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Abstract
Background: The COVID-19 pandemic is spreading globally with high disparity in the susceptibility of the
disease severity. Identi�cation of the key underlying factors for this disparity is highly warranted.

Results: Here we describe constructing a proteomic risk score (PRS) based on 20 blood proteomic
biomarkers which related to the progression to severe COVID-19. Among COVID-19 patients, per 10%
increment in the PRS was associated with a 57% higher risk of progressing to clinically severe phase
(RR=1.57; 95% CI, 1.35-1.82). We demonstrate that in our own cohort of 990 individuals without infection,
this proteomic risk score is positively associated with proin�ammatory cytokines mainly among older, but
not younger, individuals. We further discovered that a core set of gut microbiota could accurately predict
the blood proteomic biomarkers of COVID-19 using a machine learning model. The core OTU-predicted
PRS had a signi�cant correlation with actual PRS both cross-sectionally (n=132, p<0.001) and
prospectively (n=169, p<0.05). Most of the core OTUs were highly correlated with proin�ammatory
cytokines. Fecal metabolomics analysis suggested potential amino acid-related pathways linking the
above core gut microbiota to in�ammation.

Conclusions: Our study suggests that gut microbiota may underlie the predisposition of healthy
individuals to COVID-19-sensitive proteomic biomarkers.

Background
With the coronavirus disease 2019 (COVID-19) de�ned as ‘global pandemic’ and spreading worldwide at
an unprecedented speed, more than eleven million individuals have been infected globally since its �rst
detection in December 2019 to early-July 2020 [1]. So far, many research papers have been published to
characterize the clinical features of the COVID-19 patients, revealing that those individuals who are older,
male or having other clinical comorbidities are more likely to develop into severe COVID-19 cases [2, 3].
Yet, little is known about the potential biological mechanisms or predictors for the susceptibility of the
disease.

It is known that COVID-19 is caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2),
which enters human cells by binding to angiotensin converting enzyme 2 (ACE2) as its receptor [4]. Of
note, ACE2 is an important regulator of intestinal in�ammation, and that the expression of ACE2 is higher
in the ileum and colon than in lung [5, 6]. ACE2 also has a major impact on the composition of gut
microbiota, thus affecting cardiopulmonary diseases [7]. Moreover, over 60% of patients with COVID-19
report evidence of gastrointestinal symptoms, such as diarrhoea, nausea and vomiting, and that patients
with gastrointestinal symptoms had overall more severe/critical diseases [8–10]. Taken together, the
available evidence suggests a potential role of gut microbiota in the susceptibility of COVID-19
progression and severity.

Based on a recent investigation into the blood biomarkers of COVID-19 patients, we identi�ed a set of
proteomic biomarkers which could help predict the progression to severe COVID-19 among infectedLoading [MathJax]/jax/output/CommonHTML/jax.js
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patients [11]. The newly discovered proteomic biomarkers may help early prediction of severe COVID-19.
However, the question remains as to whether this set of proteomic biomarkers could be used in healthy
(non-infected) individuals to help explain the disease susceptibility. It is also unclear whether gut
microbiota could regulate these blood proteomic biomarkers among healthy individuals.

To address the above unresolved questions, we integrated blood proteomics data from 31 COVID-19
patients and multi-omics data from a Chinese population without infection living in Guangzhou, involving
2413 participants (Fig. 1; Figure S1; Table S1). Based on the COVID-19 patient data, we constructed a
blood proteomic risk score (PRS) for the prediction of COVID-19 progression to clinically severe phase.
Then, among 990 healthy individuals with the data of proteome and blood in�ammatory biomarkers, we
investigated the association of the COVID-19-related PRS with in�ammatory biomarkers as a veri�cation
of the PRS with disease susceptibility in normal non-infected individuals. Next, we identi�ed core gut
microbiota features which predicted the blood proteomic biomarkers of COVID-19 using a machine-
learning model. We conducted further fecal metabolomics analysis to reveal potential biological
mechanisms linking gut microbiota to the COVID-19 susceptibility among non-infected individuals.
Finally, we demonstrated the contribution of 40 host and environmental factors to the variance of the
above identi�ed core gut microbiota features.

