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Abstract

Finding shared fragments between genomes is im-
portant for solving many biological challenges.
Such fragments in microbial genomes suggest in-
teractions between host bacteria and viral parasites
helping to identify host-parasite associations and
answer other critical questions about the organisms
involved. Current methods can be supplemented by
new computational technologies for versatile anal-
ysis of unannotated genomic string interactions.
The goal of this study is to determine statistically
significant genomic intersections that can imply
important biological meaning. We explore how
these intersections can be used to predict patho-
genicity and distinguish between different E.coli
strains.

We show the feasibility and usefulness of scalable
computational algorithms to find pairs of organ-
isms that interact with each other, such as bacteria-
phage or host-parasite pairs, based on collected un-
annotated genome data. The statistical significance
of the occurrence of matching strings is used to fil-
ter out matches possible due to chance. Our meth-
od, supplemented with machine learning tech-
niques, can predict pathogenicity of bacterial
strains using phage screening and profiling based
on sequenced genomes without the need of annota-
tion. We applied the algorithms to find “finger-
print” of phages interacting with bacterial hosts by
analyzing 2,480 phage genomes from European
Nucleotide Archive (ENA). The methods have ad-
justable sensitivity and specificity in identifying
phages and provide bacterial “fingerprints” in
terms of phage presence in microbial genomes with
the desired level of resolution for evaluating patho-
genicity of E.coli strains.

1 Introduction

1.1 Pathogenicity Prediction

Escherichia coli (E.coli for short) comes in many varieties.
It can be a commensal bacterium that is a part of normal
human intestinal microflora [Huttenhower et al., 2012] or it
can be highly pathogenic and cause severe infections in an-
imals and humans [Kaper et al., 2004]. It is also one of the
most well-studied microbes in laboratory settings [Esche-
rich, 1988; Raetz, 1996; Dunne et al., 2017]. It is an im-
portant bacterium in biotechnology that can produce insulin
[Goeddel et al., 1979], biodiesel [Kalscheuer et al., 2006]
and other compounds.

Assessment of pathogenicity is very important for epide-
miological [Rangel et al., 2005; Grad et al., 2012], food
safety [Besser et al., 1993; Scallan et al., 2011], veterinary
[Blanco et al., 2001] and other health-related studies. As the
cost of whole genome sequencing is decreasing, the availa-
bility of complete sequence genomes increases rapidly. Be-
ing able to quickly estimate a strain potential pathogenicity
based just on its raw genome sequence would be an im-
portant advantage in diagnostics since it would save time
and resources that otherwise would be necessary for wet-lab
experiments and other resource-consuming techniques like
multiple alignments.

The evolutionary transition to pathogenicity can result
from acquiring different virulence factors when new genes
responsible for producing toxins and other pathogenic com-
ponents are incorporated. Although it is easy to determine
presence of known genes in newly sequenced bacteria, some
genes remain as unknown function. Bartoszek et al. (2018)
created a model that was able to trace virulence factors
based on persistence of trinucleotide repeats within clinical
isolates. However, the presence of virulence genes itself
does not necessarily result in pathogenicity [Wassenaar and
Gunzer, 2015].

Bacteriophages (phage for short) are known for their con-
tribution to the pathogenicity of bacteria [Penadés et al.,
2015] as well as to adaptive traits and diversification of bac-
terial strains. Since their survival depends on their success
in infecting bacteria and getting viable progeny, phages
must find and examine every possible flaw in a bacterial



cell. By exploring existing remnants from many phages in
bacterial genomes, we can evaluate the overall picture of the
bacterial genome state.

Touchon et al. (2016) investigated associations of genetic
and life-history traits in bacteria with distribution of pro-
phages. They found slight correlation between pathogenicity
and the number of prophages across different species. Pres-
ence of different types of pathogenicity patterns may blur
the overall picture across different species of bacteria [Briis-
sow et al., 2004]. In this research, we focus on evaluating
the contribution of prophages to life traits within E.coli
strains and exploring its predictive power on potential path-
ogenicity of individual strains of E.coli.

