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AbsTrACT
Objective Obesity is a risk factor for colorectal cancer 
(CRC), accounting for more than 14% of CRC incidence. 
Microbial dysbiosis and chronic inflammation are common 
characteristics in both obesity and CRC. Human and 
murine studies, together, demonstrate the significant 
impact of the microbiome in governing energy metabolism 
and CRC development; yet, little is understood about the 
contribution of the microbiome to development of obesity-
associated CRC as compared to individuals who are not 
obese.
Design In this study, we conducted a meta-analysis 
using five publicly available stool and tissue-based 16S 
rRNA and whole genome sequencing (WGS) data sets of 
CRC microbiome studies. High-resolution analysis was 
employed for 16S rRNA data, which allowed us to achieve 
species-level information to compare with WGS. 
results Characterisation of the confounders between 
studies, 16S rRNA variable region and sequencing method 
did not reveal any significant effect on alpha diversity in 
CRC prediction. Both 16S rRNA and WGS were equally 
variable in their ability to predict CRC. Results from 
diversity analysis confirmed lower diversity in obese 
individuals without CRC; however, no universal differences 
were found in diversity between obese and non-obese 
individuals with CRC. When examining taxonomic 
differences, the probability of being classified as CRC did 
not change significantly in obese individuals for all taxa 
tested. However, random forest classification was able to 
distinguish CRC and non-CRC stool when body mass index 
was added to the model.
Conclusion Overall, microbial dysbiosis was not a 
significant factor in explaining the higher risk of colon 
cancer among individuals with obesity.

IntroductIon
The health risks associated with overweight 
and obesity include diabetes, cardiovascular 
disease and cancer. The National Cancer Insti-
tute estimates that 3.2% of all new cancers 
are due to obesity and that 14% of deaths 
from cancer in men and 20% in women are 
attributed to obesity.1 2 Colorectal cancer 

(CRC) accounts for approximately 142 000 
new cancer cases and 50 000 cancer deaths 
annually, making it the second most lethal 
cancer in the USA (SEER). Several epidemio-
logical studies demonstrate that adult obesity 
increases the risk of colon cancer 1.2-fold to 
2-fold, with obesity accounting for 14%–35% 
of total colon cancer incidence.1 3–5 For 
these reasons, it is imperative to identify new 
methods to reduce the burden of obesity on 
the risk and mortality from colon cancer. 
Three areas of inquiry are important for 
understanding the aetiology of CRC: obesity, 
inflammation and the microbiome.

Several studies indicate that specific micro-
bial taxa are playing a role in the aetiology 
of colon cancer.6–9 However, whether the 
microbiome is also contributing to develop-
ment of obesity-associated colon cancer in 
humans is completely unknown. One method 
that has shown promise for identifying early 
stage colon cancer is through analysing the 
microbiome of the gastrointestinal tract (GI). 
Several studies have found colon cancer-as-
sociated microbiota in precancerous colon 
tissue (adenomas) and have used the micro-
biome to distinguish precancerous adenomas 
from CRC, though with variable rates of 
accuracy.10–12 Further, specific bacteria have 
been identified as promoters in colon cancer 
development, including enterotoxigenic 
Bacteroides fragilis (ETBF) and Fusobacterium 
nucleatum.8 9 13–15

Multiple lines of evidence demonstrate 
that both diet and obesity can significantly 
alter the microbiome.16–22 A seminal study 
illustrating the impact of the microbiome 
on obesity, transferred the faecal microbiota 
from monozygotic twins who were obese or 
lean to germ-free mice. From this study, they 
were able to recapitulate the obesity pheno-
type in humanised mice.23 When examining 
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microbiota and subsequent changes in metabolism after 
faecal transfer from obese mice to germ-free mice, it was 
found that this obesogenic microbial community had an 
increased production of SCFAs, which was later shown 
to abrogate lipid storage.20 23 More research, however, is 
necessary to identify the microbiome–host relationship 
in individuals with obesity.24 25