Methods

Study design
COVID-19 patients
Detailed information about the COVID-19 patients and proteomics data set is described in our recent
publication [11]. In the present analysis, we included data from 31 COVID-19 patients, among which 13
were severe patients and 18 were non-severe patients from Taizhou Public Health Medical Center. Serum
samples of these patients were analyzed by TMTpro 16 plex-based quantitative proteomics technology.
All the patients were diagnosed between January 23 and February 4, 2020. According to the Chinese
Government Diagnosis and Treatment Guideline for COVID-19, the COVID-19 patients were classi�ed into
four groups, (1) mild (mild symptoms without pneumonia); (2) typical (fever or respiratory tract
symptoms with pneumonia); (3) severe (ful�ll any of the three criteria: respiratory distress, respiratory
rate ≥ 30 times/min; mean oxygen saturation ≤ 93% in resting state; arterial blood oxygen partial
pressure/oxygen concentration ≤ 300 mmHg); and (4) critical (ful�ll any of the three criteria: respiratory
failure and require mechanical ventilation; shock incidence; admission to ICU with other organ failure).
We treated mild and typical patients as a non-severe COVID-19 group, and the others a severe COVID-19
group.

Healthy participants, sample collection, and clinical
metadata
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A total of 2413 healthy non-infected individuals from the community-based Guangzhou Nutrition and
Health Study (GNHS) are involved in the present study, which mainly consists of a subset of subjects with
proteomic data at baseline (n = 990) and a subset of subjects with gut microbiome and metabolome data
at a follow-up visit (n = 2172, within which 301 individuals also had proteomic data). The detailed study
designs of GNHS have been reported previously [12]. Brie�y, participants were enrolled between 2008 and
2013, and followed up to May 2018. Blood samples were collected at enrollment and follow-up visits, and
stool samples were collected only during follow-up visits. All the blood samples were collected as venous
whole blood in the early morning before diet using serum separation tubes. The blood samples were
centrifuged at 3,500 rpm for 10 min for serum collection. The serum samples were frozen at -80 °C. The
stool samples were collected at a local study site within the School of Public Health at Sun Yat-sen
University, and were transferred to a -80 °C facility within 4 hours after collection.

Details method for the metadata measurements, proteomic analysis, measurement of in�ammatory
biomarkers, microbiome and metabolomic analysis for GNHS was provided in Supplemental text.

Bioinformatic and statistical analysis

Data imputation and presentation
Missing values in proteomic features were imputed with 50% of the minimal value. Data are presented as
mean ± SD or percentage as indicated. Statistical tests used to compare conditions are indicated in �gure
legends. Unless otherwise stated, statistical analysis was performed using Python 3.7, R software
(version 3.6.1, R foundation for Statistical Computing, Austria), and Stata 15 (StataCorp, College Station,
TX, USA).

Construction of proteomic risk score (PRS)
We used 20 out of 22 previously identi�ed proteomic biomarkers to construct a proteomic risk score
(PRS) for severe COVID-19 in COVID-19 patients and healthy participants.

PRSi =
20

∑
j=1

βjxij

Where, PRSi is a proteomic risk score for individual i, 20 is the number of proteins involved the score
construction, xij is the Z score of the relative abundance of the protein j for individual i. β is 1 or -1
depending on the association between the protein j and risk of progressing to clinically severe phase (1,
up-regulated in severe patients, -1, down-regulated in severe patients).

Association of PRS with the risk of progressing to clinically
severe phase
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Poisson regression model was used to examine the association of PRS with the risk of progressing to
clinically severe phase among 31 COVID-19 patients (18 non-severe patients; 13 severe patients),
adjusting for age, sex and BMI.

Correlation between PRS and pro-in�ammatory biomarkers
Spearman correlation analysis was used to examine the correlation between PRS and pro-in�ammatory
biomarkers (i.e., hsCRP, IL-1β, IL-6 and TNF-α). p < 0.05 was considered as statistically signi�cant.

Machine learning algorithms for identifying microbial
features to predict PRS
A 10-fold cross-validation (CV) implementation of gradient boosting framework —LightGBM [13]and
SHAP (Shapley Additive exPlanations) [14] was used to link input gut microbial features with PRS.
Gradient boosting has been widely used in prediction for tabular data in biomedical �elds [15, 16] and
SHAP has been theoretically veri�ed as the only consistent and locally accurate method to interpret
machine learning results [17, 18]. A 10-fold CV predict implementation was used to generate a OTU-
predicted PRS value for each participant. In this approach, each LightGBM model is trained on 90% of the
cohort with 10-fold CV, and PRS is predicted for the 10% of the participants who were not used for model
optimization. This process is repeated ten-fold resulting in a test PRS set for each participant and ten
different average absolute SHAP value for each OTUs. The top 20 ranked OTUs based the sum of the
average absolute SHAP value across ten-fold were included in further analysis. Pearson r was calculated
using actual PRS and predicted PRS for the entire cohort. We also compared the predictive performance
for the top 20 ranked OTUs, demographic characteristics and laboratory tests (age, BMI, sex, blood
pressure and blood lipids). Our predictor is based on code adapted from the sklearn 0.15.2 lightgbm
regression [19].

