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ABSTRACT [350 word limit: 326]

Background

The link between colorectal cancer (CRC) and the gut microbiome has been established, but the
specific microbial species and their role in carcinogenesis remain controversial. Our
understanding would be enhanced by better accounting for tumor subtype, microbial community

interactions, metabolism, and ecology.

Methods

We collected paired colon tumor and normal—adjacent tissue and mucosa samples from 83
individuals who underwent partial or total colectomies for CRC. Mismatch repair (MMR) status
was determined in each tumor sample and classified as either deficient MMR (dMMR) or
proficient MMR (pMMR) tumor subtypes. Samples underwent 16S rRNA gene sequencing and a
subset of samples from 50 individuals were submitted for targeted metabolomic analysisto
guantify amino acids and short-chain fatty acids. A PERMANOV A was used to identify the
biological variables that explained variance within the microbial communities. AIMMR and
PMMR microbial communities were then analyzed separately using a generalized linear mixed
effects model that accounted for MMR status, sample location, intra—subject sample correlation,
and read depth. Genome-scale metabolic models were then used to generate microbial
interaction networks for dAMMR and pMMR microbial communities. We assessed global network
properties as well as the metabolic influence of each microbe within the IMMR and pMMR

networks.
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Results

We demonstrate distinct roles for microbesin dAMMR and pMMR CRC. Sulfidogenic
Fusobacterium nucleatum and hydrogen sulfide production were significantly enriched in

dMMR CRC, but not pMMR CRC. We aso surveyed the butyrate—producing microbial species,
but did not find a significant difference in predicted or actual butyrate production between
dMMR and pMMR microbial communities. Finally, we observed that AMMR microbial
communities were predicted to be less stable than pMMR microbial communities. Community
stability may play an important role in CRC development, progression, or immune activation

within the respective MMR subtypes.

Conclusions

Integrating tumor biology and microbial ecology highlighted distinct microbial, metabolic, and
ecological properties unique to dAMMR and pMMR CRC. This approach could critically improve

our ability to define, predict, prevent, and treat colorectal cancers.
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I ntroduction

The gut microbiota has been linked to colorectal cancer (CRC) in many studies[1-7], and serves
asavery promising target for diagnostic, prophylactic, and therapeutic applications. Y et, despite
intense study, only afew microbial species—Iike Fusobacterium species—are consistently
observed across studies [5-8], while many microbial associations appear to be cohort—specific.

M eta—analyses have attempted to overcome the limited statistical power of smaller studies[9]
but are limited by the strong biases introduced through varying collection, sequencing, and data
processing methodologies [10-13]. Mechanistic studies in mouse models have identified strong
causative links between specific microbes (e.g. Fusobacterium nucleatum, Bacteroides fragilis)
and CRC development and progression [14—17], but these models have limited applicability in
genetically diverse human populations. Capturing some of this genetic diversity, on the other
hand, may improve our ability to discriminate tumor and normal microbial communities and

more clearly define pathways to CRC.

There are multiple subtypes of CRC: one broad categorization is based on mismatch repair
(MMR) status. MMR gtatus divides CRCs into two groups: deficient mismatch repair (dAMMR)
and proficient mismatch repair (pMMR)[18]. In general, AIMMR CRCs are hypermethylated,
hypermutated, and associated with BRAF VV600E mutations, whereas, p(MMR CRCs are
generally microsatellite stable (M SS) and associated with KRAS[19]. These distinct molecular
subtypes of CRC are also borne out by evidence that AMMR is specifically associated with the 3-
catenin signaling pathway[20]. Clinically, MMR statusis associated with patient prognosis, and
age, aswell as tumor location and stage: Specifically, AMMR CRCs have a better prognosis and

occur more often on the right side of the colon in older patients with early stage CRC[18].
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94  Findly, IMMR and pMMR CRC not only have different endpoints, but may also have different
95 pathsto tumorigenesig21] as supported emerging evidence that AMMR CRC arises from sessile
96 serrated adenomas [22] as opposed to the more classic tubular adenoma associated with pMMR

97 CRC[22].

98

99  Thedistinct phenotype of dAMMR CRC suggests that host—and possibly also microbial—
100 dynamics are greatly altered in association with deficient mismatch repair. However few CRC
101  microbiome studies account for MMR status [23, 24] or microbial dynamics[2], and no studies,

102  to our knowledge, have assessed both MMR status and microbial community dynamics.

103  Here, we undertook a new approach in a study involving 83 patients who underwent partial or
104  total colectomy for CRC. From each patient, we collected colon tissue and mucosal samples at
105 tumor and normal—adjacent sites. MMR status was extracted from patient records or determined
106 by testing formalin—fixed paraffin embedded tumor tissue for the expression of four MMR

107  proteins(MLH1, MSH2, MSH6, PM S2). Patient tumors were characterized as either deficient
108 (dMMR) or proficient (pMMR) mismatch repair. Microbial composition was assessed via 16S
109 rRNA gene sequencing. A subset of colon tissue samples additionally underwent metabolomic
110 analysisto quantify amino acids and short-chain fatty acids (SCFAS). A portion of these data was
111  published previously [2] in a study that highlighted the value of integrating in silico genome—

112  scale metabolic mode predictions and in vivo experimental metabolomic data.

