
Pathogens Preferentially Target High-Centrality Host Proteins:

A Network-Topology and Functional Characterisation of the

Human Pathogen�Host Interactome

LitLit AI

LitLit AI, contact@litlit.ai

Figure 1: Graphical abstract. Overview of the analysis. The STRING v12.0 human PPI
backbone and the PHISTO/Ahmed et al. pathogen�host interaction catalogue are integrated;
every host protein is annotated with degree and betweenness centrality and with pathogen-target
status; Mann�Whitney and degree-matched permutation tests establish that pathogen targets
are enriched among network hubs; GO/KEGG enrichment identi�es translation, ribosome, ER
processing, and RNA transport as the dominant targeted functions; a multi-pathogen �core�
target set and per-pathogen Jaccard overlap reveal that coronaviruses draw most heavily on the
shared core and that TP53 is the top hub target.

Abstract

Pathogens do not perturb single host factors; they rewire subgraphs of the human protein interac-
tion network, and the topological position of the host proteins they engage governs the e�ciency
of that rewiring. Whether this hub-targeting logic holds across a broad, phylogenetically diverse
panel of pathogens, and which host proteins constitute the shared contact points of conver-
gent exploitation, remain incompletely resolved. Here we integrated the STRING v12.0 human
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protein�protein interaction (PPI) backbone (16,059 nodes, 234,813 edges; con�dence ≥ 0.7) with
PHISTO, a curated catalogue of ∼5,500 pathogen�host interactions spanning 156 pathogens. We
annotated every host protein with degree and betweenness centrality, tested whether pathogen
targets are enriched among hubs using both a Mann�Whitney U test and a degree-matched
permutation null model (1,000 permutations, seed 42), performed Gene Ontology and KEGG
functional enrichment, de�ned a multi-pathogen �core� target set, and quanti�ed per-pathogen
overlap by the Jaccard coe�cient. Pathogen-targeted proteins (2,453; 15.3% of nodes) had sig-
ni�cantly higher degree (median 28 vs 12, p = 1.7× 10−146, Cli�'s δ = 0.326) and betweenness
(p = 5.9 × 10−126) than non-targets, and remained over-represented among the top-5% hubs
even under the degree-matched null (p = 0.0010), ruling out degree as the sole driver. Func-
tional enrichment (621 terms, FDR< 0.05) converged on host translation and the ribosome (top
GO Biological Process: Translation, OR 4.53; top KEGG: Ribosome, OR 5.28), proteostasis, and
the secretory pathway. The shared core (≥ 2 pathogens) comprised 933 proteins, narrowing to
30 at ≥ 5; DLG1 was the most broadly targeted host protein (25 pathogens). The top hub target
was TP53 (betweenness 0.0428, degree 766, four pathogens), followed by CTNNB1, EGFR, and
ACTB. SARS coronavirus showed the highest Jaccard overlap with the core set (J = 0.402),
followed by SARS-CoV-2 (J = 0.393). These results demonstrate that pathogens convergently
target the most central hubs of the human interactome�master regulators of signalling, the trans-
lational machinery, and cell architecture�and identify a shared core of universally exploited host
contact points with implications for host-directed, broad-spectrum therapeutic strategies. The
enrichment is highly signi�cant and robust to a degree-matched null, though small in e�ect size
(Cli�'s δ ≈ 0.30), indicating that pathogens draw preferentially�but not exclusively�from the
hub stratum.

1 Introduction1

Infectious diseases remain among the leading causes of human morbidity and mortality world-2

wide, and the outcome of any host�pathogen encounter is governed less by the pathogen alone3

than by the molecular interface at which pathogen-encoded proteins engage the host cell. Over4

the past two decades, high-throughput yeast two-hybrid, a�nity-puri�cation mass spectrome-5

try, and protein-fragment complementation assays have made it possible to map protein�protein6

interactions (PPIs) at near-genome scale, yielding comprehensive maps of both the human in-7

teractome [1�4] and the physical contacts that diverse pathogens establish with human proteins8

[5�9]. These maps have reframed infectious disease as a problem in network biology [10, 11]: a9

pathogen does not perturb a single host factor but rewires a subgraph of the host interactome,10

and the topological position of the host proteins it engages determines the breadth and e�ciency11

of that rewiring [12, 13].12

A central organising principle of biological networks is the centrality�lethality relationship: the13

most highly connected nodes�hubs�tend to correspond to essential genes, and their disrup-14

tion is disproportionately lethal [14�17]. Extending this logic to host�pathogen systems, several15

studies have reported that viral and bacterial proteins preferentially interact with host hubs, a16

strategy that maximises the pathogen's reach over host regulatory and metabolic circuits while17

minimising the number of contacts it must establish [6, 12, 13, 18]. Hubs are attractive targets18

for a pathogen for the same reason they are dangerous to delete: a single interaction with a19

high-degree node grants access to a large fraction of the network, and high-betweenness �bridge�20

nodes confer control over information �ow between otherwise distant modules [11, 19]. Yet21

the generality of this pattern across a broad taxonomic spectrum of pathogens�encompassing22

viruses, bacteria, and protozoa�and the functional identity of the shared host hubs that dis-23

parate pathogens converge upon, remain incompletely characterised. Earlier surveys were often24

restricted to a single pathogen class, relied on now-outdated interactome maps, or lacked a25
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degree-controlled null model that can separate genuine hub-preference from the trivial fact that26

any reasonably central protein set will, on average, be more connected than the network at large.27

The resource landscape has since matured. STRING v12.0 [20] now provides a quality-scored,28

continuously updated human PPI backbone that integrates experimental, curated, and text-29

mined evidence; and PHISTO�the curated pathogen�host interaction catalogue of Ahmed30

et al. [5]�consolidates experimentally validated pathogen�host interactions for hundreds of31

pathogens into a single, manually curated catalogue. Together these two resources enable, for32

the �rst time, a uni�ed, network-analytic interrogation of how a phylogenetically diverse panel33

of pathogens targets the modern human interactome.34

Here we integrate STRING v12.0 and PHISTO to ask three questions. First, are pathogen-35

targeted host proteins enriched among the high-degree and high-betweenness hubs of the human36

