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Abstract 42 

Fusobacterium nucleatum is an opportunistic bacterial pathogen and oncogenic 43 

microbe. Using host sequencing data to systematically investigate Fusobacterium-44 

host interactions in colorectal cancers (CRCs), we developed and orthogonally 45 

validated a multi-omics PAThogen CHaracterisation tool (PATCH) enabling gene-level 46 

annotations. In 1,020 CRC transcriptomes and 86 genomes from The Cancer Genome 47 

Atlas (TCGA), 9 Fusobacterium species were detected to gene-level resolution 48 

identifying carcinogenic virulence factors. PATCH uncovered the integration of 49 

Fusobacterium’s DNA into the host genome, specifically in non-coding regions and 50 

near Short Interspersed Elements. CRCs with integrated-Fusobacterium DNA 51 

revealed perturbations in host DNA damage response mechanisms, including 52 

deficiencies in chromosome segregation, increased microsatellite instability, elevated 53 

cytosolic DNA/RNA sensing signalling, and mutations in genes involved in oncogenic-54 

related pathways. Fusobacterium-positive CRCs exhibited global LINE-1 55 

hypomethylation, suggesting a potential integration path into non-coding regions. Our 56 

analytical approaches have delineated Fusobacterium’s multimodal contribution to 57 

disrupting genomic stability in CRC, which could facilitate tailored treatment options. 58 

 59 

Introduction 60 

Crosstalk between the gut microbiome and the host plays a fundamental role in human 61 

health and disease. Gut microbial dysbiosis can favour the growth of opportunistic 62 

pathogens, contribute to the emergence and the progression of cancers, and have a 63 

significant impact on the efficacy of immunotherapy1. Fusobacterium nucleatum (F. 64 

nucleatum) is one of eleven microbial species recognised as a human carcinogen or 65 

“oncomicrobe” by The International Association for Cancer Registries2 and is 66 

frequently detected in solid cancers, including breast, pancreatic, oral, and, most 67 

notably, colorectal cancers (CRCs)3–6. F. nucleatum possesses many virulence 68 

factors, including FadA, which aid bacterial adherence to and invasion of host 69 

epithelial cells7. Once inside the host cell, F. nucleatum can activate downstream ß-70 

catenin and WNT signalling and suppress host immunity, thus creating a favourable 71 

environment for tumourigenesis8. F. nucleatum’s role in promoting DNA damage in 72 

cancer has been linked to the expression of FadA9, inhibition of host TP53 functions10, 73 

increased Microsatellite Instability (MSI)11, and MLH1 hypermethylation12. Despite 74 

these associations, interactions between Fusobacterium and genomic instability from 75 
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the perspective of the host remain unexplored in large-scale publicly available cancer 76 

data sets. 77 

 78 

Oncomicrobes, like human papillomavirus (HPV), are well known for triggering 79 

carcinogenic mutations and integrating into the human genome13. This host-microbe 80 

interplay leads to perturbations in host genome stability and integrity, resulting in 81 

tumourigenesis12,14. Similarly, bacterial oncomicrobes can cause genomic instability 82 

by integrating their DNA into host genomes. Such integrations can occur as a by-83 

product of lateral gene transfer15, the infectious spread of mobile genetic elements 84 

known to cross the interspecies barrier16, or intentionally by opportunistic pathogens 85 

such as Helicobacter pylori (H. pylori) which translocate their DNA into host cells17, 86 

and are implicated in genomic alterations including the integration of H. pylori DNA 87 

into gastric cancer genomes18. Through exploring such oncomicrobe–host 88 

interactions, we can elucidate genomic level pathogenic interferences and their 89 

contribution to oncogenesis. 90 

 91 

In this article, we implemented the PAThogen CHaracterisation (PATCH) pipeline, 92 

which extends previous computational approaches15,19,20 by implementing functional 93 

annotations to characterise Fusobacterium to a gene-level, as well as exploring the 94 

downstream effects on host cellular mechanisms and signalling pathways. Here, we 95 

utilise transcriptomic and genomic data from the CRC cohort of TCGA, to pinpoint 96 

evidence of Fusobacterium’s role in host DNA damage by identifying the integration 97 

of Fusobacterium DNA into the host cancer genome. We explored Fusobacterium’s 98 

contributions to oncogenesis in CRC by capturing changes in the molecular landscape 99 

of CRC genomes with integrated Fusobacterial DNA which involved alterations in 100 

host-pathogen recognition and DDR systems, genomic single-nucleotide variation, 101 

and structural rearrangements. Ultimately, we illustrate the utility of the PATCH 102 

pipeline and hence the prospect of exploring any host transcriptomic and genomic 103 

sequencing modalities to bring to light pathogen-host interactions in cancer. 104 

 105 

Results 106 

Systematic detection of Fusobacterium using PATCH in CRC transcriptomes 107 

We developed the PAThogen CHaracterisation (PATCH) pipeline for host sequencing 108 

data. In brief, non-human reads were extracted from host RNA-sequencing and Whole 109 



                                                           Kataria et al., multimodal Fusobacterium DNA damage perturbations 

 5 

Genome Sequencing (WGS) data and constructed into contigs via de novo assembly. 110 

Contigs were taxonomically classified using BLAST21, Kraken222, and Centrifuge23 111 

allowing for genus or species level microbial characterisation. To define pathogen-112 

associated transcriptomes and genomes, the consensus of at least two methods was 113 

considered for robust pathogen classification. Systematic functional annotations of all 114 

pathogen-derived reads were deduced using BLASTn against the reference genomes 115 

for the pathogens of interest. To detect pathogen integration, a custom reference 116 

genome, combining both the host and pathogen reference genomes, was built. Using 117 

WGS data as the input, post-alignment, discordant reads, defined by paired reads 118 

where one maps to the host genome and another to the pathogen genome, are 119 

extracted and their coordinates determined (Fig. 1).  120 

 121 

To test our PATCH pipeline, we utilised breast cancer mouse models intravascularly 122 

injected with F. nucleatum ATCC 2756, which colonises the mammary gland tumours 123 

(see methods, Supplementary Fig. 1)6. We successfully detected up to 874 F. 124 

nucleatum ATCC 2756 derived reads from RNA-seq and 1,474 reads from WGS data. 125 

