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Abstract 

It is increasingly being recognised that changes in the gut microbiome have either a causative or associative rela-
tionship with colorectal cancer (CRC). However, most of this research has been carried out in a small number of 
developed countries with high CRC incidence. It is unknown if lower incidence countries such as India have similar 
microbial associations.

Having previously established protocols to facilitate microbiome research in regions with developing research 
infrastructure, we have now collected and sequenced microbial samples from a larger cohort study of 46 Indian CRC 
patients and 43 healthy volunteers.

When comparing to previous global collections, these samples resemble other Asian samples, with relatively high lev-
els of Prevotella. Predicting cancer status between cohorts shows good concordance. When compared to a previous 
collection of Indian CRC patients, there was similar concordance, despite different sequencing technologies between 
cohorts.

These results show that there does seem to be a global CRC microbiome, and that some inference between studies 
is reasonable. However, we also demonstrate that there is definite regional variation, with more similarities between 
location-matched comparisons. This emphasises the importance of developing protocols and advancing infrastruc-
ture to allow as many countries as possible to contribute to microbiome studies of their own populations.
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Importance
Colorectal cancer is increasing in many countries, 
thought to be partly due to the interaction between 
gut bacteria and changing diets. While it is known that 
populations in different parts of the world have very dif-
ferent gut microbiomes, the study of their role in colo-
rectal cancer is almost exclusively based in the USA and 
Europe. We have previously shown that there is overlap 
between the colorectal cancer microbiome in multiple 
different countries, establishing robust protocols in the 
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process. Here we expand that into a new Indian cohort. 
We show that while there are similarities between coun-
tries, by concentrating on one country, we can uncover 
important local patterns. This shows the value of sharing 
expertise and ensuring that work of this nature is possible 
wherever this disease occurs.

Introduction
Colorectal cancer (CRC) is the second biggest cause of 
cancer-related deaths, globally. Although incidence has 
been higher in more developed countries, cases are rising 
in countries with traditionally lower rates [1]. Over recent 
years, there has been a growing focus on the associations 
between the gut microbiome and the development of 
CRC, whether this is in the form of specific bacteria or 
bacterial toxins thought to have a role in carcinogenesis 
[2–4] or as an association with the overall gut flora, that 
could be informative as to the overall biology of the can-
cer, or useful in screening [5–7].

A major obstacle to a comprehensive understanding of 
the role of the microbiome in CRC biology (and microbi-
ome studies in general) is the lack of diversity of sample 
populations. A recent meta-analysis of 444,829 publicly 
available microbiome samples from 2,592 studies found 
that, where origin was known, 71% of samples were from 
North America or Europe [8]. The South Asian subconti-
nent was particularly under-represented, making up just 
1.8% of samples, despite the region accounting for around 
a quarter of the global population, and an increasing CRC 
incidence [1]. Studies focusing on Indian microbiomes 
have demonstrated a marked difference with Western 
populations [9–11], with taxa such as Prevotella being 
noticeably more abundant in Indian samples. This means 
that published associations between CRC and the micro-
biome may not be relevant to Indian (or other under-
represented) patients. Studies of Indian populations have 
mainly sought to understand the microbiome of healthy 
individuals, or are group-specific studies comparing rural 
with urban, tribal or other localised population patterns. 
Sample numbers of studies examining the CRC microbi-
ome in under-represented populations have mostly been 
limited, and have not been compared to global patterns, 
in order to better understand the similarities and differ-
ences between countries with different CRC incidences.