1.2 Identification of Shared Fragments between
Host and Parasite Genomes

Genomes of different organisms might share extensive
string fragments due to some biological reasons (e.g. tem-
perate phages [Howard-Varona et al., 2017], prophages and
phage remnants [Touchon et al., 2016]). Long shared frag-
ments are a sign of a biological relationship between a host
organism and a parasite. This may be a sign of an attack
mechanism on the part of the parasite or a defense mecha-
nism on the part of the host. By extracting and identifying
shared genetic sequence fragments from bacteria and virus-
es, one can quickly distinguish between similar bacteria
based on their functional behavior in the presence of phages,
or quickly identify which viruses might be suitable as vec-
tors with which to attack and destroy bacteria (phage thera-
py). This can also provide evidence of the historical evolu-
tion of bacteria and associated viruses. CRISPR-Cas defens-
es and other mechanisms based on recognizing substrings in
viral genomes on the part of bacteria, and the mechanisms
used by viruses to avoid recognition are still under investi-
gation [Arber, 1978; Barrangou and van der Oost, 2013].

Identification of long genome fragments is a challenging
task. Existing methods for detecting shared fragments be-
tween host and parasite genomes can be roughly divided
into two categories: 1) “wet lab” in-vitro microbiological
methods (hybridization capture sequencing, microarrays,
etc.) [Kim et al., 2012] and 2) “dry lab” in-silico computa-
tional methods (searching for the longest common substring,
alignments, etc.).

“Wet lab” methods are technologically intensive, time-
consuming, and have limited throughput. They may consist
of hybridization assays, microarrays, polymerase chain reac-
tions and work by detecting complementary base pairs be-
tween short segments of host genome and viral fragments
(e.g. between human genome and retroviruses
[Escalera-Zamudio and Greenwood, 2016], koala genome
and retroviruses [Tsangaras et al., 2014]). These methods
often depend on the use of specific primers to locate and
amplify target fragments.

“Dry lab” methods are computational and hence often
very scalable and flexible. Computational approaches have
been often successfully applied to analyze and distinguish
between biological sequences [Grau et al., 2012]. Currently,

the main in-silico sources of information about phage incor-
poration into microbial genomes are annotated databases
and software that make use of the annotations to identify
bacteria-phage pairs. Examples include (1) special data-
bases, e.g., ACLAME database [Leplae et al., 2004] and
PhAnToMe [http://www.phantome.org] and (2) computa-
tional tools that depend on annotated databases, e.g. Phage
Finder [Fouts, 2006], Phaster [Arndt et al., 2016], VirSorter
[Roux et al., 2015]. Many existing computational methods
for bacteria-phage interaction depend on meta-data (e.g.,
coding regions, protein sequences, etc.) and external soft-
ware solutions for localization of prophage regions, e.g.
FASTA33 [Pearson, 1990], NCBI BLASTALL [Altschul et
al, 1997], HMMSEARCH [Eddy, 1998], MUMMER
[Delcher et al., 1999]. Unfortunately, the annotations are
limited to those locations which have been explicitly identi-
fied to be of interest, making it difficult to identify possible
new locations with unidentified segments.

An ever-growing quantity of genetic sequence data is be-
ing accumulated that is yet to be annotated or whose func-
tion is unknown. Existing annotations vary depending on
goals of individual databases. Attempts to standardize anno-
tation exist, such as NCBI Prokaryotic Genome Annotation
Pipeline, but annotations may change as new discoveries are
made. Touchon et al. (2016) used PhageFinder [Fouts,
2006] to predict phage incorporation. However, they men-
tioned that it was hard to distinguish phages and other mo-
bile elements. To avoid ambiguity in identification of the
origin of mobile elements, we use exact matching to known
phage genomes. As reviewed in [Edwards et al., 2015], sub-
string matching is the most accurate method in terms of pre-
dicting host-parasite associations.

1.3 Exact Matching for Host-Parasite Interactions

We seek a computational screening method that works on
raw genome assemblies and gives a common picture of can-
didate string interactions, without using any meta-data anno-
tations. Such a method could be used on newly discovered
bacterial variants, or on genome regions of unknown func-
tion. It needs to be scalable, sensitive to capture many in-
teresting interactions, while specific enough to avoid false
positives.

The method of “all common subsequences” (ACS)
[Wang, 2007] is a computationally effective method that
measures similarity relationship between sequences by ex-
tracting many common subsequences. Because the subse-
guences are not necessarily contiguous, this can suffer from
ambiguities similar to those found in alignments. Although
improved alignment methods are effective [Morgenstern,
1999] and currently developed alignment methods are very
efficient [https://github.com/knights-lab/BURST], the statis-
tical significance of finding a particular pattern with this
method is not trivial to estimate.