113

114  From these data, we assessed the relative importance of MMR status compared to other

115 biological factors reported to alter the microbiome[25]. MMR status was the strongest predictor
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116  of microbial community variance in comparison to sample location (proximal/distal and on/off
117  tumor), body massindex (BMI), age, and sex. Separate analyses of the dAMMR and pMMR

118 microbial communities revealed that many common CRC—associated microbial signatures[9,
119  26]—including Fusobacterium nucleatum, Fusobacterium periodonticum, and Bacteroides

120 fragilis—wereall enriched in dMMR but not pMMR tumors. Functional differences were

121  examined using a combination of metabolomics and community metabolic modeling. Our results
122  indicate greater predicted and actual hydrogen sulfide production in dAMMR CRC as compared to
123 pMMR CRC, but no significant differences in predicted or actual butyrate production. Finally,
124 we approximated microbial ecology by modeling the metabolic interactions between microbes.
125 Oveadl, the pMMR microbial network was predicted to be more stable (resistant to

126  disturbances). Microbial community stability may play an important role in tumorigenesis,

127  cancer progression, and immune activation [22, 27, 28], and only by examining predicted

128 microbial community interactions were we able to capture this dynamic. Our work demonstrates
129  digtinct microbial, metabolic, and ecological attributes of AMMR and pMMR microbial

130 communities, serving to further emphasize the importance of considering tumor biology and

131  microbia interactions in studies of the CRC microbiome.

132

133 Methods

134  Human subject enrollment

135 Thisstudy was performed with the approval of the Mayo Clinic Institutional Review Board
136  (IRB# 14-007237 and IRB# 622-00). Written informed consent was obtained from all

137 individualsin the study. Adults (older than 18 years old) who were determined to be candidates
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138 for colorectal cancer surgery were voluntarily enrolled at Mayo Clinic in Rochester, Minnesota.
139  Exclusion criteriaincluded chemotherapy or radiation in the 2 weeks leading up to enrollment.
140 Total or partial colectomies were performed on every patient, and colon tissue and mucosal

141  samples were collected from tumor and normal—adjacent sites. Sample location was defined as
142  follows: “proximal” samples were derived from the cecum and ascending colon. “Distal”

143  samples were derived from the transverse, descending, or sigmoid colon, or rectum. MMR status
144  was determined in 83 patients. 25 had dAMMR CRC and 58 had pMMR CRC (Table 1). We used
145 univariable logistic regression (R v3.1.2) to compare demographic (age, sex, BMI, smoking

146  higtory) and disease features (tumor location and stage) between dAMMR and pMMR groups.

147 Table 1. Demographic and disease features of individualsidentified as having dAMMR or pMMR

148 CRC.
dMMR pPMMR p-value

Sex, n (%)

Male 10 (40) 34 (59) 0.122
Female 15 (60) 24 (41)

Age ,yr
Mean (SD) 74 (18) 63 (13) 0.002
Range 23-95 33-90

BMI (SD) 27 (5) 29 (8) 0.273

Smoke ever?

Yes 13 (52) 28 (48) 0.982
No 12 (48) 30 (52)

Tumor location, n (%) p < 0.0001
Proximal Colon 18 (72) 14 (24) between
Distal Colon 7 (28) 43 (74) proximal
Both 0 1(3) and distal

Stage, n (%) 0.0007
Early (1-2) 18 (72) 22 (38) between
Late (3-4) 4 16) 33 (57) early and
Stage unknown 3(12) 3 (5) late

149


https://doi.org/10.1101/346510
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/346510; this version posted June 13, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

150 MMR statusdeter mination

151  Mismatch repair (MMR) pathway and microsatellite instability (M Sl) test results were extracted
152  from patient recordsif available. For patients without MMR test results, banked formalin—fixed
153 paraffin~embedded colon tumor tissue blocks were submitted to the Mayo Clinic Pathology

154  Resource Core for sectioning into 10 micron—thick slices. Slices were then submitted to the

155  Mayo Clinic Molecular Genetics Laboratory for immunohistochemistry staining of MMR

156  proteins (MLH1, PMS2, MSH2, MSH6).

157

158 16SDNA extraction, sequencing, and sequence processing

159 DNA extraction[26] and library preparation on colon tissue (tumor and normal—adjacent), and
160  mucosawere performed as described previously in the Mayo Clinic Microbiome Laboratory [2].
161 Samples were submitted for 16S rRNA gene sequencing (V3-V5 region) at the Mayo

162  Clinic Medical Genomics Facility (IlluminaMiSeq, 27 % 1300, 600 cycles, Illuminainc.).

163  Sequencing yielded atotal of 41,400,384 reads with a median of 70,208 reads per sample. Reads
164  were processed using DADAZ2 v1.6 to obtain error—corrected amplicon sequence variant

165 representatives—analogous to operational taxonomic units with single-nucleotide resolution
166 (sOTUs) [29]. sOTUs were annotated with genus-evel taxonomy using the RDP Naive

167 Bayesian Classifier[30] asimplemented in DADA2 and, if possible, to specieslevel using

168 DADAZ2, both against the SILVA 16S database, v132[31]. sOTUs annotated as Chloroplast and
169  Mitochondriawere removed. Resulting SOTUs were filtered for possible non-specific

170  amplification using SortMeRNA v2.0[32] and Infernal v1.1.2[33]. sOTUs with fewer than 10

171 reads across al samples were excluded. Multiple sequence alignment of the SOTUs was
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172  performed using Infernal v1.1.2[33], and an approximate Maximum Likelihood phylogeny was
173 calculated using FastTree v2.1.9[34]. Raw sequencing data can be found at the NCBI Sequence
174  Read Archive with primary BioProject accession number PRINA445346 (Additional File 2 -

175 sOTU table, 3 - sOTU taxonomy, 4- SOTU fastafile).

176

177  Satistical analysesof 16SrRNA microbial community data

178  Anunweighted UniFrac distance matrix [35] based on the microbial communitiesin all samples
179  was generated using the phyloseq[36] package v1.22.3. A permutational multivariate analysis of
180 variance (PERMANOVA) was then performed on the distance matrix to assess the effects of
181 MMR datus and sample location (proximal/distal and on/off tumor) on variance between

182  microbial communities. The PERMANOV A additionally accounted for subject age, sex, BMI,
183  and sample type (mucosa versus colon tissue) and was performed using the adonis2 function in

184  the vegan[37] package v2.5-1, with 999 bootstrap iterations.

