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Abstract: Whole-genome sequencing enables high-resolution characterisation of the 

evolutionary and accessory-genome diversity of Clostridioides difficile beyond conventional 

sequence typing. We analysed 118 clinical C. difficile genomes from Hong Kong using 

recombination-filtered phylogenomics, pangenome analysis, antimicrobial-resistance and 

virulence screening, mobile-element context analysis and functional annotation. The 

population comprised 24 sequence types and formed distinct phylogenetic clusters that were 

broadly consistent with multilocus sequence typing assignments. Pangenome analysis 
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identified 9,140 gene clusters and supported an open pangenome structure, indicating 

ongoing gene acquisition and loss within the population. Accessory-genome divergence 

increased with core-genome SNP distance (Spearman's ρ = 0.437, p < 1 × 10-5), although 

some closely related isolates retained substantial differences in gene content, suggesting 

recent accessory-genome turnover. Antimicrobial resistance determinants showed stronger 

associations with mobile genetic elements (MGE) than with virulence-associated loci. In 

particular, erm(B), AAC/APH-family genes and tet(M) were frequently detected and 

commonly linked to insertion-sequence- or transposon-associated contexts, whereas major 

toxin loci showed limited evidence of local mobility. Functional annotation revealed broadly 

conserved functional profiles dominated by transcription-, metabolism-, and signal 

transduction-related categories, alongside significant sequence type-associated variation in 

KEGG pathway composition (PERMANOVA R2 = 0.434, p = 0.001), with ST54 forming a 

distinct functional cluster. Collectively, these findings demonstrate that this Hong Kong C. 

difficile population is structured by stable evolutionary lineages while maintaining extensive 

accessory-genome diversity, and highlight the prominent role of MGE in shaping 

antimicrobial-resistance architecture relative to the largely conserved virulence repertoire. 

Keywords: Clostridioides difficile; whole-genome sequencing; virulence; antimicrobial 

resistance; pangenome; mobile genetic elements; functional annotation 

 

1. Introduction 

Clostridioides difficile is a leading cause of healthcare-associated and antimicrobial-

associated diarrhoeal disease worldwide and remains a major source of morbidity, mortality, 

and healthcare expenditure, particularly among hospitalised and elderly patients [1–3]. Disease 

severity ranges from mild self-limiting diarrhoea to fulminant colitis and recurrent infection, 

with outcomes influenced by host susceptibility, antimicrobial exposure, bacterial virulence, 

and transmission dynamics [1, 4]. This clinical burden sits within a wider antimicrobial-

resistance landscape in which antimicrobial misuse, persistent drug-resistant pathogens and 

narrowing treatment options continue to increase the value of genome-informed bacterial 

surveillance [5]. The emergence and international dissemination of successful epidemic 

lineages have further highlighted the importance of understanding the evolutionary processes 

underlying C. difficile population structure and adaptation [4, 6]. 

The pathogenicity of C. difficile is primarily associated with the production of toxins 

A (tcdA) and B (tcdB), encoded within the chromosomal pathogenicity locus (PaLoc), while 

a subset of strains additionally carries the binary toxin locus (CdtLoc) [7]. Comparative 

genomic studies have demonstrated that both toxin-associated loci and antimicrobial 

resistance (AMR) determinants have complex evolutionary histories involving 

recombination, horizontal gene transfer, gene loss, and lineage-specific diversification [7, 8]. 

Consequently, the clinical and epidemiological characteristics of C. difficile populations 

cannot be fully understood through toxin profiling or AMR screening alone. 
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Multilocus sequence typing (MLST) has been widely used to classify C. difficile 

isolates into sequence types (STs) and major evolutionary clades, providing a standardised 

framework for global surveillance and inter-study comparison [9, 10]. However, MLST 

interrogates only a small fraction of the genome and therefore has limited resolution for 

investigating recent transmission, recombination, accessory-genome variation, and mobile 

genetic elements (MGE) [11, 12]. Whole-genome sequencing (WGS) has transformed C. 

difficile epidemiology by enabling high-resolution reconstruction of phylogenetic 

relationships, identification of transmission clusters, characterisation of AMR determinants, 

and investigation of horizontal gene transfer events [4, 11, 12]. 

Genome-scale analyses have revealed that C. difficile possesses a highly dynamic and 

mosaic genome shaped by recombination and extensive accessory-gene exchange [8]. MGE, 

including insertion sequences, conjugative transposons, integrative conjugative elements, 

plasmids, and bacteriophages, contribute substantially to genomic diversification and 

facilitate the dissemination of AMR determinants such as erm(B) and tet(M) [13, 14]. At the 

same time, comparative genomic studies have demonstrated that closely related isolates may 

differ considerably in accessory-gene content despite sharing highly similar core genomes, 

emphasising the importance of integrating pangenome and phylogenomic analyses when 

interpreting population structure [8]. 

Recent advances in bacterial genomics have expanded the scope of WGS-based 

investigations beyond phylogenetic reconstruction [15]. Pangenome analysis can distinguish 

conserved and variable components of the genome, while functional annotation enables 

interpretation of gene-content variation in terms of biological pathways and ecological 

adaptation [16–18]. Similarly, modern tools for mobile genetic element prediction allow 

systematic investigation of plasmid-, prophage-, and insertion-sequence associated genomic 

regions, providing insight into potential mechanisms of resistance dissemination and genome 

evolution [19, 20]. Collectively, these approaches facilitate a more comprehensive 

understanding of how core-genome evolution, accessory-genome dynamics, and mobile-

element activity interact within bacterial populations. 