Chronic inflammation is a hallmark of both obesity 
and CRC aetiology. Obesity is characterised by proin-
flammatory adipose tissue macrophages that secrete 
high levels of IL-17, a cytokine which is also induced 
by ETBF in murine models of colon cancer.9 26 27 Given 
the reciprocal relationship between the microbiome 
and the immune system, it is logical to hypothesise 
that obesity-associated microbial dysbiosis, combined 
with a state of chronic inflammation, contributes to the 
increased risk of colon cancer among obese individuals. 
In support of this hypothesis, animal models of colon 
cancer (Apc1638N) have demonstrated that a high fat diet 
or genetically (ob/ob) induced obesity can significantly 
alter the microbiome leading to a loss of Parabacteroides 
distasonis and an increase in proinflammatory factors.19 
In a separate model of colon cancer (K-rasG12Dint), faecal 
transfer from high-fat fed mice with intestinal tumours to 
genetically susceptible mice on a standard diet replicated 
the disease phenotype.28 Thus, it appears that a high fat 
diet may be sufficient to change the microbiome into a 
tumour-promoting community independent of obesity 
and glucose response. As these data demonstrate, there 
are a variety of dysbiotic states that exist in obese individ-
uals, which could further enhance the inflammatory state 
of the GI tract leading to an increased risk of CRC. No 
human studies to date have addressed the obesity-associ-
ated differences in the microbiome and its relationship 
to CRC however.

In this study, we used multiple publicly available data 
sets in which either stool or tissue microbiome sequencing 
was conducted, and from which body mass index (BMI) 
was also available. Using the bioinformatics tools QIIME 
(16S rRNA) and Pathoscope (whole

genome sequencing [WGS]), we processed the 16S 
rRNA and WGS reads and derived a taxonomic profile 
from each of the samples. We used these taxa and the 
metabolic pathway information to determine if a taxo-
nomic signature or if specific taxa were associated with 
both obesity and CRC. From this analysis, we observed 
that the dysbiosis associated with obesity was indepen-
dent from the dysbiosis associated with CRC.

Methods
sample population
For this study, we identify studies relevant to assess the 
relationship between obesity and CRC using the micro-
biome as the independent variable. Together, five studies 
were identified that assessed both BMI and the micro-
biome in stool or tissue from individuals with adenomas, 
carcinomas or individuals without disease (table 1 and 

online supplementary material 1). Three of these studies 
conducted 16S rRNA sequencing on stool or tissue and 
three conducted WGS on stool or tissue, with one using 
RNA sequencing. One study conducted both 16S rRNA 
and WGS on tissue and stool.

Processing of microbial reads and calculation of diversity
All sequence data were downloaded from the NCBI 
Sequence Read Archive. In order to eliminate differ-
ences between studies, we processed the reads using the 
same methods, either QIIME (V.1.9.0) plus the algorithm 
Resphera Insight for 16S rRNA sequencing or Patho-
scope (V.1.0) for processing WGS or RNA-seq reads. For 
the studies sequencing the 16S rRNA gene, the V4 region 
was used for all stool samples as well as tissue, with the 
exception of the subsample of tissue from another study 
used as part of the Zeller et al (2014) data set. Prior to 
Resphera Insight and statistical analysis we rarefied the 
16S rRNA sequencing data to the sample with the lowest 
number of reads; Zackular 25 000 per sample, Zeller 16S 
tissue and stool 10 000 per sample, and Baxter 10 000 
per sample. Details regarding sequencing methods and 
variable regions amplified for each data set are listed in 
table 1 and online supplementary material 1.

statistical analyses
In order to test the association between BMI and the 
microbiome, we grouped our statistical analyses into four 
subgroups: (A) normal stool samples (healthy controls), 
(B) CRC stool or CRC tissue and (C) pooled samples 
(healthy controls and CRC), all of which were adjusted 
for age and sex. Group C was further adjusted for disease 
status.

For alpha diversity measurements, we used both the 
observed number of Operational Taxonomic Unit 
(OTUs) and the Shannon Index. To determine associ-
ations with BMI, we treated it as a continuous variable 
(as a covariate) in the main analysis. For additional anal-
yses, we also dichotomised the subjects into non-obese 
(BMI<30) and obese (BMI≥30) according the WHO 
guidelines.