From these reads, we functionally annotated genes encoding 1,374 unique 126 

Fusobacterium proteins from RNA-seq and 963 from WGS. This included 127 

housekeeping genes such as membrane proteins and ribosomal subunits as well as 128 

known oncogenic virulence factors such as FadA and Morn repeat protein. Moreover, 129 

1,502 F. nucleatum ATCC 2756-murine discordant reads were detected only in cases 130 

injected with F. nucleatum ATCC 2756 and not in controls. Of those, 152 reads were 131 

found spanning potential integration breakpoints referred to as chimeric reads, where 132 

one half of the read aligned to the F. nucleatum ATCC 2756 genome and the other to 133 

the mm10 genome. These findings indicated the PATCH pipeline can robustly detect 134 

microbial RNA and DNA from host sequencing data. 135 

 136 

Next, we applied the PATCH pipeline to detect the presence of Fusobacterium in 137 

colorectal cancers (CRCs) from The Cancer Genome Atlas (TCGA)24. We analysed 138 

sequencing data from two TCGA cohorts (TCGA-COAD and TCGA-READ), totalling 139 

1,020 samples from 624 patients (970 tumours and 50 patient-matched adjacent 140 

normal tissue). Based on RNA-seq, PATCH detected reads originating from the 141 

Fusobacterium genus were detected in 131 out of 624 patients (21%) by all the three 142 

classification tools. Combining two classification approaches identified 143 
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Fusobacterium-derived reads in 4 additional patients (Fig. 2a). For all further analyses, 144 

Fusobacterium-positive tumours were defined as those in which more than 1 145 

Fusobacterium read was identified by at least two classification tools. This resulted in 146 

135/624 (22%) Fusobacterium-positive TCGA CRC transcriptomes, with a median 147 

number of Fusobacterium-derived reads, herein as defined by the median across all 148 

three tools, ranging from 1 to 1,876 per patient (Fig. 2b). The number of unmapped 149 

host reads positively correlated with the median number of Fusobacterium reads 150 

detected per patient (Linear regression: R=0.29 P<0.001), regardless of RNA-151 

sequencing depth. However, seeing >100 Fusobacterium reads were only observed 152 

in samples with >14 million unmapped reads. From the de novo assembly of 153 

unmapped reads, Fusobacterium-derived contigs were significantly longer than all 154 

other contigs (Mann-Whitney U test P<0.0001) (Fig. 2c). Across all three classification 155 

tools, 8,407 unique contigs were identified as derived from the Fusobacterium genus, 156 

~70% of which (5,876/8,407) were classified as Fusobacterium by all three tools (Fig. 157 

2d). Kraken2 was able to classify the most contigs as Fusobacterium (8,229 contigs), 158 

followed by nucleotide BLAST (7,970 contigs) and Centrifuge (6,220 contigs). Whilst 159 

the three tools showed good concordance on Fusobacterium detection, species-level 160 

differences in sensitivity were evident. Kraken2 identified 9 species in 124 patients, 161 

from highest to lowest occurrence: F. nucleatum, F. periodonticum, F. hwasookii, F. 162 

necrophorum, F. gonidiaformans, F. mortiferum, Fusobacterium sp. oral, F. ulcerans 163 

and F. varium (Fig. 2e), Centrifuge and BLAST detected 2 and 12 species in 133 and 164 

135 patients, respectively, whereby F. nucleatum and F. hwasookii were seen by all 165 

three methods (Supplementary Fig. 2a). 166 

 167 

To address the variability of Fusobacterium’s presence across cancerous and non-168 

cancerous tissue, we interrogated transcriptomic data from multiple tumours per 169 

patient and matched adjacent normal tissue. In 14/135 (10%) TCGA CRC patients 170 

with several transcriptomes per patient, PATCH reported Fusobacterium in some but 171 

not all samples from the same patient (Supplementary Fig. 2b). Fusobacterium was 172 

not detected in any of the 50 patient-matched adjacent normal samples, regardless of 173 

the Fusobacterium status of the patient-matched tumour (Supplementary Fig. 2c). This 174 

suggests Fusobacterium’s presence is tumour-specific and heterogenous in CRC. 175 

 176 

Oncogenic-related functions in Fusobacterium derived reads  177 
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Next, we determined the functional activity inferred from host-detected Fusobacterium. 178 

All 8,407 Fusobacterium-derived contigs were annotated with BLAST against 88 179 

Fusobacterium RefSeq genomes (NCBI RefSeq database), and gene-level 180 

Fusobacterium reads were categorised either into empirical proteins or hypothetical 181 

proteins, totalling 1,113 unique proteins. Focusing on patients with empirical proteins, 182 

up to 74% of the total number of re-assembled Fusobacterium reads or transcripts 183 

were detected (Fig. 2f). The functional role of the most abundant empirical proteins 184 

ranged from housekeeping genes, including the 30S and 50S ribosomal subunits, 185 

outer membrane proteins, and translocases (Fig. 2g); to proteins involved in the 186 

invasion of host tissues. For example, we detected virulence factors FadA, which has 187 

previously been shown to induce DNA damage and cell growth in CRCs, via 188 

upregulation of CHK2, upon activation of the E-cadherin/β-catenin9. Fusobacterium’s 189 

oncogenic properties were further illustrated upon annotation of oxidative stress 190 

chaperones (i.e. ClpB, DnaK, HtpG, and HrcA), which have been expressed in gastric 191 

cancers shown to inhibit DNA repair and TP53 signalling25. Amongst these 192 

Fusobacterial proteins were also immune response modulators, e.g. the bacterial 193 

neutrophil-activating protein A (NapA), a known activator of IL-12 and IL-23 production 194 

in innate immunity26 (Supplementary Table 1). As a final point, orthogonal validation 195 

with conventional shotgun metagenomics of an independent cohort of 70 CRCs27 196 

confirmed 52% (575/1,113) of the empirical proteins (Fig. 2h, Supplementary Table 2) 197 

and further corroborated the robust and systematic detection of functionally annotated 198 

Fusobacterium proteins, using PATCH. 199 

 200 

PATCH-detection of Fusobacterium DNA in CRC genomes  201 

Given that we observed an upregulation of the KEGG cytosolic DNA sensing PRR 202 

pathways in those 135 patients previously defined as Fusobacterium-positive through 203 

transcriptomic analyses (Fig. 2a, Supplementary Fig. 3a), we questioned whether 204 