Despite the increasing application of WGS to C. difficile surveillance globally, 

comprehensive genomic characterisation of isolates from Asia remains limited [21–23]. In 

particular, few studies have integrated lineage assignment, recombination-aware 

phylogenomics, pangenome analysis, AMR profiling, mobile genetic element prediction, and 

functional annotation. In other opportunistic bacterial pathogens, integrated genomic and 

resistome analyses have similarly shown how taxonomic confirmation, phylogenetic 

placement and resistance-gene profiling can clarify the clinical relevance of draft-genome 

data [24]. Such integrated analyses are important because they provide complementary 

perspectives on population structure and can generate testable hypotheses regarding the 

evolution, dissemination, and ecological adaptation of clinically relevant lineages [25]. Public 

bioinformatic platforms such as Galaxy can support reproducible analysis by preserving tool 

versions, parameters and workflow provenance, which is particularly useful for multi-step 

microbial genomics studies [26]. 
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In this study, we performed an integrated comparative genomic analysis of 118 C. 

difficile genome assemblies from Hong Kong, China. We aimed to determine whether this 

regional population shows lineage-structured genomic diversity, whether AMR determinants 

and virulence-associated loci differ in their local MGE-neighbourhood evidence and whether 

functional annotation reveals sequence type (ST)-associated differences beyond MLST 

assignment. To address these aims, we combined MLST-based lineage assignment, 

recombination-filtered pangenomics, pangenome analysis, AMR and virulence gene 

screening, MGE-context analysis, insertion-sequence (IS) prediction, plasmid and viral 

region prediction and eggNOG/KEGG functional annotation. This integrated design was 

intended to provide a molecular genomic baseline for Hong Kong C. difficile isolates and to 

identify candidate resistance and functional patterns for future clinical and experimental 

validation. 

2. Materials and Methods  

2.1. Whole-Genome Sequencing and Assembly Annotation 

A total of 118 Clostridioides difficile genome assemblies associated with NCBI 

BioProject PRJNA1063910 were included in this study. Whole-genome sequencing was 

performed using the DNBSEQ™ sequencing platform, and genomes were assembled de novo 

using SPAdes v3.13.0. Genome assemblies were annotated using Prokka v1.14.6 to generate 

standardised gene predictions and GFF3 annotation files for downstream analyses [27]. 

2.2. Multilocus Sequence Typing and Population Structure Analysis 

STs were assigned using the seven-locus C. difficile MLST scheme implemented 

through the PubMLST framework [9, 10]. The Galaxy MLST tool was run using minimum 

DNA identity and coverage thresholds of 95% and 10%, respectively.  

For phylogenomic reconstruction, reference-based variant calling was performed 

against the C. difficile CD630 chromosome (NC_009089.1) and plasmid (NC_008226.2) 

using Snippy [28]. Core-genome SNP alignments were extracted with SNP-sites [29], and 

recombinant regions were identified and removed using Gubbins [30]. 

Maximum-likelihood phylogenies were reconstructed using IQ-TREE v2.4.0 [31]. The 

optimal nucleotide substitution model was selected using ModelFinder [32], and branch 

support was assessed with 1,000 ultrafast bootstrap and 1,000 SH-aLRT replicates. The final 

phylogeny was pruned to the 118 isolates and annotated with ST, AMR determinants and 

virulence factors in iTOL (https://itol.embl.de/) [33]. The Snippy-core and Gubbins alignments 

contained the 118 isolates plus the CD630 reference sequence. For visualisation, the final 

tree was pruned to the 118 clinical isolates. 

Galaxy wrapper versions, database releases, and analysis parameters are summarised 

in the supplementary material (Table S1). 
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2.3. Pangenome Analysis 

Prokka-annotated GFF3 files were analysed using Roary [18] with a minimum 

BLASTP identity threshold of 95%, a core-gene threshold of 99%, an MCL inflation value 

of 1.5, and paralog splitting enabled. Gene clusters were classified as core, soft-core, shell, 

or cloud according to Roary frequency categories. Pangenome accumulation curves were 

generated from the Roary gene presence–absence matrix using 200 random genome-order 

permutations. Pangenome openness was estimated by fitting a Heaps-law power function: 

𝑛 = 𝜅𝑁𝛾 

where n is the pangenome size, N is the number of genomes used, κ and γ are the fitting 

parameters. 

To evaluate relationships between gene-content variation and core-genome evolution, 

pairwise accessory-genome distances were calculated from gene presence-absence profiles 

and compared with recombination-filtered SNP distances using Spearman rank correlation. 

2.4. Antimicrobial Resistance and Virulence Gene Identification 

AMR determinants were identified using AMRFinderPlus [34] and ABRicate [35]. 

AMRFinderPlus analyses employed database release amrfinderplus_V3.12_2024-05-02.2 

with nucleotide sequence input and the C. difficile organism setting enabled. 

ABRicate searches were performed independently against the CARD [36], ARG-

ANNOT [37], NCBI AMR, and ResFinder [38] databases using minimum identity and coverage 

thresholds of 90%. Virulence-associated genes were screened using the Virulence Factor 

Database (VFDB) [39]. 

