Integrative Protein-Protein Interaction Network
Analysis and Druggability Assessment of the
Candidozyma auris Proteome for Novel Drug
Target Identification

ABSTRACT

Background: In pathogenic fungi, protein-protein interaction (PPI) analysis has high
potential to identify proteins central to virulence and adaptation, which is partic-
ularly important for Candidozyma auris, a multidrug-resistant pathogen with high
mortality, underscoring the urgent need for novel antifungal targets.

Methods: The C. auris proteome was retrieved from the STRING database to con-
struct a PPl network. Proteins were ranked based on topological metrics includ-
ing degree, betweenness centrality, closeness centrality, and eccentricity. The top
100 proteins were further filtered for non-homology to human and gut microbiome
proteins. Essentiality was assessed via homologs in C. albicans, and proteins longer
than 200 amino acids were evaluated for druggability using 3D structures through
CavityPlus.

Results: The PPl network comprised 4214 nodes and 86 872 edges, exhibiting
small-world properties and organized modular subnetworks. Analysis of the top
100 proteins showed a wide range of betweenness centrality, closeness centrality, and
eccentricity, with divergent amino acid lengths. Subcellular localization was deter-
mined for 53% of the proteins. After filtering for non-homology and length, 15 novel
proteins were prioritized for druggability, of which 3 (AOA2HOZDG1, AOA2HOZLNS,
and AOA2HOZVI9) were predicted as druggable based on available 3D structures.
None of the selected proteins were essential according to C. albicans homologs.
These results demonstrate that combining PPI topology, homology, and structural
criteria can effectively narrow down potential antifungal targets.

Conclusion: Integrating PPl network analysis with homology filtering and 3D drug-
gability assessment effectively identifies potential antifungal targets in C. auris.
Nevertheless, the accuracy of such predictions highly depends on database com-
pleteness and interaction reliability.
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INTRODUCTION

Protein-protein interaction (PPI) network analyses are a critical tool for sys-
tems biology in the discovery of new drug targets, as these analyses assess
not only individual proteins but also the holistic regulation of intracellular func-
tions.! Topological analyses performed on the PPl network allow prioritiza-
tion of potential drug-target proteins not only based on their high number
of interactions (hubs) but also according to their strategic positions within
the network.? Especially in the case of pathogenic microorganisms, numerous
proteins that play central roles in virulence, signal transduction, and adaptation
processes have been identified through PPl network analyses.®® Studies on
PPl network analysis in fungal pathogens have remained relatively limited so
far due to persistent database constraints.? However, fungal pathogens pose a
serious public health threat, as resistance is rising while only 4 classes of anti-
fungal drugs are currently available. In this context, the discovery and develop-
ment of new antifungal agents has become a major priority.”°

Candidozyma auris (formerly Candida auris) is a rapidly spreading fungal
pathogen that can cause invasive candidiasis, particularly among patients in

Copyright@Author(s) - Available online at http://trendsinpharmacy.org/
Content of this journal is licensed under a Creative Commons Attribution-NonCommercial 4.0
International License.

RESEARCH ARTICLE

DOI: 10.5152/TrendsPharm.2025.25030

What is already known on
this topic?

Protein-protein interaction (PPI)
networks are widely used to iden-
tify central or influential proteins
that may serve as potential drug
targets in pathogenic fungi.
Candidozyma auris is a multi-
drug-resistant fungal pathogen
with high mortality rates, creating
an urgent need for new therapeu-
tic strategies.

Although PPIl-based approaches
have been applied in other fungal
pathogens, comprehensive inte-
gration of topology, homology
filtering, and structural druggabil-
ity assessment for C. auris remains
limited.

What this study adds on this
topic?

This study constructs a large-scale
PPI network for C. auris and sys-
tematically ranks proteins using
multiple topological metrics to
identify central nodes.

By integrating non-homology
to human and gut microbiome
proteins with essentiality screen-
ing and structural evaluation, it
narrows thousands of proteins
to a focused set of high-priority
candidates.