As part of an effort to address this imbalance, we have 
previously established an International CRC Micro-
biome Network seeking to advance the study of the 
microbiome of CRC in under-represented countries 
(namely India, Vietnam, Argentina and Chile in the ini-
tial phase). As an extension of the process of data gen-
eration, we participated in knowledge and expertise 
exchange. We also optimised cost-effective sample col-
lection and storage protocols alongside sequencing and 

analysis strategies that are robust enough to be reproduc-
ible in countries which may not have the infrastructure 
of better-resourced facilities. We demonstrated that stor-
ing faecal samples on guaiac faecal occult blood (gFOBT) 
cards followed by 16S V4 rRNA sequencing allows long-
term room-temperature storage and shipping of samples 
prior to processing, and produced data showing country 
specific microbial patterns as well as an international 
CRC bacterial signature [12]. This work built on our pre-
vious study which showed that 16S data produced from 
gFOBT faecal storage was similar to that from frozen 
samples, with no changes to floral composition or abun-
dance [13].

This previous work was characterised by regional can-
cer centres in the aforementioned countries collecting 
samples, followed by shipping to the UK for processing. 
In the current study, we present the next logical step in 
the International CRC Microbiome Network aims of 
developing local expertise. We collected stool samples 
from a new cohort of 90 Indian CRC patients and healthy 
volunteers, and processed and sequenced them in India. 
We compared them to our previous data and to external 
cohorts to demonstrate the infrastructural and technical 
compatibility of the Indian institutions in carrying out 
microbial research into their own local cohorts, thereby 
demonstrating the value of country-specific analyses 
in globally significant fields such as CRC microbiome 
research.

Methods
All research was carried out at The Cancer Institute 
(WIA), Chennai, India. Wherever possible, we used pro-
tocols developed during our previous work to establish a 
global CRC microbiome network [12], adapted for local 
use.

Patient and healthy volunteer recruitment
Samples used in the study were collected between 
October 2018 and November 2019. Cases include CRC 
patients attending the Cancer Institute (WIA) and con-
trols including healthy volunteers who were asymp-
tomatic and unrelated to any gastrointestinal tract / 
genitourinary tract cancer patients. Inclusion criteria 
were: Subject age of 18 or over at time of enrolment; Sub-
ject must be able to provide signed and dated informed 
consent and be able to attend scheduled follow-up 
appointments; Cases must have a confirmed diagnosis of 
CRC, no previous history of cancer, and be willing to pro-
vide stool specimens; Controls must have not previous 
history of cancer and be willing to provide stool speci-
mens. Exclusion criteria were: Subjects are unwilling or 
unable to provide informed consent; Use of any systemic 
antibiotic, antifungal, antiviral or antiparasitic drugs in 
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the previous six months; Use of oral, intravenous, intra-
muscular, nasal or inhaled corticosteroids in the previous 
six months; Use of methotrexate or immunosuppressive 
cytotoxic agents in the previous six months; Use of large 
doses of commercial probiotics (greater than or equal to 
 108 cfu or organisms per day) in the previous six months 
(including products were probiotics are the primary 
component, but not ordinary dietary components such 
as fermented beverages, yoghurts etc.); Unstable dietary 
history defined by major changes in diet in the previous 
month, where the subject has eliminated or significantly 
increased a major food group in the diet; Positive test for 
HIV, HBV or HCV; Severe co-morbidity conditions such 
as uncontrolled diabetes or hypertension; Systemic auto-
immune disorders; Major surgery to the gastro-intestinal 
tract, with the exception of cholecystectomy and appen-
dectomy, in the previous five years; Any major bowel 
resection at any time.

As there was no intervention in this study, no randomi-
sation was carried out.

Ethical approval
This study was performed in accordance with the Dec-
laration of Helsinki with the approval from Institutional 
ethics committee (IEC/2018/01) at Cancer Institute 
(WIA), Chennai and Indian Council of Medical Research, 
study reference number (2018–0337). All patients and 
healthy volunteers gave appropriate informed consent.

Sample collection
Patients and healthy volunteers each provided a stool 
which was applied to all windows of a gFOBT card, and 
developer solution added within six hours. Once dry, 
cards were stored in sealed bags at ambient temperature 
until batch processing.

DNA extraction
Three faecally loaded squares were excised using ster-
ile scalpels, and DNA was extracted from gFOBT cards 
using a modified version of the QIAamp DNA mini kit 
(Qiagen, Germany) with additional Buffer ASL (Qiagen, 
Germany) as previously described [12].