For beta diversity measurements, we used four distance 
measurements unweighted UniFrac, weighted UniFrac, 
generalised UniFrac and Bray-Curtis for 16S datasets. For 
WGS/RNA-seq data, where we do not have the phyloge-
netic tree, we instead used two non-tree-based distance 
measurements Jensen-Shannon and Bray-Curtis.29 
Different distance measurements represent different 
views of the microbial community and multiple distance 
measurements were used to have a more comprehensive 
view. In order to determine the difference in commu-
nity membership between BMI categories, we used the 
PERMANOVA test on single distance measures, with the 
omnibus test on the combination of all distance metrics 
(PermanovaG, ‘GUniFrac’ R package).30

In order to compare taxonomic abundance between 
groups, we used as input OTU (16S rRNA) and species 
(WGS) counts. Negative binomial regression was used 
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Figure 1 Variance in ability of alpha diversity to predict 
odds (log2) of CRC controlling for obesity and study 
confounders. The log2 OR of CRC using observed OTUs 
(left panel) or Shannon Index (right panel) as predictors. The 
multilevel model includes obesity (level 1) and sequencing 
method (16S rRNA or WGS) and variable region (V4 or V3-4) 
(level 2) as coefficients. CRC, colorectal cancer; WGS, whole 
genome sequencing.

with BMI as a continuous variable for analysis of the 
microbiome while controlling for age and sex. Using 
multilevel modelling, the effects of confounders in study 
designs were examined. Details of all taxonomic analyses 
including random forest and mediation are found in 
online supplementary material 1.

results
database and study selection
We performed a systematic review and meta-analysis 
guided search of the literature. Within this search we 
included five studies that analysed the microbiome of 
the stool or tissue from patients with colon cancer and 
which also had clinical information from patients on BMI 
(table 1). Given that our central hypothesis is predicated 
on a difference in microbial structure and composition 
between obese and non-obese individuals, we focused 
our initial analyses on the Baxter et al study, which has 
adequate sample size to detect differences between 
these two groups.11 The remaining studies were used as 
comparators to support or negate any associations found 
between the microbiome and obesity.

characterisation of cofounders between studies
A major issue facing microbiome studies is the lack of 
standardised methods for collection, storage, nucleotide 
extraction, sequencing methodology and bioinformatic 
analysis. Thus, we began our analysis by characterising 
the effect of 16S rRNA variable region and sequencing 
methods (16S rRNA or WGS) on observed OTUs and 
Shannon diversity for prediction of CRC. Unfortunately, 
we could not fully test the effect of nucleotide extraction 
as the Feng et al study did not provide this information. 
We chose to focus on alpha diversity for this analysis 
given that it is a low-resolution measure, which allows for 
comparison across studies. Using multilevel modelling 
to predict CRC status, we calculated the average log2 
OR (logit) for each study when these level 2 predictors 
(variable region and sequencing method) were included 
in the model. The results of this analysis demonstrated 
that alpha diversity and obesity vary by study but do 
not significantly change the probability of having CRC 
(figure 1A,B; online supplementary figure S1). Between 
the studies that used different extraction techniques, 
Zeller (GNOME DNA Isolation Kit, MP Biomedical) vs 
Baxter and Zackular et al (Power Soil, Mo Bio), we did 
not observe an effect of extraction technique on the rela-
tionship between alpha diversity and probability of CRC 
(figure 1A,B). Further, the predictive ability of 16S rRNA 
data, alpha diversity, to classify CRC varies among studies 
but using WGS does not improve this predictive ability 
nor does variable region choice (figure 1A,B). Overall, 
among the potential confounders we tested, we did not 
observe a significant effect on the ability of alpha diver-
sity to classify CRC cases and controls when controlling 
for obesity.