PPI network, and does this enrichment survive a degree-matched null model that controls for37

the targets' overall degree distribution? Second, what host functions and pathways do pathogen38

targets converge upon, and what does that functional convergence reveal about the shared viru-39

lence strategies of phylogenetically distant pathogens? Third, do individual pathogens di�er in40

the degree to which their target repertoires overlap with a shared �core� set of multi-pathogen host41

targets, and which host proteins constitute the most universally exploited contact points? To an-42

swer these questions we constructed the high-con�dence human PPI backbone, annotated every43

protein with degree and betweenness centrality and with its pathogen-target status, applied dis-44

tributional (Mann�Whitney) and degree-controlled (permutation) enrichment tests, performed45

GO and KEGG functional enrichment, de�ned a multi-pathogen core target set, and quanti�ed46

per-pathogen overlap by the Jaccard coe�cient. Our �ndings indicate that pathogens preferen-47

tially target the most central hubs of the human interactome�with TP53, EGFR, β-catenin,48

and the translational machinery heading the list�and that coronaviruses, in particular SARS49

coronavirus, draw their host target repertoires most heavily from the shared core, pointing to a50

convergent, network-centred logic of pathogen exploitation.51

2 Results52

2.1 The human PPI backbone is a sparse, well-connected network53

After �ltering the STRING v12.0 human interaction table to interactions with combined con�-54

dence ≥ 0.7, mapping identi�ers to HGNC gene symbols, and removing self-loops and duplicate55

undirected pairs, the resulting backbone comprised 16,059 nodes connected by 234,813 unique56

undirected edges (Figure 1; Table 1). The network was sparse (density = 1.82 × 10−3) yet57

well connected: 127 connected components were present, but the giant connected component58

alone contained 15,741 nodes (98.02% of all proteins), indicating that the high-con�dence hu-59

man interactome is essentially a single macroscopic network with a long tail of small isolated60

subgraphs. The average clustering coe�cient was 0.377, substantially higher than expected61

for an Erd®s�Rényi random graph of the same size and density, consistent with the modular,62

small-world, scale-free organisation characteristic of biological PPI networks [14, 21]. Degree63

was heavy-tailed (minimum 1, maximum 766, mean 29.2, median 13.0, standard deviation 45.5),64

and betweenness centrality was similarly skewed (maximum 0.0428, mean 1.73 × 10−4, median65

2.12× 10−5).66

Of the 2,649 unique host proteins recorded in PHISTO, 2,453 (92.6%) were present in the67

STRING backbone, con�rming near-complete coverage of the curated pathogen-host interac-68

tome within the high-con�dence human PPI network. These 2,453 pathogen-targeted proteins69

therefore constitute 15.27% of all network nodes, with the remaining 13,606 nodes serving as70

non-target controls for all subsequent enrichment tests.71
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Table 1: Network statistics of the STRING v12.0 human PPI backbone (con�dence ≥ 0.7) and
pathogen-target annotation.

Property Value

Nodes 16,059
Edges (unique undirected) 234,813
Connected components 127
Giant component size (% of nodes) 15,741 (98.02%)
Network density 1.82× 10−3

Average clustering coe�cient 0.377
Degree: min / median / mean / max 1 / 13.0 / 29.24 / 766
Betweenness: min / median / mean / max (×10−3) 0 / 0.0212 / 0.173 / 42.84
Pathogen-targeted nodes in STRING 2,453 (15.27%)
Non-target nodes 13,606
PHISTO host proteins covered by STRING 2,453 / 2,649 (92.6%)

2.2 Pathogen targets are enriched among high-degree and high-betweenness72

hubs73

Pathogen-targeted host proteins showed signi�cantly higher degree and betweenness centrality74

than non-target proteins. The median degree of pathogen targets was 28, more than double the75

median of 12 for non-targets (Mann�Whitney U = 2.21×107, one-sided p = 1.74×10−146; Cli�'s76

δ = 0.326, small e�ect; Figure 2). The same pattern held for betweenness centrality: pathogen77

targets had a median betweenness of 6.72×10−5 versus 1.62×10−5 for non-targets (U = 2.17×107,78

p = 5.92 × 10−126; δ = 0.301, small e�ect; Figure 3). These highly signi�cant di�erences79

indicate that pathogens do not interact with host proteins at random but preferentially engage80

nodes positioned at the densely connected, topologically central core of the human interactome81

[6, 12, 22].82

Because the Mann�Whitney test compares whole distributions, the enrichment could in principle83

be driven entirely by the fact that pathogen targets have higher degree on average, rather than84

by clustering at the very apex of the centrality hierarchy. The degree-matched permutation null85

model controls for this directly: by sampling, within each degree decile, an equal number of non-86

target nodes with the same degree distribution as the targets, it isolates the residual tendency87

of targets to occupy the top-5% hub stratum. Even under this stringent, degree-controlled88

null, pathogen targets remained signi�cantly over-represented among the top-5% degree hubs89

(observed target hub proportion 0.135 versus a non-target baseline of 0.035 and a degree-matched90

permutation mean of 0.101; observed/null ratio 1.35; empirical p = 0.0010, 1,000 permutations,91

seed 42; at the resolution �oor of 1,000 permutations the smallest reportable p is ≈ 0.001) and92

among the top-5% betweenness hubs (observed 0.104 vs. non-target 0.040 and null mean 0.088;93

ratio 1.19; p = 0.0010; Figure 4). The residual enrichment within comparable degree strata94

demonstrates that the pathogen-target bias is not merely a consequence of targets having higher95

degree overall; pathogens preferentially engage the very highest-degree and highest-betweenness96

nodes even after accounting for degree.97
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Figure 2: Degree distributions of pathogen targets versus non-target host proteins.