16S rRNA library preparation and sequencing
We used the Earth Microbiome Project (EMP) 16S Illu-
mina library preparation protocols [14] with Illumina 16S 
V4 primer constructs 515F (Parada)-806R (Apprill) [15], 
as previously described [12].

All libraries were pooled and sequenced by MedGe-
nome Labs (Bangalore, India) on a single run of an Illu-
mina MiSeq, using 2 × 250 bp paired-end reads.

Data processing
Reads were stripped of Illumina adapters using cutadapt 
[16]. Further processing was carried out using QIIME2 
(version 2019.10) [17]. Reads were trimmed to 220  bp 
to remove poor quality base calls, before denoising, pair 
merging and representative sequence assignment using 
DADA2 [18]. Taxa were assigned to the SILVA database 
(version 132) [19] using BLAST + [20], implemented 
within the QIIME2 q2 feature classifier plugin [21].

Within QIIME2, sequences were rarified to the level 
of the lowest-depth sample (43,000 QC-passing reads) 
before diversity analyses. Shannon index alpha diversity 
[22] of each sample was calculated, as well as Bray–Cur-
tis beta diversity distances [23] between samples. Adonis 
PERMANOVA tests [24] were used to compare Bray–
Curtis distances to sample metadata. Bray–Curtis dis-
tances were visualised using principle coordinate plots.

Taxa tables, and alpha and beta diversity measures 
were exported from QIIME2 for further analysis and vis-
ualisation in R (version 4.0.5). Random forest models [25] 
were built using randomForest [26] and validated using 
pROC [27]. Taxa significantly associated with metadata 
were called using LEfSe [28].

Comparisons to external data
We compared this dataset to our previous dataset [12] by 
merging QIIME2 tables, before processing as described 
above. We also compared to a metagenomic faecal data-
set of Indian CRC samples [29], by examining genus-level 
taxonomic assignments of the two groups of samples.

Results
Sample numbers and sequencing quality
We recruited 47 CRC patients and 43 control healthy 
volunteers. Of these, one CRC patient failed sequencing 
QC, leaving 46 patients and 43 controls. Age and gender, 
comorbidities and information on the consumption of 
tobacco, meat and alcohol was collected for all partici-
pants, with additional, tumour-specific metadata avail-
able for the CRC patients, summarised in Table 1.

Between 43,443 and 252,721 (median 120,789) 
sequences were called per sample, following pair merging 
and denoising by DADA2. This is a higher number than 
the Indian samples from our previous study [12], (mini-
mum 58,984, maximum 128,124, median 106,324). How-
ever, feature number is mostly a reflection of sequencing 
depth. When all samples were rarefied to a similar depth 
and Shannon diversity compared (supplementary fig-
ure S1), the two datasets were comparable. The samples 
from the current study had a slightly higher diversity, but 
this was not significant (Mann–Whitney p = 0.059). The 
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slightly higher measured diversity could be a function 
of the sequencing technology used. The current study 
was performed using an Illumina MiSeq with 2 × 250 bp 
reads to measure a 240 bp PCR product, whilst the previ-
ous study used an Illumina HiSeq with 2 × 150 bp reads. 
The MiSeq data deteriorated less over the span of the 
read, and combined with the longer read length might 
have made a range of representative sequences easier 
to reliably detect. Alternatively, the small sample num-
bers of the previous data (20 Indian samples) might have 
resulted in a slightly unrepresentative sample set.

Adonis PERMANOVA analysis of Bray–Curtis distances 
between the current study and the previous Indian samples, 
showed that sample status (cancer vs healthy volunteer) 
was associated with the largest proportion of measured dif-
ferences, followed by which dataset the sample belonged, 
then gender and age (supplementary figure S2).