To minimise redundancy among database outputs, coordinate-bearing ABRicate hits 

were harmonised and deduplicated based on isolate, contig, gene annotation, and genomic 

coordinate overlap prior to downstream analyses. 

2.5. Mobile Genetic Element Context Analysis 

Potential mobility of AMR and virulence loci was evaluated by examining local 

genomic context. Coordinate-bearing ABRicate hits were first harmonised by gene name and 

deduplicated by isolate, contig, canonical gene label, and coordinate overlap. For each 

deduplicated locus, Prokka annotations within 10 kb upstream or downstream on the same 

contig were screened for terms indicating transposases, insertion sequences, integrases, 

excisionases, relaxases, conjugation or mobilisation proteins, plasmid-associated 

annotations, and phage or prophage-associated annotations. [40–42]. Distances were calculated 

edge-to-edge between the ABRicate locus and the Prokka feature, with overlapping intervals 

assigned a distance of 0 bp.  
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Evidence was classified as high-confidence local MGE-neighbourhood evidence 

when a strong MGE-associated annotation was located within 0–2 kb of the locus, moderate-

confidence when a strong marker occurred within >2–10 kb, weak or indirect evidence when 

only a generic recombinase/resolvase annotation occurred within 10 kb. Additional MGE 

evidence came from geNomad [19] viral or plasmid-region predictions, ISEScan [20] insertion 

sequence predictions, and PlasmidFinder [43] replicon calls. Positive hits were interpreted as 

evidence of known plasmid replication systems but not as confirmation of complete plasmid 

reconstruction. 

2.6. Functional Annotation and Lineage Association Analysis 

Predicted protein sequences were functionally annotated using eggNOG-mapper [16] 

against the eggNOG v5.0.2 database [17] with DIAMOND-based searches [44]. KEGG 

Orthology (KO), KEGG pathway, KEGG module, and COG functional category assignments 

were extracted from annotation outputs [45]. Annotation coverage was summarised for each 

isolate as the proportion of predicted proteins assigned to KO, pathway and module 

categories. COG functional composition was summarised as the total number of annotated 

gene hits per category across the dataset. 

KEGG pathway burden was calculated as the number of genes assigned to each 

pathway per isolate and converted to within-isolate relative pathway profiles to account for 

differences in annotation depth. For visualisation of lineage-associated functional variation, 

mean pathway profiles were calculated for major ST groups and standardised using row-wise 

z-scores. Selected pathways with biological relevance to metabolism, transport, signalling, 

motility and AMR were displayed as heatmaps. 

Functional similarities among isolates were assessed using Bray-Curtis dissimilarities 

calculated from relative KEGG pathway profiles, followed by principal coordinates analysis 

(PCoA). Differences in functional composition among ST groups were evaluated using 

permutational multivariate analysis of variance (PERMANOVA) with 999 permutations. 

3. Results 

3.1. Recombination-filtered phylogeny resolved lineage structure and marker distribution 

MLST analysis identified 24 STs, indicating substantial lineage diversity within the 

collection. Six dominant STs accounted for 72.9% (86/118) of isolates, comprising ST3 

(20/118, 16.9%), ST8 (20/118, 16.9%), ST2 (16/118, 13.6%), ST54 (11/118, 9.3%), ST42 

(10/118, 8.5%), and ST102 (9/118, 7.6%). Eight STs were represented by a single isolate, 

highlighting the presence of less common lineages within the population. Isolates from the 

same ST generally formed coherent phylogenetic clusters, indicating strong concordance 

between seven-locus typing and genome-wide population structure. 

Despite the diversity of STs, the collection was strongly dominated by MLST clade 

1, which comprised 112 of 118 isolates (94.9%). Clade 4 accounted for four isolates (3.4%), 
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whereas only two isolates (1.7%) belonged to clade 5. No representatives of clades 2 or 3 

were detected. Thus, most genomic diversity within the collection reflected diversification 

within clade 1 rather than contributions from multiple deeply separated evolutionary clades. 

The recombination-filtered phylogeny was consistent with MLST-based lineage 

assignments and demonstrated clear separation of the major clades (Figure 1). The two clade 

5 isolates (HK69 and HK78; ST11) formed a distinct branch characterised by long 

evolutionary distances from the dominant clade 1 population, whereas clade 4 isolates 

occupied an intermediate position. These observations indicate that although this Hong Kong 

collection was overwhelmingly composed of clade 1 isolates, it nevertheless contained 

representatives of evolutionarily divergent lineages. 

Figure 1. Recombination-filtered phylogenomic structure of 118 C. difficile isolates. Maximum-likelihood 

phylogeny reconstructed from recombination-filtered core-genome SNPs after Gubbins filtering and IQ-TREE 

inference. Concentric annotation tracks indicate ST, virulence-associated genes and AMR determinants. Major 

ST lineages form distinct phylogenetic clusters, demonstrating substantial population structure across the study 

collection. 