Fusobacterial DNA could be present in CRC tumours by interrogating WGS. Using 205 

PATCH, we analysed 86 genomes from 74 TCGA CRC patients whose transcriptomes 206 

previously contained Fusobacterial reads (Fig. 3a). In 32/74 (43%) patients, the 207 

median number of Fusobacterium-derived reads ranged from 1 to 4,443 per patient, 208 

and as observed in RNA-seq based PATCH analyses, the number of unmapped reads 209 

did not influence the sensitivity of Fusobacterium detection (Fig. 3b). Similarly, 210 

Fusobacterium-positive contigs were significantly longer than Fusobacterium-negative 211 
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ones (Fig 3c. Mann Whitney U test, P<0.0005). We captured 9 Fusobacterium species 212 

across all 32 patients, and in agreement with previous transcriptomic detection, F. 213 

nucleatum was the most dominant species found in all patients (Fig. 3d). 214 

 215 

Overall, we detected genes encoding 2,674 unique proteins, of which ~32% 216 

(859/2,674) were previously found from transcriptomic based PATCH analysis, 217 

including again the virulence factors FadA and MORN, with ribosomal and 218 

autotransporter proteins being the most abundant ones (Fig. 3e, f). When we 219 

compared those functional proteins identified from WGS analyses with their patient-220 

matched RNA-seq counterparts, we could deduce protein-coding genes in all but, two 221 

patients (30/32) from WGS-based PATCH analyses (Fig. 3g). This functional 222 

annotation revealed bacterial competence proteins (ComEA and ComF), which are 223 

involved in bacterial transformation and secretion mechanisms and can facilitate 224 

oncogenic effector molecules to be transported across the host cell membrane28. 225 

Bacterial restriction endonucleases in Neisseria have previously been classified as 226 

genotoxic compounds which induce double-strand breaks (DSBs) after entering the 227 

nucleus in prostate cancers29. Similarly, the presence of fusobacterial restriction 228 

endonucleases (Fsp3HI, Type I, II and III) and DDR associated proteins (RecA, RadA 229 

and MutS) (Supplementary Table 1) could act as genotoxic effector molecules that 230 

upon entering the host cells could interfere with DNA integrity. Thus, potentially 231 

explaining the observed deregulation of DSB repair pathways in Fusobacterium-232 

positive CRCs (Supplementary Fig.3c). Finally, we note the detection of 233 

immunosuppressive protein FipA, which may influence impaired T-cell activation30, 234 

and in turn, corroborate the depletion of cytotoxic CD8+ T cells (Supplementary Fig. 235 

3b). 236 

 237 

Potential Fusobacterium integration events in the CRC genome 238 

Having observed a higher proportion of Fusobacterium-derived DNA in host WGS 239 

data, we questioned whether fusobacterial DNA could integrate into the cancer 240 

genome, similar to viruses and other oncomicrobes31–33. To test this hypothesis, we 241 

utilised analytical methods commonly used for HPV integration analyses in cervical 242 

cancers34. As shown in Fig 1., discordant read pairs, defined as paired-end reads 243 

where one end maps to the Fusobacterium genome and its read mate mapped to the 244 

human reference genome, were captured. An example of a discordant human-245 
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Fusobacterium read is illustrated in Supplementary Fig. 4a. Upon functional 246 

characterisation of the Fusobacterium read end from the identified discordant 247 

Fusobacterium -host pairs, up to 151 bp from 261 protein-coding genes were partially 248 

captured; for example, 151 bp Site-specific DNA-methyltransferase DNA replication 249 

and repair protein RecF as well as 100 bp from a DNA 250 

integration/recombination/inversion protein (Supplementary Fig. 4b). Functional 251 

comparisons of Fusobacterium proteins determined from discordant read pairs and 252 

WGS-based PATCH analyses revealed 83 reads common to both approaches. 253 

Amongst them were fusobacterial DNA helicases (e.g. CRISPR-associated helicase 254 

cas3), and DNA repair proteins (e.g. RadA, RecN, UvrABC system protein), all of 255 

which could potentially mediate Fusobacterium integration in the host (Supplementary 256 

Fig. 4c). 257 

 258 

Overall, 1,536 Fusobacterium–human discordant reads were detected in 41/74 WGS-259 

analysed patients, not all of which were previously identified via WGS-based PATCH 260 

analysis (Supplementary Fig. 4d). Upon comparing the observed number of 261 

Fusobacterium-human discordant reads (Fig. 4a), we found significantly more than 262 

expected on chromosome 14 (Mann-Whitney U test, P<0.0005) and significantly less 263 

on chromosome 5 (Mann-Whitney U test, P<0.05). Discordant reads occurring within 264 

coding regions accounted for 41% (635/1,536) and were found across 562 genes, of 265 

which >2 discordant reads were found overlapping TAFA1, N6AMT1, C10orf143 and 266 

TNKS2 (Fig. 4b). Notably, this included genes involved in tumour suppression and cell 267 

regulation and such as TP53INP1, TSG1, BTG4, DDI2 and RAD54B (Supplementary 268 

Table 3). Upon further interrogation, 42 Fusobacterium–human discordant reads in a 269 

500bp window at chr14q21.3 overlapped non-coding Long Intergenic Non-coding 270 

elements (LINEs) and were near Short Intergenic Non-coding elements (Fig. 4c). We, 271 

then, asked whether Fusobacterium integration events are associated with specific 272 

local sequence patterns in the host genome (Fig. 4 d-f). Fusobacterium integration 273 

events were significantly in close proximity to repeat masked regions (KS test, 274 

P<0.0001). Within repeat masked regions, SINEs, and more specifically Alu elements, 275 

were significantly closest to Fusobacterium–human discordant reads (Fig. 4e,f, KS 276 

test, P<0.0001).  277 

 278 

The molecular landscape of Fusobacterium-positive CRCs 279 
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In light of Fusobacterium’s DNA integration into the CRC genome, we next sought to 280 

determine how Fusobacterium integration could influence downstream host molecular 281 

changes in CRCs. In general, studies exploring such pathogen-host interactions in 282 

cancer have primarily used 16s metagenomics data, making it challenging to consider 283 

how microbes could be directly implicated in cancer from the host’s perspective35. 284 