The study identifies 3 previ-
ously uncharacterized proteins
as structurally druggable, dem-
onstrating that a multi-criteria
computational pipeline can effec-
tively reveal promising antifungal
targets in C. auris.
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intensive care units and those with prolonged hospital
stays, and it exhibits multidrug resistance to antifungal
agents." Its placement in the “critical priority” category of
the Fungal Priority Pathogens List published by the World
Health Organization in 2022 clearly demonstrates the high
public health risk posed by this species.” Clinical data®
show that 30-day mortality rates in C. auris candidemia
cases are remarkably high, ranging from 23% to 67%. This
high mortality is thought to be associated with charac-
teristics such as hospital-acquired colonization, biofilm
formation, environmental persistence on abiotic surfaces,
and a greater capacity for transmission compared to other
Candida species.” In terms of treatment, 3 main classes
of antifungal agents are currently commonly used for C.
auris infections: azoles (particularly fluconazole), echino-
candins, and amphotericin B. However, there are signifi-
cant limitations associated with these agents. Resistance
to azoles in clinical isolates is reported to be as high as
80%-90%."> Although echinocandin resistance is still rare,
it is showing an increasing trend, and cases of resistance to
amphotericin B have also been reported worldwide.'®® |n
this context, the limited options for antifungal therapy and
the slow progress of new drug development pose a major
obstacle in the fight against C. auris.”® The inadequacy of
standard treatment classes and the rise of resistant patho-
gens provide a strong rationale for the development of
“next-generation antifungals.”™

In this context, PPl network analysis and related proteomic
approaches have the potential to play a central role in the
discovery of new antifungal targets. These tools enable the
identification of novel drug-target proteins by analyzing
the pathogen’s core survival mechanisms.?0-2?

The aim of this study is to apply PPl network analyses to
the C. auris proteome in order to identify protein drug tar-
gets that are species-specific and largely non-homologous
to human proteins.

MATERIAL AND METHODS

Data Curation

For the computational analysis aimed at screening novel
potential drug targets, the C. auris (CBS10913) proteome
data were obtained from the STRING database (https:/
string-db.org/) via the STRINGapp in Cytoscape. The data
included UniProt protein IDs, protein names, and amino
acid sequences, as well as the corresponding gene names.

Network Analysis

All C. auris proteins with a confidence score >0.5 in the
STRING database were imported via the STRINGapp. The
proteins were analyzed using Network Analyzer?® to cal-
culate distributions of advanced network metrics, includ-
ing degree, clustering coefficient, betweenness centrality,
and closeness centrality. A multi-criteria score was applied
pbased on network topology, incorporating between-
ness (BC), degree (DC), closeness (CC), and eccentric-
ity (EC), with respective weights of 0.4, 0.3, 0.2, and O.1.
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Accordingly, this multi-criteria score was calculated using
the following formula:

Final score=0.4 x [BC]+0.3 x [DC]+0.2 x [CC]+0.1 x [EC]

Homology Analysis

Amino acid sequences of the analyzed proteins were
retrieved from Network Analyzer and prepared in FASTA
file format. The online tool Pipeline Builder for Identification
of Targets v3 (PBIT v3)?** was then used to evaluate the
homology of the C. auris proteome. The tool provides a
pipeline to amino acid sequence comparison against the
proteasome of humans and gut microbiota to support
a non-homolog (<50% similarity) drug target selection.
Possible human and human gut microbiota homology was
also considered. A hundred proteins with the highest final
score were analyzed for their non-homology character-
istics against the proteasome of human and human gut
microbiota using the PBIT v3 tool?* (http:/www.pbit.bic-
nirrh.res.in/drug_blast.php).

Essentiality and Druggability Analysis

Essentiality analysis was performed based on C. albicans
using the Yeastract+ tool?® (https://yeastract-plus.org/).
For this analysis, homologous proteins in C. albicans were
identified for the selected C. auris proteins.

Small proteins with fewer than 200 amino acids were
excluded due to potential limitations in 3D structure and
the likelihood of insufficient druggable cavities.?® The pos-
sible subcellular localization and 3D structures (experi-
mental or predicted) of the proteins were assessed using
PBIT v3 and the UniProt database. The druggability scores
of the most suitable proteins were then calculated based
on their available 3D structures using the CavityPlus tool
(http://www.pkumdl.cn:8000/cavityplus/#/).?