Seeking “all common [contiguous] substrings” avoids
this alignment ambiguity, and can be implemented efficient-



ly using suffix trees and string kernels. [Leslie et al., 2002]
used a string kernel based on counts of short common sub-
strings. Here we use a similar search for common substrings
but consider much longer substring lengths to distinguish
between biologically related and unrelated genomes.

1.4 Adjustment of Sensitivity and Specificity

Many newly created methods for detecting host-parasite
associations based on string content demonstrate good per-
formance. An in-depth review of existing methods to find
host-parasite associations was done by [Edwards et al.,
2015].

Many such methods have been trained on specific datasets
and locally optimized, however they sometimes suffer from
a lack of specificity for large-scale screening research since
they depend on statistical models on short substrings. For
example, HostPhinder [Villarroel et al.,, 2016] predicts
based on 16-mers; WIsH [Galiez et al., 2017] uses Markov
models of order 8; [Zhang et al., 2017] uses frequencies of
6-lettered words; VirFinder [Ren et al., 2017] utilizes 8-
mers. Although this lack of specificity can be compensated
to some extent by considering additional factors (annotation,
metadata, and biological knowledge etc.) to distinguish from
true biologically relevant and random (biologically non-
relevant) matches, it substantially limits the ability of tools
to work on raw genomic data en masse.

We compute the common substrings for a variety of fixed
lengths between a host genome and a phage genome. The
lengths chosen are long enough so that unrelated organisms
are very unlikely to show commonality, while short enough
to occur often among biological organisms of interest (Sec-
tion 2.2). The use of fixed length strings makes it easy to
get good estimates of the statistical significance of the com-
puted results based on simulation of a simple statistical
model. Our computational strategy leads to a screening
technique for fast and resource-effective preliminary analy-
sis of host-parasite interactions in unannotated databases of
complete genomes. It also allows the pairing of a given new
bacterium with many phages to produce a sort of fingerprint
for the bacterium, permitting rapid identification of new
bacteria based on their functional interactions with phages.
The strings lengths can be adjusted to yield a variety of lev-
els of resolution, sensitivity, and specificity in the results.

These computational methods yield important information
about statistically significant intersections between bacterial
and viral genomes. These data can be analyzed by machine
learning techniques to obtain important patterns of phage
contribution to properties of bacterial strains.

We hypothesize that it is possible to estimate host patho-
genicity based on genetic sequence overlap with a library of
phages. We develop an efficient computational tool to test
this hypothesis and validate it on a set of E.coli strains and
associated phages. Our algorithms have been implemented
in Python, eventually to be collected into a library of tools
called “PhageScreen”. For an individual host, the measures
of overlap with a large collection of phages can be consid-

ered as a sort of functional “fingerprint” of the bacterial
host, which can be assembled from raw genome sequence
data. In this report, we demonstrate that the fingerprints
(assembly of interaction levels with many phages) can dis-
tinguish between benign and pathogenic strains of E.coli
and that these methods are then followed by machine learn-
ing can be used to predict pathogenicity in E.coli.

2 Methods

For the input, the algorithm takes complete genome se-
quences in FASTA format. The first step in our analysis is
to assemble the dictionary of strings representing each indi-
vidual organism and then to compute indices of pairwise
overlap between each pair of organisms in question. These
indices are then used as predictors of certain functional
properties of bacterial hosts, specifically their pathogenicity.
As results, the algorithm produces a classifier and returns
classification results. These results are used to identify a list
of phages that are most capable to distinguish between path-
ogenic and other strains. These indicator phages allow to
reduce feature space without loosing accuracy of the classi-
fier’s performance.

Experimental procedure steps:
0. Choose appropriate string length n based on statisti-
cal simulations
1. Construct phage fingerprints (PhageScreen: pairwise
indices between a host and phages):
a. Assemble dictionary of all substrings of
length n for each given raw genome.
b. Compute intersection indices between bac-
terial and phage dictionaries.
2. Apply machine learning classifiers:
a. Divide dataset into train and test sets for
10 fold cross-validation
b. Train classifiers
c. Test classifiers
3. Determine a set of “indicator” phages

2.1 Dictionary Assembly and Computation of In-
dices

As an input file, the algorithm takes unannotated genomes
in FASTA format. For a given genome G, we obtain its dic-
tionary Dy (G) by scanning the genome with a sliding win-
dow of length n, sequentially shifting it one nucleotide at a
time. The results are assembled into a table of unique strings
(“keys”). The dictionary Dy (G) consists of all distinct con-
tiguous substrings of length n present in G. The size of the
dictionary is the number of distinct substrings. We could
also store the number of occurrences of each substring, but
this information was not used in the computations reported
in this paper.

