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Abstract

The challenges associated with multi-omics analysis, e.g. DNA-seq, RNA-seq, metabolomics,
methylomics and microbiomics domains, include: (1) increased high-dimensionality, as all -omics
domains include ten thousands to hundreds of thousands of variables each; (2) increased
complexity in analyzing domain-domain interactions, quadratic for pairwise correlation, and
exponential for higher-order interactions; (3) variable heterogeneity, with highly skewed
distributions in different units and scales for methylation and microbiome. Here, we developed an
efficient strategy for joint-domain analysis, applying it to an analysis of correlations between
colon epithelium methylomics and fecal microbiomics data with colorectal cancer risk as
estimated by colorectal polyp prevalence. First, we applied domain-specific standard pipelines for
quality assessment, cleaning, batch-effect removal, et cetera. Second, we performed variable
homogenization for both the methylation and microbiome data sets, using domain-specific
normalization and dimension reduction, obtaining scale-free variables that could be compared
across the two domains. Finally, we implemented a joint-domain network analysis to identify
relevant microbial-methylation island patterns. The network analysis considered all possible
species-island pairs, thus being quadratic in its complexity. However, we were able to pre-select
the unpaired variables by performing a preliminary association analysis on the outcome polyp
prevalence. All results from association and interaction analyses were adjusted for multiple
comparisons. Although the limited sample size did not provide good power (80% to detect
medium to large effect sizes with 5% alpha error), a number of potentially significant association
(dozens in the uncorrected analysis, reducing to just a few in the corrected one) were identified As
a last step, we linked the network patterns identified by our approach to the KEGG functional
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ontology, showing that the method can generate new mechanistic hypotheses for the biological
causes of polyp development.
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1 Introduction

Colorectal cancer (CRC) is among the leading causes of cancer and cancer mortality in the
United States [1]. While the human gut microbiota is thought to contribute to maintaining
health, detailed mechanisms often remain elusive. In terms of CRC risk, it has been
hypothesized that microbiota activities can contribute to changes in the gut epithelium that
might drive carcinogenesis. While several species have been associated with CRC [2], for a
few there are proposed mechanisms of induction. Several bacterial species, such as
Acidovorax spp., Bacteroides fragilis, E. coli, and Fusobacterium nucleatum might play a
role in CRC development by inducing inflammation and host DNA damage [3-7]. Other
authors proposed more generic mechanisms related to the influence of gut microbiota on
folate levels [8-10], and its potential effect on cells DNA methylation and repair
mechanisms [11].

A more comprehensive approach is needed to clarify how the overall microbiome might
affect host gene expression and cells transformation; various high throughput analysis
platforms now allow for an in depth analysis of correlations between multiple domains of
complex data variables with health outcomes of interest. However, an integrated analysis
approach for these highly complex data domains to derive new mechanistic insights into
disease mechanisms remains a challenge. Adenomatous colorectal polyps represent an
important risk factor preceding CRC and as such they form the basis for current CRC
screening approaches. While gut epithelial RNA expression adapts quickly to changes in the
local gut environment and thus is inherently unstable, gut epithelial methylation patterns in
these tissues appear more stable. Thus, we aimed to develop an analytical approach to
explore microbiota associations with gut epithelium methylation pattern to gain insight into
potential CRC mechanisms and to develop the foundation for improving on current CRC
screening modalities.

The challenges associated with joint-domain analysis such as multi-omics, e.g. methylation
and microbiome data, include: [1] increased high-dimensionality, as both -omics domains
include ten thousands to hundreds of thousands of variables each; [2] increased complexity
in analyzing domain-domain interactions, quadratic for pairwise correlation, and exponential
for higher-order interactions; [3] variable heterogeneity, with highly skewed distributions in
different units and scales for methylation and microbiome. Here, we present an efficient
strategy that tackles all three issues, by analyzing first datasets within their domain, reducing
dimensionality, and then looking at relevant inter-domain associations using pairwise
correlation networks. We anticipate that, although a number of higher-order interactions are
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neglected at the inter-domain step (yet not at the intra-domain), the method is still able to
explain a large portion of joint variance and association with outcomes.