Alpha diversity analysis
We next sought to validate previous studies showing 
differences in alpha diversity between obese and 
non-obese individuals without CRC. In order to analyse 
alpha diversity within each sample study population, we 
calculated both richness, observed OTUs and Shannon 
diversity. We conducted linear modelling analysis using 
BMI as a continuous measurement and calculated the 
observed OTUs and Shannon diversity controlling for 
age and sex. Confirming previous microbial studies of 
stool from healthy (non-CRC) individuals,25 we also 
found significantly lower Shannon diversity in individ-
uals that are obese without CRC from two of the 16S 
rRNA data sets (Baxter and Zeller et al [WGS]) and lower 
richness in the Zeller et al (16S) data; unadjusted Mann-
Whitney U tests did not show this same result comparing 
individuals with and without obesity (figure 2A; online 
supplementary figure S2A and table 2). Supporting 
previous meta-analyses, however, studies with N<100 
subjects displayed similar trends but did not reach statis-
tical significance. When we asked if this same trend of 
lower Shannon diversity was present in obese individuals 
with CRC, we saw no association, with the exception of 
the Feng et al dataset, which demonstrated a significantly 
higher alpha diversity with higher BMI both as contin-
uous and categorical models, but not in the unadjusted 
analysis (figure 2B; online supplementary figure S2B and 
table 2). These results may be due to geography and diet 
of Asian populations. Together, these data indicate that 
while there is an association between community compo-
sition and obesity in those without CRC, this association 
is not present in those with both obesity and CRC.

Beta diversity analysis
We next asked whether we could detect microbial 
community differences in structure between obese 

https://dx.doi.org/10.1136/bmjgast-2018-000247
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Figure 2 Alpha diversity in individuals with or without obesity and with or without CRC. (A) Observed OTUs and Shannon 
diversity in individuals without CRC or (B) with CRC comparing individuals with or without obesity. Reporting p values are 
from Mann-Whitney U test comparing the alpha diversity of individuals with or without obesity. BMI, body mass index; CRC, 
colorectal cancer; WGS, whole genome sequencing.

and normal weight individuals with or without CRC. 
To conduct this analysis, we calculated the omnibus p 
value for comparison of all distance matrices.31 In all 
of the data sets analysed, except Vogtmann et al (WGS), 
Zeller et al (WGS) and Zeller et al (16S rRNA/tissue), we 
observed a significant difference (omnibus p<0.05) in 
community structure between obese and non-obese indi-
viduals without CRC (table 3; see online supplementary 
figure S3A). This same analysis in individuals with CRC 
(obese vs non-obese), however, yielded only one signifi-
cant observation in the Feng et al dataset (table 3; online 
supplementary figure S3B), supporting the observations 
with community composition. Thus, similar to commu-
nity composition, community structure is associated with 
BMI in individuals without CRC but not in those with 
CRC.

taxonomic diversity analysis
Again, we began our taxonomic analysis comparing 
individuals with and without obesity among individuals 
without CRC as a means of validating previous studies, 
using as our reference the largest study dataset.11 From 
this analysis, controlling for age and sex, a significantly 

lower relative abundance of several Ruminococcus spp. 
was identified in the two of the datasets (Zackular et al, 
Zeller et al [16S rRNA stool], Zeller et al [WGS]) as well 
as Coprococcus spp. (Baxter et al, Zackular et al, Zeller et al 
[16S rRNA stool]), Bacteroides spp. (Baxter et al, Zackular 
et al, Feng et al, Vogtmannn et al, Zeller et al, [WGS]), 
Bifidobacterium spp. (Zeller et al [WGS]) and Akkermansia 
muciniphila (Zackular et al, Zeller et al [WGS]) (online 
supplementary figure S4 and online supplementary table 
1). When combining all differentially significant species, 
those from genus Bacteroides and Bifidobacteria appeared 
most often to differentiate individuals with and without 
obesity (online supplementary table 1). While no one 
genera or species was found to be differentially abundant 
(higher or lower) between all five datasets comparing 
individuals with or without obesity among individuals 
without CRC, the genus Bacteroides contained the greatest 
number of differentially abundant species in individuals 
with obesity in all but one dataset (online supplementary 
table 1).

https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247


6 Greathouse KL, et al. BMJ Open Gastro 2019;6:e000247. doi:10.1136/bmjgast-2018-000247

Open access 

Table 2 Alpha-diversity analysis comparing obese and non-obese within cases and controls

