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Abstract
Host biomarkers are increasingly being considered as tools for improved COVID-19 detection and
prognosis. We recently pro�led circulating host-encoded microRNA (miRNAs) during SARS-CoV-2
infection, revealing a signature that classi�ed COVID-19 cases with 99.9% accuracy. Here we sought to
develop a signature suited for clinical application by analyzing specimens collected using minimally
invasive procedures. Eight miRNAs displayed altered expression in anterior nasal tissues from COVID-19
patients, with miR-142-3p, a negative regulator of interleukin-6 (IL-6) production, the most strongly
upregulated. Supervised machine learning analysis revealed that a three-miRNA signature (miR-30c-2-3p,
miR-628-3p and miR-93-5p) independently classi�es COVID-19 cases with 100 % accuracy. This study
further de�nes the host miRNA response to SARS-CoV-2 infection and identi�es candidate biomarkers for
improved COVID-19 detection.

Main Text
Host responses to SARS-CoV-2 infection are currently being examined as biomarkers for both improved
detection of pre- or asymptomatic COVID-19 cases [1] and the prognosis of COVID-19 severity [2–4]. In
contrast to viral RNA molecules, host biomarkers such as microRNAs (miRNAs) are relatively abundant in
the patient during the early pre-symptomatic period. MicroRNAs are small non-coding RNAs that regulate
biological processes, including the host antiviral immune response. During the earliest phase of viral
infection, prior to symptom onset and detectable virions, the pathogen triggers signaling cascades in the
innate effectors of the host immune system. These �rst line responders (e.g. myeloids) react rapidly,
releasing expressed miRNAs in circulation.

We recently characterised changes in the circulating miRNA pro�le of human plasma observed during
SARS-CoV-2 infection [1]. With many molecular COVID-19 tests employing nasal or nasopharyngeal
swabs as analytes, here we analysed the miRNA pro�le in nasal swabs derived from COVID-19 patients
and uninfected controls. Swabs of the anterior nares were collected by Barwon Health (Geelong,
Australia) from members of the public undergoing COVID-19 testing between July and August 2020
(Table 1). Samples were also collected from persons de�ned as uninfected controls, who displayed no
COVID-19 symptoms and returned negative SARS-CoV-2 PCR test results. Swabs were collected in
universal transport medium and stored at -80°C until processed. Protocols for RNA puri�cation,
complementary DNA (cDNA) library preparation, next-generation sequencing, data processing, data
analysis, and statical analysis are as described [1].

Small RNA seq resulted in 13–46 million (average 23 million) raw reads per sample, which have been
submitted to the NCBI short read archive (SRA). Reads were trimmed of adaptors and �ltered on length
(18–26 nt) and quality, resulting in 2.4–10.6 million (average 5.4 million) reads per sample for further
analysis. The majority of sequences were deemed high quality by FASTQC (data not shown). MiRDeep2
mapper was used to identify all known miRNA transcripts amongst the 20 samples (by mapping to the
miRBase v22 human dataset) and read counts were determined for each mature miRNA transcript using
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miRDeep2 quanti�er. A total of 1,495 different 5p or 3p mature miRNA transcripts were detected,
corresponding to 1,097 different precursors. The most abundant miRNA in the nasal swab dataset was
hsa-miR-16-5p, followed by hsa-miR-29c-3p, hsa-miR-29a-3p and hsa-miR-223-3p (Fig. 1a). A total of 452
(28% of all detected miRNAs) had at least 100 reads (Fig. 1b). We did not observe a signi�cant difference
in the total number of miRNAs identi�ed in infected versus uninfected patients (data not shown).
Following data normalization, pairwise analyses was performed at the single-miRNA level using median
normalised read counts from infected vs uninfected samples, revealing a high degree of similarity
(Fig. 1c). Similar trends were also observed between individual samples (data not shown). By applying a
stringent data �ltering and normalisation strategy, miRNA expression between different individuals was
demonstrated to exhibit a low level of biological and technical variation, con�rming the suitability of this
dataset to assess changes in miRNA expression between patient groups.