RESULTS

Candidozyma auris proteome in the STRING database con-
tains a total of 5418 proteins, of which 5409 proteins with
a confidence score >0.5 were included in the analysis. The
resulting PPl network consisted of 4214 nodes and 86 872
edges, indicating a highly connected network with exten-
sive interaction clusters within the proteome. The char-
acteristic path length (3.274) and network diameter (8)
support small-world properties, suggesting that biologi-
cal signals can be transmitted rapidly across the network.
Additionally, the clustering coefficient (0.419) indicates
the presence of distinct functional submodules. Together
with the low network density (0.010) and network hetero-
geneity (1.43), these metrics suggest that the network is
sparse yet organized, as typically observed in biological
systems, with certain proteins exhibiting pronounced hub
characteristics. The network centralization (0.12) reflects a
balanced distribution of interactions rather than the domi-
nance of a single central node. Summary statistics for the
corresponding STRING database are presented in Table 1.
These overall metrics indicate that the proteome forms a
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Table 1. Summary Statistics for the Used STRING Network
Summary Statistics

Overall proteins (UniProt database C. auris 5.41
reference: UPO00230249)

Overall proteins (STRING database) 5.40
Number of nodes 4.21
Number of edges 86.87
Avg. number of neighbors 4178
Network diameter 8
Network radius 5
Characteristic path length 3.27
Clustering coefficient 0.4
Network density 0.01
Network heterogeneity 1.43
Network centralization 0.12

well-structured PPl network, with critical points organized
around hub proteins and modular subnetworks.

In the context of the topological evaluation of the PPl net-
work, the top 100 proteins with the highest final scores
ranged from 70.48 to 169.90 (Supplementary Table 1).
Within this set, the values of BC, DC, CC, and EC ranged
from 0.001to 1, 233 to 541, 0.39 to 0.45, and 5, respectively
(Table 2). The amino acid lengths of the selected proteins
ranged from 200 to 1684 residues (Supplementary Table 1).

Subcellular localization of the selected proteins was
unavailable for 47 (47%) proteins, while the remaining pro-
teins were located in the nucleus (25, 25%), cytoplasm (12,
12%), and mitochondria (8, 8%).

After filtering for proteins with the highest final ranks, non-
homology to human and human microbiota proteomes,
and amino acid lengths greater than 200, 15 proteins were
selected for assessment of druggability based on their
available 3D structures (Table 3). Among these, based on
the available predicted 3D structures, AOA2HOZDGT1 (Small
ribosomal subunit protein uS4m), AOA2HOZLNS (Tr-type
G domain-containing protein), and AOA2HOZVI9 (Bystin)
were considered druggable, whereas AOA2HOZCF9
(Ribosome production factor 2 homolog) was classi-
fied as less druggable. No predicted 3D structures were
available for 7 of the 15 selected proteins (46%) (Table 3).
Comparison with essentiality analysis based on C. albicans

Table 2. Topological Evaluations for the First Hundred
Proteins with the Highest Final Score

Topology Min Max Mean
Final score 70.48 169.90 89.88
BC 0.001 1 0.005
DC 233 547 297.04
CcC 0.39 0.45 0.4
EC 5 5 5

BC, betweenness centrality; CC, closeness centrality; DC, degree cen-
trality; EC, eccentricity; Max, maximum; Min, minimum.

Trends Pharm. 2025; 2: 1-5.

proteome homology indicated that none of the selected
C. auris proteins were essential (Table 3).

DISCUSSION

In this study, a PPl network analysis was performed using a
total of 4214 nodes with a confidence cutoff >0.50 to iden-
tify highly interacting proteins within the C. auris proteome.
The network analysis was complemented by homology
assessment and druggability screening to select the most
promising drug target candidates. Based on the network
analysis, 100 proteins were initially selected according to
their final scores. Of these, 23 (23%) and 27 (27%) were
found to be non-homologous to human proteins and the
human gut microbiome, respectively. Ultimately, a total
of 15 (15%) novel proteins were selected based on their
high final scores, non-homology to human and human gut
microbiome proteins, and amino acid lengths greater than
200 residues, and were considered the most promising
candidates for druggability analysis. Among the proteins
with available predicted 3D structures (from UniProt),
three—AOA2HOZDGI, AOA2HOZLNS5, and AOA2HOZVI9—
were identified as druggable.

