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Abstract

COVID-19 caused a global catastrophe with a large number of cases making it one of the major pandemics of the human
history. The clinical presentations of the disease are continuously challenging healthcare workers with the variation of pan-
demic waves and viral variants. Recently, SARS-CoV?2 patients have shown increased occurrence of invasive pulmonary
aspergillosis infection even in the absence of traditional risk factors. The mechanism of COVID-19-associated aspergillosis
is not completely understood and therefore, we performed this system biological study in order to identify mechanistic
implications of aspergillosis susceptibility in COVID-19 patients and the important targets associated with this disease. We
performed host—pathogen interaction (HPI) analysis of SARS-CoV2, and most common COVID-19-associated aspergillosis
pathogen, Aspergillus fumigatus, using in silico approaches. The known host—pathogen interactions data of SARS-CoV2 was
obtained from BIOGRID database. In addition, A. fumigatus host—pathogen interactions were predicted through homology
modeling. The human targets interacting with both pathogens were separately analyzed for their involvement in aspergillosis.
The aspergillosis human targets were screened from DisGeNet and GeneCards. The aspergillosis targets involved in both
HPI were further analyzed for functional overrepresentation analysis using PANTHER. The results indicate that both patho-
gens interact with a number of aspergillosis targets and altogether they recruit more aspergillosis targets in host—pathogen
interaction than alone. Common aspergillosis targets involved in HPI with both SARS-CoV2 and A. fumigatus can indicate
strategies for the management of both conditions by modulating these common disease targets.
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Introduction

SARS-CoV2 infection is reported to be associated with
several co-infections contributing to COVID-19-associ-
ated complications and mortality. A number of studies
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documented occurrence of invasive pulmonary aspergillo-
sis (IPA) in COVID-19 patients [1-10]. It is reported that
diagnosis of IPA is a challenging task which is associated
with high morbidity and mortality [11, 12]. Literature survey
indicated that COVID-19 patients may develop Aspergillus
infection even in the absence of traditional risk factors and
its incidence ranges from 19.6 to 33.3% [12]. It is found
that COVID-19 patients can develop aspergillosis even after
testing negative for SARS-CoV2, which later develop acute
respiratory distress syndrome (ARDS), as a most common
complication (50%) requiring ICU and mechanical ventila-
tion support and overall fatality rate of 64.7% [2, 12]. It is
recommended that early diagnosis and prompt treatment is
required to control high mortality due to COVID-19-associ-
ated pulmonary aspergillosis [5]. Although the mechanisms
of COVID-19-associated aspergillosis susceptibility are not
completely understood, virus-mediated increased IL-10 with
Th2 immune response and decreased Th1 immune response
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was suggested to downregulate macrophage response and
ultimate susceptibility to aspergillosis in COVID-19 patients
[12, 13]. Moreover, the role of SARS-CoV2-associated ther-
apeutic regimens is also suggested in increasing IPA suscep-
tibility among COVID-19 patients. For example, elevated
IL-6 contributes to inflammation and resultant COVID-19
severity through cytokine release storm and its blockade is
suggested to manage COVID-19 induced cytokine storm
[14]. As IL-6 was suggested to provide protection against
Aspergillus infection, its inhibition can also modulate the
chances of IPA [15]. The use of steroids for the manage-
ment of SARS-CoV2-associated inflammation is also sus-
pected to be involved in increased IPA susceptibility through
treatment-associated immunosuppression but needs more
investigations [16, 17].

Due to increased importance of IPA in COVID-19
patients, it is necessary to explore the pathogenic mechanism
of this disease combination. We performed system biology-
based host—pathogen interaction analysis of SARS-CoV2
and A. fumigatus in order to find the interaction of both
pathogens with aspergillosis targets. In addition, the role of
these targets was explored to find the disease mechanisms
and subsequent therapeutic targets.

Methods
Database

SARS-CoV2 and coronavirus-related HPI were downloaded
from BIOGRID interaction database v. 4.4.197 (Last Modi-
fied: April 28th, 2021—05:13:54 AM EST). Aspergillus
fumigatus (strain ATCC MYA-4609/Af293/CBS 101355/
FGSC A1100) (Neosartorya fumigata) reference proteome
was downloaded from Uniprot (UP000002530). Human ref-
erence proteome with proteome ID UP000005640 (tax ID
9606) was also downloaded from Uniprot.