The relationship between the identi�ed core OTUs and host
in�ammatory cytokines
Spearman correlation analysis was used to examine the correlation between PRS and cytokines (i.e., IL-
1β, IL-2, IL-4, IL-6, IL-8, IL-10, IL-12p70, IL-13, TNF-α and IFN-γ). p < 0.05 was considered as statistically
signi�cant.

Relationship between OTUs and fecal metabolites
Prior to the analysis, we excluded the participants with T2D medication use, and all fecal metabolites
were natural logarithmic transformed to reduce skewness of traits distributions. Similarly, to reduce
skewness of the distribution of microbial taxa counts, we �rst added 1 to all OTUs and then performed
natural log transformation. The relationship between fecal metabolites and microbial OTUs was
assessed by linear regression analysis while adjusting for age, sex, BMI. Multiple testing was adjusted
using Benjamini and Hochberg method, with a false discovery rate (FDR) of < 0.05 being considered
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statistically signi�cant. Metabolites showed signi�cant associations with more than half of the selected
microbial OTUs, were used for subsequent pathway analysis using MetaboAnalyst 4.0 [20].

Associations of host and environmental factors with gut
microbial features
We assessed how many variations in the identi�ed core OTUs composition (Bray-Curtis distance) can be
explained by host and environmental factors (40 factors) using the function adonis from the R package
vegan. The p value was determined by 1000x permutations. The total variation explained was also
calculated per category (demographic/clinical category and dietary/nutritional factors) and for all factors
together. Spearman correlation analysis was used to assess the potential effect of each factor on each of
the core OTU. Multiple testing was adjusted using Benjamini and Hochberg method, with a false
discovery rate (FDR) of < 0.05 being considered statistically signi�cant.

Detailed information about the dataset at each step of analyses among the healthy individuals from
GNHS was provided in Supplemental text.

Results

Predictive proteomic pro�le for severe COVID-19 is
correlated with in�ammatory factors among healthy
individuals
First, we derived and validated a protein risk score which related to the progression to severe COVID-19.
Based on a prior serum proteomic pro�ling of COVID-19 patients, 22 proteomic biomarkers contributed to
the prediction of progression to severe COVID-19 status (18 non-severe cases and 13 severe cases)
[11].Using this cohort, we constructed a blood PRS among the 31 COVID-19 patients based on 20
proteomic biomarkers (Table S2). We only used 20 of the 22 proteins for our PRS construction because 2
proteins were unavailable in our large proteomics database among non-infected participants for the
further analysis. Among the COVID-19 patients, Poisson regression analysis indicated that per 10%
increment in the PRS there was associated a 57% higher risk of progressing to clinically severe phase (RR,
1.57; 95% CI, 1.35–1.82; Fig. 2A), in support of the PRS as being a valid proxy for the predictive
biomarkers of severe COVID-19.

To explore the potential implication of the PRS among non-COVID-19 individuals, we constructed the PRS
using the same set of 20 blood proteins among a cohort of non-infected participants with data of both
proteomics and in�ammatory markers (n = 990). The blood proteomic data was based on the baseline
serum samples of the cohort (Figure S1). We investigated the correlation between the PRS and blood
in�ammatory markers IL-1β, IL-6, TNF-α and hsCRP. The PRS had a signi�cantly positive correlation with
serum concentrations of hsCRP and TNF-α (p < 0.001 and p < 0.05, respectively), but not other markers
(Fig. 2B). As age and sex are very important factors related to the susceptibility to SARS-CoV-2 infection,
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we performed subgroup analysis strati�ed by age (< 58 years vs. ≥58 years, with 58 years as the median
age of this cohort) and sex. Interestingly, we found that higher PRS was signi�cantly correlated with
higher serum concentrations of all the aforementioned in�ammatory markers among older individuals (> 
58 years, n = 493), but not among younger individuals (≤ 58 years, n = 497) (Fig. 2B and 2C). The PRS did
not show any differential association with the in�ammatory markers by sex (Figure S2). Whether the
identi�ed proteomic changes causally induce immune activation or consequences of the immune
response are not clear at present, but the �nding supports the hypothesis that the PRS may act as a
biomarker of unbalanced host immune system, especially among older adults.