Pathogen-targeted proteins (orange) are shifted toward higher degree compared with non-target
proteins (blue), consistent with preferential targeting of network hubs. Distributions are shown
on a logarithmic x-axis. The di�erence is highly signi�cant (Mann�Whitney U = 2.21 × 107,
p = 1.74× 10−146, Cli�'s δ = 0.326).
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Figure 3: Betweenness centrality distributions of pathogen targets versus non-target

host proteins. Pathogen-targeted proteins show higher betweenness centrality than non-
targets, indicating they occupy more bridge-like, information-�ow-critical positions in the net-
work (U = 2.17 × 107, p = 5.92 × 10−126, Cli�'s δ = 0.301). Betweenness was estimated by
approximate sampling (k = 1,000 source nodes, seed 42).
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Figure 4: Degree-matched permutation null model. The observed proportion of pathogen
targets falling in the top-5% hubs (red) exceeds the permutation distribution of degree-matched
random sets (histograms) for both degree (left) and betweenness (right) hubs, even though the
random sets are constructed to have the same degree distribution as the targets. Empirical
p = 0.0010 for both (1,000 permutations, seed 42), con�rming that pathogen targets are enriched
at the apex of the centrality hierarchy independently of their degree.

2.3 Pathogen targets converge on host translation, proteostasis, and secre-98

tory pathways99

Functional over-representation analysis of the 2,453 pathogen-target genes against the 16,059-100

gene STRING background yielded 621 signi�cant gene sets at FDR < 0.05 (340 Biological Pro-101

cess, 126 Cellular Component, 47 Molecular Function, and 108 KEGG pathway terms). The102

dominant biological signal was unambiguous and coherent: the single strongest Gene Ontol-103

ogy Biological Process term was Translation (GO:0006412; odds ratio [OR] = 4.53, k = 160,104

FDR = 1.21 × 10−73), and the strongest KEGG pathway was Ribosome (OR = 5.28, k = 108,105

FDR = 1.93 × 10−61), with cytoplasmic and mitochondrial translation, ribosome biogenesis,106

and peptide/gene-expression biosynthetic processes all ranking among the top BP hits (Fig-107

ure 5, Figure 6). The top Molecular Function term was RNA binding (GO:0003723; OR = 2.57,108

k = 523, FDR= 1.32×10−108), accompanied by cadherin binding, mRNA binding, and ubiquitin-109

ligase-binding activities (Figure 7). At the Cellular Component level, targets were enriched in110

intracellular non-membrane-bounded organelles, the nucleolus, mitochondrial and endoplasmic111

reticulum (ER) membranes, and the cytosolic large ribosomal subunit.112

A second, proteostasis-and-secretory-pathway cluster was equally clear: Protein processing in113

endoplasmic reticulum (KEGG; OR = 3.02), intracellular protein transport, Golgi vesicle trans-114

port, N -glycan biosynthesis, the spliceosome, and RNA transport were all signi�cantly over-115

represented. Infection-relevant KEGG pathways�Coronavirus disease, Bacterial invasion of ep-116
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ithelial cells, and Salmonella infection�were also enriched, as were neurodegeneration-associated117

pathways (Alzheimer disease, amyotrophic lateral sclerosis), all of which share NF-κB, PI3K�118

AKT, cytoskeletal, and proteasome components. Taken together, the enrichment landscape119

shows that pathogens converge on a shared functional core of host cell biology: the translational120

machinery they must commandeer to produce pathogen proteins, the ER folding, glycosyla-121

tion, and vesicular-tra�cking infrastructure required to mature and tra�c those proteins, and122

the innate-immune and cytoskeletal signalling modules they must rewire to establish infection123

[23, 24].124

Figure 5: Gene Ontology Biological Process enrichment of pathogen-target genes.

Top-20 enriched BP terms shown as a bubble plot; bubble size is proportional to the overlap gene
count and colour encodes the Benjamini�Hochberg FDR. The dominant signal is host translation
and macromolecule biosynthesis.
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Figure 6: KEGG pathway enrichment of pathogen-target genes. Top-20 enriched KEGG
pathways. Ribosome is the single most enriched pathway (OR = 5.28), followed by coronavirus
disease, protein processing in the ER, RNA transport, and infection-associated pathways.
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Figure 7: Gene Ontology Cellular Component and Molecular Function enrichment of

pathogen-target genes. Top-20 terms for each category. CC terms (top) centre on intracellular
non-membrane-bounded organelles, mitochondrial/ER membranes, and the nucleolus; MF terms
(bottom) are dominated by RNA binding and related nucleic-acid-binding functions.

2.4 A shared core of host proteins is targeted by multiple pathogens125

De�ning the �core� host target set as proteins targeted by ≥ 2 distinct pathogens yielded 933126

proteins, or 35.2% of all 2,649 host targets. Tightening the threshold progressively concentrated127

the set: 244 proteins (9.2%) were targeted by ≥ 3 pathogens and 30 proteins (1.1%) by ≥ 5128

pathogens (Figure 8). Of the 933 core proteins, 866 (92.8%) were present in the STRING129

backbone, matching the overall PHISTO coverage. The most broadly targeted host protein130

was DLG1, engaged by 25 distinct pathogens�spanning human papillomaviruses, adenoviruses,131

herpesviruses, in�uenza A virus, SARS coronaviruses, and others�followed by the stress-granule132

components G3BP1 (16 pathogens) and SCRIB (16 pathogens), G3BP2 (13), and the cell-polarity133

and proteostasis factors ERBIN (11), EZR (11), PPIE (11), PPP1CA (10), and SETD2 (10).134

This hierarchy of multi-pathogen targeting implicates a convergent set of host cell-organisation,135

mRNA-stress-granule, and signalling-sca�old proteins as universal contact points for pathogen136

exploitation.137
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Figure 8: Distribution of pathogen count across the core host target set. Most core
proteins are targeted by 2�3 pathogens, with a long tail of broadly targeted proteins; DLG1 (25
pathogens) is the most universally targeted host protein. The core set (≥ 2 pathogens) comprises
933 proteins; ≥ 3 yields 244 and ≥ 5 yields 30.

