Supplementary Materials

Enlarging training data with metavirome contigs

We added millions of viral sequences from metavirome samples for training to represent a more
diverse viral population and boost the prediction accuracy of the deep learning algorithm at the
same time. To make sure the sequences are purely from viruses, we carefully selected samples that
had low contamination rate of host sequences. To measure the contamination rate of each sample,
we mapped reads using bowtie2 (2.3.2) [8] in each sample to a reference database containing
7726 prokaryotic RefSeq used in VirSorter [22] and human RefSeq (GRCh38.p7), and used the
mapping rate as the contamination rate. Since prokaryotic genomes may contain prophages that
could overestimate the contamination rate, prophages were detected using VirSorter and removed
from the prokaryotic RefSeq. Samples with contamination rate lower than 5% were considered
relatively pure and were used in the downstream analysis. Samples from the same sequencing
platform were combined and cross-assembled into contigs. Megahit [9] was used to assemble
metavirome reads from Illumina sequencing, and Ray [1, 2] was used to assemble reads from
Roche 454. To further reduce the non-viral contamination in silico, the resulting contigs were
filtered through VirSorter and only the viral contigs with the highest confidence (Category I and
IT) were used for training. Samples from TOV were carefully cross-assembled and filtered in
Roux et al. [21], so the resulting viral contigs were directly used for training in our study. The
metavirome contigs were then fragmented into millions of fixed-length sequences. Table [S3]lists
the information of the metavirome datasets used in this study. The metavirome sequences were
combined with sequences derived from viral RefSeq before May 2015 for training. The new model
was evaluated and compared with the original model trained using only RefSeq, based on the test
sequences from RefSeq after May 2015.

Simulation of metagenomic datasets

Metagenomic samples were simulated based on species abundance profiles derived from a real
human gut metagenomic sample (accession ID SRR061166, Platform: Illumina) from the Human
Microbiome Project (HMP) [17], commonly used for metagenomic data analysis [2, 12, [18}, 3].
We first mapped reads from sample SRR061166 using bwa-0.7.15 [10] to virus and host genomes
sequenced after May 2015 to generate the abundance profile. Here we only used RefSeq after May
2015 for evaluation to avoid any overlap with the training dataset, i.e. RefSeq before May 2015.
Following a similar procedure as in VirFinder [19], reads from each sample were first mapped
to viral RefSeq and the remaining unmapped reads were then mapped to host RefSeq using the
command of bwa mem. About 2% of reads can be mapped to viral genomes, lower than the range
of previously estimated viral fraction 4-17% for human gut metagenomics. This is largely due to
the fact that only viral RefSeq after May 2015 were used for read mapping, which represent just a
small subset of the total virus database. The abundance profiles can be found in the Supplementary
Table 2.

We simulated metagenomic contigs based on the abundance profile of virus and host genomes.
Given a total budget of 10 million base pairs for contigs, the number of base pairs for contigs from
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each genome was computed proportionally. For each reference genome, contigs were sampled ran-
domly and independently from the genome, where the contig length follows the same distribution
as that in a real human metagenomics dataset for colorectal carcinoma patients, until the number
of base pairs reaches 10 Mbp. Note that here we generated contigs directly from genomes, in-
stead of directly simulating reads and then assembling contigs. This simualtion procedure avoided
chimeric contigs that were artificially assembled using reads from different genomes. The R pack-
ages ROCR [23]] and caTools [25] were used to compute AUROC and AUPRC, and the variation
were evaluated using 30 bootstrap samples.

Viral analysis of human gut metagenomics from patients with colorectal can-
cer

Human gut metagenomics samples from patients with colorectal cancer and the control group were
downloaded from European Nucleotide Archive (ENA) database (http://www.ebi.ac.uk/ena) with
accession number ERP005534. The samples from 53 cancer patients and 61 normal patients were
randomly split into 2/3 for training and 1/3 for testing. The patient ID and the disease status can
be found in the Supplementary Table 3. The metagenomics samples from training were combined
and cross-assembled using Megahit [9]] in default settings. The majority 64% of the assembled
contigs have the length ranging from 300-1000 bp (Figure ). We filtered contigs smaller than
500 bp to guarantee high accuracies in the downstream analysis including viral prediction and
contig binning. We used DeepVirFinder to predict viral contigs. To fairly compare the prediction
scores across sequences of different lengths, we normalized the prediction scores by computing a
p-value for each score. The p-value was computed by comparing the score with the corresponding
score distribution for host sequences in the same range of sequence length in the validation dataset.
To control the false discovery rate, the predicted p-value for each contig was converted to a g-value
using the R package qvalue [24]. The g-value is an estimation of the proportion of false prediction
if the prediction is made at the level of the corresponding p-value. Contigs were sorted by ¢-
values from the smallest to the largest, and the contigs having g-values <0.01 were predicted as
viruses. The viral contigs predicted by DeepVirFinder were then grouped into contig bins using
the software COCACOLA [11] in the default mode.

To study the association between the viruses and the cancer status, we mapped reads in each
sample against the viral contigs in each bin using bowtie2 (2.3.2) [8]]. The number of reads per kilo-
base of the contig per million mapped reads (RPKM) was used as a measure of contig abundance,
and the average of the RPKM of contigs in each bin was defined as the contig bin abundance.
Based on the abundance of viral bins in the training samples, a logistic regression classifier with
L1 penalty was built to predict the cancer status using the R package glmnet [S]. The parame-
ter lambda was determined using 5 fold cross-validation. PfamScan [4] and Blastn-2.6.0 (Evalue
<le-5) were used respectively to search proteins and DNA sequence against Pfam and NCBI non-
redundant databases.
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Figure S1: Determining the optimal paramter settings of Deep VirFinder. The effect of motif length,
number of motifs, and the number of epochs on validation AUROC.