The computational complexity for constructing a diction-
ary of a string length n for a genome G is O(n|G|). The dic-



tionary is implemented using a hash table. We extract the
string of length n at each position within a genome (we treat
a genome as circular) using a sliding window, calculating its
corresponding hash value. One could use a ‘rolling hash’ to
compute all these hash values (after the first one) in time
independent of n [Karp and Rabin, 1987], though this opti-
mization was not needed for experiments reported here. The
observed time complexity was found to be dominated by the
lengths of the entire genomes, independent of n.

To find strings of a given length shared between two ge-
nomes (H — host, P — parasite), we need to compute a meas-
ure of the degree of intersection between two sets of dic-
tionary keys by filtering out entries present in both diction-
aries. We define the index I¥(H) of relative presence of
parasite genome P within host genome H to be the number
of distinct common substrings of length n divided by the
size of P’s dictionary: 1¥(H) = (|D,,(H) n D, (P)[)/|D, (P)|.
We scan all the unique strings in the smaller genome, mark-
ing those that also appear in the larger genome. Using hash-
tables, the computational complexity of this process is linear
in the size of the smaller dictionary.

We use dictionaries, ordered pairs of keys (strings) and
values (frequencies) as the primary data structure for im-
plementation of our methods. This data structure is flexible,
easy to implement and modify. It also allows us to keep
track of string diversity for a variety of string lengths for
common substrings between genomes. Dictionaries provide
direct access to all substrings of a given length. For the re-
sults reported in this paper, it sufficed to implement the dic-
tionaries as flat hash tables for easy access in time inde-
pendent of the dictionary size. We have found it is simpler
to store them individually as opposed to using a more so-
phisticated encoding such as suffix trees or some advanced
methods of substring indexation. However, if we were to
extend these methods to larger genomes (say human-scale),
it may be necessary to modify the data structures. Using
dictionaries, we can easily compute statistics and quickly
obtain various counts (dictionary size, level of diversity,
etc.) at intermediate stages of processing.

2.2 Determine Appropriate Window Size

We use a simple statistical model to determine the range of
appropriate window sizes. An appropriate window size must
be long enough to avoid string overlaps by pure random
chance [specificity], but short enough to capture relations
between organisms [sensitivity].

2.2.1 Statistical modeling to Determine Appropri-
ate Window Size

We first estimate the probability of obtaining a non-empty
intersection between two random genomes. To obtain esti-
mates of the occurrence of non-empty intersections by
chance, we repeatedly simulate the generation of dictionar-
ies from randomly generated “genomes” 1024 times using
1D with uniform distribution of nucleotides. This process is
carried out for each length n of interest. Since the substrings

of length n arise from a sliding window, they are not statis-
tically independent, so they cannot be modelled by a simple
statistical distributions over independent individual bps, like
a multinomial distribution. Hence we use a numerical simu-
lation.

According to the results of numerical simulation, for
any value of n up to 16, there is always some entry in the
intersection. For any value of n > 25, the observed probabil-
ity of anything in the intersection is no greater than 0.0001.
This gives us a threshold for a non-specific area. For values
of n in a range from 17 to 24, intersection may be present or
absent. The observed thresholds remain invariant (stable)
within the range of analyzed E.coli genomes (4-6 Mbp) and
viral genomes (2-500Kbp) (Fig.1) even as the GC content of
the latter varied from 25% to 75%. According to the results
of computational experiments, GC-content of phage genome
has little effect on shifting the threshold. E.coli strains have
GC-content close to 50% and the distribution of single nu-
cleotide within E.coli genome is close to uniform. Thus, to
make computations as simple as possible, we use a uniform
distribution of nucleotides for both bacterial and viral ge-
nome to model the corresponding intersections.
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Fig.1. These diagrams represent the distribution of lengths and
GC% for the analyzed genomes: (A) Phages; (B) E.coli strains.