Homology-based Host-Pathogen Interactions
Detection

As per the published literature survey, A. fumigatus is
involved in majority of the cases of COVID-19-associated
pulmonary aspergillosis (nearly 89.7%) and therefore, its
reference proteome was used to predict HPI with human
proteome through homology modeling [12]. Homology
modeling is a well-established method of protein—protein
interaction detection which assumes that protein X and Y
are interacting pair provided their homolog X; and Y; are
already a known interacting pair. Previous studies have
found that proteins with 30% sequence similarity can interact
with each other [18]. Therefore, we predicted HPI with 30%
sequence identity and le-5 E-value through host—pathogen

interaction database (HPIDB) [19] and BIANA interlog pre-
diction server [20].

Screening of Aspergillosis Targets

Invasive aspergillosis targets were downloaded from Dis-
GeNet (concept unique identifier, CUI: C0238013) and
Genecards. The targets identified from both databases were
combined and filtered for removal of redundant entries. The
unique invasive aspergillosis targets were used for further
analysis.

Construction of HPl Maps and Identification
of Aspergillosis Targets in HPl Map

The host pathogen interaction maps of A. fumigatus and
SARS-CoV?2 were prepared through Cytoscape v 3.8.0 on
the basis of HPI data obtained in earlier steps. The HPI
involving aspergillosis targets were also identified in HPI
maps for assessing the role of individual pathogen in asper-
gillosis pathogenesis and their subsequent involvement in
COVID-19-associated aspergillosis susceptibility prediction.

Construction of Comparative HPI Map
and Functional Overrepresentation Analysis
of Interacting Human Targets

Due to a large number of interacting aspergillosis-specific
human targets in HPI maps, we performed functional over-
representation analysis of interacting target set to find over-
represented functions associated with both HPI. The inter-
acting aspergillosis human targets were divided in three
parts, first proteins interacting with SARS-CoV2, proteins
predicted to interact with A. fumigatus, and aspergillosis tar-
gets interacting with both, SARS-CoV2 and A. fumigatus.
PANTHER Overrepresentation Test (Released 20,210,224)
with PANTHER version 16.0 Released 2020-12-01 was
used to analyze overrepresented pathways and gene ontol-
ogy: biological process (GO:BP). Fisher Direct test with
false discovery rate (FDR) correction was used to under-
stand the role of each target set in modulation of different
processes related to aspergillosis.

Results

Database

BIOGRID database v 4.4.197 contains 22,324 coronavirus-
related HPI with literature evidences. These HPI includes
SARS-, MERS-, and SARS-CoV2-related HPI with a variety

of hosts. The details of HPI with different hosts are pre-
sented in Table 1. After filtering SARS-CoV2 related HPI
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Table 1 Details of host—
pathogen interactions found

in BIOGRID v 4.4.197 for
coronavirus related interactions

Interactor A

Interactor B

Number of host—patho-
gen interactions

Total number of
host—pathogen inter-
actions

Cricetulus griseus SARS-CoV 1 1
Homo sapiens MERS 11 201
SARS-CoV2 130
SARS-CoV 60
Mus musculus SARS-CoV 1 1
MERS Homo sapiens 337 340
MERS 3
SARS-CoV 2 Canis familiaris 1 20,228
Felis Catus 1
Homo sapiens 19,912
Macaca mulatta 1
Mus musculus 2
Oryctolagus cuniculus 1
SARS-CoV 2 308
SARS-CoV 2
SARS-CoV Homo sapiens 1279 1553
SARS-CoV 2 5
SARS-CoV 269
Total HPI 22,324

from whole interaction dataset, a total of 20,042 HPI were
found between 30 SARS-CoV2 proteins and 4736 human
proteins. A total of 15,395 unique HPI were found after the
removal of 4647 redundant HPI. Reference proteome of Neo-
sartorya fumigata (A. fumigatus) contains 9,647 proteins,
including 833 reviewed and 8,814 unreviewed proteins of
fungi at the time of analysis. Reference human proteome
included 20,380 reviewed and 56,647 unreviewed protein
entries in UniprotKB at the time of analysis.