2 Methods

2.1 Sample Collection and case definition

Stool samples were stored at —80°C pending analysis. Biopsy samples were placed in
RNAlater stabilization solution (Thermofisher) and fixed for 24 hours at 4°C. Samples were
then transferred to —20°C pending analysis. For the current analysis aimed at linking
microbiota with methylation pattern, cases (N=13) were defined as having at least one polyp
identified by biopsy.

Case/high-risk classification was based on the presence of at least a total of 5mm of polyp
size, either by one large or multiple smaller polyps [12]. Classified samples were matched
on BMI and age, alleviate differential effects based on these variables. All samples and data
were obtained from a previously completed colorectal cancer screening study performed at
UF.

2.2 Methylation Analysis

After rinsing the biopsy surfaces and further cleaning by vortexing with 3mm glass beads to
remove any mucus and attached bacteria, human DNA were extracted from biopsy samples
using Qiagen DNA Blood and Tissue kit (Qiagen). Methylation status was determined using
the Infinium MethylationEPIC BeadChip. Quality controlled methylation datasets, provided
by HudsonAlpha, were filtered and normalized utilizing the R package WateRmelon.
Quality control (QC) [13], preprocessing, and normalization of Illumina
HumanMethylationEPIC 850K BeadArray methylation data was performed using the minfi
bioconductor package [14]. To ensure high-quality methylation data for downstream
analyses, quantile normalization was applied to normalize the between array technical
variation based on internal control probes. Additionally, batch and chip effect adjustments
were implemented using an empirical Bayes batch-correction method (ComBat) [15] as
implemented in the Bioconductor sva package [16]. Probes with a median detection p-value
>0.01 were identified and excluded from subsequent statistical analyses, as well as SNP-
associated, i.e. reported SNPs at the queried CpG site and at the single-base extension (SBE)
site, and cross-reactive CpGs. Finally to reduce invariant sites, following probe exclusions, a
total of 794,271 CpG sites were retained and used in downstream statistical analyses.

2.3 High Throughput Microbiota Sequencing and Analysis

DNA was isolated from fecal samples using the Qiagen stool DNA extraction protocol,
modified to include includes a bead-beating step. Illumina MiSeq (2 x 250 bp) sequencing
was performed using barcoded primers with 50 % PhiX spike. Thel6S rRNA gene (V1-V2
Region) was amplified using validated primers MiSeq 27F 5'-
AATGATACGGCGACCACCGAGATCTACAC TATGGTAATT CC
AGMGTTYGATYMTGGCTCAG-3" containing 5" Illumina adapter; primer pad; primer
linker; and forward primer MiSeg-338R (reverse primer) PCR primer sequence (each
sequence contains different barcode) was used with the sequence 5’-
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CAAGCAGAAGACGGCATACGAGAT TCCCTTGTCTCC AGTCAGTCAG AA
GCTGCCTCCCGTAGGAGT-3" containing reverse complement of 3° Illumina adapter;
Golay barcode; primer pad; primer linker; and reverse primer. The PCR conditions were the
following: initial melting step at 95 °C for 2 min, followed by 20 cycles of 95 °C for 30 s,
50 °C for 30 s, and 72 °C for 1 min 30 s. Two 50 ul PCR reactions for each sample were
combined together and the PCR products were purified with Agencourt AMPure XP system
(Beackman Coulter). Cleaned PCR products were pooled in equimolar amounts and
submitted for sequencing. Microbiome analyses were performed using the Quantitative
Insights into Microbial Ecology (QIIME) tool [17] and the Brazilian Microbiome Project
(BMP) [18], binning sequences into Operational Taxonomic Units (OTUSs) using a 98
percent similarity level.

2.4 Feature Reduction, Correlational and Classification Methods

Our methodology focused on three separate methods for reducing dimensionality and
identifying associations between methylation and microbiome data. In detail, Figure 1
illustrates the flowchart for intra- and joint-domain analysis including quality control,
dimension reduction, correlation filtering, and network build-up.