Studies on PPI networks in pathogenic fungi have been
imited due to the persistent lack of available data. Of
these, Das et al?® identified 137 hyphae-associated pro-
teins in C. albicans. In another study, a total of 139 proteins
were reported to play significant roles during the course of
infection.?® Wang et al*° predicted 4, 12, and 3 genes in C.
albicans associated with adhesion, invasion, and host cell
damage, respectively. Mukherjee et al”’ proposed YmL9 as
a novel drug target in Candida spp. Similarly, Bappy et al*!
identified 3 proteins (XP_028890156.1, XP_028891672.1,
and XP_028891858.1) as potential drug targets that are
crucial for C. auris survival.

In this study, comparison of the top 100 high-ranking pro-
teins with their C. albicans homologs revealed that none were
essential proteins, and some essential proteins were rep-
resented with low ranks. Experimental and computational
PPl datasets generated for C. albicans and other Candida
species indicate that metabolic enzymes tend to be located
at the periphery of the network, have fewer physical inter-
actions, and that metabolism-related proteins are particu-
larly underrepresented in databases such as STRING and
BioGRID.? Furthermore, metabolic network analyses have
shown that most essential reactions are associated with
low-degree metabolites, meaning that the enzymes con-
trolling these reactions naturally exhibit low connectivity in
PPI networks. Proteomic and subtractive-proteomics stud-
ies conducted on C. auris support the same trend, reporting
that critical pathogenesis- or metabolism-related proteins
are represented with very few interactions in STRING-based
networks, and that some essential proteins receive low rank-
ings in network analyses due to incomplete data.?

In this study, unlike previous fungal PPl analyses that rely
on druggability assessment based on similarity to drug
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Table 3. Druggability and Flow Effect of the Most Appropriate Proteins

Uniprot IDs Gene Name Homolog Gene (Ca)* Essentiality (Ca)* Druggability
AOA2HOZS53 B9J0O8_003087 C2_02630W_A No ND
AOA2HTIA7B8 B9J0O8_000233 RPL7/CR_0O6120W_A No Undruggable
AOA2HOZSM9 B9J0O8_003274 YML6/C7_00950W_A No Undruggable
AOA2HOZTDS B9JO8_003560 C1_10470W_A No ND
AOA2HTAL92 B9JO8_000697 CR_O0490W_A No ND
AOA2HOZDGI B9JO8 005362 CR_04140W_A No Druggable
AOA2HOZYF7 B9J0O8_001769 C2_02540W_A No ND
AOA2HOZFES B9J0O8_005010 RPC40/C2_05340C_A No ND
AOA2HOZNPI B9J0O8_003530 C4_00660W_A No Undruggable
AOA2HOZQC3 B9J08_001880 C3_07390C_A No ND
AOA2HOZZZ1 B9JO8_001128 C2_07680W_A No Undruggable
AOA2HOZLNS B9JO8_003130 C2_04640C_A No Druggable
AOA2HOZYV9 B9JO8_001915 NOGI/C3_06030W_A No ND
AOA2HOZVI9 B9J0O8_003872 ENP1/C7_03700C_A No Druggable
AOA2HOZCF9 B9J0O8_005015 RPF2/C2_05230C_A No Less Druggable

ND, Not defined (no 3D structure available).
*Candlida albicans.

targets in DrugBank and similar databases, druggability
analyses (Cavity analysis) was applied based on the 3D
structures of the selected proteins using PBIT. The predic-
tive accuracy of this approach will depend on the increas-
ing availability of predicted or experimental 3D structures
for C. auris proteome proteins in databases. In this study,
it was observed that nearly half of the top-ranked proteins
(n=15) did not even have available predicted 3D structures.