185

186 A Generalized Linear Mixed Model (GLMM)[38] was calculated for each sOTU to estimate its
187  abundance (read counts) in relation to predictors that included MMR status and sample location
188  (proximal/distal and on/off tumor). Models were corrected for subject intervariability, specimen
189 type (mucosal vstissue biopsy), and sequencing read depth, allowing for interactions. We used
190 the package gimmTMB[39] v0.1.4 to estimate the abundance of each microbe under a zero—

191 inflated Poisson distribution. For each predictor, SOTUs were excluded where the method did not
192  converge or the Akaike Information Criterion (AIC) for model quality was not defined. Multiple

193 hypothesis correction was calculated using the Benjamini—Hochberg procedure.

10
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194

195 Validation of differentially abundant microbes using an independent cohort

196 Tovalidate the differentially abundant microbes associated with AMMR status, we investigated
197 datafrom arecent study that included microbiome profiling in tumor and matched normal tissue
198 samplesin 44 CRC patients[1]. We categorized MMR status based on microsatellite instability
199 (MSI)/ microsatellite stable (MSS) status (M S| was categorized as dMMR; MSS was

200 categorized as pMMR) or downregulation of any of the 4 MMR genes (MLH1, MSH2, MSH6
201 and PMS2) as assessed using RNA-Seq in the same samples. A cutoff (log2(normal/tumor) > =
202 1) wasused to call agene as downregulated in tumor. Altogether, we identified 9/44 patients as
203 dMMR and the remaining 35/44 as pMMR. Using 16S rRNA gene microbiome characterization
204  for these samples (as described in detail in [1]) we identified SOTUs associated with AMMR
205  tumor/normal and pMMR tumor/normal conditions. Wefirst filtered rare SOTUs, only

206  preserving SOTUsfound in at least 50% of our samples, and then performed differential

207  abundance analysis using phyloseq[36] (which uses DESeg?2 to build negative binomial

208 generalized linear models). We used the Benjamini—Hochberg method to control for the false

209  discovery rate (FDR).

210

211 Real-time PCR for the Bacteroides fragilis toxin gene

212  Real-time PCR was performed as described previously [2] to test colon tissue and mucosal
213  samplesfor the presence of the Bacteroides fragilistoxin (BFT) genesin 22 dAMMR individuals
214  and 53 pMMR individuals. Primersincluded: BFT-F (5'-

215 GGATAAGCGTACTAAAATACAGCTGGAT-3),BFT-R(5'-

11
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216 CTGCGAACTCATCTCCCAGTATAAA-3'), and the probe (5 -FAM-

217 CAGACGGACATTCTC-NFQ-MGB-3')[14].

218

219 Modeling microbial hydrogen sulfide production

220  We predicted hydrogen sulfide production within dAMMR and pMMR tumor and normal—

221  associated microbial communities as described previously[2]. Briefly, we aligned 16S rRNA
222  gene sequences for dAMMR tumor and normal samples (colon tissue and mucosa) and pMMR
223  tumor and normal samples against complete genomesin PATRIC and then generated genome—
224  scale metabolic models of each microbe (Additional File 1. Table S1). Genome-scale

225  metabolic models use gene annotations from a microbial genome to predict the metabolic inputs
226  and outputs of that microbe. To predict how a microbe might interact within a community, we
227 used MICOM, an open-source platform to assess microbial metabolic community interactions

228  (https.//github.com/resendislab/micom). Specifically, we evaluated hydrogen sulfide flux asa

229  measure of hydrogen sulfide production within each microbial community.

230

231 Metabolomics sample preparation and analysis

232  Colon tissue and mucosa samples were prepared and run as described previoudy[2]. In brief,
233 UPLC-MSwas used to quantify amino acid proxies for hydrogen sulfide including serine,

234  homoserine, lanthionine, L-cystathionine, and D-cystathionine. GC-M S was used to quantify
235 SCFAsincluding acetate, propionate, isobutyrate, butyrate, isovaleric acid, valeric acid,

236 isocaproic acid, and hexanoate] 2]. Significance testing was performed using Kruskal-Wallis and

237  Dunn’spost hoc testsinRv3.4.1

12
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238

239 Microbial influence networ k

240 Toselect SOTUsfor the Microbia Influence Networks (MINSs), we used GLMM resultsto

241  choose tumor and normal—associated microbesin dAMMR and pMMR samples with a linear

242  effect size greater than 0.25, regardless of statistical significance. Effect size captures biological
243  impact potential while significance measures certainty. In this case, we wanted to assess the

244  metabolic influence (i.e., biological impact) of microbesin relation to their respective microbial
245  communities; as such, it was more appropriate to filter by effect size. For each sSOTU, the 16S
246  rRNA gene consensus sequence was aligned against complete genome in the PATRIC system
247  using VSEARCH v2.7.1, with a minimum nucleotide identity of 90%. When this procedure

248  generated multiple top hits, we selected a genome, in order, to the most complete genome (fewer
249  contigs), atype strain, astrain with abinomial name, and the closest match to the 16S taxonomy
250 (when possible). For each genome, we then reconstructed and downloaded its corresponding
251  genome-scale metabolic model using the PATRIC service. When sOTUs mapped to the same
252 model, we used that model only once, effectively merging those sOTUs in further analysis, with
253  an exception for when two sOTUs were associated with opposite conditions (i.e., tumor and

254  normal—adjacent samples), in which case we discarded that model from further consideration.
255 Thedecision to discard was also based on the observation that low identity hits or SOTUs with

256  taxonomy not sufficiently resolved were typically involved in these few cases.