Comparison with previous data
We first compared the current data with our previ-
ous global comparison using principle coordinate plots 
of Bray–Curtis distances (Fig.  1). As we saw with our 

previous study, there appeared to be more geographic 
separation than separation by cancer status. Although 
the plot is now dominated by Indian samples, so biased, 
the South American samples are all in the left side of 
the plot, and Vietnamese samples mostly in the top half. 
Adonis PERMANOVA analysis indicated that sequenc-
ing run was associated with 3.4% of variation, country of 
origin with 6.7%, and cancer status with 2.3%, all of which 
were significant (p < 0.001).

Next, we compared the most prevalent taxa of the 
two datasets (Fig.  2). As with the principle coordinate 
plot, there was clear geographical separation. The Asian 
cohorts were characterised by far greater abundance of 
Prevotella, and relatively less Bacteroides. All the cancer 
cohorts had more Escherichia/Shigella than their respec-
tive control cohorts. We tested for taxa differentiat-
ing between cancer and healthy volunteer for a merged 
dataset of all countries from both cohorts, and again 
with just Indian samples, using LEfSe [28]. This allowed 
us to examine taxa outside of the most common gen-
era. (Supplementary figure S3). For both comparisons, 
known CRC taxa such as Akkermansia, Fusobacterium 
and Ruminococcus were evident, reiterating our previous 
findings that there appears to be a consistent CRC-asso-
ciated faecal flora. Taxonomic assignments are given in 
full in table S1.

We also compared alpha diversity of cancer versus 
healthy volunteer for the different countries (Fig.  3). As 
we had previously showed, Indian (and Vietnamese) sam-
ples have lower diversity than South American samples. 
It was previously seen that cancer samples had higher 
diversity than healthy volunteers for all the countries, 
although the small sample numbers for the respective 
countries made this difficult to claim with certainty. This 
trend can now be confirmed for Indian samples, given the 
increased sample number (Mann–Whitney p = 0.0005).

Prediction of cancer status using previous data
As well as visually inspecting similarities between our 
previous global dataset and our current study, we sought 
to ascertain if the previous data could be used to predict 
cancer status in the current samples, and vice versa.

For both the Young et al. cohort and our new cohort, 
we generated random forest models and used them to 
predict cancer status in their own samples, and then 
validated them in the other dataset (Fig. 4). There was 
very good concordance. The previous samples had an 
area under the curve (AUC) of 0.77 when used to pre-
dict their own samples, which only dropped to 0.76 
when our current study was used as the original model. 
Our current study had an internal AUC of 0.86, which 
dropped to 0.85 when cancer status was predicted using 
the model from the Young et al. cohort. It is interesting 

Table 1 Patient and healthy volunteer demographics and 
metadata

Sample details Controls CRC 

Total 43 46

Gender
 Male 29 26

 Female 24 20

Age
 Range 23–76 21–76

 Median 38 51

Comorbidities
 Diabetes 6 9

 Hypertension 1 6

Personal habits
 Smoker 2 4

 Alcohol 5 7

 Meat eater 28 41

Cancer specific data
 Site of cancer Right sided colon 6

Left sided colon 15

Rectum 25

 Grade Grade 1 1

Grade 2 34

Grade 3 11

 Stage Stage 1 0

Stage 2 8

Stage 3 37

Stage 4 1
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Fig. 1 Principle coordinate plot of Bray–Curtis distances of the current study, compared to global samples from Young et al. “India” refers to previous 
Indian samples. 95% confidence intervals for sample groupings are displayed as ellipses

Fig. 2 Taxa abundance of the current study and Young et al. The top 15 genera across all cohorts are displayed
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that prediction status of our current dataset based on 
the model of our previous samples performs better than 
our previous cohort predicting the status of its own 
samples. Perhaps using samples from only one coun-
try gives a more homogenous dataset, or maybe Indian 
samples are easier to predict, with more dramatic dif-
ferences in levels of predictive taxa such as Prevotella 
between cancer patients and healthy volunteers. The 
theory that Indian samples may be easier to predict is 
corroborated by meta-analysis carried out within the 
Young et al. paper. Ten studies, including that of Young 
et  al. and the Gupta et  al. cohort if Indian CRC and 
healthy volunteers. A random forest model was built of 
each cohort and validated against every other cohort. 
The validation using the Indian Gupta cohort had the 
highest AUC value for five of the nine models (includ-
ing the model based on Young et al.) as well as the high-
est mean AUC.