The recombination-filtered analysis provided quantitative support for the broad 

lineage structure. The Gubbins-filtered alignment contained 162,002 polymorphic positions 

before pruning of the reference sequence for visualisation. Across isolate pairs, the median 

recombination-filtered distance was 7,179 SNPs (range, 0-98,744). Same-ST pairs had a 

substantially lower median filtered distance than different-ST pairs (50 versus 7,297 SNPs), 

supporting concordance between MLST and genome-wide structure. Recombination filtering 

removed a median of 4,929 pairwise SNP differences, corresponding to approximately 40.0% 
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of raw pairwise differences. Gubbins identified 2,574 branch-associated recombination 

events, with a median event length of 893 bp. These results indicate that recombination was 

an important feature of the dataset and support the use of recombination-filtered distances for 

phylogenomic interpretation. 

3.2. Antimicrobial resistance and virulence-associated gene profiles 

AMRFinderPlus identified 1,732 detection records corresponding to 33 unique 

feature names. Individual isolates carried a median of 15 resistance-associated features 

(range, 6–21). Several genes were ubiquitous or near-ubiquitous across the collection, 

including cplR and nimB-Cd (118/118), vanG, vanR-Cd, and vanT-Cd (111/118 each), 

blaCDD (104/118), and vanS-Cd (93/118). Among the more variably distributed resistance 

determinants, erm(B) was the most prevalent gene, occurring in 64 isolates (54.2%), followed 

by aac(6′)-Ie/aph(2′′)-Ia in 48 isolates (40.7%), tet(M) in 29 isolates (24.6%), and paired 

tetA(P)/tetB(P) loci in 19 isolates (16.1%). Less common determinants included aadE (5 

isolates), dfrF (4 isolates), phenicol-resistance genes (2 isolates), and a single fosfomycin-

associated gene. These genotypic findings indicate resistance potential, but they do not 

establish phenotypic resistance without antimicrobial susceptibility testing. 

Virulence-associated genes were detected in the majority of isolates. AMRFinderPlus 

detected tcdB, tcdE, and tcdR in 111 isolates (94.1%), tcdC in 109 isolates (92.4%), and tcdA 

in 108 isolates (91.5%). Additional virulence-associated genes, including CD0873, CD2831, 

CD3246, fbpA/fbp68, groEL, cwp84 and zmp1, were also highly prevalent across the 

collection. Screening against VFDB identified the binary toxin genes cdtA and cdtB in 103 

isolates (87.3%), indicating that binary toxin loci were present in a substantial subset of the 

population.  

A notable discrepancy was observed between VFDB and AMRFinderPlus outputs for 

several toxin-associated loci. Initial VFDB screening with a 90% coverage threshold detected 

toxA in only 3/118 isolates, whereas AMRFinderPlus identified the corresponding toxin gene 

(tcdA) in 108 isolates. Given the unexpectedly large difference, VFDB screening was 

repeated using a less stringent coverage threshold. Inspection of the VFDB output showed 

that many toxA matches exhibited high sequence identity but failed the initial coverage 

criterion. Similar differences were observed for cdtA and cdtB, with some loci detected by 

VFDB but not AMRFinderPlus and vice versa. These observations highlight the influence of 

database composition, reference-sequence selection, gene nomenclature, and detection 

thresholds on virulence-gene prevalence estimates. 

Overall, virulence-associated loci showed a more uniform distribution across the 

collection than resistance-associated determinants (Figure 1). Major toxin genes were 

detected in more than 90% of isolates, whereas determinants such as erm(B), aac(6′)-

Ie/aph(2′′)-Ia (AAC/APH), tet(M), and tetA(P)/tetB(P) were present only in subsets of the 
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population. This contrast in distribution patterns provided a basis for subsequent analyses of 

accessory-genome variation and mobile-element context. 

3.3. An open pangenome revealed extensive accessory diversity 

Pangenome analysis of the 118 Clostridioides difficile genomes identified 9,140 

orthologous gene clusters (Figure 2). The pangenome accumulation curve continued to 

increase with the sequential addition of genomes and did not approach saturation (Figure 

2A). Fitting the data to Heaps' law yielded an exponent of γ = 0.206, consistent with an open 

pangenome and indicating that additional genomes would likely contribute novel gene 

content. The complete Roary pangenome output is provided in the supplementary file (Figure 

S1). 

Figure 2. Pangenome architecture of 118 C. difficile genomes. (A) Pangenome accumulation curve showing 

the increase in total gene clusters as genomes were added. The fitted Heaps' law parameter gamma, γ = 0.206, 

indicates an open pangenome. Shaded regions represent variation across random genome permutations. (B) 

Strict core-genome decay curve showing the reduction in core-gene clusters as additional genomes were 

incorporated. (C) Distribution of gene clusters among pangenome classes. 

The strict core-genome curve decreased with additional genomes and approached 

approximately 2,600 clusters (Figure 2B). Frequency-class analysis showed that 2,634 

clusters were core genes (28.8%), 421 were soft-core genes (4.6%), 1,218 were shell genes 

(13.3%), and 4,867 were cloud genes (53.2%) (Figure 2C). Consequently, more than 70% of 

all gene clusters belonged to the accessory genome, being absent from at least one isolate. 

The predominance of cloud genes highlights substantial gene-content variability within the 

population and suggests that gene gain and loss contribute substantially to genomic 

diversification. 
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3.4. Accessory gene diversity was shaped by both lineage and gene gain/loss 

Given the extensive accessory-genome diversity identified in the pangenome 

analysis, we next examined whether variation in gene content tracked evolutionary 

relationships inferred from the core genome. Pairwise accessory-gene distances were 

therefore compared with recombination-filtered pairwise SNP distances across 4,582 

pairwise isolate comparisons. 