257

258  After obtaining the genome-scale metabolic models (GEMs), we calculated “growth” on

259  complete mediawith no oxygen. Thiswas done by calculating optimal metabolic reaction fluxes

13
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260 using aFlux Balance Analysig40], in which “growth” is the calculated flux of the reaction
261  defining biomass for amicrobe. We did thisusing atool for assessing microbial metabolic
262 interactions (MMinte) which evaluates the growth of microbes alone and when paired with
263  another microbe [41]. Once single and paired growth values were calculated using the objective
264  function given by MMinteg[41], these values were then used to calculate the influence score. The

265 interaction score, «;;, for each species, m, with a different species x was calculated as

ij
266 Ay = g(m|x) — gx)# 1)
267  where g(x) was the growth rate of x alone, and g(m|x) was the growth rate of x ina
268 community composed of both x and m. Based on these scores, we then calculated the
269  unwelghted metabolic influence of each individual microbial mode on the other microbesin the
270 community as the sum of the absolute value of the difference in growth rates when paired with
271  speciesm,

Gn = ) |am] = D lgGml) = gDI#()

j j

272  Thisscoring closdly follows the spirit of the scoring from the global interaction modeling in
273  Sung et al.[42] with use of actual growth rates instead of summing over shared transporters.
274  Metabolic modeling based on flux balance analysis, as described here, provides a meansto

275 calculate arate in the change of growth, as normalized per unit mass, allowing usto take a

276  simple sumin order to calculate influence under anaerobic conditions.
277

278  The percentage of negative interactions was calculated by counting the number of negative

279  interactions over the number of total interactionsin each microbial influence network (MIN).

14
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Statistical significance was based on the probability of getting equivalent resultsin dMMR and
pPMMR networks using the measured distributions of negative and positive interactions in each

network and a scheme of random selection with replacement.

Finally, the resulting MIN[42] was visualized using Cytoscape v3.6.1[43] with node and edge
properties weighed according to influence score and influence, respectively. Initial visualization
in Cytoscape was generated using the “ Edge-weighted spring—embedded layout” with the
parameters modified to avoid node collisions according to what worked best in each of the two
cases. Node sizes and edge weights were likewise set according to the maximum and minimum
valuesin dAMMR and pMMR networks separately. Interactions below 10 in the case of AMMR
and below 5 in the case of pMMR were excluded from the spring force layout computation in
order to achieve better readability of the final network figure. Unconnected nodes that had no

influence were not included in the visualization.

Predicting butyrate production

After weidentified the most influential microbesin the dMMR and pMMR MINs, we then
assessed the butyrate—producing potential of these microbes. We used the previously selected
genome sequences for these microbes and queried the PATRIC service [44] for the presence of
the following genes: butyrate kinase (EC 2.7.2.7) or acetate CoA-transferase (EC 2.8.3.8). These
genes serve as markers for butyrate production pathways [45]. The presence of either gene was

considered sufficient to establish that a bacterium was capable of producing butyrate.

15
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Results

dM MR tumor s associated with older age and early stage, proximal tumors

A total of 25 individuals with dAMMR CRC and 58 individuals with pMMR CRC were involved
in this study. Individuals with dAMMR CRC were significantly older than individuals with pMMR
CRC and significantly more likely to have an early stage, proximal tumor (Table 1). As such, we
included age and sample location (proximal/distal and on/off tumor) as covariates in subsequent

analyses.

Tumor MMR status strongly predicts variance between microbial communities

To assess factors that contributed to variance in the microbial community data, we performed a
PERMANOVA analysis on unweighted UniFrac distances between microbial communitiesin
each sample. We included MMR status, sample location (proximal/distal, on/off tumor), age,

sex, BMI and sample type (colon tissue vs. mucosa) as potential predictors of the variance.
Remarkably, we found that MMR status explained more of the variance than any of the other 6
variables (Additional File 1: Table S2) even when MMR status was included as the last variable

in the model (Table 2).

Table 2. Factors contributing to variance between microbial communities. MMR status was
included as the last variable in this model and accounts for the greatest percent variance

(PERMANOVA; see also Additional File 1: Table S2).

Factors % Variation R? F Pr(>F)
BMI 1.53 0.013438 8.028927 1.00E-04
Age 1.18 0.010349 6.183355 1.00E-04
Sex 1.77 0.015529 9.278172 1.00E-04
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Sample type 1.92 0.016848 10.06614 1.00E-04
Sample location - proximal / distal 2.07 0.018191 10.86858 1.00E-04
Sample location - on/off tumor 1.26 0.011050 6.60250 1.00E-04
MMR status 211 0.018527 11.06941 1.00E-04
Sample location — proximal / distal:

Sample location - on/off tumor 0.21 0.001802 1.076725 0.3185
Sample location — proximal / distal:MMR

status 1.10 0.009634 5.7563 1.00E-04
Sample location - on/off tumor:MMR

status 0.29 0.002572 1.537264 0.0411
Sample location — proximal / distal:Sample

location - on/off tumor:MMR status 0.19 0.001670 | 0.99816721 0.4245
Residual 100.21 0.880385 NA NA
Total 113.82 1 NA NA