We utilized Sparse Independent Principal Component Analysis (SIPCA) on the methylation
dataset to correct for high dimensionality and noisy characteristics. SIPCA uses a feature
selection tool that chooses a user specified number of variables per Independent Principal
Component (IPC). After initial quality control (removal of CpGs sites with beta values less
than the average variance of the methylation dataset), quantile normalization and the
removal of CpG sites known to interact with SNPs, the sIPCA analysis selected one percent
of the total CpG sites to represent each IPC.

To identify relevant joint hotspots between methylation and gut microbiota patterns, we first
identified strong (and statistically supported) intra-domain independent associations with the
high-risk outcome, followed by an inter-domain correlation analysis. The strength and
significance of associations were determined by Spearman’s correlation analysis, which is
more robust than Pearson’s with respect to rank (not necessarily linear). Correlational
analyses were conducted between CPGs and OTUs, OTUs and IPCs, IPCs and Genera, and
Genera and CPGs.

Visualization of the correlational networks was performed using Cytoscape 3.6.0 [19],
displaying the strength, significance and directionality of each pairwise correlation.

For each created principal component, we utilized Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway analysis [20-22] to identify the genes and protein pathways
associated with the selected CpG sites and OTUs. For the methylation components, the R
package missMethyl [23] was used to reference the selected CpG sites into its respective
KEGG functional group.

Random forest models were generated using the AUC-RF algorithm [24] for feature
reduction and maximizing model performance. The most predictive OTUs were determined
based on mean decrease in accuracy when removed from the model. The area under the
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curve (AUC) of receiver operator characteristic (ROC) curves were compared using the
pROC R package [25].

3 Results

A total of 27 subjects’ biopsy samples were analyzed for methylation patterns; of these
samples, 25 of the biopsy were also analyzed for microbiome; in addition, 23 stool samples
from the same subjects were also utilized for microbiome analysis.

3.1 Microbiome Analysis

For the analysis, we retained a total of 7,597,922 high-quality sequences with a mean of
48,088 sequences/sample and an average length of 327 nucleotides. After removal of OTUs
containing less than 10 sequences we retained 10,564 OTUs at the 98 percent similarity
level. After removal of unclassified OTUs and retaining of the ones constituting 70% of the
abundance (core 70%), 234 OTUs spanning 70 genera remained

3.2 Methylation Analysis

After removing poor quality probes, and performing quantile and batch-effect normalization,
794,421 CpG sites were retained for analysis. An initial principal component analysis
demonstrated some separation between the high and low risk samples. After the secondary
quality control with the removal of CpG sites with a variance less than the mean (512,211
CpG sites) and CpG sites with known SNP expression (60,515 CpG sites), 166,331 total
CpG sites remain for further analysis.

3.3 SIPCA Analysis

The SIPCA analyses yielded eight components accounting for approximately 75% of all the
variance in the methylation dataset. Eight components were eventually selected due to the
sudden decrease in kurtosis measurement between the eighth and ninth component.

3.4 Correlation Analysis with SIPCA

The correlation analyses between the OTUs and CPG sites yielded 9,442 pairwise
comparisons with a p-value smaller than 0.00005 (Figure 2). Figure 3A visualizes the
pairwise comparisons utilizing a force-undirected graph setup. Correlation analyses between
the created IPCs and genera yielded 21 pairwise connections with a p-value below 0.05.
Within these connections, we observed IPC5, IPC4 and IPC2 having multiple positive and
negative correlations with the genera Sutterella, Megamonas, Pseudomonas, Enhydrobacter,
Eubacterium, Prevotella, Citrobacterand Catenibacterium (Figure 3B).

Correlation analyses between individual OTUs and IPCs yielded 52 pairwise connections
with a p value below 0.05, with 115 OTUs and all eight IPCs.