Type Reference (Sample) 

Observed OTUs Shannon

P valueLinear (Est.)* P value Linear (Est.)*

16S rRNA Baxter et al11 (Stool) 

Non-CRC-Ob vs Non-Ob −22.756 0.064 −0.173 0.046

CRC-Ob vs CRC Non-Ob −1.283 0.930 −0.059 0.564

Zackular et al6 (Stool) 

Non-CRC-Ob vs Non-Ob −36.737 0.248 −0.240 0.217

CRC-Ob vs CRC Non-Ob 7.006 0.811 0.053 0.794

Zeller et al (Stool) 

Non-CRC - Ob v Non-Ob −86.434 0.049 −0.455 0.051

CRC - Ob v CRC Non-Ob −42.696 0.551 −0.020 0.953

Zeller et al (Tissue) 

Non-CRC-Ob vs Non-Ob −14.373 0.682 −0.019 0.949

CRC-Ob vs CRC Non-Ob −12.389 0.683 0.140 0.690

WGS Vogtmann et al (Stool) 

Non-CRC-Ob vs Non-Ob −25.023 0.399 −0.165 0.372

CRC-Ob vs CRC Non-Ob −9.187 0.698 −0.025 8.971

Feng et al10 (Stool) 

Non-CRC-Ob vs Non-Ob −27.211 0.204 −0.327 0.085

CRC-Ob vs CRC Non-Ob 21.947 0.348 0.389 0.183

Zeller et al (Stool) 

Non-CRC-Ob vs Non-Ob −21.877 0.157 −0.219 0.041

CRC-Ob vs CRC Non-Ob 3.592 0.832 −0.031 0.813

Values in bold are significant at p<0.05.
*Linear modelling with BMI as continuous controlling for age and sex.
BMI, body mass index; CRC, colorectal cancer; WGS, whole genome sequencing.

Mediation effect of differentially abundant taxa on obesity-
associated crc classification
In order to determine if any taxa were affecting (medi-
ating) the relationship between BMI and CRC probability, 
we took two approaches. The first approach was a clas-
sical mediation test, in which we constructed three tests. 
First, we estimated the OR of individuals with higher BMI 
being more likely to be classified as having CRC. Second, 
we estimated the same relationship between BMI and 
CRC status while controlling for the mediating effect of 
differentially abundant bacteria. Meaning, if the bacte-
rium mediates the relationship between BMI and CRC 
probability, then the OR for BMI will decrease. Third, we 
calculated how much change in the OR occurred from the 
first to second model. Thus, from this change in ORs, 
we estimated how much of an effect including each taxa 
had on increasing or decreasing the probability of being 
classified as CRC for each one unit increase in BMI. From 
this analysis, we identified several taxa that increased or 
decreased the probability of CRC (online supplementary 
table 2) and the overall presence or absence of each taxa 
in cases and controls (online supplementary table 3). 
Species from the Bacteroides, Ruminococcus and Prevotella 
genera as well as Bifidobacterium catenulatum decreased 

the probability of CRC with increasing BMI, except for 
two species of Prevotella which increased CRC probability. 
The mediation effect of these taxa, however, was relatively 
weak; less than 1% change in OR (change in probability 
of CRC, OR range=−9e-05 to −0.01) (online supplemen-
tary table 2), with the majority showing a negative effect 
and only 8/34 showing a positive effect; none showed a 
significant mediation effect (online supplementary table 
2).

In our second approach, we derived an overall medi-
ation effect using the FDR adjusted p values (q values); 
the q values were calculated for each data set and q values 
for taxa <20% were considered to have a significant medi-
ating effect (see online supplementary material 1). Using 
this approach, we looked for taxa that had a significant 
mediating effect between studies and identified two, Phas-
colarctobacterium succinatutens and Streptococcus salivarius; 
however, they were only shared between 2/6 studies each 
(online supplementary table 4). Overall, these results 
indicate the majority of bacteria associated with CRC and 
BMI decrease the odds of CRC in individuals with obesity, 
but only weakly.