2.5 The top-20 hub targets are dominated by signalling and architectural138

master regulators139

Restricting to pathogen-targeted proteins and ranking by betweenness centrality, the top-20140

host hub targets were dominated by master regulators of cell signalling, gene expression, and141

cell architecture (Table 2, Figure 9, Figure 10). The single most central pathogen target was142

TP53, with the highest betweenness in the entire network (CB = 0.0428) and the highest degree143

(k = 766), targeted by four pathogens (Hepatitis C virus genotype 1b, SARS coronavirus, hep-144

atitis C virus subtype 1b, and rotavirus sp.) and consequently a core-set member. Other notable145

hubs included CTNNB1 (β-catenin; CB = 0.0284, k = 465), EGFR (CB = 0.0207, k = 505;146

targeted by in�uenza A virus and Mycoplasma hyorhinis), the actin cytoskeleton component147

ACTB (CB = 0.0199), the ribosomal component FAU, the amyloid-precursor APP, the in�am-148

matory cytokine TNF, the transcriptional co-activator EP300, the chaperone HSP90AB1, the149

focal-adhesion protein FN1, the heat-shock protein HSPA8, the chromatin regulator TRIM28,150

HDAC1, PRKACA, CDH1, the purine-biosynthesis enzyme GART, the AAA-ATPase VCP, TBP,151

the histone H3C13, and the adhesion receptor CD44.152

Six of the top-20 hub targets (TP53, EGFR, ACTB, HSPA8, VCP, and CD44) were core-set mem-153

bers (≥ 2 pathogens). The degree-versus-betweenness scatter (Figure 10) shows that pathogen154

count and centrality are coupled but not redundant: the most broadly targeted proteins do not155

always have the highest raw degree, underscoring that betweenness�a measure of bridge-like156

control over network communication�captures a distinct axis of pathogen-relevant importance.157

The most enriched GO/KEGG terms attached to each hub (Table 2, last column) recapitulate158

the global enrichment themes at the individual-protein level: nuclear/nucleolar organisation for159

TP53, focal-adhesion and cadherin binding for EGFR/ACTB/HSPA8/CD44, RNA binding and160

translation for FAU/VCP, and ER processing for VCP.161
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Figure 9: Top-20 pathogen-targeted host hub proteins ranked by betweenness cen-

trality. (Top) Betweenness centrality bars, coloured by pathogen count. (Bottom) Degree
bars in the same y-order. TP53 is the single most central and highest-degree pathogen target;
core-set members (≥ 2 pathogens) are highlighted by warmer colours.
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Figure 10: Degree versus betweenness for the top-20 pathogen-targeted host hubs.

Point size and colour encode the number of distinct pathogens targeting each protein. The two
centralities are correlated but not redundant; the most broadly targeted proteins (largest points)
cluster toward the upper-right, indicating both high connectivity and high bridge-like control.
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Table 2: Top-20 pathogen-targeted host hub proteins ranked by betweenness centrality. Betw.

= betweenness centrality; Deg. = degree; PC = number of distinct pathogens targeting the
protein; Core = member of the core set (≥ 2 pathogens). Top enriched GO/KEGG terms are
the three most signi�cant terms from the global pathogen-target enrichment that include each
protein (per-protein over-representation on a single gene is degenerate).

# Gene Betw. Deg. PC Core Top enriched terms

1 TP53 0.0428 766 4 Yes Nuclear organelle; Nucleolus; Nuclear lumen
2 CTNNB1 0.0284 465 1 No Cell-substrate junction; Focal adhesion; Cadherin binding
3 EGFR 0.0207 505 2 Yes Cell-substrate junction; Focal adhesion; Cadherin binding
4 ACTB 0.0199 438 2 Yes Nuclear organelle; Cell-substrate junction; Focal adhesion
5 FAU 0.0131 417 1 No RNA binding; Translation; Ribosome
6 APP 0.0108 212 1 No Organelle lumen; Regulation of translation
7 TNF 0.0099 391 1 No Coronavirus disease; ALS; Protein metabolic regulation
8 EP300 0.0092 390 1 No Protein stabilisation; Nuclear localisation; miRNAs in cancer
9 HSP90AB1 0.0086 305 1 No RNA binding; Cadherin binding; ER protein processing
10 FN1 0.0084 299 1 No Organelle lumen; Bacterial invasion; Complex assembly
11 HSPA8 0.0075 203 2 Yes RNA binding; Cell-substrate junction; Focal adhesion
12 TRIM28 0.0074 120 1 No RNA binding; Ubiquitin-ligase binding
13 HDAC1 0.0070 339 1 No miRNAs in cancer; Thyroid signalling; Apoptotic regulation
14 PRKACA 0.0066 252 1 No RNA processing; mRNA processing; Ubiquitin-ligase binding
15 CDH1 0.0064 244 1 No Cadherin binding; trans-Golgi; Bacterial invasion
16 GART 0.0063 86 1 No AMP/GMP/IMP biosynthesis
17 VCP 0.0062 184 2 Yes RNA binding; Nuclear organelle; ER membrane
18 TBP 0.0062 240 1 No Spinocerebellar ataxia; HTLV-1 infection; Promoter DNA binding
19 H3C13 0.0059 452 1 No Shigellosis; NET formation; Alcoholism
20 CD44 0.0053 262 2 Yes Cell-substrate junction; Focal adhesion; Organelle membrane

2.6 Coronaviruses show the strongest overlap with the shared core target set162

Across the 156 pathogens scored, the Jaccard similarity between each pathogen's target set and163

the 933-protein core set spanned from 0 to 0.402 (mean 0.013, median 0.002; 150 pathogens had164

J > 0 and 6 had J = 0; Figure 11). The pathogen with by far the greatest overlap was SARS165

coronavirus (J = 0.4018; 407 of its 487 targets in the core set), followed closely by SARS-CoV-2166

(J = 0.3927; 507 of 865), In�uenza A virus (J = 0.2318; 378 of 1,076), and Zika virus (J =167

0.2037; 223 of 385). The remaining high-overlap pathogens were human coronaviruses NL63 and168