Accessory-genome distance showed a moderate positive correlation with 

recombination-filtered SNP distance (Spearman's ρ = 0.437, p = 1 × 10-5), indicating that 

gene-content variation was partly structured by evolutionary relationships (Figure 3). 

Comparisons between isolates belonging to the same ST generally exhibited low SNP and 

accessory-gene distances, whereas comparisons between different STs occupied the upper 

range of both measures. Consistent with this pattern, median pairwise accessory-gene 

differences were substantially lower within STs (232 gene clusters) than between STs (751 

gene clusters).  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Relationship between core-genome divergence and accessory-genome variation. Pairwise accessory-

gene distances were plotted against recombination-filtered pairwise SNP distances. Blue triangles represent 

same-ST comparisons, and grey circles represent different-ST comparisons. 

Despite this overall relationship, considerable scatter was observed among isolate 

pairs with similar SNP distances, indicating that accessory-genome evolution is not 

determined solely by vertical inheritance. Instead, gain and loss of accessory genes contribute 
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additional diversity beyond that captured by core-genome phylogeny. Several closely related 

isolate groups illustrated this pattern. For example, the ST8 cluster comprising isolates HK50, 

HK67 and HK101 differed by only 0 to 1 recombination-filtered SNPs but varied by up to 

69 accessory-gene clusters. A similar pattern was observed for the ST3 isolate pair HK32 

and HK76. These observations suggest recent acquisition or loss of accessory elements, 

potentially involving plasmids, prophages, insertion sequences, or other MGE. 

3.5. Resistance loci showed stronger mobile-element context than virulence loci 

To evaluate whether resistance and virulence determinants were associated with 

MGE, we integrated local Prokka-context screening, ISEScan insertion-sequence prediction, 

geNomad viral/plasmid overlap analysis, and PlasmidFinder replicon calls. The mobility 

heatmap separated these evidence sources rather than collapsing them into a single mobility 

score, allowing direct comparison of the type and strength of MGE evidence for each locus 

(Figure 4). 

MGE-context signals were concentrated around selected AMR genes. erm(B) showed 

both high- and moderate-confidence local evidence: 42/64 loci (65.6%) had a Prokka MGE 

marker within 2 kb, 19/64 loci (29.7%) had a marker at 2-10 kb, and ISEScan identified IS 

elements within 2 kb of 32/64 loci (50.0%). The bifunctional aminoglycoside determinant 

AAC/APH showed a similar but more strongly local pattern, with 37/48 loci (77.1%) having 

a Prokka MGE marker within 2 kb and 17/48 loci (35.4%) having an ISEScan IS within 2 

kb. In contrast, tet(M) was mainly linked to more distant MGE context, with 17/29 loci 

(58.6%) associated with a Prokka MGE marker at 2-10 kb and 6/29 loci (20.7%) associated 

only with generic recombinase/resolvase evidence. 

The MGE-type summary clarified the biological identity of these signals. Tn916-like 

annotations were the most common Prokka-context signal, occurring in 49 isolates and 57 

loci, consistent with the known association of tetracycline resistance and conjugative 

transposon-like elements. IS120-family transposases were detected within 2 kb in 41 isolates 

and 45 loci, while IS256-family transposases were detected within 2 kb in 36 isolates and 36 

loci. ISEScan independently supported a major insertion-sequence component, especially 

IS3-family signals, which were detected within 10 kb in 37 isolates and within 2 kb in 33 

isolates. 

PlasmidFinder replicons were common but were treated as indirect evidence because 

the available analysis did not establish the same-contig or same-element localisation between 

replicons and resistance genes. rep1 was detected in 42 isolates and repUS43 in 15 isolates. 

These calls are therefore best interpreted as replicon-associated genomic backgrounds rather 

than proof that specific AMR genes were plasmid-borne. 
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Figure 4. Mobile genetic element context of AMR and virulence loci. (A) Prevalence of AMR and virulence-

associated genes among 118 C. difficile isolates. (B) The percentage of coordinate-deduplicated loci with 

individual MGE-context evidence types. Three-level mobile-element context evidence by locus. High-

confidence evidence includes a Prokka-annotated MGE marker within 2 kb, geNomad provirus/viral coordinate 

overlap, or an ISEScan insertion sequence within 2 kb. Moderate-confidence evidence includes a Prokka MGE 

marker at >2-10 kb or an ISEScan IS at >2-10 kb. Weak/indirect evidence includes generic 

recombinase/resolvase annotations within 10 kb or PlasmidFinder replicon-positive isolate background only. 

Values represent the percentage of loci for each gene. 

Finally, to integrate lineage, resistance-gene identity, and MGE context, we 

summarised AMR-associated flows using a Sankey diagram (Figure 5). This representation 

showed that the major AMR-MGE signal was not randomly distributed across the population. 

ST3 contributed the largest number of AMR loci in the Sankey analysis, with 120 loci across 

20 isolates, followed by ST54 with 56 loci across 11 isolates and other STs collectively 

contributing 69 loci. The dominant AMR nodes were AAC/APH and erm(B), contributing 

113 and 112 AMR loci, respectively. These flowed mainly into IS120/IS3 transposase, IS256 

transposase, and Tn916-like transposon categories. Specifically, AAC/APH linked strongly 
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to IS120/IS3 transposase and IS256 transposase, while erm(B) linked to IS120/IS3, IS256, 

and Tn916-like contexts. tet(M) flowed primarily into the Tn916-like transposon category. 