2.2.2 Screening Sensitivity and Specificity

To demonstrate how sensitivity of the screening method
varies as a function of string length, we counted the number
of phages having non-empty intersection with two repre-
sentative hosts, one for each class (E.coli O157:H7 for
pathogenic strains, E.coli K12 for other strains), for different



string lengths n (Fig.2). There are three areas: (I) non-
specific area with high sensitivity; (II) “stable” sensitive and
specific area; (I11) specific area with low sensitivity. The
string length must be above 25 bp to distinguish from ran-
dom, but over 50 bp tends to lose sensitivity to some phag-
es, hence the choice of n = 40 bp is appropriate. To evaluate
specificity of our method we screened the two strains of
E.coli against 4,743 viruses of eukaryotes (plant, animal,
human, etc.) available in ENA http://www.ebi.ac.uk/ ge-
nomes/virus.html using the same string length 40 bp. We
found only two viruses having non-empty intersection, albe-
it with small index values: Vaccinia virus GLV-1h68
(EU410304) with E.coli K12 (index value IY(H) =
0.008825) and with E.coli O157:H7 (index value .005842);
and Cyprinid herpesvirus 1 strain NG-J1 (JQ815363) with
just E.coli 0157:H7 (index value .000024), in all cases with
small index values. The presence of common strings of
length as long as 40 bp even in such small amounts between
these eukaryotes’ viruses and E.coli strains is very interest-
ing and deserves further investigation. Such a small number
(2 out of 4,743) of false positives for string length 40 bp is a
high degree of specificity for the developed method.
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Fig. 2. Number of phages with non-empty intersection for E.coli
0157:H7 and E.coli K12 for different string lengths: (I) high sensi-
tivity; (II)” sensitivity plateau™; (III) decreasing sensitivity. Ac-
cording to the results of statistical modeling, area (I) is non-
specific with high number of false positives; areas (I1) and (I11) are
specific. After the threshold for n, specificity does not increase.

The choice of string length n represents a trade-off be-
tween sensitivity and specificity and depends on the specific
genomes under study. Filtering phages based on intersec-
tions computed with multiple values of n might be appropri-
ate for different host-parasite pairs with genomes of differ-
ent lengths. This is a direction for future investigation. This
choice of n=40bp provided a suitable balance between sen-
sitivity and specificity for E.coli and associated phages. Our
goal is to identify possible interactions of phages within
host bacteria beyond simple defense mechanisms. Hence,
we avoid false positives by choosing lengths above the typi-
cal spacer length in CRISPR-Cas loci of the bacterial hosts.
According to the information retrieved from CRISPRdb
http://crispr.i2bc.paris-saclay.fr/ accessed on May 8, 2018
more than 90% of known spacers in microorganisms have
length below 40 bp.

2.3 Data Preparation

We computed phage profiles (n = 40 > 25 bp) for 2480
phage genomes with respect to 101 E.coli genomes availa-
ble in ENA. We keep only those phages that have the non-
empty statistically significant intersection with E.coli ge-
nomes. We found 172 phages that have their fragments in-
serted in at least one E.coli genome of interest. Within each
E.coli genome, we found remnants of no less than 30 phag-
es. Maximum number of phages which remnants were iden-
tified within a genome of sequenced E.coli strain using our
screening method was 127. Using these profiles it is possi-
ble to compare phage contribution to E.coli genome and
their impact on pathogenicity of different strains.

For each strain, we obtained information about its patho-
genicity from the literature. We treat specific strain as po-
tentially pathogenic if they were indicated to cause infection
in animals or humans. Other strains include biotechnologi-
cal strains, commensal strains obtained from healthy indi-
viduals, and laboratory strains.

2.4 Machine Learning Classifiers

We apply machine learning methods to investigate the
possibility of inferring pathogenicity based on phage finger-
prints. We use random forests [Breiman and Cutler, 2007]
as a classifier since this algorithm has embedded feature
selection, keeps only important features, and handles dimen-
sionality well. It takes a bootstrap sample from the data and
fits a classification tree. At each node, it randomly selects m
features (mtry parameter) from all features in the data, finds
the best possible split considering these m features, and
grows the tree further. It uses voting for determining the
best decision path based on the constructed trees. It provides
out-of-bag (OOB) error to estimate the generalization error
and evaluate future performance. OOB is computed based
on analysis of a confusion matrix using permutation of fea-
tures.

We used randomForest [Breiman et al., 2018] and caret
[Kuhn, 2018] packages in R. As input, the algorithm used
phage profiles for 101 sequenced E.coli strains computed
using PhageScreen. A phage profile is a vector that stores
pairwise intersection index values for a phage genome and
each of the selected E.coli genomes. Thus, the size of each
feature vector is (101x1) and we have 172 such vectors (one
for each phage). It constitutes our set of predictors. For each
E.coli strain we have a pathogenicity label which takes val-
ue of 1 for pathogenic strains and O for other strains (com-
mensal, laboratory, biotechnological).

