176 

Nicotinate and nicotinamide metabolism 15 0.798 3 0.0416 1 0.269 3.759398 

Ascorbate and aldarate metabolism 8 0.426 2 0.0636 1 0.381 4.694836 

Phenylalanine metabolism 10 0.532 2 0.0954 1 0.534 3.759398 

Galactose metabolism 27 1.44 3 0.1700 1 0.894 2.083333 

Histidine metabolism 16 0.852 2 0.2080 1 1 2.347418 

Aminoacyl-tRNA biosynthesis 48 2.55 4 0.2500 1 1 1.568627 

Glycine, serine and threonine metabolism 33 1.76 3 0.2550 1 1 1.704545 

Pantothenate and CoA biosynthesis 19 1.01 2 0.2680 1 1 1.980198 

Nitrogen metabolism 6 0.319 1 0.2800 1 1 3.134796 

Fructose and mannose metabolism 20 1.06 2 0.2890 1 1 1.886792 

Propanoate metabolism 23 1.22 2 0.3490 1 1 1.639344 

Taurine and hypotaurine metabolism 8 0.426 1 0.3550 1 1 2.347418 

Purine metabolism 65 3.46 4 0.4590 1 1 1.156069 

Inositol phosphate metabolism 30 1.6 2 0.4810 1 1 1.25 

Glycerolipid metabolism 16 0.852 1 0.5850 1 1 1.173709 

Pyrimidine metabolism 39 2.08 2 0.6250 1 1 0.961538 

beta-Alanine metabolism 21 1.12 1 0.6850 1 1 0.892857 

Sphingolipid metabolism 21 1.12 1 0.6850 1 1 0.892857 

Glycolysis / Gluconeogenesis 26 1.38 1 0.7620 1 1 0.724638 
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Metabolic pathway Total Expected Hits Raw p-value Holm p-value FDR Enrichment ratio 

Glutathione metabolism 28 1.49 1 0.7870 1 1 0.671141 

Phosphatidylinositol signaling system 28 1.49 1 0.7870 1 1 0.671141 

Porphyrin and chlorophyll metabolism 30 1.6 1 0.8090 1 1 0.625 

Cysteine and methionine metabolism 33 1.76 1 0.8390 1 1 0.568182 

Glycerophospholipid metabolism 36 1.92 1 0.8640 1 1 0.520833 

Arginine and proline metabolism 38 2.02 1 0.8780 1 1 0.49505 

Valine, leucine and isoleucine degradation 40 2.13 1 0.8910 1 1 0.469484 

Tryptophan metabolism 41 2.18 1 0.8970 1 1 0.458716 

Primary bile acid biosynthesis 46 2.45 1 0.9220 1 1 0.408163 

  2 
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Table S6. Multivariate ANOVA analysis of a metabolomics-derived dataset of nasal wash samples collected from ferrets at several time-points. 3 

Metabolite feature KEGG ID F-statistic FDR Fisher's LSD 

D-Sedoheptulose-7-P C05382 14.607 3.59E-08 14 dpi > Pre; 3 dpi > 5 dpi; 3 dpi > Pre; 7 dpi > 5 dpi; 5 dpi > Pre; 7 dpi > Pre; 9 dpi > Pre 

N-Acetyl D-galactosamine C01132 14.241 3.59E-08 14 dpi > 5 dpi; 14 dpi > Pre; 3 dpi > 5 dpi; 3 dpi > Pre; 5 dpi > Pre; 7 dpi > Pre; 9 dpi > Pre 

Uric acid C00366 10.425 3.55E-06 
5 dpi > 14 dpi; Pre > 14 dpi; 5 dpi > 3 dpi; Pre > 3 dpi; 5 dpi > 7 dpi; 5 dpi > 9 dpi; 9 dpi > 7 dpi; Pre > 

7 dpi; Pre > 9 dpi 

Vanillic acid C06672 7.475 0.000172 5 dpi > 14 dpi; Pre > 14 dpi; 5 dpi > 3 dpi; Pre > 3 dpi; 5 dpi > 7 dpi; 5 dpi > 9 dpi; Pre > 7 dpi 

Taurine C00245 7.438 0.000172 14 dpi > 3 dpi; 14 dpi > 7 dpi; 14 dpi > Pre; 3 dpi > Pre; 5 dpi > Pre; 7 dpi > Pre; 9 dpi > Pre 

Phenylpyruvic acid C00166 7.318 0.000172 
5 dpi > 14 dpi; Pre > 14 dpi; 5 dpi > 3 dpi; Pre > 3 dpi; 5 dpi > 7 dpi; 5 dpi > 9 dpi; Pre > 7 dpi; Pre > 9 

dpi 

Nicotinic acid C00253 6.868 0.000299 Pre > 14 dpi; Pre > 3 dpi; Pre > 5 dpi; Pre > 7 dpi; Pre > 9 dpi 

L-2-Hydroxyglutaric acid C02630 5.869 0.001277 
5 dpi > 14 dpi; 7 dpi > 14 dpi; 9 dpi > 14 dpi; Pre > 14 dpi; 5 dpi > 3 dpi; Pre > 3 dpi; Pre > 7 dpi; Pre 