Core microbiota features predict COVID-19 proteomic risk
score and host in�ammation
To investigate the potential role of gut microbiota in the susceptibility of healthy individuals to COVID-19,
we next explored the relationship between the gut microbiota and the above COVID-19-related PRS in a
sub-cohort of 301 participants with measurement of both gut microbiota (16 s rRNA) and blood
proteomics data (Figure S1). Gut microbiota data were collected and measured during a follow-up visit of
the cohort participants, with a cross-sectional subset of the individuals (n = 132) having blood proteomic
data at the same time point as the stool collection and another independent prospective subset of the
individuals (n = 169) having proteomic data at a next follow-up visit ~ 3 years later than the stool
collection.

Among the cross-sectional subset, using a machine learning-based method: LightGBM and a very
conservative and strict tenfold cross-validation strategy, we identi�ed 20 top predictive operational
taxonomic units (OTUs), and this subset of core OTUs was strongly predictive of PRS (Cross-validated
Pearson’s r = 0.59, p < 0.001 across ten cross-validations). The predictive capacity for PRS based on the
core OTUs substantially outperformed that of demographic characteristics and laboratory tests including
age, BMI, sex, blood pressure and blood lipids (Pearson’s r = 0.154, p = 0.087) (Fig. 3A). The list of these
core OTUs along with their taxonomic classi�cation is provided in Table S3. These OTUs were mainly
assigned to Bacteroides genus, Streptococcus genus, Lactobacillus genus, Ruminococcaceae family,
Lachnospiraceae family and Clostridiales order.

Additionally, we used co-inertia analysis (CIA) to further test co-variance between the 20 identi�ed core
OTUs and 20 predictive proteomic biomarkers of severe COVID-19, outputting a RV coe�cient (ranged
from 0 to 1) to quantify the closeness. The results indicated a close association of these OTUs with the
proteomic biomarkers (RV = 0.12, p < 0.05) (Figure S3A). When replicating this analysis strati�ed by age,
signi�cant association was observed only among older participants (age ≥ 58, n = 66; RV = 0.22, p < 0.05)
(Figure S3B and S3C).

Importantly, the above results from cross-sectional analyses were successfully replicated in the
independent prospective subset of 169 individuals, which showed a Pearson’s r of 0.18 between the core
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OTUs-predicted PRS versus actual PRS (p < 0.05), also outperforming the predictive capacity of the above
demographic characteristics and laboratory tests (Pearson’s r = 0.08, p = 0.31) (Fig. 3A). These �ndings
support that change in the gut microbiota may precede the change in the blood proteomic biomarkers,
inferring a potential causal relationship.

To further verify the reliability of these core OTUs, in another larger independent sub-cohort of 366
participants (Figure S1), we examined the cross-sectional relationship between the core OTUs and 10
host in�ammatory cytokines including IL-1β, IL-2, IL-4, IL-6, IL-8, IL-10, IL-12p70, IL-13, TNF-α and IFN-γ,
and found 11 microbial OTUs were signi�cantly associated with the in�ammatory cytokines (Fig. 3B).
Speci�cally, Bacteroides genus, Streptococcus genus and Clostridiales order were negatively correlated
with most of the tested in�ammatory cytokines, whereas Ruminococcus genus, Blautia genus and
Lactobacillus genus showed positive associations.

Fecal metabolome may be the key to link the PRS-related
core microbial features and host in�ammation
We hypothesized that the in�uences of the core microbial features on the PRS and host in�ammation
were driven by some speci�c microbial metabolites. So we assessed the relationship between the core
gut microbiota and fecal metabolome among 987 participants, whose fecal metabolomics and 16 s rRNA
microbiome data were collected and measured at the same time point during the follow-up visit of the
participants (Figure S1). After correction for the multiple testing (FDR < 0.05), a total of 183 fecal
metabolites had signi�cant correlations with at least one selected microbial OTU. Notably, 45 fecal
metabolites, mainly within the categories of amino acids, fatty acids and bile acids, showed signi�cant
associations with more than half of the selected microbial OTUs (Fig. 4A), these metabolites might play a
key role in mediating the effect of the core gut microbiota on host metabolism and in�ammation.