In addition, to determine if previously identified 
CRC-associated taxa, F. nucleatum, F. prausnitzii, B. fragilis 

https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
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or A. muciniphila, were altered in individuals with obesity 
in their ability to differentiate CRC from non-CRC, we 
calculated the log2 ORs for each species (online supple-
mentary figure S5). Overall, among individuals with 
obesity, F. nucleatum consistently showed stronger predic-
tion (log2 OR) of CRC.

Ability of the microbiome to classify obesity-associated crc
Given that previous studies have demonstrated the 
predicative capability of the microbiome in generating 
classifiers for CRC, we next asked whether a taxonomic 
consortium could accurately predict obesity-associated 
CRC. Using the machine learning method random 
forest, we calculated importance scores among obese 
individuals at the OTU or genus level using 10-fold 
cross-validation in individuals with adenomas or CRC. 
These values were then used to calculate area under 
the receiver operator curve (AUC) using age and sex as 
covariates or the microbiome alone. Among all obese 
individuals, the average of all AUC values predicting CRC 
cases at the OTU and genus level was 0.66 (0.47–0.84) 
and 0.68 (0.47–0.94), respectively (figure 3B). Simi-
larly, among obese adenoma cases, average AUC values 
at the OTU and genus level were 0.61 (0.48–0.86) and 
0.60 (0.52–0.73), respectively (figure 3A), demonstrating 
high heterogeneity among studies in predicting CRC or 
adenomas in obese individuals. Last, we sought to vali-
date CRC classifiers developed by Baxter et al and Zeller et 
al by agnostic application of our random forest classifier 
on each dataset using all genera or OTUs. Overall, the 
microbiome by itself or controlling for BMI, age and sex 
had low and variable AUC values (OTU; AUC=0.53–0.79; 
Genus; AUC=0.59–0.81) in most studies. We were able, 
however, to validate the classifier from the Baxter et al and 
Feng et al studies; our AUC values were 0.79 (Baxter et al) 
and 0.81 as compared with Baxter et al (AUC=0.84) and 
Feng et al (AUC=0.96). Although we could not approach 
the classifier values from the Zeller et al study (AUC=0.84; 
without FOBT), this was likely due to the difference in 
their approach in building the classifier. In general, these 
data indicate that the microbiome together with clinical 
data, and likely FOBT or similar tests, could have diag-
nostic utility.

Finally, we interrogated the metabolic potential 
of the bacterial community using the bioinformatics 
tool PICRUSt in order to obtain predicted functions. 
However, none of these predicted functions differenti-
ated obese individuals among all studies (figure 4A,B). 
Predicted functional analysis, therefore, did not further 
distinguish obesity-associated CRC from those with CRC 
and normal BMI.

dIscussIon
Evidence clearly demonstrates an intimate link between 
inflammation, obesity and the microbiome.32–41 In 
vivo, multiple studies indicate an interaction or medi-
ating effect of the microbiome in promoting colon 

tumourigenesis in the presence of a high-fat diet or 
genetic-induced obesity.18 19 42–44 In this study, using BMI 
as a measure of obesity, we were able to initiate the first 
analysis addressing this outstanding question in human 
subjects.

This is the most comprehensive high-resolution study 
of the microbiome in individuals with and without obesity 
among those with CRC, using multiple sequencing plat-
forms and methods. In this meta-analysis, we describe 
both obesity-associated and CRC-associated results. First, 
we found both community structure and composition 
in stool and tissue samples from individuals with CRC 
are independent of BMI. Second, we identified a weak 
effect of the majority of species associated with both BMI 
and CRC on risk of CRC. Last, we show the microbiome, 
by itself or modelled with age and sex, is insufficient to 
classify adenomas or CRC from obese controls. However, 
when controlling for clinical variables and BMI, we are 
able to achieve similar levels of CRC classification to 
other studies.45 Overall, by combining species-level reso-
lution from 16S rRNA and WGS data, we were able to 
define the microbial community structure and function 
at a high resolution, revealing overall a weak effect of the 
microbiome on mediating CRC risk among individuals 
with obesity as compared with those with normal BMI.