229E, Hepatitis C virus genotype 2a, Mycobacterium tuberculosis, and human T-lymphotropic169

viruses 1 and 2. The clustering of SARS coronaviruses and in�uenza A at the top re�ects170

both the comparatively large, well-characterised interactomes available for these pathogens and171

a genuinely convergent strategy of engaging the shared host machinery identi�ed by the core172

set [9, 25]. At the opposite extreme, pathogens with J ≈ 0�such as Mycoplasma species,173

Haemophilus in�uenzae, and hepatitis B virus subtype adw2�target host proteins almost entirely174

outside the core, indicative of more idiosyncratic, pathogen-speci�c host-interaction programmes175

and representing candidate pathogen-speci�c intervention points.176
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Table 3: Per-pathogen Jaccard overlap with the 933-protein core host target set. The top-12
pathogens by Jaccard (strongest overlap) and selected low-overlap pathogens are shown; |Tp| =
pathogen target count; |Tp∩C| = intersection with the core set. Across all 156 pathogens scored,
the mean Jaccard was 0.013 (median 0.002); 150 pathogens had J > 0 and 6 had J = 0.

Rank Pathogen |Tp| |Tp ∩ C| Jaccard

1 SARS coronavirus 487 407 0.4018
2 SARS-CoV-2 865 507 0.3927
3 In�uenza A virus 1,076 378 0.2318
4 Zika virus 385 223 0.2037
5 Human coronavirus NL63 115 102 0.1078
6 Human coronavirus 229E 123 82 0.0842
7 Hepatitis C virus genotype 2a 140 74 0.0741
8 Mycobacterium tuberculosis 184 65 0.0618
9 Human T-lymphotropic virus 1 83 42 0.0431
10 Human T-lymphotropic virus 2 60 33 0.0344
11 Alkhumra hemorrhagic fever virus 38 26 0.0275
12 Tick-borne encephalitis virus 33 24 0.0255

Low-overlap pathogens (J ≈ 0):
� Helicobacter pylori NCTC 11637 7 1 0.0011
� Shigella �exneri 2 1 0.0011
� Mycoplasma pulmonis 2 0 0.0000
� Haemophilus in�uenzae 2 0 0.0000
� Hepatitis B virus subtype adw2 1 0 0.0000
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Figure 11: Per-pathogen Jaccard overlap with the core host target set. Top-35 pathogens
by Jaccard similarity (J > 0). SARS coronavirus (J = 0.402) and SARS-CoV-2 (J = 0.393) show
the strongest overlap, indicating their host target repertoires are dominated by shared, multi-
pathogen core targets; low-overlap pathogens engage host proteins largely outside the core.
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3 Discussion177

3.1 Pathogens converge on the most central hubs of the human interactome178

The central �nding of this study is that pathogen-targeted host proteins are not a random draw179

from the human proteome but are signi�cantly and reproducibly enriched among the highest-180

degree and highest-betweenness nodes of the STRING v12.0 PPI backbone. Pathogen targets181

had a median degree of 28 versus 12 for non-targets (Mann�Whitney p = 1.74 × 10−146, Cli�'s182

δ = 0.326) and a comparably elevated betweenness (p = 5.92×10−126). Crucially, the enrichment183

persisted under a degree-matched permutation null model that preserved the targets' degree184

distribution: even when compared only to non-targets of the same degree, pathogen targets185

were 1.35-fold more likely to fall in the top-5% degree hubs and 1.19-fold more likely to fall186

in the top-5% betweenness hubs (empirical p = 0.0010 for both). This degree-controlled result187

is important because it rules out the simplest alternative explanation�that the enrichment188

is merely an artefact of targets being, on average, more connected�and instead shows that189

pathogens preferentially engage the very apex of the centrality hierarchy within comparable190

degree strata. The pattern generalises, across 156 viruses, bacteria, and protozoa, the earlier191

virus-centric observations of preferential hub targeting [6, 12] and is consistent with the broader192

centrality�lethality principle [14, 15]: the same topological property that makes a host protein193

essential for the cell also makes it an e�cient lever for a pathogen seeking maximum network194

reach with minimum interaction e�ort.195

3.2 TP53 and the signalling�architectural core of pathogen targeting196

At the apex of the ranked hub list sits TP53, the most connected and most central protein in197

the entire human PPI backbone (degree 766, betweenness 0.0428) and a target of four pathogens198

including SARS coronavirus and hepatitis C virus. TP53 is the canonical �guardian of the199

genome,� a transcription-factor hub governing cell-cycle arrest, apoptosis, and DNA-damage re-200

sponses, and its inactivation by viral oncoproteins�notably the HPV E6 protein [26�28] and the201

HCV core protein�is one of the best-characterised mechanisms of pathogen-mediated oncoge-202

nesis, and p53 more broadly functions as a host defence factor against diverse viral infections203

[29]. Its prominence as the top pathogen-targeted hub is therefore both biologically expected and204

quantitatively striking: pathogens converge on TP53 not because it is merely highly expressed205

but because, as the most central node in the network, controlling it grants outsized in�uence206

over cell-fate decisions. The wider top-20 list reinforces a coherent picture of pathogen-relevant207

centrality: signalling master regulators (EGFR, CTNNB1, EP300, PRKACA, TNF, HDAC1,208

TRIM28), cytoskeletal and adhesion sca�olds (ACTB, CDH1, FN1, CD44, EZR), the chaper-209

one machinery (HSP90AB1, HSPA8, VCP), the translational apparatus (FAU, H3C13), and the210

amyloid-precursor APP. The recurrence of focal-adhesion and cadherin-binding terms among the211

top enriched functions of these individual hubs aligns with the established importance of mem-212

brane, cytoskeleton, and cell�matrix remodelling in pathogen entry, spread, and immune evasion213