Therefore, we compared the molecular landscape of CRCs between those classified 285 

as Fusobacterium-positive and Fusobacterium-negative patients based on 286 

transcriptomic based PATCH classification (Supplementary Fig. 3). We further divided 287 

Fusobacterium-positive patients into two groups, those where Fusobacterium DNA 288 

was found integrated into their CRC genomes versus those without integration. CRCs 289 

can be stratified into four consensus molecular subtypes (CMS)36. We found the 290 

number of CRCs with integrated Fusobacterium compared to Fusobacterium-negative 291 

(Fig. 5a, Fisher’s exact test, P<0.05) and Fusobacterium-positive CRCs was 292 

significantly higher in the CMS1 subtype (Fig. 5a, Fisher’s exact test, P<0.005). Since 293 

immune activation is a key characteristic of CMS1, we examined the immune-cell 294 

composition using XCell37 of Fusobacterium-negative CRCs versus Fusobacterium-295 

positive CRCs with and without integration. Significant enrichment of CD4+ T-cells 296 

was associated with CRCs with integrated Fusobacterium (Fig. 5b). Whereby 297 

neutrophils, macrophages and natural killer cells were among a few cell types that 298 

were also significantly enriched in Fusobacterium-positive CRCs with a concomitant 299 

depletion of cytotoxic CD8 T-cells (Supplementary Fig. 3b). It has previously been 300 

shown that the infiltration of Th cells may partly rely on the chemokines locally 301 

produced by neutrophils exposed to NapA, and as such, leading to the amplification 302 

of local pro-inflammatory immune response38. As part of the innate immune system, 303 

host cells are equipped with pattern recognition receptors (PRRs) to detect the 304 

presence of microbes39. Of the four KEGG PRR pathways we interrogated, RIG like 305 

receptor signalling and cytosolic DNA sensing (CDS) pathways were significantly 306 

increased in tumours with Fusobacterium integration (Fig. 5c).  307 

 308 

Next, we tested whether major DDR pathways are altered when Fusobacterium is 309 

present and integrated into CRC by conducting ssGSEA with twelve well-reported 310 

DDR gene sets40. Genomic stability maintaining pathways such as chromosome 311 

segregation and telomere maintenance were downregulated in Fusobacterium-312 

positive versus Fusobacterium-negative CRCs (Supplementary Fig. 3c). However, 313 
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expression levels of genes involved in DSB repair mechanisms, including homologous 314 

recombination (HR), were significantly higher in tumours with Fusobacterium 315 

integration compared to Fusobacterium-positive and Fusobacterium-negative tumours 316 

(Fig. 5d, Student's t-test P<0.005). Activation of HR pathways might be linked to 317 

elevated levels of γ-H2AX, a hallmark of DSBs previously been reported in 318 

Fusobacterium-infected cells11. Since genes reflecting on MSI were enriched in 319 

Fusobacterium CRCs with integration (Fig. 5e, Mann Whitney U test, P<0.05), the 320 

observed HR activation in conjunction with the previously reported replication stress-321 

associated DSBs11 may potentially be linked to increased levels of MSI in 322 

Fusobacterium-integrated CRCs.  323 

 324 

Genomic alterations in Fusobacterium-positive CRCs 325 

Given the deregulation of DDR pathways upon transcriptomic analyses, we next 326 

captured mutational, structural and chromosomal genomic alterations in 327 

Fusobacterium-positive CRCs. In general, genomic instability in the presence of 328 

Fusobacterium was largely exhibited by nucleotide level variations as opposed to 329 

structural and chromosomal changes. This was exemplified by a significantly higher 330 

frequency of single nucleotide variations (SNV) in 236 canonical genes (Fig. 5f, 331 

Supplementary Table 4) in Fusobacterium-integrated compared to both 332 

Fusobacterium-positive and negative CRCs. SNVs were found in cancer-related 333 

genes such as BCL941 and tumour suppressors e.g. CSDE142, as well as DNM1, a 334 

GTPase with associated diagnostic and prognostic potential for CRC43. We further 335 

observed disruption in DDR pathways on a genomic level, with a greater prevalence 336 

of SNVs in RAD51AP1, a RAD51 homolog involved in telomere maintenance44. In 337 

parallel, aneuploidy in Fusobacterium-positive CRCs was significantly decreased 338 

(Mann-Whitney U, P<0.005, Fig. 3f, Supplementary Table 5). Furthermore, we find an 339 

overall higher prevalence of T>G substitutions (Fig. 5g) whilst the occurrence of C>G 340 

substitutions were significantly lower (Mann-Whitney U test, P<0.05).  341 

 342 

Repetitive regions in cancer genomes are frequently hypomethylated and cause 343 

genomic instability. As we demonstrated integration events were occurring in repetitive 344 

regions such as SINEs (Fig. 4e, f), we assessed the global methylation levels using 345 

TCGA Illumina 450 K array DNA methylation data from CRCs. We modified a 346 

previously published method, which uses LINE-1 promoters’ methylation status as a 347 
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proxy for the overall global methylation status of a cancer genome45. Overall, 348 

Fusobacterium-positive CRCs were significantly less methylated than Fusobacterium-349 

negative CRCs (Supplementary Fig. 3d, Mann-Whitney U test, P<0.0001). Likewise, 350 