Proteome data for fungal pathogens, particularly regard-
ing protein-protein interactions within pathways, have
been steadily improving over the past decade. The suc-
cess of fungal PPl analyses in identifying new drug tar-
gets largely depends on comprehensive and accurate PPI
databases; if the databases contain missing, erroneous, or
low-confidence interactions, the resulting network topol-
ogy will be flawed, hub proteins may be misidentified, and
modular subnetworks may be underrepresented.®?** This
can cause critical pathogenesis- or metabolism-related
proteins to appear with low connectivity or incorrect rank-
ings in the network, increasing the risk of errors in priori-
tizing drug targets. In particular, incomplete experimental
data can lead to underrepresentation of metabolism- or
virulence-related proteins in resources such as STRING
or BioGRID, and essential proteins may appear with low
ranks. Therefore, the accuracy of target discovery via PPI
analysis is directly dependent on the coverage of the data-
bases, the representation of the proteome, and the reliabil-
ity of interaction data.>*

A limitation of this study is the lack of compound sug-
gestions for the identified proteins using cheminformatics
approaches, as well as the absence of in-silico knockout
data to validate the functional impact of these potential
drug targets.

In conclusion, overall, this study highlights that while
PPl network analysis combined with homology and
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druggability screening can effectively prioritize potential
antifungal targets in C. auris, the reliability and predictive
power of such analyses remain fundamentally dependent
on the completeness, accuracy, and coverage of available
proteomic and interaction data.
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Supplementary Table 1. Network topology and non-homology of the proteins with the highest final score

AA Final

No UniProt Code Gene Name BC DC CcC EC length HNH GMNH Score
1 AOA2HTASH8 B9J0O8_000632 0.04276 541 0.453 5 150 162.91
2 AOA2HOZHI4 B9J0O8_004769 0.03086 458  0.445 5 381 138.00
3 AOA2HOZS53 B9J0O8_003087 0.02745 448  0.446 5 461 NH NH 135.00
4 AOA2HOZFP4 B9JO8_004504 0.02383 420 0.433 5 185 NH 126.60
5 AOA2HIASCS8 B9JO8 000605 0.00660 393 0.423 5 132 118.49
6 AOA2HOZWS6 B9JO8 002533 0.01410 377 0.430 5 167 113.69
7 AOA2HOZN47 B9JO8 003349 0.03844 375 0.420 5 701 NH 13.10

8 AOA2HTA207 B9J0O8 001434 0.00347 367 0.410 5 234 NH 110.68
9 AOA2HOZCD6 B9J0O8_004990 0.00377 360 0.419 5 249 108.59
10 AOA2HTIA7BS8 B9JO8 000233 0.00265 354 0.405 5 266 NH NH 106.78
n AOA2HOZKVS B9JO8 002813 0.02087 353 0.431 5 1051 NH 106.49
12 AOA2HOZMB6 B9J0O8_003023 0.00387 350 0.414 5 389 105.58
13 AOA2HOZM70 B9JO8_003313 0.00123 350 0.406 5 363 NH 105.58
14 AOA2HTIA4U4 B9JO8_000955 0.00332 334 0.409 5 127 100.78
15 AOA2HOZYS2 B9J0O8_001870 0.00308 334 0.408 5 151 100.78
16 AOA2HOZSM9 B9J0O8_003274 0.00167 332 0.409 5 247 NH NH 10018
17 AOA2HIASQ2 B9JO8_000699 0.00198 328 0.402 5 183 98.98
18 AOA2HOZW?29 B9JO8_001974 0.00602 325 0.422 5 250 NH 98.09
19 AOA2HOZP76 B9J08_004067 0.00181 325 0.409 5 223 98.08
20 AOA2HOZTDS B9J0O8_003560 0.00225 323 0.413 5 323 NH NH 97.48
21 AOA2HOZNG4 B9JO8 003677 0.00165 323 0.4M 5 145 NH 97.48
22 AOA2HOZP13 B9J08_003975 0.00222 323 0.408 5 262 NH 97.48
23 AOA2HOZSFO B9J08_003248 0.00104 322 0.404 5 142 9718