[6, 13, 30, 31].214

3.3 Functional convergence on translation, proteostasis, and the secretory215

pathway216

The GO/KEGG enrichment provides a functional readout of the same hub-targeting logic. The217

single dominant theme�translation and the ribosomal machinery (top GO BP term: Trans-218

lation; top KEGG pathway: Ribosome, OR 5.28)�re�ects the obligate dependence of viruses219

and many intracellular bacteria on host protein synthesis [23, 24, 32]. Pathogens must comman-220

deer host ribosomes, translation factors, and tRNA charging to produce their own proteins, and221
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the ribosomal proteins and translation factors are accordingly among the most heavily repre-222

sented pathogen targets. A second, tightly linked cluster concerns proteostasis and the secretory223

pathway: protein processing in the endoplasmic reticulum, intracellular protein transport, Golgi224

vesicle transport, N -glycan biosynthesis, the spliceosome, and RNA transport. These re�ect225

pathogen reliance on the host ER folding, glycosylation, and vesicular-tra�cking infrastruc-226

ture to mature and tra�c pathogen or e�ector proteins, and to remodel secretory pathways for227

replication [33, 34]. The enrichment of infection-relevant KEGG pathways�coronavirus disease,228

Salmonella infection, bacterial invasion of epithelial cells�and neurodegeneration pathways shar-229

ing NF-κB, PI3K�AKT, cytoskeletal, and proteasome components con�rms that the target set230

is concentrated in the host modules that pathogens actually engage, and that the network and231

functional signals are mutually consistent [35�38].232

3.4 A shared core and the universal contact points233

De�ning the core as host proteins targeted by ≥ 2 pathogens yielded 933 proteins, a set that234

narrows sharply to 244 (≥ 3) and 30 (≥ 5) as the threshold tightens. The most broadly tar-235

geted core protein, DLG1, was engaged by 25 distinct pathogens�a striking convergence given236

that these span papillomaviruses, adenoviruses, herpesviruses, in�uenza A, and SARS coron-237

aviruses. DLG1 is a PDZ-domain sca�olding protein of the MAGUK family that organises cell238

polarity, adherens junctions, and signalling complexes, and is a documented target of viral onco-239

proteins (e.g. HPV E6, adenovirus E4-ORF1) that disrupt epithelial polarity and tight-junction240

integrity [39, 40]. The co-dominance of stress-granule components (G3BP1, G3BP2, SCRIB)241

and cell-polarity factors (ERBIN, EZR) in the core further implicates mRNA homeostasis and242

cell-architecture remodelling as universal, cross-pathogen contact points [41, 42]. The fact that243

the same handful of host proteins is reached by phylogenetically unrelated pathogens is strong244

evidence for convergent evolution toward a shared set of network-vulnerable hubs, and it iden-245

ti�es these proteins as priority candidates for understanding�and ultimately therapeutically246

intervening in�universal pathogen strategies.247

3.5 Coronaviruses dominate the core-overlap landscape248

The per-pathogen Jaccard analysis revealed a wide spectrum of overlap with the core set, from249

SARS coronavirus (J = 0.402) and SARS-CoV-2 (J = 0.393) down to a tail of pathogens with250

J ≈ 0. Two factors drive the coronaviral dominance. First, SARS-CoV and SARS-CoV-2 are251

among the pathogens with the largest, most systematically mapped host interactomes in the252

dataset [9, 25, 43, 44], so their high Jaccard partly re�ects interactome depth. Second, and253

more substantively, a high Jaccard indicates that a pathogen's targets are drawn predominantly254

from the shared core, i.e. that it relies on the same universal host machinery rather than255

on idiosyncratic, pathogen-speci�c contacts. The clustering of in�uenza A, Zika, and human256

coronaviruses alongside SARS at the top of the Jaccard ranking supports a model in which257

well-characterised respiratory and emerging viruses converge on a common host-network module258

[8, 45�47]. By contrast, the low-Jaccard pathogens�several Mycoplasma species, Haemophilus259

in�uenzae, and hepatitis B virus�target host proteins largely outside the core, re�ecting more260

specialised or niche-speci�c interaction strategies; these proteins, being less shared, are candidates261

for pathogen-speci�c intervention points with a lower risk of host-network-wide perturbation.262

3.6 Limitations263

Several limitations should temper the interpretation of these results. First, the analysis is only264

as complete as the underlying data: PHISTO, though curated, is biased toward pathogens265

whose host interactions have been intensively studied�predominantly viruses of biomedical266
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importance�so the high Jaccard of coronaviruses and in�uenza partly re�ects research e�ort.267

Second, the STRING con�dence cuto� (≥ 0.7) trades coverage for reliability; a lower threshold268

would admit more�but noisier�edges and could shift centrality estimates, particularly for mid-269

ranked nodes. Third, betweenness centrality was estimated by approximate sampling (k = 1,000270

source nodes, seed 42) rather than the exact Brandes algorithm; while top-hub membership (e.g.271

TP53, CTNNB1) is stable, mid-range betweenness rankings are seed-dependent and should be272

interpreted as estimates. Fourth, the core-set de�nition (≥ 2 pathogens) is necessarily a compro-273

mise: the size falls from 933 to 30 across the ≥ 2, ≥ 3, ≥ 5 thresholds, and downstream Jaccard274

values scale with this choice; the sensitivity analysis at ≥ 3 and ≥ 5 provides bounds but the275

�true� core boundary is inherently fuzzy. Fifth, the network analysed is static and unweighted;276

pathogen�host interactions occur dynamically in time, tissue, and subcellular compartment, and277

a single aggregated graph cannot capture this context. Sixth, ORA on a large foreground set278