Distinct microbial communities associated with pMMR and dMMR tumors

Given the importance of MMR statusto microbial community variance, we opted to assess
microbia abundances in tumor and normal samples for each MM R subtype independently. We
identified multiple differentially abundant SOTUsin dMMR and pMMR tumor samples as
compared to normal—adjacent samples using a generalized linear mixed model (GLMM) that
accounted for sample location, sample type, and intrasubject sample correlation (Fig. 2;
Additional File 1: Figure S1 (Venn diagram showing counts of microbes in each group), Table
S3 (table of microbes enriched in AMMR), Table $4 (table of microbes enriched in pMMR).
Several major butyrate producers were identified in dAMMR and pMMR tumor and normal
samples. Only one microbe—Dorea longicatena—was significantly enriched in both AMMR and
PMMR tumor samples. Four microbes had opposite associations with tumor or normal samples

depending on MMR status: Faecalibacterium prausnitzii A2-165 and Blautia sp. Marseille-
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333 P2398 weresignificantly enriched in pMMR tumor and dMMR normal samples; Coprococcus
334 comes ATCC 27758 and Bacteroides massiliensis B84634 were significantly enriched in dMMR
335 tumor and pMMR normal samples. Notably, Fusobacterium periodonticum, F. nucleatum, and
336  Bacteroides fragilis—microbes commonly associated with CRC[5, 14, 46-49]—were among the
337  top most differentially abundant microbesin dMMR tumor samples but were not found to be

338 differentially abundant in pMMR tumor samples.

339

340 To validate these results, we used publicly available data from tumor and matched normal

341 samplesfrom 44 CRC patients[1]. Our validation analysis showed several overlapping

342  associations of microbial genomes with respect to dAMMR and pMMR in tumor and matched

343 normal samples (Additional File 1: Table S5, S6). dAMMR tumors were found enriched for

344  Bacteroidesfragilis (p=0.02, FDR p=0.37) and Fusobacterium (p=0.03, FDR p=0.37) while
345 dMMR normal samples were enriched for Dorea (p=0.03, FDR p=0.37) and an

346  Erysipelotrichaceae bacterium (p=0.007, FDR p=0.31) (Additional File 1: Figure S2). Even
347  though these associations were not statistically significant after correcting for FDR, their trend of
348  association overlaps with the results from the present study. Differentially abundant sOTUs

349  between pMMR tumors versus normal included Ruminococcaceae, Faecalibacterium prausnitzi

350 and Bacteroides caccae, which were also differentially abundant in the present study.

351

352 AsB. fragiliswas significantly enriched in dMMR tumors, and there are well-established links
353  between toxigenic B. fragilis and colorectal cancer [14, 46, 50], we next looked for the presence

354  of theB. fragilistoxin (BFT) genein dMMR and pMMR tissue and mucosa samples. Of the 22
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individuals with dMMR CRC, only samples from 1 was BFT positive (5%); of 53 individuals
with pMMR CRC, samples from 5 were BFT positive (9.4%). There was no significant
difference in BFT presence between individuals with dMMR or pMMR CRC (Chi-squared, p =

0.477).

Microbial hydrogen sulfide production enriched in thedMMR CRC tumors

As sulfidogenic F. nucleatum and F. periodonticum were also significantly enriched in dMMR
tumor samples, we decided to assess potential hydrogen sulfide production across groups
(AMMR/pMMR, tumor/normal) by modeling hydrogen sulfide flux. We used microbial
community metabolic models to predict hydrogen sulfide flux within each microbial community
(dMMR tumor and normal, pMMR tumor and normal). The models produced a non—significant
trend towards increased hydrogen sulfide flux in dAMMR tumor samples (Fig. 3a). To get a more
concrete measure of hydrogen sulfide production, we ran targeted metabolomics to quantify
amino acid proxies (serine, homoserine, lanthionine, L-cystathionine, D-cystathionine) for
hydrogen sulfidein dMMR and pMMR tumor and normal tissue samples (Fig. 3b). We observed
asignificant increase in lanthionine in dAMMR tumor tissue over dAMMR or pMMR normal tissue
and pMMR tumor. Homoserine and L-Cystathionine were also significantly increased in both
dMMR and pMMR tumor tissue as compared to normal—adjacent tissue. The metabolomics
results suggest increased hydrogen sulfide production in tumor tissue—particularly in dMMR

tumor tissue.

pPMMR microbial community predicted to be more stable and to suppress F. nucleatum
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377  Tofurther assess the potential metabolic interactions between tumor and normal—adjacent

378 microbesin relation to MMR status, we constructed two metabolic influence networks (MIN;
379  Fig. 1)[42]. The MIN highlights each microbe’s predicted influence and interactions (growth
380 enhancing or suppressing) in relation to other microbes in the community. We also evaluated an
381 indirect measure of ecological stability[51] based on the percentage of predicted positive and
382  negative interactions present within agiven microbial community. Notably, the more negative
383 interactions present within a community, the more stable that community is predicted to be[51].
384 ThedMMR microbial community exhibited 21.1% negative interactions while the pMMR

385 microbial community exhibited significantly more (47.6%, binomial test, p<0.0001), suggesting

386 that the pMMR community is more stable.

387

388 Alsoof notein relation to the AIMMR MIN, F. nucleatum and F. periodonticum exhibit no
389  metabolic interactions with the other microbes in the network and therefore were not included in
390 thenetwork visualization. In contrast, in the pMMR MIN, F. nucleatum—one of the most
391 influential microbes—was uniformly suppressed by 34 out of 44 other pMM R—associated

392  microbes, with zero positive interactions.

393

394  Highly influential microbesinclude many butyrate producers

395  Within the MINs, microbes that exhibit many or strong interactions with other microbes—either
396 influencing or being influenced by—are classified as influential microbes. To examine the most
397 influential microbes within each MIN, we identified all microbes with an influence score of 0.5

398 standard deviations above the mean for AMMR and pMMR microbes, respectively (Tables 3 —
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399 dMMR, 4—-pMMR). Characterization of the most influential microbes revealed that many of

400 these microbes are butyrate producers.