Homology-based HPI Detection

Homology-based HPI detection found total 308,004 HPI
with BIANA interlog prediction server (BIPS), while 26,343
HPI with HPIDB. BIPS found 306,366 unique interactions
while 16,383 unique HPI were found with HPIDB. After
combining HPI data from both databases total 321,703 non-
redundant HPI were found after the removal of 1046 redun-
dant HPI located with both databases. These unique HPI
included 2325 A. fumigatus proteins while 24,260 human
proteins.

Screening of Aspergillosis Targets
While screening for invasive aspergillosis targets, DisGeNet
found 81 targets and GeneCards found 240 disease targets

at the time of target search. Total 321 aspergillosis targets
obtained from both database were filtered to find 275 unique
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invasive aspergillosis targets after removal of 46 duplicate
entries found in both database.

Construction of HPl Maps and Identification
of Interactions with Aspergillosis Targets

HPI targets details and map of A. fumigatus and SARS-
CoV2 involved in interaction with aspergillosis targets are
presented in Figs. 1 and 2, respectively. Figure 3 indicates
about HPI with known aspergillosis targets. Table S1

A. fumigatus

Common\ SARS-CoV

HPI human HPI human \ HPI human
targets targets targets
110 44 14

Fig.1 Venn diagram indicating aspergillosis targets involved in HPI
with both pathogens in addition to HPI with aspergillosis targets
commonly involved in both interaction maps
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Fig.2 The host—pathogen
interaction map of A. fumigatus
(A) and SARS-CoV2 (B) with
human. The blue color nodes
indicate pathogen proteins while
host proteins are generally indi-
cated through red color nodes,
except human targets involved
in aspergillosis which are shown
by green color nodes
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Fig.3 Comparative host—pathogen interaction map of aspergillosis
targets. The green color nodes indicate A. fumigatus proteins while
blue color nodes indicate SARS-CoV2 proteins. Human targets are
generally shown with red color except commonly interacting human
targets, those are presented with orange, large size nodes. The top
five human proteins exclusively predicted to interact with A. fumiga-
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tus are shown with large size nodes and arranged as per their degree
value, which represents number of connecting edges with a particular
target and therefore their central involvement in interaction network.
Homology-based HPI were shown with purple edges while SARS-
CoV2 host—pathogen interactions according to BIOGRID are shown
with orange edges
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indicates specific HPI of A. fumigatus and SARS-CoV2
with known aspergillosis targets predicted during our data
analysis. Out of total SARS-CoV2 HPI, 216 HPI were
found with aspergillosis targets involving 27 SARS-CoV2
and 58 human proteins interactions. Regarding A. fumiga-
tus HPI, 3532 HPI were found with aspergillosis targets
involving 861 A. fumigatus and 154 human targets.

Comparative HPI Map and Functional
Overrepresentation Analysis

During construction of comparative HPI map, a total of
44 aspergillosis targets were found common between
both A. fumigatus and SARS-CoV2 HPI maps. Figure 3
indicates comparative HPI map of both pathogens with
aspergillosis targets. In addition, Fig. 4 indicates overrep-
resentation analysis for gene ontology: biological process
and pathways using PANTHER database.

PANTHER GO-Slim Biological Process1
defense response {30:0006952)
inflammatory response (G0:0006954)

Discussion

Aspergillosis is an important cause of morbidity and mortal-
ity among immunocompromised individuals with a broad
spectrum of diseases ranging from noninvasive to invasive,
severe, and rapidly fatal infections [21, 22]. The invasive
aspergillosis is considered the most severe form of aspergil-
losis which is generally associated with aggressive immuno-
suppressive therapies for the management of certain condi-
tion [23]. The increased incidence of aspergillosis among
COVID-19 patients is also alarming and possibly linked
to immunosuppressive treatment used for management of
inflammatory response [24, 25]. The high incidence of inva-
sive aspergillosis associated with COVID-19 patients cre-
ated a big challenge among the scientific community [26],
because of its poor prognosis even after advancement in
current microbiological diagnosis and therapeutic interven-
tions [27]. In addition to the role of immunosuppression, the
SARS-CoV2 infection can also play diverse roles in increas-
ing susceptibility to invasive aspergillosis. Therefore, it is
necessary to understand the role of SARS-CoV2, in addition