(15% of the STRING universe) is highly powered, so many broad GO terms reach signi�cance279

trivially; the speci�city and odds ratios of the top terms (ribosome, translation, ER processing)280

are the meaningful signal, not the raw count of signi�cant terms. Seventh, and most importantly,281

the hub-targeting enrichment is subject to a shared study-bias (detection) confound: proteins282

studied intensively accrue both more STRING edges and more recorded pathogen�host interac-283

tions, so high degree and high target-recording probability have a common cause. The degree-284

matched null controls for degree but not for the underlying study bias that degree proxies; within285

a degree decile, pathogen targets may still be the more-studied subset, so the residual 1.35× en-286

richment could in principle re�ect residual study bias rather than biological hub-preference. A287

de�nitive separation would require restricting to proteins matched on a study-count proxy or a288

study-bias-corrected binary-only interactome, which is beyond the present design. Eighth, the289

per-pathogen Jaccard-overlap-with-core analysis is partially circular: the core set is de�ned from290

the same pathogen�target data, so pathogens with large target counts that helped populate the291

core (e.g. SARS-CoV-2, 865 targets) mechanically score higher Jaccard independent of biological292

convergence. A leave-one-out Jaccard, in which the core is recomputed excluding pathogen p293

before scoring J(p), would remove this self-contribution; the present ranking should therefore be294

interpreted as descriptive of overlap rather than as evidence of independent convergence.295

3.7 Future directions296

These limitations point to clear next steps. Dynamic and condition-speci�c networks�297

integrating tissue, temporal, and subcellular resolution�would re�ne the hub-targeting picture298

beyond the static aggregate. Weighted and directed analyses, including network-�ow and299

controllability measures, could quantify not only whether pathogens target hubs but how much300

network control those contacts confer. Experimental validation of the predicted core contact301

points�particularly DLG1, G3BP1/2, and the top-20 hubs�through targeted perturbation302

would test the causal predictions of the centrality�targeting model. Finally, the shared core303

identi�ed here o�ers a translational lever: host-directed therapies aimed at the most universally304

targeted hubs carry the broadest spectrum but also the greatest toxicity risk, whereas pathogen-305

speci�c, low-Jaccard targets o�er narrower, potentially safer intervention points. Distinguishing306

these two classes systematically is a natural extension of the per-pathogen Jaccard framework.307

4 Methods308

This study followed a six-step computational pipeline (Figure 1) that integrates a curated hu-309

man protein�protein interaction (PPI) backbone with a large, literature-curated catalogue of310

pathogen�host protein interactions, annotates every host protein with network topological de-311

scriptors, statistically tests whether pathogen targets are enriched among network hubs, function-312
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ally characterises the target set, and quanti�es the overlap of each pathogen's target repertoire313

with a shared �core� host target set. All analyses were performed in Python using the NetworkX314

library [48]. A single random seed (random_state=42) was used for every stochastic procedure315

to ensure full reproducibility.316

4.1 Data acquisition317

Human PPI backbone. The human protein�protein interaction network was retrieved318

from STRING v12.0 [20, 49�51], the current production version of a continuously updated319

resource whose con�dence-scoring, evidence-integration, and programmatic-access framework320

has developed across successive releases [52, 53]. The full 9606.protein.links table was321

downloaded from the STRING FTP repository and �ltered to retain only interactions with a322

combined con�dence score of at least 700 (equivalent to con�dence ≥ 0.7), encompassing all323

evidence types (neighbourhood, fusion, co-occurrence, co-expression, experiments, databases,324

text-mining). STRING protein identi�ers were mapped to HGNC gene symbols using the325

STRING alias �le (9606.protein.aliases), producing a canonical, gene-symbol-labelled edge326

list. A quality re-audit of the deduplicated edge �le identi�ed and removed 11 residual self-loops327

and 441 duplicate canonical (undirected) pairs, yielding a true unique undirected edge set that328

was loaded as an undirected graph.329

Pathogen�host interactions. Pathogen�host protein interactions were obtained from the cu-330

rated catalogue accompanying Ahmed et al. [5], a manually assembled resource of experimentally331

validated pathogen�host interactions aggregated from IntAct, BioGRID, and the primary litera-332

ture. The Supplementary Tables (MOESM3�5) accompanying that publication�archived at the333

PHISTO repository (http://www.phisto.org)�were used as the source of host�pathogen edges.334

Records were �ltered to human host proteins, deduplicated, and the host protein identi�ers (pre-335

dominantly UniProt accessions) were mapped to HGNC gene symbols via the UniProt-to-gene336

cross-reference table, matching them against the STRING backbone. The �nal cleaned pathogen�337

host interaction table contained 5,502 interaction records spanning 156 distinct pathogens (viral,338

bacterial, and protozoan) and 2,649 unique host proteins.339

4.2 Network construction and topological annotation340

The STRING backbone was loaded as an undirected graph G = (V,E) using NetworkX. For341

every node v ∈ V the following descriptors were computed: (i) degree k(v) and degree centrality342

CD(v) = k(v)/(|V | − 1); (ii) betweenness centrality,343

CB(v) =
∑

s ̸=v ̸=t∈V

σst(v)

σst
,

where σst is the number of shortest paths between s and t and σst(v) the number passing through344

v. Because exact Brandes betweenness [19] on a 16,059-node graph is computationally expensive,345

betweenness was estimated by the NetworkX approximate-sampling variant with k = 1,000 source346

nodes (random_state=42) and normalised by the undirected-graph factor 2/[(n−1)(n−2)]. Each347

node was annotated with a binary �ag indicating whether it is a pathogen target (i.e., present in348

the PHISTO host set and connected to at least one pathogen) and, for targets, the number and349

identity of distinct pathogens targeting it. The node annotation table thus records, for every350

host protein, its degree, degree centrality, betweenness centrality, target status, and pathogen351

count.352
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4.3 Topological enrichment testing353

We tested the hypothesis that pathogen targets are enriched among high-degree and high-354

betweenness hubs using two complementary, non-parametric approaches.355

Mann�Whitney U test. The degree and betweenness distributions of pathogen targets (n =356

2,453) and non-target proteins (n = 13,606) were compared with a one-sided Mann�Whitney U357

test [54] (alternative: targets have greater centrality than non-targets), with two-sided p-values358

also reported. The e�ect size was quanti�ed as Cli�'s δ [55], computed directly from the U359

statistic as360

δ =
2U − n1n2

n1n2
,

where n1 and n2 are the target and non-target group sizes. Magnitude was interpreted following361

the thresholds |δ| < 0.147 negligible, 0.147�0.33 small, 0.33�0.474 medium, > 0.474 large.362