Together, the heatmap, MGE-type summary, and Sankey diagram support a mobilome 

architecture in which major AMR determinants are structured by lineage and by recurrent 

insertion-sequence/transposon-associated contexts, whereas virulence loci show 

comparatively limited direct local MGE association. 

Figure 5. Lineage-resolved relationships among STs, AMR genes and MGE. Sankey diagram showing the 

relationship between ST, AMR gene identity, and nearby MGE category. Left nodes show major ST groups, 

middle nodes show AMR genes, and right nodes show MGE categories detected in the mobile-neighbourhood 

analysis. Flow thickness represents the number of AMR loci. ST labels report the number of isolates in the full 

collection and the number of AMR loci contributing to the Sankey flow. AMR gene and MGE labels show the 

number of isolates followed by the number of unique AMR loci in parentheses. The six most frequent STs were 

displayed individually; the remaining STs were grouped as “Other STs”. Lower-frequency AMR genes were 

grouped as “Other AMR genes”. MGE categories were derived from nearby mobile-feature annotations within 

the mobile-context analysis. The Sankey diagram was created using SankeyMATIC (http://sankeymatic.com). 

3.6. Functional annotation showed stable coverage and ST-associated profile shifts 

Functional annotation was summarised from eggNOG-mapper outputs for 414,494 

predicted proteins across the 118 genomes (Figure 6). Annotation coverage was consistent 

across isolates, with mean assignment rates of 67.95% for KEGG Orthology terms, 41.49% 

for KEGG pathways and 29.72% for KEGG modules (Figure 6A). Per-isolate medians were 

1,966.5 unique KOs, 208 KEGG pathways and 294 KEGG modules. 
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Figure 6. Standard functional annotation output for 118 C. difficile isolates. (A) Annotation coverage per isolate 

for KEGG Orthology, KEGG pathway and KEGG module assignments. Boxplots show the distribution across 

isolates, with individual isolate values overlaid. (B) Dominant COG functional categories ranked by annotated 

gene hits. (C) Selected KEGG pathway profile shifts by dominant ST group, shown as row z-scores of mean 

relative profiles. (D) Bray-Curtis PCoA of relative KEGG pathway profiles coloured by dominant ST group. 

PERMANOVA showed significant functional structuring by the dominant ST group (R2 = 0.434, p = 0.001). 

The dominant COG categories were function unknown (S; 82,551 gene hits), 

transcription (K; 49,668), amino acid metabolism (E; 33,080), carbohydrate metabolism (G; 

32,046), energy production (C; 28,450) and signal transduction (T; 25,718) (Figure 6B). This 

profile indicates a conserved functional backbone but also shows that a large fraction of 

annotated gene content remains uncharacterized (19.9%). Comparison with the reference 
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strain CD630 revealed broadly conserved functional repertoires (Figure S2). Most central 

metabolic pathways, including glycolysis, pyruvate metabolism, butanoate metabolism, ABC 

transporters, and two-component systems, exhibited annotation burdens close to reference 

levels. These findings suggest that extensive accessory-genome diversity is superimposed on 

a relatively conserved functional backbone. 

Selected KEGG pathway profiles varied by dominant ST group (Figure 6C). ST54 

showed relatively higher profiles for ABC transporters, bacterial secretion system, 

vancomycin-resistance annotation category and mismatch repair, while ST42 showed a 

relative shift toward pyruvate metabolism and amino acid biosynthesis. These differences 

should be interpreted as annotation-profile shifts rather than direct evidence of phenotype, 

pathway activity or resistance. 

Bray-Curtis PCoA of relative KEGG pathway profiles supported ST-associated 

structure (Figure 6D). PERMANOVA showed that dominant ST grouping explained 43.4% 

of Bray-Curtis variation in functional profiles (R2 = 0.434, p = 0.001), with ST54 forming 

the clearest visually separated group. These results indicate that predicted functional 

repertoires are partly organised by lineage, but they require phenotypic or expression-level 

validation. 

4. Discussion 

This study places a C. difficile genome collection from Hong Kong, China, within a 

broader body of work showing that the species evolves through both clonal expansion and 

extensive genome remodelling. Early comparative analyses described C. difficile as a mosaic 

organism with abundant mobile DNA, and subsequent phylogenomic studies showed that 

clinically important lineages can spread over large geographic scales while continuing to 

accumulate recombination and accessory variation [6, 46]. Our results are consistent with this 

framework. The recombination-filtered tree retained clear lineage structure, but the 

pangenome, accessory-distance and MGE-context analyses showed that the core tree alone 

does not capture the full genomic diversity of the population. 

The open pangenome observed here is therefore not an isolated feature of this dataset. 

Previous pangenome and systems-biology analyses have shown that C. difficile contains a 

large variable gene pool with discriminatory functional information across strains and 

lineages [47–49]. We identified 9,140 gene clusters, with most belonging to the cloud genome, 

and the Heaps' law exponent indicated that the C. difficile pangenome remains open. This 

demonstrates the high genetic diversity of the Hong Kong C. difficile population. 