Using DESeq2 to perform count-based differential expression (DE) testing, a subset of miRNAs that were
up- or down-regulated in COVID-19 cases relative to uninfected controls were identi�ed (Fig. 2a,
Supplementary Table 1). Using a False Discovery Rate (FDR) adjusted p-value < 0.05, log2 fold change
(FC) > 1 and baseMean > 5, this dataset consisted of 6 miRNAs, of which four were up-regulated (elevated
in infected patients) and two were down-regulated. An additional two miRNAs were signi�cantly DE in
COVID-19 patients with log2FC values < 1. The most highly up-regulated candidates in COVID-19 patients
were miR-142-3p (Fig. 2a), miR-486-5p, and miR-451a, while the most down-regulated were miR-3065-3p
(Fig. 2a) and miR-3065-5p. The most statistically signi�cant change was seen in miR-142-3p.
Unsupervised analysis of variance using principal components analysis (PCA) involving the eight DE
miRNAs showed tight clustering of patient groups (Fig. 2b). Differences in miRNA expression for miR-
142-3p, miR-3065-3p and miR-93-5p are shown in Fig. 2c. Upon comparing miRNAs differentially
expressed in COVID-19 patients in nasal swabs and plasma [1], two miRNAs (miR-142-3p and miR-3065-
3p) were DE in both datasets (Fig. 3a), while miRNAs DE in nasal swabs for the most part showed
agreement in terms of upregulation or downregulation without being statistically signi�cant in plasma
(Fig. 3b).

We next investigated if, similar to miRNA pro�les in plasma, changes in the nasal swab pro�le could
independently classify SARS-CoV-2 infection. A supervised machine learning method was implemented
for the identi�cation of the most predictive miRNAs and re�ned to identify the minimum number needed
for accurate prediction. The most predictive miRNAs were selected using recursive feature elimination
(Fig. 4a). Measuring three miRNA targets (miR-30c-2-3p, miR-628-3p and miR-93-5p) in combination gave
a model with 100% accuracy, 100% precision and 100% recall, with a ROC AUC of 1.0 (Fig. 4b). This
composite biomarker was comprised of two miRNAs DE in COVID-19 patients (miR-628-3p
(downregulated) and miR-93-5p (upregulated)) and miR-30c-2-3p, which was not DE (Fig. 4d). A decision
boundary graph showed clear distinctions between healthy and infected patients based on these three
miRNAs (Fig. 4c).

Several miRNAs DE in COVID-19 patient nasal swabs are associated with in�ammation. Elevated
expression of miR-142-3p has been reported in Crohn’s disease and ulcerative colitis, where elevated
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levels of miR-142-3p are observed in colon, blood and saliva [5]. Separate studies demonstrated a
correlation between elevated miR-142-3p and circulating IL-6 levels in in�ammatory bowel disease [6] and
miR-142-3p/IL-6 production in dendritic cells stimulated with lipopolysaccharide (LPS) [7]. Studies using
luciferase reporters carrying wild-type and altered IL-6 3’UTR con�rm IL6 as a miR-142-3p target gene [7],
while miR-142-3p acts in a dose-dependent manner to inhibits IL6 transcription in polymorphonuclear
leukocytes stimulated with LPS [8]. miR-93-5p, also up-regulated in COVID-19 anterior nasal tissues,
inhibits the production of IL-6, TNF and IL-1β in osteoarthritis and diabetic nephropathy models through
regulation of high mobility group proteins HMGB1 and HMGA2, respectively [9, 10]. IL-6 is one of the key
mediators of viral cytokine storm and in�ammation in patients with severe COVID-19 [11]. It is intriguing
to speculate that miR-142-3p and miR-93-5p are induced to counteract potentially deleterious effects of
elevated IL-6 in COVID-19 patients, a response associated with respiratory failure and death [12].
Intriguingly, the most downregulated miRNA in nasal swabs from COVID-19 patients, the relatively poorly-
characterised miR-3065-3p, is also down-regulated in in�amed placental tissue and signi�cantly reduced
by LPS stimulation [13]. Additionally, other miRNAs responsive to SARS-CoV-2 infection has no known
links to in�ammation but have been observed in infection [14, 15].