24 AOA2HOZQ99 B9J08_001822 0.00188 321 0.413 5 177 96.88
25 AOA2HIA2S6 B9J08_000203 0.00133 321 0.406 5 189 96.88
26 AOA2HTA7NS B9JO8_ 000346 0.00192 317 0.41 5 149 95.68
27 AOA2HTIAS92 B9JO8_ 000697 0.00319 316 0.407 5 283 NH NH 95.38
28 AOA2HOZDGI B9JO8 005362 0.00171 316 0.404 5 468 NH NH 95.38
29 AOA2HTAILI B9JO8 001278 0.00171 314 0.406 5 200 94.78
30 AOA2HOZDV4 B9JO8 005510 0.00533 313 0.400 5 124 94.48
31 AOA2HTA814 B9J0O8 000192 0.00673 37 0.416 5 ne7 93.89
32 AOA2HTIAS99 B9JO8_000554 0.00295 309 0.412 5 140 93.28
33 AOA2HOZLP7 B9J0O8 003127 0.00149 309 0.405 5 185 NH 93.28
34 AOA2HOZVLS8 B9J0O8_002473 0.00122 309 0.403 5 316 NH 93.28
35 AOA2HOZE87 B9J0O8_005279 0.00400 308 0.415 5 ns 92.98
36 AOA2HOZM30 B9J0O8_003273 0.00137 308 0.410 5 145 92.98
37 AOA2HOZGA2 B9J0O8_004689 0.00298 308 0.397 5 152 92.98
38 AOA2HTALE3 B9JO8_000771 0.00431 307 0.404 5 236 92.68
39 AOA2HOZVC9 B9J0O8_002367 0.00358 307  0.405 5 191 92.68
40 AOA2HOZCP9 B9J0O8_005099 0.00271 306 0.414 5 298 NH 92.38
41 AOA2HOZFXI1 B9JO8_004574 0.0019 303  0.400 5 241 91.48

42 AOA2HOZYF7 B9JO8 001769 0.00480 301 0.4M 5 1684 NH NH 90.88
43 AOA2HOZFES B9J0O8_005010 0.00622 300 0.410 5 334 NH NH 90.58
44 AOA2HOZDCS RPSO 0.00204 300 0.412 5 264 90.58
45 AOA2HTIASQ8 B9J0O8_00071 0.00267 299 0.407 5 3M NH 90.28
46 AOA2HOZHF9 B9J0O8_000604 0.00M 299 0406 5 130 90.28
47 AOA2HOZS54 B9J0O8_002605 0.00144 298  0.409 5 121 NH 89.98
48 AOA2HOZESI B9J08_005038 0.00815 297 0.414 5 308 89.69
49 AOA2HOZNPI B9JO8_ 003530 0.00010 296 0.401 5 244 NH NH 89.38
50 AOA2HTIAGNO B9JO8 001046 0.00166 293 0.403 5 174 88.48

(Continued)



Supplementary Table 1. Network topology and non-homology of the proteins with the highest final score (Continued)