These results repeat our previous findings that there 
appears to be a consistent, global pattern of changes in 
the faecal microbiome of CRC patients, and that if this is 

adequately catalogued, can be used to predict the cancer 
status of new samples.

Comparisons with other Indian datasets
There are a limited number of studies profiling Indian 
faecal microbiomes. We visually compared our data to 
three studies profiling healthy Indian healthy volunteers 
[9–11]. Whilst these studies had different aims, largely 
based on profiling the variation across India and between 
Indian and non-Indian populations, they were all charac-
terised by the dominance of Prevotella amongst a large 
proportion of their samples, as we observed in both our 
healthy volunteers and cancer patients.

We were only aware of one other study comparing the 
microbiomes of CRC patients to healthy volunteers in 
Indian samples, based on individuals from Bhopal and 
Kerala [29].

First, we compared the alpha diversity of CRC and vol-
unteer samples of the Gupta metagenomic dataset, both 
in the original species calls, and converted into genus 
calls, to match our 16S genus calls.

Fig. 3 Shannon index alpha diversity of the current study and Young et al. Indian samples from the two studies have been merged
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Both the species and genus calls of the Gupta dataset 
repeated the observation in our data that CRC alpha 
diversity was significantly higher than volunteer samples, 
compared to CRC diversity being lower in more com-
monly studied countries. This is displayed in Fig.  5. We 
are unable to ascertain if the higher diversity in our data-
set compared to the Gupta cohort is a technical artefact 
of sequencing strategy, or a real, geographical difference.

We then compared the CRC and healthy volunteer taxa 
in both groups of samples.

Visually, whilst there were differences, some patterns 
were consistent between the datasets (Fig.  6). Prevo-
tella was higher in control populations for both groups 

while Escherichia/Shigella was higher in CRC samples. 
When comparing using LEfSe (Supplementary figure S3), 
there were several similarities. Out of 43 CRC-associ-
ated taxa in the current study, 13 were amongst the 28 
CRC-associated taxa from Gupta et  al. Out of control-
associated taxa, two were shared between four taxa 
called from the current study and six from Gupta et  al. 
The main discrepancy was that Bacteroides was associ-
ated with healthy controls in the current study and CRC 
in the Gupta cohort, possibly due to differences between 
16S and whole metagenomic sequencing strategies, but 
more likely due to using different cohorts from different 
regions of India. Different populations may have different 

Fig. 4 Using random forest models of A our previous global dataset and B our current study to predict cancer status in their own samples and C, 
D to predict cancer status in samples from the other study
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prevalent species of Bacteroides, with some relatively 
benign and some containing CRC-associated strains [30].

Adonis PERMANOVA analysis of location and can-
cer status of the merged datasets suggested that location 
within India was associated with 18% of the variation, 
whilst cancer status was associated with 4.4%. However, 
it is impossible to know how much of the apparent loca-
tion-associated variation is in fact a product of sequenc-
ing strategy. By removing our samples, thus keeping 
sequencing strategy uniform, location was associated 
with 7.8% of variation and cancer status with 10.8%. 
All associations in both comparisons were significant 
(p < 0.001).

As well as simply counting taxa which fell into differ-
ent subgroups, we built random forest models of our data 
and that of Gupta et al. and validated them with the other 
dataset (Fig. 7). Again, there was good concordance. The 
cancer status of both datasets were predicted better using 
their own samples than the models built with the alter-
native dataset, but with overlapping confidence intervals. 