While this study did not identify any strong universal 
BMI-associated microbial biomarkers of CRC, many 
mechanisms are likely key in driving the increased 
risk of CRC in obese individuals that we could not 
account for in this study. These include tumour loca-
tion (left vs right), mutation profile, differentiation, 
mismatch repair status and diet, many of which are able 
to differentiate individuals with obesity among those 
with CRC.46–49 A high fat diet, however, may be more 
important than BMI or obesity in driving the delete-
rious changes in the microbiome in individuals with 
obesity. In support, feeding a high-fat diet to K-rasG12Dint 
mice is sufficient to drive tumourigenesis from 30% to 
60%.28 Moreover, when faeces from high fat fed mice 
(K-rasG12Dint) are transferred to healthy (K-rasG12Dint) 
mice, tumour burden is increased along with dimin-
ished immune cell recruitment.28 This was prevented, 
however, when supplemented with butyrate, which 
also increased Bifidobacterium abundance as compared 
with mice not supplemented with butyrate.28 We also 
found several species of Bifidobacterium lower in individ-
uals with obesity among those with and without CRC. 
Interestingly, butyrate and butyrate producing bacteria 
were shown to be increased in African-American men 
after switching to a traditional high fibre, low-fat rural 
African diet.50 Again, similar to the results of high-fat 
feeding promoting CRC, which was abrogated with 
butyrate treatment, the aforementioned study found 
that the high-fat Western diet of African-Americans 
was associated with higher secondary bile acids, known 
promoters of carcinogenesis. Together, these studies 
indicate that a high fat diet, specifically from saturated 
fats, may be interacting with the microbiome to create 

https://dx.doi.org/10.1136/bmjgast-2018-000247
https://dx.doi.org/10.1136/bmjgast-2018-000247
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Figure 3 Microbial classifiers of CRC and obesity-associated CRC. (A) ROC for the random forest classification analyses for 
obese vs non-obese in individuals with CRC for each study. AUC is the 10-fold cross validated area under the curve. (B) ROC 
for the random forest classification analyses of obese vs non-obese in individuals with adenomas for each study. Due to a 
lack of cases with adenomas in some studies, a random forest was not possible and are therefore not shown. (C) ROC for the 
random forest classification analyses of CRC vs non-CRC in each dataset adjusted for BMI, age and sex. AUC, area under the 
receiver operating curve; BMI, body mass index; CRC, colorectal cancer; ROC, receiver operating curve; WGS, whole genome 
sequencing.

a proinflammatory environment conducive to colon 
carcinogenesis.

BMI is crude measure of obesity, and other more accu-
rate measures (eg, waist circumference, adipokines and 
so on) are required to fully explore the relationship 
between obesity, inflammation and the microbiome in 
development of CRC. An exemplar of this relationship 

is demonstrated for lung cancer, wherein the use of BMI 
demonstrates that a lower risk of lung cancer is associ-
ated with higher BMI but use of waist circumference or 
waist to hip ratio demonstrates and increased risk of lung 
cancer.51 Thus, this study sets the stage for future research 
to consider adding measures of adiposity beyond BMI 
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Figure 4 Pathway abundance analysis in individuals with or without obesity among individuals with or without CRC. relative 
abundance of KEGG metabolic pathways (16S rRNA) or modules (WGS) inferred from PICRUSt or HUMAnN, respectively. 
Significance was calculated using the Wilcox test correction for multiple hypothesis testing; asterisks are representative of 
significance at adjusted p<0.2. CRC, colorectal cancer; WGS, whole genome sequencing.

when studying the aetiology and risk of CRC as well as 
other cancers influenced by obesity.

Overall, our validation of microbiome-based classi-
fiers indicates this approach, in combination with FOBT 
or FIT tests, is well supported for continued develop-
ment. More important, while this study did not assess 

diet directly, other studies suggest that diet, rather than 
obesity, is creating a proinflammatory microbial commu-
nity increasing CRC risk.28 50 Hence, characterising the 
role of the diet in addition to the microbiome in CRC 
aetiology is necessary, which will require more detailed 
molecular analyses and well-designed longitudinal 
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human studies to identify dietary and early stage micro-
bial biomarkers prior to disease.
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