> 9 dpi 

2,3-Dihydroxyisovalerate C04039 5.806 0.001277 
3 dpi > 14 dpi; 5 dpi > 14 dpi; 7 dpi > 14 dpi; 9 dpi > 14 dpi; Pre > 14 dpi; Pre > 3 dpi; Pre > 5 dpi; Pre 

> 7 dpi 

Mevalonic acid C00418 5.724 0.001315 3 dpi > 14 dpi; 5 dpi > 14 dpi; 7 dpi > 14 dpi; 9 dpi > 14 dpi; Pre > 14 dpi 

D-pantothenic acid C00864 5.506 0.001709 Pre > 14 dpi; Pre > 3 dpi; Pre > 5 dpi; Pre > 7 dpi; Pre > 9 dpi 

Malonic acid C00383 4.888 0.004381 3 dpi > 14 dpi; 3 dpi > 5 dpi; 3 dpi > 9 dpi; 3 dpi > Pre 

2,3-Dihydroxybenzoic acid C00196 4.766 0.004961 5 dpi > 14 dpi; 5 dpi > 3 dpi; Pre > 3 dpi; 5 dpi > 7 dpi; 5 dpi > 9 dpi; Pre > 7 dpi 

L-Maltose C00208 4.435 0.008063 Pre > 3 dpi; Pre > 5 dpi; Pre > 7 dpi; Pre > 9 dpi 

L-Phenylalanine C00079 4.149 0.012247 Pre > 14 dpi; Pre > 3 dpi; 5 dpi > 7 dpi; Pre > 7 dpi; Pre > 9 dpi 

2-Deoxycytidine 5'-diP C00705 4.018 0.014351 14 dpi > 3 dpi; 14 dpi > 5 dpi; 14 dpi > 7 dpi; 14 dpi > 9 dpi; 14 dpi > Pre; 7 dpi > Pre 

3-Hydroxyanthranilic acid C00632 3.948 0.015249 5 dpi > 3 dpi; 9 dpi > 3 dpi; 5 dpi > 7 dpi; 9 dpi > 7 dpi 

Citramalic acid C00815 3.744 0.019342 14 dpi > 3 dpi; 14 dpi > 5 dpi; 14 dpi > 7 dpi; 14 dpi > 9 dpi; 14 dpi > Pre 

D-Galactosamine C02262 3.697 0.019931 14 dpi > 3 dpi; 14 dpi > 5 dpi; 14 dpi > Pre; 7 dpi > Pre; 9 dpi > Pre 

L-Malic acid C00149 3.596 0.022602 3 dpi > 14 dpi; 3 dpi > 5 dpi; 3 dpi > 9 dpi; 3 dpi > Pre; 7 dpi > Pre 

N-Acetylneuraminic acid C19910 3.415 0.029465 3 dpi > Pre; 5 dpi > Pre; 9 dpi > Pre 

Succinic acid C00042 3.371 0.029911 Pre > 5 dpi; Pre > 7 dpi; Pre > 9 dpi 

m-Hydroxybenzoic acid C00587 3.356 0.029911 Pre > 3 dpi; Pre > 7 dpi; Pre > 9 dpi 

L-Sorbose C08356 3.332 0.029934 Pre > 3 dpi; Pre > 5 dpi; Pre > 7 dpi; Pre > 9 dpi 

 4 
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Table S6 (cont.). Multivariate ANOVA analysis of a metabolomics-derived dataset of nasal wash samples collected from ferrets at several time-points. 6 

Metabolite feature KEGG ID F-statistic FDR Fisher's LSD 

L-Serine C00716 3.259 0.032611 3 dpi > Pre; 5 dpi > Pre; 7 dpi > Pre 

Glyceric acid C00258 3.052 0.044086 3 dpi > 14 dpi; 5 dpi > 14 dpi; 7 dpi > 14 dpi; 9 dpi > 14 dpi; Pre > 14 dpi; Pre > 7 dpi 

N-Acetyl--D-glucosamine 1-P C04256 3.022 0.044086 5 dpi > 14 dpi; 9 dpi > 14 dpi; 5 dpi > Pre; 9 dpi > Pre 

N-Acetyl-D-glucosamine 6-P C00357 3.022 0.044086 5 dpi > 14 dpi; 9 dpi > 14 dpi; 5 dpi > Pre; 9 dpi > Pre 

In this table, P: phosphate, Pre: Pre-infection, dpi: days post-infection 7 

 8 

Table S7. Significant discovery metabolites observed through LC-QTOF-MS analysis 9 

Metabolite F-statistic FDR Formula Observed Mass Theoretical mass Mass error (ppm) 

2,3-Dimethylsuccinic acid 12.441 2.70E-07 C6 H10 O4 146.0577 146.058457 5.182856 

(+)-Isomyristic acid 11.447 3.67E-07 C14 H28 O2 228.2089 228.209479 2.537149 

Stearolic acid 11.383 3.67E-07 C18 H32 O2 280.2403 280.240779 1.709247 

Monoolein 10.786 6.22E-07 C21 H40 O4 356.2925 356.293208 1.987131 

3-hydroxy-hexadecanoic acid 9.7278 1.83E-06 C16 H32 O3 272.2353 272.235693 1.443604 