Table S1: AUROC:s for VirFinder and DeepVirFinder when trained on sequences before May 2015,
and tested on sequences after May 2015. The numbers in brackets are the standard errors estimated
using 30 bootstrap samples.

Contig Length (bp) VirFinder DeepVirFinder
150 0.8101 (0.0007) 0.8766 (0.0007)
300 0.8771 (0.0012) 0.9272 (0.0005)
500 0.9163 (0.0012) 0.9494 (0.0011)
1000 0.9471 (0.0012) 0.9735 (0.0004)
3000 0.9770 (0.0008) 0.9847 (0.0009)




a3eyd e[[oxeIoN d0d  »8T¥8 651 ¥9LI'O Lzed
VN AN ‘Weaysadeyd  %50°68 LOT ¢sv00 8Icd
VN 61d3pLo3eud  %IL'SE 9 ¥LIOO 8814
VN d0d  %vrv6 L SLYEO- orrd
VN d0d  %S1°96 9C¢ €700 L8d
a3eyd AN OSeUIWLI], ‘N oUIZ HAV
wnujoeqede,] ‘ouo  a3eyd ‘(jeuod  ‘urjoy  ‘10j00uu0d  ‘dseid
paynuoprun ‘oSeyd snoooooydong  -ojur ‘prsded ‘[rey) paje[ar oSeyd %681 0L ¥T60°0 194
‘UdIQlJo AN ‘eseura], ‘SnIraopod
-geydoue snodoooamy ‘a3eyd poy  ‘(feaod  ‘uroy ‘10300uuod  ‘aseid
-nuopruf)  ‘oFeyd snod0do0[Ayders -yl ‘pisdes ‘[rel) pajeer aSeyd  %S9°ES ¥8€  9991°0 09d
93eyd eouowyes
‘93eyd emowoyosyg  ‘o8eyd  Sur AN ‘( urajoad ainseowr
-JAU0D  7X1S/1X1S  ‘98eyd ewey  odey ypSuor [y oSeydoid) JIAL
-orqoiqiuyg  ‘ofeydoudoeg  ‘snaia ‘(euod  ‘urjoy  ‘1030uuod  ‘9seis
snoudgopua de[ost suardes owoy -ur ‘pisded ‘) paje[dr ageyd %01 1€ ¥ST  SVLOO- ozg
93eyd pagnuoprun
‘Quioua3  epque]  ‘oSeydon) Anda
-oeg ‘oSeyd FunioAuod 7XIS/IXIS  ‘Oseuruid], ‘SSyL ‘INAL-dIAL ‘(182
‘93eyd eqouoweg ‘93eyd eway -1od  ‘UIOy  J0J0QUUOD  ‘OSBIZI)
-OBqOIYUY  ‘SNIIA  BIYOLIDYOSH Ul ‘pisded  ‘[rel) peje[ar aSeyd  %99°¢9 €96 62010 61d
AN ‘eseuruiv],
v ST YN ‘91dD snIraopod
‘el ureSeyd  ‘Ted el (e
-lod  ‘Uroy  ‘10100UU0D  ‘9seIFN
ogeyd pagnuoprup) ‘ogeydssyIo  -ur  ‘pisded  ‘[re1) poje[ar og3eyd %19 LS6  €610°0- L9
s3n
Sy wserq sy wejd 9urajoid  -uod  # JUAYA0) drurg

"oseqelep JGON 2yl 01 sy LSV'1g doy oy pue
‘urq au3 ut surdjoxd ayy Jo sy wejqd doy ayy ‘surdjord Surureiuod s3nuod Jo d8eIuddrad Ay ‘urq Ay ur S3UOd JO IdquInu Y} ‘uIq
dU) JO JUAIOLYA0I Y} UMOYS ST UOIIBULIOJUT SUIMO[[0] AU} ‘UIq I 10 "DYD Yl YIIM PIILID0SSE SuIq SNU0d [BIIA Y], 7S J[qeL



Table S3: (a) Metavirome datasets used for generating more viral contigs for training. (b) Number
of sequences at different lengths used for training for each type of metavirome dataset. PE: paired-
end reads; # pure sample: number of samples have contamination rate <5%; Data size: the total
size of the data.

* Roux et al. [21]] used a customized cross-assemble pipeline with MOCAT [7] and Idba_ud [[15} [16] to assemble
the 104 samples from TOV project, and resulting contigs were further filtered by VirSorter to identify 298,383 viral
contigs.

(a) Metavirome datasets

Human Gut Metavirome

Dataset Platform PE Sample# Pure Sam- Purity Data Assembler
ple# Rate  Size
IBD [14] Mumina Y 171 131 76.61% 174G Megahit
SAM]20] Roche N 320 281 87.81%
454
Healthy Roche N 18 1 5.56% 8.82G Ray
[13] 454
Healthy [6] Roche N 6 5 83.33%
454

Tara Ocean Metavirome
Roux et al Illumina Y 104 NA* NA* 925G Customized*
(TOV) [21]

(b) Number of sequences in metavirome datasets

Fragment length Human Gut (Roche 454) Human Gut (Illumina) TOV Total

150 bp 9,467 3,389 1,354,007 1,366,863
300 bp 4,688 1,658 671,331 677,677
500 bp 2,772 965 398,342 402,079
1000 bp 1,337 442 193,373 195,152
3000 bp 388 91 56,698 57,177
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