Based on these key metabolites, we performed metabolic pathway analysis to elucidate possible
biological mechanisms. The results showed that these 45 fecal metabolites were mainly enriched in three
pathways, namely aminoacyl-tRNA biosynthesis pathway, arginine biosynthesis pathway, and valine,
leucine and isoleucine biosynthesis pathway (Fig. 4B). There were 15 fecal metabolites involved in the
aminoacyl-tRNA biosynthesis pathway, which is responsible for adding amino acid to nascent peptide
chains and is a target for inhibiting cytokine stimulated in�ammation (Fig. 4C). Additionally, 4
metabolites were associated with arginine biosynthesis pathway and 3 metabolites were enriched in
valine, leucine and isoleucine (known as branch-chain amino acids, BCAAs) biosynthesis pathway
(Fig. 4C).

Host and environmental factors are correlated with the PRS-
related core microbial OTUs
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As demographic, socioeconomic, dietary and lifestyle factors may all be closely related to the gut
microbiota, we explored the variance contribution of these host and environmental factors for the
identi�ed core OTU composition. A total of 40 items belonging to two categories (i.e.,
demographic/clinical factors and dietary/nutritional factors) were tested (Fig. 5), which together
explained 3.6% of the variation in interindividual distance of the core OTU composition (Bray-Curtis
distance). In the demographic/clinical factors which explained 2.4% of the variation, we observed
associations of 9 items (i.e., sex, education, physical activity, diastolic blood pressure, blood glucose,
blood lipids and medicine use for type 2 diabetes) with inter-individual distances in the core OTU
composition (PERMANOVA, p < 0.05; Fig. 5). While in the dietary/nutritional category (1.1% variance was
explained), only dairy consumption signi�cantly contributed to the variance of the core OTU composition.

Discussion
Our �ndings suggest that, among healthy non-infected individuals, gut microbial features are highly
predictive of the blood proteomic biomarkers of severe COVID-19 disease. The disruption of the
corresponding gut microbiome features may potentially predispose healthy individuals to abnormal
in�ammatory status, which may further account for the COVID-19 susceptibility and severity. The fecal
metabolomics analysis reveals that amino acid-related pathway may provide the key link between the
identi�ed core gut microbiota, in�ammation and COVID-19 susceptibility. Furthermore, modi�cations on
host and environmental factors are likely to in�uence the above core gut microbiota compositions.

Accumulating evidence suggests that “cytokine storm”, an excessive production of in�ammatory
cytokines, may be an important mechanism leading to the severity and death of COVID-19 patients [2,
21]. Therefore, anticytokine therapy for the suppression of the hyperin�ammatory status of the patients is
a recommended strategy to treat severe COVID-19 patients [22, 23]. Among the 20 proteomic predictors of
severe COVID-19, several most upregulated proteins are activated acute phase proteins, including serum
amyloid A-1 (SAA1), SAA2, SAA4, alpha-1-antichymotrypsin (SERPINA3), complement 6 (C6) and
complement factor B (CFB) [11]. These proteins may be activated together with proin�ammatory
cytokines such as IL-6 and TNF-α following the invasion of the SARS-CoV-2. Therefore, this set of
proteomic biomarkers may serve as an important biomarker or therapeutic target for treating SARS-CoV-2
infection. Beyond the previous data from the COVID-19 patients, our current study based on data from
healthy non-infected participants consistently supports that the proteomic biomarkers (integrated into a
score) are positively associated with proin�ammatory cytokines, especially among those with an older
age. These results imply that the proteomic changes my precede the progression of COVID-19 to severe
phase. Moreover, our �nding of more signi�cant associations between PRS and proin�ammatory
cytokines among older people agree with the observation during COVID-19 outbreak that older individuals
are more susceptible to the virus, leading to severity of the disease, due to the induced hyperin�ammation
or “cytokine storm” [3, 24].