The random forest classifier predicts the pathogenicity of
a bacterial strain based on the fingerprint of phage remnants
in its genome. To avoid overfitting and get a reasonable
estimate of model performance on phage profile data, we
used 10-fold cross-validation. We tried different cut-off for
the m parameter, the number of features at each split, in-
cluding the default value equal to the square root of the total
number of features (m=13), half the default value (m=6),
twice the default value (m=26), and the total number of fea-
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tures (m=172), to evaluate the relationship between predic-
tion accuracy and the number of features necessary and suf-
ficient to do the effective separation without overfitting.

To evaluate the contribution of features to the purity of sep-
aration on each step, the random forest algorithm [Breiman
et al., 2018] can compute the mean decrease in Gini coeffi-
cient closely related to AUC [Hand and Till, 2001] as a
measure of information gain. We use the average value of
this measure in 10 folds to get the list of phages arrange in
decreasing order of their importance with respect to the pu-
rity of separation between pathogenic and other E.coli
strains. The number of folds were experimentally deter-
mined as the one that provided better estimates for model
parameters on this data.

We set different cut-offs for this list to determine the crit-
ical number of phages sufficient for proper classification of
E.coli strains. Then we rebuild a prediction model on this
reduced set of features and evaluate prediction accuracy.
Finally, we used the cut-off that provides the highest level
of accuracy as a reasonable estimate for the number of “in-
dicator” phages.

3 Results

3.1 Window Size and String Length

We found a threshold on the string length n (p < 0.001
where p is a probability of finding non-empty intersection
between host and parasite genomes by chance) to distin-
guish between random and biologically related shared frag-
ments for genomes. For the reported strains of E.coli, this
threshold equals 25 bp. Thus, we find a range of lengths
starting at the threshold and extending to the length of a
phage genome (at maximum) that allows us to analyze bio-
logically important intersections between host and parasite
genomes. We can vary the string length in this range for
screening to obtain a desired level of specificity and sensi-
tivity while analyzing shared fragments between genomes.

3.2 Prediction of Functional Properties: Patho-
genicity

To estimate a possible difference in phage remnants be-
tween pathogenic and other strains of E.coli, we investigat-
ed two well-studied representatives of E.coli with available
reference genomes: pathogenic — O157:H7, benign — K12.
Fig.3 shows the phage presence in these two strains. We
found 115 phages that have non-empty intersection with at
least one of the two selected strains. Interestingly, we found
that 91 of 115 (80%) phages were common for both bacte-
ria. Spearman’s correlation for the contributions of common
phages between these two bacteria is 0.6 which suggest a
strong positive correlation. The remaining 24 of 115 (20%)
of phages were present only in one of the two bacteria (20 in
0157:H7 only, 4 in K12 only).

Although the lists of found shared phage components
were very similar, the amount of actual insertion for com-

mon phages were significantly different between the two
strains. To estimate the difference between these amounts,
we create distance metrics based on the sum of absolute
differences between the intersection index values. On aver-
age, the pathogenic strain of E.coli has 60 times large values
of the intersection index for common phages. This observa-
tion suggests positive association between pathogenicity and
the amount of phage remnants within the host genome. We
then investigated its predictive power over the entire set of
bacterial hosts by machine learning.

Based on the computed overlaps between the 101 E.coli
strains with the 172 phages (ignoring the 2308 phages that
showed no overlaps at all), the random forest classifier
yielded an average out-of-bag error rate in 10 folds of
12.84% + 1.67%. The best average accuracy in 10 folds
equaled 89.21% + 10.68%, obtained with m=6. The average
accuracy in 10 folds across different m values was 88.74% +
0.04%.

3.3 ldentification of Most Distinguishing Individ-
ual Phages

We seek for a small number of phages that is sufficient to
do a complete classification. We called it “indicator” phag-
es. To better understand the importance of features in mak-
ing a decision on splits, we used mean decrease in Gini
measure. Based on constructed random forests in 10 folds,
we formed a list of the most important phages used by the
algorithm to distinguish between pathogenic and other
strains of E.coli. Considering the results for the random for-
ests prediction model with the best accuracy achieved, we
selected 6 most frequently used phages from this list. Then
we reduced the list of features to those six phages and re-
trained the prediction model. The result is shown in Fig.3,
with a slightly higher level of accuracy on the reduced set of
features:

1) 91.94% + 7.62% (6 phages, m = 3);
2) 89.21% + 10.68% (all phages, m=6);