Degree-matched permutation null model. Because the Mann�Whitney test compares en-363

tire distributions, a signi�cant result could in principle arise solely because pathogen targets364

have higher degree on average, rather than because they cluster at the very top of the centrality365

hierarchy. To disentangle these, we constructed a degree-matched null model [56]. Nodes were366

partitioned into ten degree-decile bins. Within each bin, the number of pathogen targets was367

counted, and an equal number of non-target nodes was sampled uniformly from the same bin368

(random_state=42); pooling across bins yields a random set whose degree distribution matches369

the target set exactly but whose hub-membership is random under the null. The test statistic was370

the proportion of the set falling in the top-5% hubs (computed separately for degree, threshold371

= 111, and for betweenness, threshold = 0.000743). The procedure was repeated 1,000 times;372

the empirical p-value was p = (#{perm ≥ observed}+ 1)/(nperm + 1).373

4.4 Functional enrichment analysis374

Gene Ontology (GO) and KEGG pathway enrichment of the pathogen-target gene set was per-375

formed with a custom hypergeometric over-representation analysis (ORA) [57, 58]. The fore-376

ground set was the 2,453 pathogen-target genes present in the STRING graph; the background377

(universe) was the 16,059 genes of the STRING backbone, so that the foreground is a strict378

subset of the background (veri�ed). Gene-set libraries were obtained from Enrichr [59]: GO379

Biological Process 2023 (5,406 terms), GO Cellular Component 2023 (472 terms), GO Molecular380

Function 2023 (1,147 terms), and KEGG 2021 Human (320 terms). GO term de�nitions and381

the GO framework follow the Gene Ontology Consortium [60�62], and KEGG pathways follow382

Kanehisa and Goto [63, 64]. Because Enrichr's online API applies a �xed per-library background383

that does not equal the STRING universe, we fetched only the gene sets and computed the384

one-tailed hypergeometric test ourselves against the 16,059-gene STRING background:385

P (X ≥ k) = hypergeom.sf(k − 1; M, K, n),

where M is the background size, K the term size within the background, n the foreground size,386

and k the foreground�term overlap. The odds ratio was computed as (k/n)/(K/M). Benjamini�387

Hochberg false-discovery-rate (FDR) correction [65] was applied within each category (BP, CC,388

MF, KEGG), with signi�cance at FDR < 0.05.389

4.5 Core host target set and per-pathogen overlap390

For each host protein we counted the number of distinct pathogens targeting it (nunique, so391

repeated records of the same pathogen�host pair count once). The shared �core� host target392
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set C was de�ned as host proteins targeted by ≥ 2 distinct pathogens; as a sensitivity analysis,393

core-set sizes were also recorded at thresholds ≥ 3 and ≥ 5 pathogens. For each pathogen p with394

target set Tp, the Jaccard similarity to the core set was395

J(p) =
|Tp ∩ C|
|Tp ∪ C|

.

Pathogens with empty intersection (J = 0) were retained in the results table. A core protein was396

annotated �in STRING� if its gene symbol was present in the STRING backbone node annotation397

table.398

4.6 Reproducibility399

All stochastic operations used random_state=42; betweenness was estimated with k = 1,000400

sampled source nodes (seed 42); the permutation null model used 1,000 permutations (seed 42).401

Every parameter, threshold, and intermediate �le is documented in the analysis manifest. The402

STRING con�dence cuto� (700), the core-set threshold (≥ 2 pathogens), and the FDR threshold403

(0.05) were pre-speci�ed before testing.404

Data and code availability405

The STRING v12.0 human PPI backbone (9606.protein.links, 9606.protein.aliases) is406

publicly available from the STRING repository (https://string-db.org). The pathogen�host407

interaction data (Supplementary Tables MOESM3�5 of Ahmed et al. [5]) are publicly avail-408

able and archived at the PHISTO repository (http://www.phisto.org). GO 2023 and KEGG409

2021 gene-set libraries were obtained from Enrichr [59] on the run date. All analysis scripts410

(Python/NetworkX), the cleaned interaction table, the node annotation table, and the full re-411

sults �les are provided in the project repository accompanying this manuscript; every stochastic412

step is seeded (random_state=42) for exact reproducibility.413

5 Conclusion414

By integrating the STRING v12.0 human protein�protein interaction backbone with a cu-415

rated catalogue of ∼5,500 pathogen�host interactions spanning 156 pathogens, we show that416

pathogens�viral, bacterial, and protozoan�do not engage the host proteome at random but417

preferentially target the most topologically central hubs of the human interactome. This en-418

richment is signi�cant by distributional comparison (Mann�Whitney p ≤ 10−126) and, critically,419

survives a degree-matched permutation null model, demonstrating that pathogens reach for the420

apex of the centrality hierarchy within comparable degree strata rather than merely bene�ting421

from higher average connectivity. The functional consequence of this hub-targeting logic is a422

striking convergence on a shared module of host cell biology: translation and the ribosome,423

proteostasis, and the secretory pathway. A core set of 933 host proteins targeted by multiple424

pathogens�narrowing to 30 proteins targeted by �ve or more�identi�es the universal contact425

points of pathogen exploitation, with DLG1 (25 pathogens) at its apex and TP53 as the single426

most central and most connected pathogen target. SARS coronavirus draws its host repertoire427

most heavily from this core (J = 0.402), but the broader picture is one of cross-pathogen con-428

vergence on a common network-vulnerable hub set. These �ndings re�ne the centrality�lethality429

principle into a centrality�targeting principle for infectious disease and delineate a tiered ther-430

apeutic landscape: broad-spectrum, host-directed strategies aimed at the shared core carry the431

widest applicability but also the greatest toxicity, whereas low-Jaccard, pathogen-speci�c tar-432

gets o�er narrower and potentially safer intervention points. The network-analytic framework433
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presented here�degree-controlled enrichment testing, multi-threshold core-set de�nition, and434

per-pathogen Jaccard overlap�provides a general, reproducible template for interrogating how435

the diversity of the microbial world converges on, and diverges from, a common logic of host-436

network exploitation.437
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