Fusobacterium-integrated CRCs displayed global hypomethylation compared to 351 

Fusobacterium-negative CRCs (Fig. 5h). Overall, Fusobacterium’s presence and 352 

integration demonstrate multiple mechanisms influencing genomic instability and the 353 

host epigenome, all potentially contributing to oncogenesis in CRC.  354 

 355 

Discussion 356 

Microbes play an essential role in oncogenesis, indirectly through local and systemic 357 

effects on the tumour microenvironment by expressing virulence factors and secreting 358 

metabolites or through direct mechanisms by manipulating host signalling pathways 359 

and inducing DNA damage. Here, we demonstrate the implementation of the PATCH 360 

pipeline for capturing pathogens from eukaryotic host sequencing data, its validation 361 

in vivo mouse models intravascularly injected with F. nucleatum, and its effectiveness 362 

to detect Fusobacterium, an oncomicrobe from RNA-seq and WGS of TCGA CRCs. 363 

Our analytical approaches extend Fusobacterium’s known contribution to colorectal 364 

tumorigenesis, by shedding light on comprehensive networks spanning from activating 365 

pathogen recognition and pro-inflammatory immune cell responses, to alterations in 366 

multiple DDR pathways, thereby revealing a collateral interference of Fusobacterium 367 

on the host’s genome stability. 368 

 369 

The expression of oncogenic Fusobacterium proteins, such as neutrophil-activating 370 

proteins (NAPs), may have direct effects on the host’s immune system by activating 371 

the PRR pathway and increasing neutrophil levels in Fusobacterium-positive tumours 372 

(Supplementary Fig. 3b). In H. pylori, NAPs have been shown to induce the production 373 

of oxygen radicals and chemokines to drive Th1 inflammation, which we also found 374 

were significantly enriched in Fusobacterium-positive tumours. In addition, we 375 

detected DNA from the Fusobacterial immunosuppressive protein FipA, which arrests 376 

the cell cycle of T-cells and in turn inhibits their activation. Although we did not see 377 

significant changes in T cells which could link back to the function of FipA, these 378 

proteins illustrate Fusobacterium’s ability to modulate key immune responses in the 379 

host and could be manipulated for their therapeutic potential in immunochemotherapy.  380 

 381 
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A high abundance of Fusobacterium in CRCs is linked to increased MSI11 and was 382 

also confirmed in TCGA CRCs (Fig.5e). In addition, Fusobacterium’s association with 383 

DNA damage could be mediated by FadA, which we found expressed in TCGA CRCs,  384 

by activating downstream E-cadherin/β-catenin signalling9. In addition, we detected 385 

the expression of many virulence-associated proteins including FadA as well as 386 

multiple oxidative stress chaperones (e.g. DnaK and heat shock proteins) which have 387 

roles in suppressing DDR proteins and TP53 in gastric cancers34. The expression of 388 

such proteins may once again reflect observed downstream deregulation of DDR 389 

processes in the host (Fig. 5d, Supplementary Fig. 3c). Specifically, we find several 390 

fusobacterial protein-coding genes involved in horizontal gene transfer, as well as 391 

bacterial DNA lesion recognition and DDR (e.g. DNA repair protein RadA and UrvABC 392 

system protein A), integrated into the host genome46,47. Integration of oncomicrobial 393 

DNA in the cancer genome could occur via several mechanisms, including stochastic 394 

events, as a by-product of increased HR genes’ activities of the host DDR machinery 395 

(Fig. 5d). Putative bacterial integration of H. pylori was similarly reported by Cui et al, 396 

in gastric cancer genomes18, yet many other oncomicrobes are not evaluated for their 397 

effects on genome stability through DNA integrations in host genomes. Due to the 398 

versatility of our pipeline, such pathogen-host interactions can be explored for any 399 

potential oncomicrobe using host sequencing data across all cancer types. In the host, 400 

the effects of Fusobacterium integration are further exacerbated as they occur in the 401 

coding regions of tumour suppressors and oncogenes, including TP53INP1 and 402 

RAD54B, which have been associated with HPV integration sites in cervical cancer48. 403 

Furthermore, we observed Fusobacterium integrations near SINE regions, in 404 

particular Alu elements which are highly methylated in host genomes. 405 

Hypermethylation of MLH1 CpGs is a commonly reported feature of F. nucleatum 406 

associated CRCs49; despite influencing the methylation of individual genes, we 407 

captured global hypomethylation of LINE-1 regions affecting mostly repetitive regions. 408 

We postulate fusobacterial integrations in repeat regions, including SINEs, cause 409 

epigenomic disruptions and if functionally validated with in vivo systems, may reveal 410 

a novel pathognomonic mechanism, further supporting Fusobacterium’s role as an 411 

oncomicrobe.  412 

 413 

As the majority of large-scale cancer datasets are still underutilised for exploring their 414 

microbial composition applying the PATCH pipeline to larger cohorts could consolidate 415 
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Fusobacterium’s collateral interference in the genomic stability of CRCs. The 416 

utilisation of host sequencing data is, however, limited by the imperfect pool of 417 

pathogen-derived sequencing reads available and constraints in the completeness of 418 

microbial genome assemblies, which also confines gene-level microbial 419 

characterisation50. We attempted to mitigate these issues by conducting de novo 420 

assembly in our pipeline to generate longer sequences which have previously been 421 

shown to improve the taxonomic classification of microbes51.   422 

 423 

A high abundance of Fusobacterium in CRC patients’ tissues is associated with poor 424 

patient outcome52. Antibiotics are the only treatment options considered for 425 

Fusobacterium-positive tumours whereby metronidazole resulted in a reduction in 426 

Fusobacterium burden53. Recent research has shown F. nucleatum can improve 427 

antitumor responses to PD-1 blockade treatment in CRC patients54. Identifying 428 

subgroups of patients associated with microbial species in cancer using PATCH will 429 

thus be clinically valuable, informing on treatment selection. Additionally, leveraging 430 

our evidence that Fusobacterium deregulates multiple host DDR pathways may open 431 

up opportunities for DDR-targeted therapies. Finally, the integration of pathogens in 432 

the cancer genome has prognostic potential and could lead to the development of a 433 

non-invasive diagnostic tool if found preserved in cell-free tumour DNA derived from 434 

patient liquid biopsies55. 435 

 436 

In conclusion, PATCH is a crucial tool for exploring microbial interactions in large scale 437 

cancer datasets which are currently underutilised. Our findings collectively highlight 438 

multimodal pathogen-host interactions from its presence to recognition by the host, 439 

immune modulation and finally interfering with genome stability and methylation via 440 

integration. The mechanisms underpinning what drives Fusobacterium integration in 441 

CRC and the stage of tumour development and which this occurs remain unanswered. 442 