AA Final
No UniProt Code Gene Name BC DC CcC EC length HNH GMNH Score
51 AOA2HOZN40 B9J0O8_003655 0.00010 293  0.404 5 156 88.48
52 AOA2HOZCE7 B9J0O8_005005 0.00181 292 0.402 5 284 NH 8818
53 AOA2HIAO34 B9J0O8_001081 0.00114 289 0.403 5 137 87.28
54 AOA2HOZTK4 B9J08_003596 0.00103 288 0.402 5 285 86.98
55 AOA2HOZIDO B9JO8 004238 0.00146 286 0.408 5 400 86.38
56 AOA2HTASDI B9JO8_ 000698 0.00212 286 0.402 5 223 86.38
57 AOA2HIA705 B9JO8 000107 0.00102 286 0.404 5 18 86.38
58 AOA2HOZR79 B9JO8 002772 0.00795 282 0.413 5 842 8519
59 AOA2HOZNDG B9JO8 003755 0.00132 282 0.4M 5 141 8518
60 AOA2HOZKN7 B9J0O8_002779 0.00114 281 0.402 5 132 84.88
61 AOA2HOZW?26 B9JO8_002277 0.00142 280 0.402 5 120 84.58
62 AOA2HTAGPI B9J08_001045 0.00878 279 0.422 5 1235 84.29
63 AOA2HOZRLI B9J0O8_002921 0.00010 279 0.398 5 155 84.28
64 AOA2HOZVB4 B9J08_002384 0.00010 277 0.397 5 173 83.68
65 AOA2HOZP19 B9J0O8_004006 0.00335 276 0.412 5 354 NH 83.38
66 AOA2HOZGI3 B9J08_004761 0.0013 275 0.397 5 143 83.08
67 AOA2HOZJ33 B9J08_004434 0.00138 274 0.392 5 263 82.78
68 AOA2HIAT87 B9J0O8_000185 0.00010 274 0.391 5 188 82.78
69 AOA2HOZC96 RPST 0.00163 273 0.401 5 256 NH 82.48
70 AOA2HOZCV5 B9J0O8_005153 0.00010 273 0.392 5 259 82.48
71 AOA2HIAGWI B9J0O8_000064 0.00010 269 0.399 5 172 81.28
72 AOA2HOZDF6 B9J0O8_005336 0.00183 261 0.405 5 165 78.88
73 AOA2HOZM29 B9J0O8_002961 0.00010 261 0.395 5 204 NH 78.88
74 AOA2HOZQC3 B9J0O8_001880 0.00010 259 0.401 5 242 NH NH 78.28
75 AOA2HOZZZ1 B9J0O8_001128 0.00010 259 0.398 5 293 NH NH 78.28
76 AOA2HOZK83 B9J0O8_004431 0.00010 257 0.404 5 254 77.68
77 AOA2HOZCV1 B9J08_005150 0.00010 257 0.404 5 254 77.68
78 AOA2HTAZR4 B9JO8_ 000091 0.00010 256 0.394 5 145 77.38
79 AOA2HOZLNS B9JO8 003130 0.00586 255 0.392 5 963 NH NH 77.08
80 AOA2HOZPAS8 B9JO8 004073 0.00573 253 0.402 5 154 76.48
81 AOA2HOZSJO B9J0O8 003288 0.00010 252 0.393 5 67 76.18
82 AOA2HOZCQS8 B9JO8 005110 0.00417 251 0.410 5 1156 75.88
83 AOA2HOZVR3 B9J0O8 002508 0.00573 251 0.402 5 323 NH 75.88
84 AOA2HOZMWG6 B9J0O8_001686 0.00107 251 0.395 5 264 75.88
85 AOA2HOZIY2 B9J08_004413 0.00010 251 0.379 5 199 75.88
86 AOA2HOZS48 B9J0O8_003089 0.00010 249 0.394 5 135 75.28
87 AOA2HOZJF3 B9J0O8_004222 0.00329 248 0.401 5 1639 74.98
88 AOA2HOZTFI B9J0O8_003605 0.00010 246 0.399 5 144 74.38
89 AOA2HOZNZO B9J0O8_003634 0.00M2 246 0.394 5 n3 74.38
90 AOA2HTA3MO B9J0O8_000090 0.00237 243 0.391 5 186 73.48
91 AOA2HOZYV9 B9J0O8_001915 0.0017 243 0.376 5 637 NH NH 73.48
92 AOA2HOZVI9 B9J0O8_003872 0.00105 239 0.379 5 435 NH NH 72.28
93 AOA2HOZL X9 B9J08_003238 0.00644 237 0.405 5 430 71.68
94 AOA2HOZK35 B9J08_002601 0.00010 237  0.400 5 220 NH 71.68
95 AOA2HOZYM3 B9J08_001851 0.00010 237 0.391 5 204 71.68
96 AOA2HOZCF9 B9J08_005015 0.00134 237 0.381 5 320 NH NH 71.68
97 AOA2HOZG69 B9J08_005382 0.00010 236 0.393 5 149 71.38
98 AOA2HOZNX4 B9J0O8_003953 0.00010 235 0.393 5 208 71.08
99 AOA2HOZDS8I B9J0O8_004958 0.00109 234 0.390 5 165 70.78
100 AOA2HTAZBO B9JO8_000020 0.00710 233 0.403 5 543 70.48

BC, Betwenness centrality; DC, Degree centrality; CC, closeness centrality; EC, Eccentricity; HNH, Human non-homology; GMNH Gut microbiota

non-homology; NH, non-homologous.