401  Table 3. List of basic properties for the most influential microbesin the dAMMR MIN.

dMMR-associated microbes Influenc tumor/normal PATRIC butyrate r-ele\.4@.2
e score genome ID producer? citations
Pseudomonas aeruginosa 1732.80 tumor 287.2537 [52]
403
Faecalibacterium prausnitzii 1615.38 normal 411483.3 X [53]
A2-165
Ruminococcus torques12-14 | 1516.19 normal 657313.3 404
Escherichia coli K-12 1452.80 normal 511145.12 [55]
Flavonifractor plautii 1431.48 normal 292800.4 [Sé}Ub
Eubacterium ramulus 1407.40 normal 39490.3 [56]
AD\L-
Dorea formicigenerans 1407.33 normal 411461.4 [59‘&Uo
Roseburia intestinalis 1401.32 tumor 657315.3 X [53]
V.V awi
Faecalibacterium prausnitzii 1395.95 normal 657322.3 X [5 Ui
SL3/3
Streptococcus salivarius 1395.74 normal 1304.182 [5@108
Ruminococcus torques ATCC 1393.15 normal 411460.6 [54]
27756
409
Clostridium symbiosum 1382.77 tumor 1512.4 X [59]
Pelotomaculum 1376.65 normal 370438.4 [60]
thermopropionicum 410
Clostridium clostridioforme 1368.34 tumor 999403.4 X [61]
411
Coprobacillus sp. 8_1_38FAA 1363.69 normal 450746.3 X [62]
412
413

414 Table4. List of basic properties for the most influential microbes in the pMMR MIN.

PATRIC butyrate | relevant citations
pMMR-associated microbes |influence| tumor/normal | genomelD | producer?

Firmicutes bacterium ASF500 1001.50 tumor 1378168.3 [63]
Ruminococcus sp. A254.MGS-254 | 951.21 tumor 1637499.3 [64]
833.96 normal 1121098.3 [65]

Bacteroides massiliensis B84634 =
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Timone 84634 = DSM 17679 = JCM

13223 [PRINA201686]

Fusobacterium nucleatum CTI-5 832.56 tumor 1316586.3 [47, 66]
Prevotella copri DSM 18205 827.75 tumor 537011.5 [57]
Dorea longicatena 821.96 tumor 88431.7 [57]
Clostridium bolteae 90A9 797.92 tumor 997894.4 X [61]
\Anaerotruncus colihominis DSM

17241 780.61 normal 445972.6 X [67]
Coprococcus comes ATCC 27758 779.84 normal 470146.3 X [68]

Campylobacter gracilis strain

IATCC 33236 766.50 tumor 824.5 [69]

415

416 Butyrate production did not differ between dAMMR and pMM R microbial communities

417  Given the predicted influence and differential abundance of butyrate—producing microbesin

418 dMMR and pMMR, we decided to compare the butyrate—producing potential of the most

419  influential tumor—associated microbesin dAMMR and pMMR MINs by searching for genes

420 involved in butyrate production within the functional annotation of these genomesin PATRIC.
421  There were no significant differences in butyrate production—associated genes between dAMMR
422  and pMMR tumor—associated microbes (T able 5; Wilcoxon rank-sum test, p>0.05). To more
423  fully assess community—wide butyrate production, we performed targeted metabolomicsto

424  quantify SCFA concentrationsin tumor and normal—adjacent colon tissue. With the exception of
425  isocaproic acid, which was significantly increased in dMMR tumor tissue, there were no

426  significant differencesin SCFA concentrations—including butyrate—between dMMR tumor and

427  normal—adjacent or pMMR tumor and normal—adjacent tissue samples (Fig. 4).

428 Tableb5. Percent of the most influential tumor—associated microbesin dMMR and pMMR CRC
429  that contain a butyrate—producing pathway, as predicted by the presence of genesinvolved in

430  butyrate production.

22


https://doi.org/10.1101/346510
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/346510; this version posted June 13, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

EC
Gene annotation number dMMR pMMR
Acetate CoA-
transferase 2.8.3.8 14.9% 13.8%
Butyrate kinase 2.7.2.7 27.7% 31.0%

431

432  To further explore how the dAMMR MIN could have multiple strongly influential butyrate—

433  producing microbes but no increase in butyrate production, we examined the predicted

434  interactions (positive and negative) of the most influential butyrate producersin the dAMMR MIN
435 network (identified in Table 3). We found that butyrate producers were targets of more negative
436  interactions (26% negative interactions) as compared to all negative interactionsin the AIMMR
437  MIN network (21% negative interactions), suggesting growth suppression of butyrate producers
438  inthedMMR community (binomial test, p = 0.02). In contrast, the most influential butyrate

439  producersin the pMMR MIN network (identified in Table 4) were not atarget for increased
440 negative interactions (binomial test, p = 0.08). We repeated this analysis using all differentially
441  abundant major butyrate producers in dAMMR and pMMR microbial communities (identified in
442  Fig. 2). Wefound that while all butyrate producers (in dMMR or pMMR microbial

443  communities) were more likely to be targets of negative interactions, this was more strongly

444 evident in the dAMMR microbial community (dAMMR binomial test: p=6E-13, pMMR binomial

445 test p=0.008).

446

447  Discussion

448  This study integrates tumor biology and microbial ecology in a novel and powerful approach to
449  understanding colorectal cancer. Our results indicate that MMR statusis one of the strongest

450 predictors of microbial community variance; however, few studies[23, 24], to date, include
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MMR status in microbial community analysis of colorectal cancer. Interestingly, we also
identified several differentially abundant microbes associated with dAMMR but not pMMR tumor
samplesincluding F. nucleatum, F. periodonticum, and B. fragilis. We further validated these
findings in an independent cohort[1], which underscores the importance of including MMR
status in future CRC microbiome studies. We additionally characterized the predicted and actual
metabolic profiles of AMMR and pMMR individuals in relation to hydrogen sulfide and butyrate
production, and we generated a network of predicted interactions within the AIMMR and pMMR

microbial communities.