Nevertheless, unravelling Fusobacterium’s integration in CRC is an essential 443 

stepping-stone towards understanding if this represents a driver event for 444 

Fusobacterium-associated CRC oncogenesis.   445 

 446 

 447 

Methods 448 

PATCH pipeline 449 
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All sequencing reads from TCGA were subjected to pre-processing steps by 450 

converting the raw BAM files to FASTQ format using Bedtools (v2.18)56, the quality of 451 

the data was assessed using FASTQC (v0.11.8)57 and low-quality sequences were 452 

discarded with Trimmomatic (v0.38)58 (parameters: Leading:28, Trailing:28, Sliding 453 

window:4:28, Minlen:28). Trimmed samples were aligned to the human reference 454 

genome GRCh38. For alignment of RNA-Seq data, we used the Hierarchical Indexing 455 

for Spliced Alignment of Transcripts (HISAT2 v2.1.0)59 package and WGS data 456 

Burrows- Aligner (bwa v 0.7.17)60. Host sequences mapped to the GRCh38 reference 457 

genome were discarded to obtain unmapped or “non-human” reads using Samtools 458 

(v1.7)61. Unmapped reads were subjected to de novo assembly using SPAdes (v 459 

3.14.1)62 and FASTA files were generated containing the nucleotide sequences of 460 

contigs. To identify pathogens of interest, contigs were taxonomically classified with 3 461 

different tools: (1) nucleotide BLAST (v2.10.1+)21, (2) Kraken2 (v2.0.8)22, and (3) 462 

Centrifuge (v1.0.4)23.  463 

 464 

The non-redundant nucleotide BLAST database (NCBI v2.10.1+)63 was downloaded 465 

from the NCBI FTP site (https://ftp.ncbi.nlm.nih.gov/blast/db/). It comprises all 466 

available non-redundant sets of reference standards derived from the INSDC 467 

databases, including chromosomes, complete genomic molecules (organelle 468 

genomes, viruses, plasmids), intermediate assembled genomic contigs, curated 469 

genomic regions, mRNAs, RNAs, and proteins. Nucleotide BLAST searches were 470 

performed using the following parameters -max_target_seqs 1 -max_hsps 1 to 471 

account for sequences with multiple matches against the reference database. 472 

Classifications using Kraken221 were carried out using Kraken2’s standard reference 473 

library and default parameters. For Centrifuge, indexes were built from NCBI bacterial 474 

reference sequences and implemented using default parameters. 475 

 476 

The PATCH pipeline can be implemented to detect any potential microbial species 477 

present within-host Next Generation Sequencing (NGS) data. Here, we filtered results 478 

to focus on reads derived from the Fusobacterium genus. Fusobacterium-positive 479 

samples were defined when two or more methods detected ≥1 Fusobacterium reads 480 

in host sequencing data. A patient was described as Fusobacterium-positive if 481 

Fusobacterium-derived reads were detected in at least one CRC RNA-sequencing 482 

sample.  483 
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 484 

Functional annotation of pathogen-derived reads using the PATCH pipeline was 485 

conducted by extracting nucleotide sequences of Fusobacterium contigs classified by 486 

the three tools using SEQTK64. FASTA files of cDNA from 89 Fusobacterium species 487 

were downloaded from the current ENSEMBL release 488 

(ftp://ftp.ensemblgenomes.org/pub/bacteria/) at the time of data retrieval (08/21) and 489 

indexed using the NCBI-blast+ (v2.6.0)63 package to create a Fusobacterium 490 

nucleotide BLAST database. Fusobacterium contigs were functionally annotated 491 

based on BLAST searches against the curated Fusobacterium cDNA BLAST 492 

database and filtered for the best single hit as described above. Fusobacterium 493 

Ensembl Genomes Transcript identifiers were subsequently converted to UniProtKB 494 

identifiers to reveal their corresponding proteins names using the Retrieve/ID mapping 495 

tool (https://www.uniprot.org/uploadlists/). 496 

 497 

In vivo breast cancer mouse models 498 

Experiments on breast cancer mouse models (n=4) were carried out as described in 499 

Parhi et al65, by the Hebrew University of Jerusalem. Female C57BL/6 mice were 500 

orthotopically (mammary fat pad) injected with 1 × 106 AT3-GFP tumour cells. When 501 

tumours reached 500 mm3 in size, mice representing cases (n=2) were injected 502 

intravenously with 50µl F. nucleatum ATCC 23726 (verified with qPCR), and control 503 

mice (n=2) were injected with 50µl of PBS. After 24 h, breast tumours were harvested 504 

from each mouse and homogenised under sterile conditions.  505 

 506 

Harvested tumours were subsequently frozen at -20 oC and stored in RNAlater-ICE 507 

solution. RNA and DNA were extracted from all tumour samples using QIAGEN 508 

extraction kits at King’s College London (London, UK). DNA and RNA libraries for 509 

Illumina sequencing were generated and sequenced by The National Genomics 510 

Infrastructure (NGI) at KTH Royal Institute of Technology (Lund, Sweden) accredited 511 

under ISO/IEC 17025. For RNA-seq 100ul of RNA were used for the library generation 512 

using the Illumina TruSeq Stranded total RNA, with ribosomal depletion (RiboZero 513 

Gold, specific for human, mouse, rat), library preparation kit according to 514 

manufacturer’s instructions (REF). Samples were sequenced on NovaSeq6000 515 

(NovaSeq Control Software 1.6.0/RTA v3.4.4) with a 2x151 setup using 'NovaSeqXp' 516 

workflow in 'S4' mode flowcell. For WGS 100ul of DNA were used for the library 517 
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generation using the Illumina TruSeq PCR-free 350 bp option, library preparation kit 518 

according to the manufacturer’s instructions. Samples were sequenced on 519 

NovaSeq6000 (NovaSeq Control Software 1.6.0/RTA v3.4.4) with a 2x151 setup using 520 

'NovaSeqXp' workflow in 'S4' mode flowcell. The Bcl to FastQ conversion was 521 

performed using bcl2fastq_v2.20.0.422 from the CASAVA software suite. The quality 522 

scale used is Sanger / phred33 / Illumina 1.8+. 523 

 524 

Validation with shotgun metagenomics  525 

Orthogonal validation of functional annotations from PATCH-identified Fusobacterium 526 

reads was carried out by analysing the microbial composition of previously published 527 

shotgun metagenomics from 129 CRC patients (70 cases and 59 controls)27. 528 

Fusobacterium-derived reads from CRC shotgun metagenomics were annotated to a 529 

protein level with the PFAM66 database. The resulting protein names were compared 530 

against BLAST-based annotations from TCGA RNA-seq.  531 

 532 

Fusobacterium host-genome integration events 533 

To determine whether Fusobacterium’s DNA had integrated into host genomes, we 534 

aligned WGS from TCGA CRCs to a combined host-Fusobacterium reference 535 

genome. The combined genome included those of 88 Fusobacterium species and the 536 