immune response (GO:0006955) a A. fumigatus Common SARS-CoV2
response to stress (GO:0006950) HPI HPI
immune system process (G0:0002376) targets targets targets
response to stimulus (G0:0050896) Bl (A) (C)
ion between (GO:0044419)
response to external stimulus (GO:0009605) e
response to biotic stimulus (G0:0009607) L[]
response to other organism (G0:0051707) 4 5
response to exteral biotic stimulus (GO:0043207) Aspergillosis targets PANTHER GO-Slim Biological Process
granulocyte chemotaxis (GO:0071621) response to nitrogen compound (GO:1901698)
granulocyte migration (GO:0097530) pattem recognition receptor signaling pathway (G0:0002221) e
leukocyte chemotaxis (GO:0030595) ° PANTHER GO-Slim Biological Process response to organic substance (G0:0010033)  ®
myeloid leukocyte migration (GO:0097529) ° protein folding (G0:0006457) @ response to oxygen-containing compound (GO:1901700)
cell chemotaxis (GO:0060326) ° response to nitrogen compound (GO:1901698) defense response (G0:0006952) °
response to chemical (G0:0042221) patter recognition receptor signaling pathway (G0:0002221) ° toll-ike receptor signaling pathway (G0:0002224) .
neutrophil migration (GO:1990266) response to oxygen-containing compound (GO:1901700) (] response to chemical (G0:0042221) o
leukocyte migration (GO:0050900) inflammatory response (G0:0006954) ° protein folding (G0:0006457) o
response to cytokine (G0O:0034097) ° toll-ike receptor signaling pathway (G0:0002224) inflammatory response (GO:0006954) E
mM-orwmEaNG To ® o o aw v on
(A) Beaiiasit (B) 5588 © g3 355
—————————— c6 o 6 o FOR
FDR FDR
PANTHER Pathways
Inflammation mediated by chemokine and cytokine signaling pathway (P00031) e
Toll receptor signaling pathway (P00054) .
Interleukin signaling pathway (P00036) .
Apoptosis signaling pathway (P00006) PANTHER Pathways
CCKR signaling map (P06959] ° Toll receptor signaling pathway (P00054)
B oo achatn :Pooow: o Unclassified (UNCLASSIFIED) _PANTHER Pathways
Interferon-gamma signaling pathway (P00035) Integrin signalling pathway (P00034) Tollreceptor signaling pathway (PO00S4) @
Gonadotropin-releasing hormone receptor pathway (P06664) Apoptosis signaling pathway (P00006) Undlassified (UNCLASSIFIED)
T cell activation (P00053) PDGF signaling pathway (P00047) Integrin signalling pathway (P00034)
VEGF signaling pathway (P00056) Angiogenesis (P00005) . Apoptosis signaling pathway (P00006)
Ras Pathway (P04393) . CCKR signaling map (P06959) PDGF signaling pathway (P00047) ]
JAKISTAT signaling pathway (P00038) VEGF signaling pathway (P00056) VEGF signaing patay (P00056) .
Blood coagulation (P00011) Cholesterol biosynthesis (P00014) ° Cholesterlbisynthesis (P00014)
pS3 pathway feedback loops 2 (P04398) ~ Teellactivation (PO0053) ° Iteeukin sinalng pathway (PO0035)
Oxidative stress response (P00046) o Endothelin signaling pathway (P00019) ° 8 !
Alzheimer disease-amyloid secretase pathway (P00003) Gonadotropin-releasing hormone receptor pathway (P06664) A"9'°9f“ef's (PO000S) bt
Adenine and hypoxanthine salvage pathway (P02723) e  Inflammation mediated by chemokine and cytokine signaling pathway (P00031) . T cellactivation (PO00S3)
Angiotensin Il-stimulated signaling through G proteins and beta-arrestin (P05911) N Interferon-gamma signaling pathway (P00035) . CCKR signaling map (P06959) o
Endothelin signaling pathway (P00019) © Angiotensin ll-stimulated signaling through G proteins and beta-arrestin (P05911) Endothelin signaling pathway (P00019) ©
Cholesterol biosynthesis (P00014) EGF receptor signaling pathway (P00018) Interferon-gamma signaling pathway (P00035) .
ScmesNoe®Y=s = = e At e .,
(A) 3333338888 (B) gess () §8::
FOR < ° DR s °
FDR

Fig.4 Functional overrepresentation analysis of aspergillosis targets involved in HPI with A. fumigatus and SARS-CoV2. Only up to top 20

terms are shown in the figure
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to Aspergillus for increasing susceptibility to aspergillosis
among COVID-19 patients.