Hydrogen sulfide has been reported to both promote and inhibit colorectal cancer [70-73]. To
assess the role of hydrogen sulfide within our study, we looked for sulfidogenic bacteria,
predicted hydrogen sulfide production using community metabolic models, and measured
hydrogen sulfide concentrations through targeted metabolomics for amino acid proxies. We
found two significantly enriched hydrogen sulfide—producing Fusobacterium species and
significantly increased hydrogen sulfide concentrations in dMMR tumor samples. In the
microbial influence network, both Fusobacterium species exhibited zero predicted interactions—
positive or negative—with other microbes in the network. Together, this suggests that these
Fusobacterium species grow abundantly and unchecked by other microbes, and have the
potential to produce large quantities of hydrogen sulfide. In contrast, the F. nucleatum found in
pPMMR MIN was predicted to be the target of 34 (100%) negative interactions, suggesting that its

growth and metabolic output (hydrogen sulfide) are highly suppressed in pMMR individuals.
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473  Theseintriguing results leads usto speculate on the relationship between Fusobacterium species,
474  hydrogen sulfide production and dMMR CRC. Notably, Fusobacterium species have previously
475  been associated with hypermethylation of MLH1, MSI, BRAF mutations, and poorly

476  differentiated tumorg 4, 47]—all of which are characteristics of AMMR CRCJ[74]. Hydrogen
477  sulfide—a cytotoxic, genotoxic gas—has also been associated with CRC[ 70, 71], although its
478  roleis somewhat controversial[ 72, 73]. A recent report indicates that colon cancer cells may

479  respond to hydrogen sulfide in a bell—shaped dose-dependent manner: at high concentrations,
480 hydrogen sulfide inhibits the proliferation of cancer cells, while at lower concentrations,

481  hydrogen sulfide can stimulate the proliferation of cancer cellg[73, 75]. In AMMR, if high levels
482  of hydrogen sulfide (and hydrogen sulfide producers) inhibit cancer proliferation, then we would
483  expect individuals with dAMMR to present with earlier stage cancer—which isindeed the casein
484  our cohort and other reported cohorts [65]. AIMMR CRC has also been associated with lower
485  recurrence rates and a better prognosig[74]. In opposition to these findings are studies showing
486 that F. nucleatum can potentiate tumorigenesis and that F. nucleatum-associated CRCs have a

487  worse prognosis[4, 5].

488

489  Besides Fusobacterium, Bacteroides fragilis was also found to be significantly enriched in

490 dMMR tumor samples. Toxigenic B. fragilis has well—established and causative linksto

491  inflammation, and CRC[50, 76], and inflammation has been linked to hypermethylation[77]. As
492  such, we tested dAMMR and pMMR tissue and mucosa samples for the presence of the B. fragilis
493  toxin (BFT) gene but did not find a significant difference in the presence of the BFT gene

494  between dMMR and pMMR individuals. Given these results, it is unclear what the significance

495  of increased B. fragilisisin the dAMMR tumor samples.
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496

497  Butyrate has been another subject of intenseinvestigation in relation to gut health and CRC[54,
498  57]. Conflicting work in murine models indicates that butyrate can act to repress or to accelerate
499  polyp and tumor formation—resulting in the so—called butyrate paradox[ 78]. Recently, adMMR
500 CRC mouse modd showed that microbially—produced butyrate accelerated tumorigenesig24],
501 indicating that the source of this paradox may have to do with the genetic model of CRC being
502 used and that butyrate may therefore have different, even opposite, rolesin different CRC

503  subtypes. It was therefore intriguing that more butyrate producers were identified as highly

504 influentia in the AMMR MIN as compared to pMMR MIN. However, neither predicted

505 (functional annotation) nor actual (metabolomic data) butyrate production differed significantly
506 between dAMMR and pMMR samples or tumor and normal samples in the metabolomic profile.
507  One potential reason for thislack of difference surfaced when we examined the number of

508 negative interactionstargeted at butyrate producersin the dAMMR and pMMR MINs. dAMMR
509 butyrate producers had a significantly higher probability of negative interactions as compared to
510 pMMR butyrate producers. This suggests that, though present, these butyrate producers are being

511  suppressed in dAMMR microbial communities.

512

513 Negative interactions were also predicted to be significantly increased in the pMMR microbial
514 community as a whole versus the dMMR microbial community. Negative interactions, implying
515 competition, are an ecological hallmark of a stable community[51], which is both resistant and
516 resilient to disturbance. We speculate that a less stable microbial community in dAMMR

517 individuals could mean constant community shifts and disturbances—resulting in increased
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518 immune activation. The dMMR tumor phenotype is associated with increased immune

519 responsg 74], which may play arole in inhibiting cancer cell proliferation of dAMMR tumors.

520

521  Overdl, our study demonstrates the importance and value in considering tumor biology (MMR
522  status) and ecological interactions when evaluating microbial community data. Our work is

523  primarily descriptive and incorporates host clinical features, microbiome, metabolome, and

524  modeling data. While we make speculations based on these data, future prospective and

525 mechanistic studies are needed to test these ideas. We al so recognize that selecting sequenced
526  genomes availablein the database to represent 16S rRNA sOTUs cannot fully replace

527  metagenomic sequencing given well-known strain-to-strain variation in gene content. However,
528 these variations between strains are often largely in secondary metabolite pathways, rather than

529  core metabolic function, which is the main target of our modeling analysis.