In the present study, the core gut microbial features (20 OTUs), with a satis�ed performance, outperform
demographic characteristics and laboratory tests in predicting the blood proteomic biomarkers, whichLoading [MathJax]/jax/output/CommonHTML/jax.js
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highlights a potential role of gut microbiota in regulating the susceptibility of COVID-19 among normal
individuals. Some of our identi�ed gut microbes was consistent with those from recent study of COVID-
19 patients [25]. In fact, maintaining gut homeostasis has been suggested as a treatment option in the
“Diagnosis and Treatment Plan of Corona Virus Disease 2019 (Tentative Sixth Edition)” issued by
National Health Commission of China, as to keep the equilibrium for intestinal microecology and prevent
secondary bacterial infection [26]. Growing evidence has shown that microbiota plays a fundamental role
on the induction, training and function of the host immune system, and the composition of the gut
microbiota and its activity are involved in production of in�ammatory cytokines [27, 28]. Prior studies
reported that Lactobacillus genus was positively associated with IL-6 and IFN-γ, while Blautia genus was
positively associated with IL-10 [29–31]; these relationships were replicated in our study. Besides, we
found the PRS-related OTUs belonging to Bacteroides genus and Streptococcus genus were negatively
associated with most proin�ammatory factors. These results further support the reliability of the selected
core OTUs.

Fecal metabolomics analyses for the identi�ed core gut microbial OTUs suggest that these OTUs may be
closely associated with amino acid metabolism, especially aminoacyl-tRNA biosynthesis pathway,
arginine biosynthesis pathway, and valine, leucine and isoleucine biosynthesis pathway. As metabolic
stress pathways and nutrient availability instruct immunity, amino acid levels in the tissue
microenvironment are central to the maintenance of immune homeostasis [32]. Amino acid insu�ciency
will cause depletion of available aminoacylated tRNA, which is essential for the host to sense amino acid
limitation and immune response [33–35]. A recent study on several mammalian cell models reported that
when aminoacyl-tRNA synthetase was inhibited, the cytokine stimulated proin�ammatory response
would be substantially suppressed, and a single amino acid depletion, such as arginine or histidine, could
also suppress the cytokine induced immune response [36].Thus the identi�ed pathways regulating in
aminoacyl-tRNA biosynthesis and arginine biosynthesis may be both involved in the in�ammatory
response. Additionally, arginine and BCAAs (i.e., valine, leucine and isoleucine), were also reported
regulating innate and adaptive immune responses and enhancing intestinal development [37].
Collectively, these key roles that amino acids play in the immunoregulation may help explain how the
PRS-related core OTUs modulate host in�ammation via amino acid metabolism. Furthermore, given the
high expression of ACE2 in the ileum and colon, and the role of ACE2 as a key regulator of dietary amino
acid homeostasis and innate immunity [5, 6], ACE2 may be another key mediator between gut microbiota
and host in�ammation. However, whether and how ACE2 may mediate the association between gut
microbiota and COVID-19 severity warrants further mechanistic study.

We observed that several host demographic and clinical factors had a strong effect on the identi�ed core
OTU composition, among which drug use and metabolic phenotypes had been widely reported correlating
with gut microbiome composition [38–40]. Although these observations were quite crude, it gave us an
overview of the potential in�uence of host and environmental factors on the PRS-related gut microbiota
matrix. Those known factors contributed to the COVID-19 susceptibility also contributed to the variance
of the gut microbiota, including age, sex, and indicators of clinical comorbidities (blood pressure, glucose
triglycerides, high-density and low-density lipoprotein cholesterol, and diabetes medication).Loading [MathJax]/jax/output/CommonHTML/jax.js
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The strength of our study lies in our analysis of multi-omics dataset (blood proteomics, gut microbiota,
fecal metabolome) from a large healthy human cohort study, and cross-referenced with COVID-19
speci�c proteomic risk score identi�ed in recent study[11]. Our results lead to the hypothesis that gut
microbiota may play an important role in regulating the predisposition of healthy individual to the COVID-
19 via affecting the fecal amino acid-related pathway and host in�ammation, although the detailed
mechanism is yet to be discovered. A major limitation of the present study is that we don’t directly
investigated the association of gut microbiota with the COVID-19 susceptibility among COVID-19
patients. Nevertheless, some of our identi�ed gut microbes are consistent with those from recent study of
COVID-19 patients[25], and our study among non-infected healthy participants may be more
generalizable in terms of the prevention of the disease and disease severity.