This demonstrates again that taxa calls from one dataset 
can reliably predict cancer status in another, despite com-
pletely different sequencing strategies being used.

Associations with metadata
Lastly, and acknowledging the relatively small size of our 
cohort, we examined whether any of the different patient 
groupings of our CRC samples were associated with 
changes in the microbiome.

When comparing different metadata categories using 
adonis PERMANOVA of Bray–Curtis distances, only 
anatomical site and sex were significant. We compared 
anatomy, age and sex on a principle coordinate plot 
which reiterated these findings. Although there was over-
lap, all the right-sided colon samples were in the top half 
of the plot, and almost all the female samples in the left 
half (Fig. 8).

When comparing taxa for the different metadata cat-
egories (Fig.  9), a number of differences could be seen, 
most noticeably in the relative abundances of the most 

Fig. 5 Shannon index alpha diversity of the Indian samples from our cohorts (India combined), and the genus and species level calls of the Gupta 
et al. dataset. Mann–Whitney p-values are displayed above each CRC/control comparison
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common genera Prevotella, Bifidobacterium, Faecali-
bacterium and Bacteroides. It should be noted that some 
sample numbers of some groupings are very small. For 
instance, there were only six right-sided colon samples. 
Therefore, we are unwilling to analyse this aspect of the 
data too deeply, and present it more as an example of 
what kind of analyses would be possible with larger sam-
ple numbers.

Discussion
Given the known paucity of microbial datasets from 
outside of Europe and North America [8], it is vital 
for the community to strive to increase the number 
and size of available datasets for a better understand-
ing of the role of the microbiome in health and disease. 
In particular, it is important to gain an understanding 
of which groups of taxa or specific components of the 
microbiome such as toxins [4] are important for non-
invasive CRC diagnosis, or as potential therapeutic tar-
gets. As the field of CRC microbiome studies advances, 
it is important to know which developments are uni-
versal, and which are confined to limited geographical 

regions. This is particularly evident when examining 
the limited number of Indian microbial datasets [9–
11, 29] which consistently report that Prevotella is the 
dominant genus present, in contrast with most other 
countries examined. In this context, it becomes impor-
tant to know if putative oncomicrobes or potential 
screening targets are of value in Indian populations. 
The next most common genera were Bifidobacterium 
and Faecalibacterium. Both these taxa are associated 
with good gut health, and were the most important 
genera associated with healthy controls in a combined 
random forest analysis of ten CRC/control datasets 
from multiple countries [7]. If they offer some level of 
protection against CRC development, or are associated 
with a healthy bowel environment, then the high levels 
of these taxa in India may be associated with the rela-
tively low incidence of CRC.

Having previously set up an international network of 
institutions from countries with under-developed micro-
bial research infrastructure, we have been developing 
robust protocols and producing CRC microbiome data 
from those countries, demonstrating marked differences 

Fig. 6 Taxa abundance of the current study and Gupta et al. The top 15 genera across all cohorts are displayed
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between regions, yet with promising evidence of a uni-
versal CRC faecal microbiome [12].

As a critical output resulting from the establishment 
of that knowledge transfer network, we are now able to 
present a new cohort of CRC and control microbiomes, 
wholly collected and processed in India. We compared 
these samples to the Indian samples from our previous 
collection, sequenced in the UK, and found them to be 
largely comparable. The new data was of slightly higher 
quality, and separated from the old data in diversity 
analyses. We attribute this to the sequencing technology 
used, with less quality deterioration across the length of 
sequencing reads observed in the MiSeq reads than in 

the HiSeq reads of the previous study. Therefore, we have 
demonstrated that Indian institutions can advance their 
microbiome research associated with healthcare ben-
efits, in a systematic manner comparable with that of the 
datasets produced elsewhere. While this study may have 
a modest sample size of 46 CRC samples and 43 controls, 
any dataset in populations which are under-represented 
in microbial research is to be welcomed. By utilising 
standard sample collection and sequencing strategies, we 
are able to combine this dataset with our previous study, 
or future work which has yet to be carried out. All con-
clusions are based on statistical tests which take sample 
size into account.