Significant efforts of global scientific community made
several breakthroughs in understanding molecular basis
of SARS-CoV?2 pathogenesis. A large number of studies
have reported SARS-CoV?2 interactions with several host
targets and their subsequent contribution in pathogenesis
[28]. These interactions have been compiled in several
interaction databases. BIOGRID is a big curated database
reporting several biological interactions. Its version 4.4.197
contains 2,045,743 raw interactions and 1,611,895 nonre-
dundant interactions. This database hosts a separate project
for listing coronavirus-related interactions, which includes
22,324 interactions at the time of study, and this number
is continuously updated with the addition of new informa-
tion provided by global scientific community [29]. These
host—pathogen interactions are listed with relevant experi-
mental and literature support for each interaction (Table 1).
As these interactions are already supported with literature
evidences, the quality of source data creates reliance on our
predicted findings.

In contrast, due to relatively novel nature of this pan-
demic, limited information is available about co-infections
and superinfections in COVID-19 patients, though this
information is continuously emerging with several recent
findings. Several routine studies are reporting microbiota
modulation in COVID-19 patients in order to understand
overrepresented microbes and their mechanistic implications
[30-32], but the role of each microbe is not well understood
except very few studies unraveling mechanistic implications
of overrepresented bacteria in the severity of COVID-19
[33]. Despite this, complete mechanistic exploration of
aspergillosis pathogenesis is not made yet and therefore data
about role of host—pathogen interactions during aspergillosis
is not readily available. This is the reason for our reliance on
detection of A. fumigatus host—pathogen interactions through
system biology-based homology modeling. Homology mod-
eling predicts protein X and Y as interacting pair or inter-
logs, if their homologs X: and Y: are already known to inter-
act with each other. We predicted these interlogs between A.
fumigatus and human through prediction server of Biologic
Interaction And Network Analysis (BIANA) database [20,
34] and Host—Pathogen Interaction DataBase (HPIDB) v. 3.0
[19]. The detection of host—pathogen interactions through
homology modeling is considered an important method
which has been used in several studies [33, 35, 36]. Homol-
ogy modeling detects homologous interacting pairs in a
number of interaction databases and this makes it superior
than searching simple homology. BIANA detects homology
of query proteins with known interacting pairs in several
interaction databases, such as DIP, IntAt, MINT, Mpact,
PHI_base, PIG, BIND, BIOGRID, and VirusMINT. BIANA
provides 72-98% sensitivity and up to 59% specificity for

interaction detection with different homology conditions
[20]. Moreover, HPIDB is also a well-known database with
69,787 curated unique interactions involving 668 pathogen
and 66 host species [19]. The redundant host—pathogen inter-
actions predicted through HPIDB and BIANA were filtered
to find unique interactions which we assume to provide high-
quality host—pathogen interaction data for most common
COVID-19-associated aspergillosis pathogen A. fumigatus
and human. The human targets involved in invasive aspergil-
losis were also screened through GeneCards and DisGeNet,
which are well-known databases listing disease targets with
relevant literature or experimental support [37, 38].