One of the more dangerous features of COVID-19 is its ability for sustaining human-to-human
transmission pre- and asymptomatically [16]. U.S. CDC estimates that 40% of transmission occurs prior
to symptom onset [16, 17]. Furthermore, approximately 35% of COVID-19 infections remain
asymptomatic throughout the entire course of the disease [16]. These traits of COVID-19 have facilitated
its rapid spread leading to the current deadly global pandemic, and highlights that innovations are
required to �ll gaps in the SARS-CoV-2 diagnostic landscape. Here we have shown that positive COVID-19
PCR test results correspond to a change in the nasal swab miRNA pro�le that can independently classify
disease cases. Further studies involving larger patient groups, including pre-symptomatic, asymptomatic
and different (e.g. severity, variants) infections are planned to assess whether this pattern is observed
during the COVID-19 incubation period (median 6.5 days) and would thus have real-world application for
improved disease detection or prognosis. As miRNA responses are re�ective of the host response to
infection, miRNA biomarkers could also provide clinical utility in the provision of infection evidence to
reduce false-negative rates with PCR testing [17].

List Of Abbreviations
CDC
Centre for Disease Control
cDNA
complementary DNA
COVID-19
coronavirus disease of 2019
DE
differential expression
FDR
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false discovery rate
IL
interleukin
LPS
lipopolysaccharide
miRNA
microRNA
PCA
principle component analysis
PCR
polymerase chain reaction
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Figure 1

Overview of host-encoded miRNAs in nasal swab samples. A, Treemap plot displaying the relative
abundance of the most highly-expressed miRNAs in nasal swab samples. The most prevalent miRNA
was miR-16-5p, followed by miR-29a-3p, miR-29c-3p and miR-223-3p. B, Line plot showing the relative
abundance of all host miRNAs identi�ed in nasal swab samples. A total of 1495 miRNAs were detected
across all 20 samples, of which 452 were detected at greater than 100 reads. C, Scatter plot illustrating
inter-sample variance at the single-miRNA level. Each individual point represents a single mature miRNA,
shown as the median of DESeq2-normalized read counts in each group and drawn in log10 scale on both
axes. MiRNAs that lie exactly on the diagonal midline have equal expression in both groups, while
miRNAs located further away from the midline are potential candidates for differential expression.
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Figure 2

SARS-CoV-2 induces signi�cant chances in the miRNA pro�le from patient nasal swabs. A, Volcano plot
showing the increased (green) and decreased (red) DE miRNAs in COVID-19 patients when compared to
healthy controls. Horizontal dotted line is the p-value cut-off (False Discovery Rate, FDR<0.05) and the
vertical lines are the fold change cut-off (>2 FC). Orange miRNAs are statistically signi�cant but are not
>2 FC. The number of statistically signi�cant miRNAs (adjusted P-value <0.05) in each section are shown:
<-1 Log2 FC (2 miRNAs), between –1 and 1 Log2 FC (2 miRNAs), and >1 Log2 FC (4 miRNAs). The most
up-regulated, down-regulated, and statistically signi�cant miRNAs have been labelled. B, PCA plot
showing the separation of healthy (blue) and COVID-19 (orange) samples using the 8 DE miRNAs. C,
Boxplots of select miRNAs in healthy (blue) and COVID-19 (orange) samples. Boxes are the 25th - 75th
percentile, line is the median, and whiskers are 1.5x IQR. ** p-value < 0.01, *** p-value < 0.001.
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Figure 3

Comparisons of DE miRNAs induced by SARS-CoV-2 infection in nasal swabs and plasma. A, Venn
diagram identifying DE miRNAs in plasma and nasal swabs miRNA datasets. B, Results from DE miRNA
analysis from nasal swab and plasma datasets for the 8 miRNAs listed.
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Figure 4

A miRNA signature in nasal swabs classi�es COVID with 100% accuracy. A, Feature (miRNA) selection
lineplot showing the impact of increasing numbers of miRNAs on the performance of a logistic
regression model. MicroRNAs were selected using recursive feature elimination to identify the most
important miRNAs. Each combination of miRNAs was randomly assessed 1,000 times. Shaded areas are
the 95% CI, and the dotted line is a perfect (100%) score. B, Barplot showing the average score of the
three-miRNA signature in predicting healthy controls and COVID-19 patients. Error bars are the 95% CI
after 1,000 random iterative assessments. C, Decision boundary graph showing the logistic regression
decision point (solid black line) and the probability a person is infected with SARS-CoV-2 (blue to red
shading). Datapoints are healthy (circles) and COVID-19 (crosses) samples. D, Boxplots of each of the
signature miRNAs in healthy (blue) and COVID-19 (orange) samples. Boxes are the 25th - 75th percentile,
line is the median, and whiskers are 1.5x IQR. * FDR adjusted p-value < 0.05, ** FDR adjusted p-value <
0.01. n.s. non-signi�cant.
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