The results indicate that 6 is a suitable number of features
to separate pathogenic and other strains. The six identified
phages have similar genome length (51.44 + 8.56 Kbp) and
GC% (49.96% + 1.30%). Five of the six phages belong to
Caudovirales, they are dsDNA viruses: Enterobacteria
phage cdtl, Shigella phage Sf6, Stx2-converting phage 1717,
Enterobacteria phage mEp460, Escherichia phage phil91.
The remaining virus is an unclassified bacterial virus: En-
terobacteria phage YYZ-2008. It is worth noting that three
of the identified phages have zero intersection (n=40) be-
tween each other indicating their mutual orthogonality in
feature space. The rest three have overlaps that indicates
their similarity. However, the existing differences between
them make sufficient contribution to prediction accuracy

(Fig.3).



Profiles for six indicator phages
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Fig. 3. Profiles for the top six phages and the results of random forests prediction on this reduced set of features. The E.coli strains have
been sorted by predicted probability of pathogenicity (bottom line), based on these 6 phages. The bottom line also shows the true” patho-
genicity (sec. 2.3). The remaining lines show the index values of each phage across the 101 E.coli strains.

Phages having statistically significant intersection with
E.coli can help to distinguish between pathogenic and other
strains using machine learning. Relationships between
phages and E.coli hosts and between phages themselves are
non-linear. Some phages have synergism and some exhibit
antagonism. However, the number of sequenced phage ge-
nomes is sufficient for machine learning search of indicator
phages to predict pathogenicity. It is possible to find a com-
bination of phages among sequenced ones that provide a
high prediction accuracy (>91%).

4 Discussion and Conclusion

4.1 Phage Fingerprints

We have shown that automated algorithms based on analy-
sis of long unique shared strings applied to unannotated
genome data can yield useful information about bacteria-
phage interactions. We use statistical modeling for search-
ing and investigating significant similarities between ge-
nomes in string diversity. It was possible to find a threshold
above which it is virtually impossible to find unique strings
common to two different unrelated genomes. Finding such
pairs above the threshold strongly suggests an existing bio-
logical or evolutionary relationship between these genomes.
Further investigation is needed to determine thresholds for
genomes from other organisms, and to combine the filtering
results from multiple string lengths.

We have used the screening method to construct a func-
tional “viral fingerprint” for E.coli strains, where each fin-
gerprint distinguishes between strains based on their evolu-
tionary relationship to a wide variety of phages. Our analy-

sis revealed the entire range of interactions between bacteri-
al and phage genomes: no incorporation, partial incorpora-
tion, and almost complete incorporation of phages into mi-
crobial genomes. For example (Fig.4.), it was found that
Stx2 converting phage 11 (AP005154) had index value Iy
above 0.9976 for E.coli O157:H7 indicating almost com-
plete incorporation of this phage into this host genome. We
found that the index values for the pathogenic strain E.coli
0157:H7 are significantly higher than for the lab strain
E.coli K12. It would suggest more active interactions be-
tween phages and pathogenic strains than laboratory strains.
This might help in predicting pathogenicity of newly se-
quenced strains of E.coli based on phage occupancy of their
genomes. The “wildness” of a bacterial strain (history of
exposures to varied environments) might be predicted by a
high degree of interaction with a variety of viruses, as indi-
cated by high degree of virus incorporation. This warrants
further investigation, including the possible use of overlap
occurrence counts (not used in the present analysis).

Moreover, the collected indices of phages incorporated in-
to bacteria can be considered as a fingerprint for the bacteria
(Fig.4) in order to (1) classify distant strains with the help of
common phages from area (A) of fig. 4; (2) identify and
distinguish between closely related strains using the differ-
ences in their phage indices between areas (B) and (C). The
differences between (B) and (C) areas also can be applied
for microbial typing as alternative to typing based on
CRISPR loci [Briner and Barrangou, 2014]. Currently there
is a trend in transiting from “wet lab” to “dry lab” methods
to carry out voluminous tasks such as epidemiological stud-
ies [Chattaway et al., 2017].
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Fig. 4. Among 2,480 phages in ENA, 115 phages have non-empty intersection with E.coli O157:H7 or E.coli K12 on forward strand: 91
phage have common strings with both strains (area A), 20 phages have common strings only with E.coli O157:H7 (area B), and 4 phages
have common strings only with E.coli K12 (area C). For reverse strand, 82 phages have non-empty intersection with E.coli O157:H7 or
E.coli K12: 34 phage have common strings with both strains (area A), 43 phages have common strings only with E.coli O157:H7 (area B),
and 5 phages have common strings only with E.coli K12 (area C). Phages are arranged by decreasing order of the index of their presence in
E.coli 0157:H7 (areas A and B) and in E.coli K12 (area C). Black frames indicate a position of Stx2 converting phage Il (AP005154)
that is almost completely incorporated into E.coli O157:H7 genome.