GRCh38 reference genome. Discordant read pairs, defined as having one paired-end 537 

read mapped to the Fusobacterium genome and its read-mate mapped to the human 538 

genome, were extracted. They were filtered for a MAPQ score ≥20, the majority of 539 

which had a MAPQ of 60 (1,260/1,523), duplicates were removed and converted to 540 

bed format to determine their genomic coordinates. We used gff3 files to check 541 

integration events overlapping coding and non-coding regions. Host genomic features, 542 

including repeat masked elements, CpG islands, long intergenic non-coding RNAs, 543 

microsatellites and recombination sites, were manually annotated with The University 544 

of California Santa Cruz (UCSC) genome browser67, and fragile sites from the human 545 

chromosomal fragile sites (HumCFS) database68. To test whether Fusobacterium 546 

integration events are in close proximity to the genomic features listed above, a 547 

modified method described by Li et al69 was implemented. In brief, the distance 548 

between the Fusobacterium integration sites and different features in the CRC 549 

genomes were compared against one million uniform random positions from the 550 

GRCh38 genome. For each genome property and integration event, the real 551 
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observations were pooled amongst the random ones and then rank-transformed and 552 

normalised on a scale of 0 to 1. Under the null hypothesis of no event versus property 553 

association, the ranks of the real observations would follow a uniform distribution.  554 

 555 

Molecular characterisation of Fusobacterium-positive tumours 556 

HTSEQ- Fragments Per Kilobase of transcript per Million mapped reads (FPKM) 557 

expression data from TCGA Colon and Rectum adenocarcinoma projects (TGCA-558 

COAD and TCGA-READ) were downloaded from the TCGA GDC data portal. 559 

ENSEMBL IDs in the TCGA HTSEQ-FPKM files were translated to external gene 560 

names with the BiomaRt (2.38.0)69 package in R (3.4.3)70. Data were reformatted to 561 

create a gene matrix. Single sample Gene Set Enrichment Analysis (ssGSEA) was 562 

performed using the GenePattern web tool (https://www.genepattern.org/). Z-563 

transformed enrichment scores between Fusobacterium positive and negative 564 

tumours against 50 “hallmark” gene sets, 4 KEGG pathway gene sets from the 565 

Molecular Signature Database (MSigDB)71 and 11 DNA Damage and Repair pathway 566 

gene sets72 were calculated. Immune cell enrichment analysis between 567 

Fusobacterium-positive and Fusobacterium-negative transcriptomes was conducted 568 

using Xcell results which take into account 64 cell types37. In addition, the Tumor 569 

Immune Dysfunction and Exclusion (TIDE)73 tool was applied to capture MSI 570 

associated gene signatures.  571 

 572 

To assess genomic level alterations mutation annotation files were analysed using 573 

Maftools (v2.8.05)74 to determine substitution mutations and SNVs in canonical genes. 574 

Finally, methylation data from the TCGA Pan-Cancer Atlas Supplemental Data 575 

webpage (https://gdc.cancer.gov/node/905/) was used to estimate a global 576 

methylation status for each TCGA CRC based on a modified method45. The mean b-577 

value of 23 LINE-1 CpGs were used as a proxy for the global methylation estimate per 578 

sample. In brief, genomic coordinates for evolutionarily young LINE-1 elements (L1HS 579 

and L1PA) were obtained from UCSC RepeatMasker, and their overlapping CpGs 580 

were identified with Granges(v 1.34.0)75.  581 

 582 

Statistical analyses 583 
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Statistical analyses were conducted using R version 3.4.370, and all visualisations and 584 

linear regression were generated using ggplot2. The rstatix package 585 

(https://github.com/kassambara/rstatix) was used for Mann-Whitney U statistical 586 

testing between Fusobacterium positive and negative groups. For ssGSEA analyses, 587 

mean z-score transformed values were statistically tested using the Student’s t-test. 588 

To assess genomic property distance to Fusobacterium integration events, the 589 

Kolmogorov-Smirnov (KS) test was used. Multiple hypothesis testing correction using 590 

the False Discovery Rate (FDR) method was accounted for where appropriate. 591 

 592 

Data availability 593 

 594 

TCGA sequencing data were accessed via the NCI Genomic Data Commons 595 

Genomic Data Commons (GDC) data portal (https://cancergenome.nih.gov/). RNA-596 

sequencing (n=1,020) and WGS (n=28) from TCGA-COAD and TCGA-READ, 597 

referred to as CRCs, alongside matched clinical data, were downloaded from the 598 

legacy archive using the gdc-client tool (v1.6.0)76. HTSEQ-FPKM (n=698) data were 599 

used for downstream immune and pathway analyses, MuTect2 somatic mutation VCF 600 

files (n=657) and mutation annotations files (n=536) were accessed using the active 601 

repository from the GDC data portal. ABSOLUTE mutation annotations for genomic 602 

scars were obtained from the TCGA Pan-Cancer Atlas Supplemental Data webpage 603 

(https://gdc.cancer.gov/node/905/). Mutational signature data were derived from the 604 

supplementary data and results from the ICGC-TCGA Pan-Cancer Analysis 605 

Mutational Signatures Working Group (PCAWG-7) 606 

(https://dcc.icgc.org/releases/PCAWG/mutational_signatures).  607 

 608 

Code availability  609 

The PATCH pipeline is implemented using the reactive workflow manager Nextflow 610 