Fig. 7 Using random forest models of (A) Gupta et al. and (B) our current study to predict cancer status in samples in their own samples and (C, D) 
to predict cancer status in samples from the other study
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Moving from logistics to biology, we compared our new 
dataset to all the samples from our international network 
and external studies. As seen before, our Indian samples 
were characterised by a high abundance of Prevotella, 
especially in the healthy volunteers, and an increase in 
alpha diversity amongst the cancer samples. This pat-
tern of higher CRC diversity was also seen in the Gutpa 

et  al. dataset, which was generated using metagenomic 
sequencing rather than 16S methodology. This is contrary 
to the pattern seen in European and North American 
samples, such as our own UK cohort [7]. As we have seen 
the same pattern in two Indian cohorts with different 
methodology, it is likely that this is a real phenomenon 
and shows again the value of studying under-represented 

Fig. 8 Beta diversity analyses of current study cancer samples. A Adonis PERMANOVA comparison with metadata. R-squared refers to amount of 
Bray–Curtis variation associated with each category. P-value is indicated by: **—p <  = 0.01; *—p <  = 0.05. B Principle coordinate plot of Bray–Curtis 
distances. Shape of points refers to anatomical site, while colour refers to age and sex. 95% confidence intervals for sample groupings are displayed 
as ellipses

Fig. 9 Taxa abundances of the cancer samples split by (A) anatomical site, (B) sex and (C) age
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populations. It has previously been suggested that the 
dominance of Prevotella in healthy Indian samples leads 
to low diversity, and that the relative decrease in Prevo-
tella in Indian CRC samples allows more taxa to flourish, 
resulting in increased diversity [29].

There were differences between our dataset and that 
of Gupta et  al. Despite being the dominant genus, 
Prevotella was less abundant in our samples. This could 
be a bias of sequencing strategy, or it could be differ-
ences between Indian regions. Comparisons of the 
datasets with and without mixed sequencing strate-
gies suggested that both factors had measurable effects. 
Our samples were all from Chennai region, whereas the 
Gupta samples were taken from Bhopal and Kerala, sev-
eral hundred kilometres away, with different local con-
ditions and prevalent diets. It needs to be highlighted at 
this juncture that the socio-economic differences, and 
regional/cultural diversity will have a major effect on 
the dietary patterns prevalent in Indian studies and will 
influence the health status of individuals. Even within 
India, these differences will affect microbial patterns 
associated with the gut microbiome in general, and CRC 
in particular. Previous comparisons of healthy Indian 
samples have shown considerable regional variation in 
Prevotella and other genera, thought to be largely due 
to diet, specifically levels of meat intake [9–11]. It is not 
possible to make exact comparisons with diet between 
our study and the Gupta cohort, which has no dietary 
information recorded. A historical study across India 
[31] suggested that Chennai (21%) has levels of vegetari-
anism intermediate to that of Bhopal (45%) and Kerala 
(6%). 22% of our cohort were vegetarians, although the 
small sample size means that we cannot infer that this is 
reflective of the population as a whole.

When we used models from our previous and new 
datasets to predict the cancer status of each other, 
there was good concordance. Only slight drops of pre-
dictive success were observed between internal and 
external validation. This pattern was repeated when 
we compared our new dataset with that of Gupta et al., 
despite the Gupta dataset using a completely different 
sequencing strategy (metagenomic shotgun sequenc-
ing compared to 16S rRNA amplicon sequencing, each 
of which introduce different biases). Together, these 
comparisons show that while there does seem to be a 
universal CRC-microbiome, and that findings can be 
generalised across continents, there are more similari-
ties between datasets collected within countries, and 
that efforts should continue to improve the number of 
samples available from under-represented regions. It 
may well be that using local control datasets may allow 
us to improve the predictive value of microbiome stud-
ies in bowel cancer screening.
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