The findings of this study indicate that SARS-CoV2
can recruit several additional aspergillosis targets in addi-
tion to targets recruited by actual etiologic agent, i.e., A.
fumigatus (Fig. 1) and therefore, it can also contribute to
the development of invasive aspergillosis. Consequently,
COVID-19 infection itself may be involved in increasing
susceptibility to aspergillosis and therefore, immunosup-
pressive therapy cannot be solely blamed. Out of a total of
30 SARS-CoV?2 proteins present in HPI in BIOGRID, 27
were found to interact with certain aspergillosis targets and
this indicates an important contribution of SARS-CoV2
in modulating aspergillosis susceptibility among patients
(Figs. 2 and 3). Figure 3 lists 44 human aspergillosis tar-
gets commonly interacting with SARS-CoV?2 and A. fumig-
atus. These targets can have a variety of consequences
on disease progression. Annexin Al (ANXAL1) is one of
such targets, which has been proposed as a biomarker for
IPA and its mimic is proposed as a therapeutic option for
COVID-19 by controlling inflammatory response [39,
40]. TLR6 and TLR4 are also aspergillosis targets com-
monly involved in SARS-CoV2 and A. fumigatus HPI
maps (Fig. 3) and the role of TLR is already known in
recognition of pathogens. It is known that A. fumigatus
modulate proinflammatory response through host TLR2
and TLR4 signaling and resultant IL-6 production [41].
Figure 3 clearly indicates HPI of A. fumigatus with both
aspergillosis regulators (TLR2 and TLR6) giving support
to our prediction method as well as role of SARS-CoV2 in
aspergillosis. The role of TLR4 is discussed in the severity
of COVID-19 through IL-6 [42], collective involvement
of these TLR in pathogenesis of multiple pathogens needs
separate investigation to understand their role during IPA
in COVID-19 patients. The role of IL-1 is also evidenced
in COVID-19 due to production of IL-1a in response to
epithelial damage and production of IL-18 through NLRP3
inflammasome. Targeting of NLRP3/IL-1 pathway through
recombinant IL-1 receptor antagonist anakinra was found
beneficial in COVID-19 patients. The IL-1« is found in
homology-based A. fumigatus HPI and anakinra is found
to protect against aspergillosis [43]. Therefore, role of
such aspergillosis regulators which are already known in
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preventing COVID-19-associated severity deserved a sep-
arate study and current data analysis can help for designing
the same. Similarly, common involvement of NF-kB in
both HPI is further supported by discrete studies suggest-
ing targeting of NF-kB pathway for management of both,
COVID-19 and aspergillosis [44, 45]. The role of STAT1
is also discussed in modulating antiviral immunity through
A. fumigatus extract, but the exact role of this relation in
modulating aspergillosis susceptibility among COVID-
19 patients needs separate investigations [46]. Several
other inflammatory regulators are commonly interacting
with both pathogens and can alter the fate of aspergillosis
development among COVID-19 patients (Fig. 3).

The above findings are also evidenced through func-
tional overrepresentation analysis of aspergillosis target
(Fig. 4). The common targets are involved in pattern rec-
ognition receptor signaling and inflammatory response as
evidenced through functional overrepresentation analysis
against gene ontology: biological process using PAN-
THER overrepresentation tool. In addition, SARS-CoV2-
associated interactors are involved in regulation of TLR,
integrin, apoptosis, PDGF, VEGF, etc. pathways. Some
of these pathways were also found to be enriched in some
different studies related to aspergillosis [47, 48]. The
modulation of several aspergillosis-associated pathways
through SARS-CoV2-associated HPI and common interac-
tions with aspergillosis targets indicate that this data can
be used to design management strategies to mitigate or
treat aspergillosis in COVID-19 patients.

The use of system biology-based host—pathogen interac-
tion analysis is adding value in understanding several dis-
eases [49, 50] and the results obtained in the current study
indicate several caveats for invasive aspergillosis pathogene-
sis in COVID-19 patients, but the computational approaches
are also associated with certain limitations like other scien-
tific methods [51]. We must consider that the current study
is based on existing information available in a number of
databases, but this information is not complete and continu-
ously updating with the addition of new findings. This fact is
also evident with detection of aspergillosis targets in relevant
disease target databases which are not complete. Moreover,
the detection of homology-based protein—protein interac-
tions also depends on detection of homologous interlogs in
relevant interaction databases. These interaction databases
are also updating and not all the homologous protein—pro-
tein interactions are known. Therefore, it is important to
consider these limitations while evaluating the data and the
results must be correlated experimentally. Nevertheless, the
findings are based on huge size of data generated in a large
number of studies and therefore the results are of importance
to find mechanistic implications of COVID-19-associated
aspergillosis susceptibility and can be useful to tackle this
infectious challenge associated with current pandemic.
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