(v21.10.0)77 (https://github.com/cancerbioinformatics/PATCH-pipeline.git) with the 611 

command ‘nextflow run main.nf -params-file params.yml’. Additional scripts are 612 

available upon request from the corresponding author. 613 

 614 

Reporting Summary  615 

Further information on research design is available in the Nature Research 616 

Reporting Summary linked to this article. 617 
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Figure 2: Systematic functional characterisation of Fusobacterium from CRC RNA-sequencing data. a) Sunburst plot showing the overlap in the 

number of patients (n=624) where Fusobacterium derived reads were detected in TCGA CRC RNA-Seq data using BLASTn (in purple), Kraken2 (in 

blue) and Centrifuge (in green). Red segments indicate patients in which at least two methods identified Fusobacterium reads. The grey segment 

illustrates patients where no Fusobacterium derived reads were detected, including patient-matched adjacent normal tissue in black. (b) The correlation 

between the number of unmapped (non-human) reads (x-axis) versus Fusobacterium derived reads (y-axis) in a CRC patient. Point size reflects the 

total number of Fusobacterium derived reads found in a patient. (c) Violin plot illustrating the difference in contig length those classified as Fusobacteri-

um-positive and negative. (d) Venn diagram comparing contig classification between BLASTn, Kraken2 and Centrifuge, Mann–Whitney U test. (e) 

Sunburst plot exemplifying Fusobacterium species-level characterisation based on Kraken2 annotation. In the first layer, the black and grey segments 

represent patients where Fusobacterium genus level (n=11) and species level (n=124) were found. Colours represent the different Fusobacterium 

species. (f) Stacked bar charts showing the percentage of contigs annotated to a gene level in patients (n=9) where genes encoding proteins with 

known empirical functions were found (represented in red) and hypothetical functions (in light red). (g) Stacked bar plot showing the top 30 empirical 

proteins determined by BLASTn against 88 Fusobacterium reference genomes is shown. Colours indicate different patients. (h) Venn diagram indicat-

ing the overlap between RNA-seq based PATCH Fusobacterium proteins compared with an independent shotgun metagenomic analysis using data 

from Wirbel et al., (see Methods).Asterisks represent P-values as follows:*P<0.05, **P<0.005, ***P<0.0005.
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Figure 3: Systematic Fusobacterium functional annotations in patient-matched WGS data from TCGA CRCs. (a) Table showing the number of 

samples and patients selected for WGS PATCH analysed (b) The correlation between the number of unmapped (non-human) reads (x-axis) versus 

Fusobacterium derived reads (y-axis) in a CRC patient. Point size reflects the total number of Fusobacterium derived reads found in a patient. (c) 

Violin plot illustrates the difference in contig length those classified as Fusobacterium positive and negative, Mann–Whitney U test, fdr. (d) Sunburst 

plot exemplifying Fusobacterium species-level characterisation based on Kraken2 annotation. In the first layer, the black and grey segments represent 

patients where Fusobacterium species levels (n=13) were found. Colours represent the different Fusobacterium species. (e) Venn diagram indicating 

the overlap between WGS based and RNA-seq based PATCH Fusobacterium proteins. (f) Stacked bar plot showing the top 30 empirical proteins 

determined by BLASTn against 88 Fusobacterium reference genomes are shown. Colours indicate different patients. (g) Stacked bar charts showing 

the number of Fusobacterium derived scaffolds where genes encoding proteins with known empirical functions were found (represented in red) and 

hypothetical functions (in light red). Only patients with empirical proteins based on RNA-seq analysis are shown (bottom) compared to matched WGS 

counterpart (top). Asterisks represent P-values as follows:*P<0.05, **P<0.005, ***P<0.0005.
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Figure 4: Evidence of Fusobacterium integration in the cancer genome. Human-Fusobacterium discordant reads are defined as reads where one

aligns to the human reference genome and its read mate aligns to a Fusobacterium reference genome. (a) Bar chart showing the number of expected

and observed integration events per chromosome normalised by chromosome length in base pairs (bp), Chi-squared test. (b) Circos plot showing

human–Fusobacterium discordant reads from 43 patients. In the outermost panel (in black), the density of all human–Fusobacterium discordant reads

is shown, next to those found in non-coding regions and coding regions indicated in blue and red respectively. (c) Integration patterns on chromosome 

14.The first panel illustrates an ideogram, followed by a line plot showing the recombination rate. Boxes represent repeat masked regions (Rmsk, in dark 

blue), Alu elements (light blue), CpG islands (purple) and Fragile Sites (FS, in grey). Arrows represent discordant read pairs  for a patient, highlighted in 

red are those spanning the same locus. (d,e,f) Density plots depict the proximity of integration events to selected genomic regions of interest. The 

median shift, represented by a gradient from close (in red) to far (in blue), indicates the proximity between Fusobacterium integration and genomic 

features (Kolmogorov–Smirnov tests, fdr). Asterisks represent P-values as follows:*P<0.05, **P<0.005, ***P<0.0005.
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Figure 5: The molecular landscape of CRCs with integrated Fusobacterium reveals collateral DNA damage. CRCs classified as Fusobacteri-

um-negative, Fusobacterium-positive and CRC genomes with integrated Fusobacterium are represented in black, red and orange, respectively. (a) The 

bar chart depicts their percentage within the four Consensus Molecular Subtypes (CMS). (b) Dot plot showing the differences in mean z-score enrichment 

for each immune cell type relative to Fusobacterium-negative CRCs. The colours of the dots depict enrichment of a cell type in black and depletion in 

grey. Red circle highlights a significant change (Student’s t-test, p.adj. FDR). (c) Bar plots display the mean z-score enrichment (± SEM) of KEGG patho-

gen recognition receptor pathways (Student’s t-test, p.adj. FDR). (d) Spider plot shows the mean z-score enrichment of 11 DNA Damage and Repair 

(DDR) gene sets (Student’s t-test, p.adj. FDR). (e) Boxplot depicts gene expression based MSI scores determined by TIDE (Mann–Whitney U test, p.adj. 

FDR). (f) Heatmap showing the top 37 out of 236 genes with a significantly greater number of SNVs in CRCs with integrated Fusobacterium. Bars on the 

top show the tumour mutational burden per Mega Base (MB) in each tumour. The stacked bar plot on the right represents the total number of SNVs found 

in a gene. (g) Boxplot represents the difference in the percentage of substitutions. (h) Boxplot illustrates the mean beta value for LINE-1 methylation 

between the three subgroups, Mann–Whitney U test. Asterisks represent P-values as follows: *P<0.05, **P<0.005, ***P<0.0005.
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