530

531  Another limitation of this study is our inability to attribute a source to metabolomic data. While
532  butyrateisamicrobial fermentation product, hydrogen sulfide and its amino acid proxies can be
533  produced by both humans and bacteria. Thus, the enriched hydrogen sulfide we detect in AIMMR
534  tumor samples could potentially be attributed to increased hydrogen sulfide production within
535 tumor tissue, and indeed, this has been reported[73]. If this was the solely case here however, we
536  might expect to see similar increases in hydrogen sulfide in pMMR tumors—most of which are
537 later in stage than dMMR tumors. We did not see this, suggesting that it is feasible that the

538 increased hydrogen sulfide production in dMMR tumors is coming from an exogenous

539 (microbial) source. Notably, microbially produced hydrogen sulfide can be generated from
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540  multiple pathways including the respiration of dietary taurine and sulfate as well asthe
541  degradation of sulfomucins. The amino acid proxies we use to assess hydrogen sulfide
542  production only capture some, but not al of these potential pathways, so we may have

543  underestimated hydrogen sulfide production.

544

545  Finadly, thefield of genome—scale metabolic modeling has only recently encompassed tools for
546  community metabolic analysed[ 79], and many of the toolg[41, 42, 80] are sensitive to the

547  underlying quality of the metabolic model§[44, 81]. Models vary greatly depending on the

548  presence and accuracy genome annotations which will generally improve over time. Future work
549  aimed at understanding and verifying microbial dynamicsin relation to MMR status or other
550 CRC subtypes could dramatically improve our ability to define, predict, prevent, and treat

551 colorectal cancers.

552

553 Conclusions

554  This study provides anovel framework in which to examine colorectal cancer:

555 1. Host—microbe interactions: Tumor MMR status strongly predicted microbial community
556 variance and was associated with distinct microbial, metabolic, and interaction profiles.
557 Our approach incorporating tumor MMR status, microbiome, metabolome and modeling
558 data allowed us unique insights into the role of hydrogen sulfide and hydrogen sulfide
559 producers within the dMMR microbial community. Tumor biology (e.g. MMR status)
560 and microbial ecology are inextricably linked, and it is critical that future studies account
561 for both in order to understand and more precisdly classify the many pathways to CRC.
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2. Microbe—-microbe interactions. Microbial influence networks provided in silico
predictions of community stability and microbial interactions that aligned with in vivo
metabolomics data: Suppression of sulfidogenic F. nucleatum and significantly lower
hydrogen sulfide production in pPMMR, and suppression of butyrate—producing bacteria
in dMMR—which may explain the lack of difference in butyrate production between

dMMR and pMMR samples. The validation of in silico data with in vivo tests provides

support for afuture of precision medicine tools that can accurately predict disease and the

potential effects of prophylactic or therapeutic interventions on the microbiome.
Microbes act within communities, and understanding and predicting these interactions

will be key to developing targeted mechanismsto help prevent or treat colorectal cancer.
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589  Figurelegends

590 Fig. 1 Microbial influence networks for a) dMMR and b) pMMR microbial communities. Node
591 sizeindicates amicrobe s metabolic influence over other microbes. Edges are directional and
592  weighted and indicate how one microbe affects the growth rate of another: grey edges indicate a
593  positive interaction, i.e., predicted increase in growth when paired, while red edges indicate a
594  negativeinteraction or a predicted suppression in growth when paired.

595 Fig. 2 Microbesidentified as differentially abundant in tumor as compared to normal samples
506 (tissue and mucosa) from individuals with dAMMR or pPMMR CRC. Microbes are listed in order
597 of significance from greatest to least. Microbes in bold font are enriched in both dAMMR and
598 pMMR samples. For example, Coprococcus comes ATCC 27758 is significantly enriched in
599 dMMR tumor samples and pMMR normal samples. (GLMM, all microbes listed have a

600 Benjamini—Hochberg p-value<0.05.)

601 Fig. 3a) Hydrogen sulfide flux predicted based on community metabolic modeling.

602  b) Amino acid proxies for hydrogen sulfide were quantified using UPLC-M S on dMMR and
603 pMMR tumor and normal—adjacent colon tissue samples (Kruskal—-Wallis followed by Dunn’'s
604  Test for post hoc comparisons: *p <0.05; **p<0.0005, ***p<0.0005, ****p<0.00005).

605 Fig. 4 SCFAsin dMMR and pMMR tumor and normal—adjacent colon tissue samples (Kruskal—

606 Wallisfollowed by Dunn’s Test for post hoc comparisons:. *p <0.05).
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830 Additional File1l

831  Figure S1: Venn diagram highlighting number of microbes that overlap between tumor and

832 normal samplesin relation to MMR status (AMMR = red font, P MMR = green font, red circles =
833  tumor samples, blue circles = normal samples). Only differentially abundant microbes with a
834  corrected p-value < 0.05 were included in this diagram.

835 Figure S2: Differentially abundant OTUs between patient—matched tumor and normal samples
836 inindividuaswith dMMR CRC. Y -axis indicates percent relative abundance of OTUs. Line
837  color indicates directionality of change in microbial abundance: red = increased abundance

838 reative to normal, blue = decreased abundance or no change compared to normal.

839 Table S1. Factors contributing to variance between microbial communities. Sample location was

840 included asthe last variable in thismodel (PERMANOVA).

841 Table S2. Factors contributing to variance between microbial communities. Sample location was

842  included asthe last variable in thismodel (PERMANOVA).

843  Table S3: sSOTUs enriched in tumor samples (colon tissue and mucosa) as compared to normal—

844  adjacent samplesin individuals with dMMR CRC.

845 Table $4: sOTUs enriched in tumor samples (colon tissue and mucosa) as compared to normal—

846  adjacent samplesin individuals with pMMR CRC.

847 Table Sb: Differentially abundant microbes in individuals with dMMR CRC. Blue boxes

848  highlight microbes enriched in tumor tissue samples as compared to normal—adjacent samples.

849 Table S6: Differentially abundant microbes in individuals with pMMR CRC. Blue boxes

850 highlight microbes enriched in tumor tissue samples as compared to normal—adjacent samples.
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