Importantly, surveillance based only on core-genome relatedness may overlook differences 

in accessory genes that contribute to antimicrobial resistance, host adaptation, metabolic 

capacity, and environmental persistence. 
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The moderate association between accessory distance and recombination-filtered 

SNP distance helps refine how this population should be interpreted. Transmission and 

genomic epidemiology studies have established the value of core-genome SNPs for 

measuring recent relatedness, but they also show that C. difficile diversity cannot be reduced 

to a single distance measure [50–52]. In our analysis, accessory distance increased significantly 

with SNP distance, indicating that gene content is partly lineage-structured. At the same time, 

the broad scatter and the highlighted close isolate pairs show that recent relatives can differ 

in accessory content. This pattern supports a practical surveillance gap; future analyses 

should report both core-genome relatedness and accessory or mobile-element differences 

when assessing local clusters [46, 49]. 

A major finding of this study was the extensive association between antimicrobial-

resistance loci and MGE signatures. The Sankey analysis revealed that resistance 

determinants were linked to multiple MGE categories, including Tn916-like transposons, 

IS120/IS3-family insertion sequences, IS256-family insertion sequences and 

recombinase/integrase-associated regions. These observations are consistent with the highly 

mobile nature of the C. difficile genome, in which approximately 11–30% of genomic content 

may be composed of MGE that contribute substantially to genome evolution, adaptation and 

AMR dissemination [53]. 

The broad distribution of MGE-associated loci across several STs suggests that 

horizontal gene transfer contributes to accessory-genome diversification throughout the 

population rather than within a single dominant lineage. This interpretation is consistent with 

previous studies showing that the C. difficile genome contains numerous conjugative 

transposons, insertion sequences and other mobile elements capable of mediating gene 

acquisition and genomic rearrangements [14, 54, 55]. 

Among the resistance determinants identified, erm(B) and tet(M) showed extensive 

connectivity to MGE-associated signals. This finding is concordant with previous genomic 

studies that identified these genes among the most prevalent acquired resistance determinants 

in the global C. difficile population. erm(B) is a major mediator of macrolide-lincosamide-

streptogramin B resistance, whereas tet(M) is a well-established determinant of tetracycline 

resistance. The association between tet(M) and Tn916-like transposons observed in the 

present study is particularly notable. Tn916-family elements are among the best-characterised 

conjugative transposons in C. difficile and are recognised as important vehicles for the 

dissemination of tetracycline resistance genes. Previous investigations demonstrated that 

Tn916 commonly carries tet(M) and contributes to resistance-gene transfer both within C. 

difficile and between bacterial species [56]. Similarly, previous analyses of C. difficile 

mobilomes have shown that erm(B) is frequently associated with transposons such as Tn6194 

and related conjugative elements, supporting the interpretation that horizontal transfer 

contributes to the widespread distribution of MLSB-resistance determinants [57, 58].  
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Interestingly, the most prevalent mobility signals in the present collection were 

IS120/IS3-family and IS256-family insertion sequences. These insertion-sequence families 

were associated with more isolates and loci than any other MGE category identified in the 

analysis. Insertion sequences are known drivers of bacterial genome evolution because they 

mediate transposition, genome rearrangement, gene disruption and mobilisation of adjacent 

DNA regions [59, 60]. Their widespread distribution across multiple STs in the present study 

suggests that local genome restructuring may be a major contributor to accessory-genome 

diversification in the Hong Kong C. difficile population. The prominence of IS256 is 

particularly noteworthy. A large-scale analysis of over 1,101 C. difficile genomes identified 

IS256 among the most frequently detected MGE and reported associations between IS256-

containing elements and aminoglycoside-resistance genes [57].  

This observation is consistent with our Sankey analysis, in which the aminoglycoside-

resistance determinant aac(6′)-Ie/aph(2′′)-Ia exhibited strong connectivity to IS-associated 

mobility signals, supporting its association with MGE. Although aminoglycosides are not 

used for the treatment of C. difficile infection (CDI) and these genes are unlikely to confer a 

direct selective advantage during CDI, their presence may have broader ecological and 

clinical significance. The detection of mobile aminoglycoside-resistance determinants within 

C. difficile raises concerns regarding its potential role as a reservoir of transferable resistance 

genes within the intestinal microbiome [57], a setting in which antibiotic exposure can perturb 

microbial homeostasis and favour persistence of antibiotic-resistant opportunists [61, 62]. This 

is particularly important because aminoglycoside-modifying enzymes such as aac(6′)-

Ie/aph(2′′)-Ia are well-recognised resistance determinants in major healthcare-associated 

pathogens, including Enterococcus faecium, Staphylococcus aureus, Klebsiella pneumoniae, 

Acinetobacter baumannii, Pseudomonas aeruginosa and Enterobacter spp. [63]. Collectively, 

these organisms constitute the ESKAPE group, which is responsible for a substantial 

proportion of multidrug-resistant healthcare-associated infections worldwide [64]. Clinical 

studies of Acinetobacter baumannii further illustrate how nosocomial pathogens can combine 

AMR with traits such as biofilm formation, strengthening the rationale for interpreting 

resistance genes in relation to ecological persistence as well as treatment failure [65]. The 

coexistence of Tn916-like transposons, IS families and recombinase/integrase-associated 

regions in our dataset suggests that multiple mobility mechanisms may facilitate the 

persistence and movement of resistance genes within the gut microbial community. While 

direct interspecies transfer cannot be inferred from the present data, the genomic context 

observed here supports the hypothesis that C. difficile may contribute to the wider gut 

resistome and potentially serve as a source of resistance determinants that can be mobilised 

into clinically significant pathogens. 