To potentially decipher the hidden gene functions behind the combinations of CPG sites,
among the eight IPCs, we conducted a KEGG analysis on the selected CPG sites, in each
IPC to determine the primary function of each component.
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The IPCs accounting for the most variance were associated with pathways involved various
kinds of cancer, such as cellular senescence, p53 signaling, and cytoskeleton and junctions
regulation. A more in-depth analysis of these correlations is needed; a larger sample size
might lead to more specific associations based on the severity of the lesions (i.e. cases vs
high-risk CRC).

3.5 Classification Analysis with SIPCA

Observing the random forest prediction models, we compared the predictive ability of using
the IPCs, OTU and a combination of both to determine risk classification. The combination
model performed better than the IPC or genera bases model with an AUC of 0.897. The
genera-only based model performed the next best with an AUC of 0.846, with the IPC-only
model performing last with an AUC of 0.692. Importance plots for the three models show
consistency in the important contributors to correctly predicting risk classification. The top
four contributors to the combination model (Genera: Provetella, Disllaster, IPC2 and IPC8),
consistently score high in the combo model and their independent group models,
respectively, with the highest Mean Decrease of Accuracy scores. While limited by the small
sample size, we have shown here that our approach facilitated the integration of multiple
biological data domains to explore novel mechanisms associated with CRC risk. From the
observation of large degrees of variation in this multi-omics dataset we gained insight into
the sample size requirements of sufficiently powered future studies. Such studies can further
explore mechanisms derived from multi-omics data that have might have potential utility in
developing better CRC screening approaches.

4 Conclusions

It is widely accepted that gut microbiome composition has an effect on human health,
although the mechanisms are not always clear. Bacteria can affect phosphorylation and
acetylation status of specific promoters, and different species might counteract each other
effects [26—28]. While specific bacteria have been associated with CRC at different stages
[29-32], possible mechanisms of causation remain yet to be cleared Future analyses on a
larger sample size might lead to an insight of pathways involved in specific methylation
changes.

From a methodological point of view, we demonstrated that the modular intra- and inter-
domain analysis is relatively scalable and the reduce dimensionality yet explains a good
portion of the variance, and retains fair classification accuracy The network approach is also
useful to generate new mechanistic hypotheses, especially in conjunction with the KEGG
pathways.

Further investigations, with a larger sample size, are needed to have a clearer insight on the
microbiota impact on CLC risk, although the use of larger datasets may effect scalability

Data and code used in the present study can be find at the following address: https://osf.io/
v4hns/?viewonly=e0f7c9clea054c768226aa2bbb5b5f21
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Correlation Analysis with SIPCA

All CPGs with probes targeting KEGG

SNP loci were removed Analysis
CPGs less than the mean variance
removed

SPICA w/
Feature
Reduction

\
Components

Methylation Quality
Dataset Control
Spearman

Correlation

(Co-occurrence
Network)

Quality
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OTUs w/ less than 10 binned
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Unclassified OTUs excluded
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Figure 1.
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Flowchart for intra- and joint-domain analysis including quality control, dimension
reduction, correlation filtering, and network build-up.
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Figure 2. Correlation-focused analysis of Operational Taxonomic Units and methylation CpG
sites positively or negatively associated each other.

The size of nodes (OTUs) is scaled by the number of network degree, where larger diameter
circles indicate a greater abundance of network connections. The color of the nodes is
stratified by belonging to the OTU (green) or CpG (pink) group. The correlation connections
are depicted by either a positive or negative correlation (Blue: Positive, Red: Negative) and
the overall strength (thickness of the network link).
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Bropientbacterium

Figure 3. Correlation-focused analysis of Operational Taxonomic Units and methylation CpG
sites.

The size of nodes is scaled by the number of network degree, where larger diameter circles
indicate a greater abundance of network connections. The correlation connections are
depicted by either a positive or negative correlation (Blue: Positive, Red: Negative) and the
overall strength (thickness of the network link). A: Correlation-focused analysis of
Operational Taxonomic Units and methylation CpG sites positively or negatively associated
each other. The color of the nodes is stratified by belonging to the OTU or CpG group. B:
Correlation-focused analysis of Genera and Independent Components positively or
negatively associated each other. The color of the nodes is stratified by belonging to the
Genera or IPC group.
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