2-Hexyldecanoic acid 6.0773 0.000285 C16 H32 O2 256.2402 256.240779 2.259594 

Vanillylmandelic acid 4.5567 0.00322 C9 H10 O5 198.0548 198.053372 7.210126 

Phthalic acid Mono-2-ethylhexyl Ester 3.6172 0.014693 C16 H22 O4 278.1514 278.152358 3.444156 

In this table, FDR: false discovery rate. 10 

  11 
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Table S8. Pathway enrichment and impact analysis of a metabolomics-derived dataset of nasal wash samples collected from ferrets. 12 

Metabolic pathway Total Expected Hits 
Pathway enrichment analysis Pathway impact analysis 

Raw p-value Holm p-value FDR Raw p-value Holm p-value FDR Impact 

Phenylalanine, tyrosine and tryptophan biosynthesis 4 0.0723 2 0.0019 0.1610 0.1610 0.0018 0.15516 0.1552 0.5000 

Phenylalanine metabolism 10 0.1807 2 0.0134 1 0.5630 0.0130 1 0.5440 0.6190 

Butanoate metabolism 15 0.2710 2 0.0296 1 0.6210 0.0286 1 0.8004 0.0000 

Citrate cycle (TCA cycle) 20 0.3613 2 0.3120 1 1 0.0489 1 0.9776 0.0769 

Pentose phosphate pathway 22 0.3974 2 0.0601 1 1 0.0582 1 0.9776 0.0278 

Glyoxylate and dicarboxylate metabolism 32 0.5781 2 0.4510 1 1 0.1120 1 1 0.0794 

Taurine and hypotaurine metabolism 8 0.1445 1 0.1380 1 1 0.1360 1 1 0.4286 

Nicotinate and nicotinamide metabolism 15 0.2710 1 0.2440 1 1 0.2402 1 1 0.0000 

Glycerolipid metabolism 16 0.2890 1 0.2580 1 1 0.2541 1 1 0.0935 

Starch and sucrose metabolism 18 0.3252 1 0.2850 1 1 0.2811 1 1 0.0731 

Terpenoid backbone biosynthesis 18 0.3252 1 ND ND ND 0.2811 1 1 0.1143 

Pantothenate and CoA biosynthesis 19 0.3432 1 0.2990 1 1 0.2942 1 1 0.0071 

Pyruvate metabolism 22 0.3974 1 ND ND ND 0.3322 1 1 0.0311 

Propanoate metabolism 23 0.4155 1 0.3500 1 1 0.3445 1 1 0.0000 

Alanine, aspartate and glutamate metabolism 28 0.5058 1 0.4080 1 1 0.4025 1 1 0.0000 

Glycine, serine and threonine metabolism 33 0.5961 1 0.4620 1 1 0.4555 1 1 0.0242 

Amino sugar and nucleotide sugar metabolism 37 0.6684 1 0.0285 1 0.6210 0.4947 1 1 0.0386 

Pyrimidine metabolism 39 0.7045 1 0.5200 1 1 0.5132 1 1 0.0175 

Tryptophan metabolism 41 0.7407 1 0.5380 1 1 0.5311 1 1 0.0516 

Primary bile acid biosynthesis 46 0.8310 1 0.5800 1 1 0.5731 1 1 0.0076 

Fatty acid biosynthesis 47 0.8490 1 ND ND ND 0.5810 1 1 0.0000 

Aminoacyl-tRNA biosynthesis 48 0.8671 1 0.5960 1 1 0.5888 1 1 0.0000 

Purine metabolism 65 1.1742 1 0.7090 1 1 0.7019 1 1 0.0000 

In this table, ND: Not detected 13 
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 14 

Figure S1. Principal component analysis (PCA) of the central carbon metabolism metabolite dataset of nasal wash samples collected 15 
from ferrets. A. PCA scatter plot, and B. PCA loadings plot. For this plot, R2X (cum) = 0.525, Q2 = 0.305. The ellipse presented in panel 16 
A represents Hotelling’s T2 confidence limit (95%). The colored circles in panel A represent each analyzed sample, while the white 17 
circles in panel B indicate the distribution of metabolite features between these groups. 18 

 19 

 20 

Figure S2. Partial least square discriminant analysis (PLS-DA) of the central carbon metabolism metabolite dataset of nasal wash 21 
samples collected from ferrets. A. PLS-DA scatter plot, and B. PLS-DA loadings plot. For this plot, R2X (cum) = 0.28, R2Y (cum) = 22 
0.183, Q2 = 0.0.06. The ellipse presented in panel A represents Hotelling’s T2 confidence limit (95%). The colored circles in panel A 23 
represent each analyzed sample, while the black crossed circles in panel B indicate the average group position for each sample cluster, 24 
with the white circles representing the distribution of metabolite features between these groups. 25 
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