Despite the widespread occurrence of MGE-associated loci, a substantial proportion 

of resistance loci lacked detectable mobile-element signatures. Several explanations may 

account for this observation. Resistance genes may have become stably integrated into the 
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chromosome following historical acquisition events [66], or the mobile-element boundaries 

may be incompletely resolved because the present study relied on short-read draft assemblies 
[67]. Furthermore, some mobile elements may not be represented in the reference databases 

used for screening. Therefore, the absence of a detectable MGE signal should not be 

interpreted as evidence of exclusively vertical inheritance. 

Functional annotation revealed that the 118 C. difficile isolates shared a broadly 

conserved functional backbone, but KEGG pathway profiles still showed measurable ST-

associated structuring. This is consistent with systems-level pangenome work showing that 

C. difficile gene-content diversity contains strain-discriminatory functional information, even 

when core metabolic functions remain conserved [47]. The dominance of “function unknown” 

among COG categories also reflects a common limitation of bacterial genome annotation, 

where many predicted proteins remain poorly characterised [68, 69]. Therefore, the COG result 

should be interpreted mainly as a broad functional overview rather than a direct biological 

mechanism. 

The ST-associated KEGG shifts, especially in transport, two-component systems, 

secretion, resistance-related pathways, motility and DNA repair categories, suggest that 

lineage-level differences may involve environmental sensing, nutrient acquisition, stress 

adaptation and genome maintenance. These functional categories are biologically plausible 

in C. difficile because adaptation to the gut environment, antimicrobial exposure and host-

associated stress are central to CDI ecology. ST54 is particularly interesting because it has 

been reported as a common or dominant ST in several Chinese clinical collections, including 

tertiary-hospital, military-hospital and community-onset CDI studies [70–72]. However, those 

studies mainly focused on molecular epidemiology, toxin profiles and antimicrobial 

susceptibility rather than ST-specific KEGG functional signatures. Therefore, the ST54-

associated transporter, secretion, resistance-category and repair-associated profile observed 

here should be interpreted as a hypothesis-generating functional pattern rather than evidence 

of a confirmed ST54 phenotype. These results suggest that functional annotation can provide 

an additional layer of lineage discrimination beyond MLST and phylogeny. However, 

because KEGG and COG profiles are annotation-derived, the observed ST-associated 

structure requires validation using isolate-level KO inspection, long-read assemblies, 

transcriptomics, metabolomics or targeted phenotypic assays. 

Much of the foundational C. difficile genomic literature has focused on global 

epidemic lineages, European and North American transmission settings, or specific high-

profile lineages such as RT027 and ST11 [4, 11, 50]. Regional datasets from Asia are essential 

because local antimicrobial use, healthcare networks, animal reservoirs and lineage 

composition can shape the accessory genome differently. The present analysis does not claim 

to define all Hong Kong C. difficile diversity, but it provides a structured regional baseline 
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linking phylogeny, pangenome openness, AMR context, toxin-locus interpretation and 

functional annotation in the same isolate set. 

The study has several limitations. Clinical metadata, patient movement, ward overlap 

and antimicrobial susceptibility data were unavailable [73], so close genomic relationships 

cannot be interpreted as direct transmission or phenotypic resistance. The analyses were 

performed on short-read assemblies, which may fragment plasmids, prophages, conjugative 

transposons and toxin loci. Local MGE-neighbourhood evidence should therefore be 

interpreted as proximity-based genomic support rather than proof of transferability. Rare STs 

were represented by small numbers of isolates, limiting lineage-specific inference outside the 

dominant STs.  

Future work should combine long-read sequencing, read-linkage or PCR validation 

of candidate AMR-MGE modules, antimicrobial susceptibility testing, toxin phenotyping, 

and prospective clinical metadata. These additions would allow candidate resistance 

modules, toxin-locus structures, close genomic groups, and ST-associated functional 

signatures to be tested as biological and epidemiological hypotheses. Despite these 

limitations, the present study provides a regional genomic baseline for C. difficile in Hong 

Kong and supports surveillance frameworks that integrate lineage, core-genome relatedness, 

accessory-gene content, AMR detection, and MGE-context evidence. 

5. Conclusions 

This study provides a genome-resolved overview of C. difficile diversity in Hong 

Kong, China, revealing a population structured by distinct phylogenetic lineages alongside 

substantial accessory genome variability. The open pangenome and increasing accessory-

genome divergence with core-genome SNP distance indicate ongoing genomic 

diversification within the population. Antimicrobial-resistance determinants were 

heterogeneously distributed and frequently associated with mobile-element contexts, 

whereas major toxin loci remained broadly conserved. Functional annotation identified 

lineage-associated differences in predicted gene content, including a distinctive ST54 

functional profile that warrants further investigation. Collectively, these findings establish an 

important regional genomic surveillance baseline and demonstrate the value of integrating 

phylogenomics, pangenome analysis, mobile-element context and functional annotation to 

investigate the evolution and dissemination of clinically relevant C. difficile lineages. 
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