Conclusions
In the global crisis of COVID-19, a wide disparity in the susceptibility of the disease or disease
progression has been observed. Our results provide important evidence and suggestions about the
potential biological mechanism behind the diverse susceptibility among different groups of people. The
discovered core gut microbial features and related metabolites may serve as a potential
preventive/treatment target for intervention especially among those who are susceptible to the SARS-
CoV-2 infection. They could also serve as potential therapeutic targets for drug development.
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Figure 1

Study design and analysis pipeline. Study overview. 1) constructing a novel COVID-19 blood proteomic
risk score (PRS) among 31 COVID-19 patients (18 non-severe cases and 13 severe cases). 2) Applicating
the PRS in healthy participants, and further linking it to host in�ammatory status (n=990). 3)
Investigating the potential role of gut microbiota in predicting the PRS of COVID-19 based on a machine-
learning method (n=301). 4) Assessing the relationships between the PRS-related gut microbiota and
in�ammatory factors (n=336). 5) Fecal metabolomics analysis reveals function of gut microbiota on host
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metabolism (n=987). 6) Investigating the impact of host and environmental factors on PRS-related core
microbial OTUs (n=1729).

Figure 2

Predictive proteomic pro�le for severe COVID-19 is correlated with pro-in�ammatory factors among
healthy individuals. (A) Protein risk score (PRS) related to the progression to severe COVID-19. Among the
31 COVID-19 patients, Poisson regression analysis indicated that per 10% increment in the PRS there wasLoading [MathJax]/jax/output/CommonHTML/jax.js
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associated a 57% higher risk of progressing to clinically severe phase. (B) The associations of COVID-19-
related blood proteomic biomarkers and proteomic risk score (PRS) with host in�ammatory markers
among the non-infected participants (990 participants). We also examined the correlation of the above
blood proteomic biomarkers and PRS with host in�ammatory markers strati�ed by the median age of
participants (<58 years or ≥58 years). The color of the heatmap indicates the spearman correlation
coe�cients (blue-negative, red-positive). # protein down-regulated in severe patients, else, up-regulated.
(C) The correlation of the PRS with individual host in�ammatory markers strati�ed by the median age of
participants (<58 years or ≥58 years).
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Figure 3

Core microbiota features predict COVID-19 proteomic risk score (PRS) and host in�ammation. (A) Plots of
out-of-sample predicted PRS versus actual PRS based on top 20 ranked OTUs or demographic/clinical
factors (age, sex BMI, fasting glucose, HDL, LDL, TC, TG, DBP, and SBP) using LightGBM with 10-fold
cross-validation. In this approach, each LightGBM model is trained on 90% of the cohort with 10-fold CV,
and PRS is predicted for the 10% of the participants who were not used for model optimization. The plotsLoading [MathJax]/jax/output/CommonHTML/jax.js
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in the �rst row indicate the model performance among cross-sectional subset of individuals (n=132); the
plots in the second row indicate the model performance among prospective subset of individuals
(n=169). Pearson r of predicted values versus actual values, and corresponding P-value across the 10
cross validations are shown in the �gures. (B) The correlation of the core microbial OTUs and host
in�ammatory cytokines (n=336). The color of the heatmap indicates the Spearman correlation
coe�cients (blue-negative, red-positive).

Figure 4Loading [MathJax]/jax/output/CommonHTML/jax.js
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Fecal metabolome may be the key to link the proteomic risk score-related core microbial features and
host in�ammation (A) Associations of the core microbial OTUs with fecal metabolites (n=987). The
relationships between microbial OTUs and fecal metabolites was assessed by a linear regression model
adjusting for age, sex, BMI. Multiple testing was adjusted using Benjamini and Hochberg method, with a
false discovery rate (FDR) of <0.05 being considered statistically signi�cant. We only presented
metabolites showing signi�cant associations with more than half of the core microbial OTUs (n=20) in
the �gure. Sizes of the nodes represent the number of OTUs related with fecal metabolites. Red edge, β-
coe�cient >0; blue edge, β-coe�cient <0. (B) Pathway analysis for the core fecal metabolites (shown in
part A) using MetaboAnalyst 4.0. [20] (C) Metabolites enriched in the signi�cant pathways (shown in part
B).
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Figure 5

Host and environmental factors are correlated with the blood proteomic risk score-related core microbial
OTUs. Host and environmental factors including 18 demographic/clinical items and 22 dietary/nutritional
items were used in this analysis (n=1729). The bar plot indicates the explained variation of the core OTUs
composition (Bray-Curtis distance) by each item. The heatmap next to the bar plot shows the correlation
coe�cients of each item with the core OTUs.Loading [MathJax]/jax/output/CommonHTML/jax.js
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