Based on screening results, this method can locate the
most significant area(s) for fingerprints to fulfill specific
research purposes. The potential range of capabilities for the
algorithms proposed in this paper are limited primarily by
the presence of virus and bacterial sequence data within
databases.

In addition, such fingerprints allow us screen for phages
with potentially high level of similarity (bars of equal length
on the forward strand fingerprint in area (A), Fig.4). Such
phages deserve a close look at their mutual similarity. We
can sort out these viruses based on the screening results and
investigate the relationship in detail using similarity screen-
ing and alignment methods. The double impact of phages
with resembling levels of similarities could be down-
weighted or excluded, depending on the variability. Howev-
er, certain level of differences in content between highly
similar phages might provide an important typing ad-
vantage.

4.2 Pathogenicity Prediction

We found that information about phage occupancy of host
genomes is a good predictor of host potential pathogenicity.
We applied machine learning techniques to predict patho-
genicity of E.coli strains based on their phage spectra since
currently databases contain sufficient amount of host and
parasite genomes for this species. For each E.coli strain with
sequenced genome available in ENA, we found at least 30
phages with sequenced genomes which fragments were
identified in a host genome. With growing availability of
other bacterial and viral sequenced genomes it is possible to
expand this prediction approach to other species.

The presence of long common substrings of over a hun-
dred phages in the E.coli strains indicates a significant pres-
sure of those viruses on the host. The presence or absence of
common substrings, computed in an automated way, can be
used to distinguish bacteria phages from other viruses, iden-
tify particular phages that could be used as vectors against a
very selective group of bacteria strains, and to distinguish
between superficially similar bacteria based on differences



between their evolutionary history and/or their putative
functional interaction with their “viral environment”.

We found that six “indicator” viruses are sufficient to dis-
tinguish between pathogenic and other E.coli strains (Fig.3).
Since bacteria and viruses adapt quickly and they are able to
change their genome rapidly (mutations, horizontal transfer,
etc.), the detected indicator viruses have the best predictive
power in relation to the current state of the analyzed bacte-
rium genomes. However, the described approach allows to
identify a relevant set of indicator viruses for genomes
placed in different time frames and environmental condi-
tions. This method is capable to reveal indicator phages for
distinguishing between potentially pathogenic and other
strains. It also might help to locate current pathogenicity hot
spots in E.coli genomes.

In conclusion, we observed the interconnection between
phage occupation of E.coli genomes and potential strain
pathogenicity. We applied this to develop a computational
“dry-lab” technology to predict pathogenicity of E.coli
strains using phage screening of their unannotated se-
quenced genomes. The accuracy of the method will only
increase with growing availability of sequenced viral and
bacterial genomes in the databases.

4.3 Method possible applications

The methods proposed here do not depend on annotations.
Due to exact matching, they are very specific and able to
detect and distinguish between even closely related phages.
This approach allows to accurately identify integration of
phages into host genomes, but it has limited ability to detect
interaction without such integration. It is currently opti-
mized to detect integration of phages into host chromo-
somes, but it could be adapted to other types of genetic inte-
gration. The computational complexity of the methods is
linearly related to the size of analyzed genomes which is an
important advantage for a screening tool.

The methods here have potential in monitoring host-
parasite interactions and tracking different trajectories of
viral fragments inside microbial genomes: incorporation of
certain fragments, further increment/decrement in a number
of copies, and elimination of particular viral fragments. Cur-
rently our method works on unannotated complete genomes,
but similar methods could potentially be developed to work
on raw genome assemblies (scaffolds) and reads, to form a
handy software screening tool for laboratory and medical
applications, e.g. identifying prospective candidates for
phage therapy and monitoring interactions between micro-
bial and viral genomes during treatment.

Our approach allows us to detect a degree of viral incor-
poration into bacterial genomes with varied levels of resolu-
tion and with various goals. The resolution can vary in a
range of string lengths above the threshold obtained by
analysis of shared strings and evaluation of findings by sta-
tistical modeling. Differences in the values of the phage
presence index suggest differences in the evolutionary histo-
ry of genome interactions. For example, wild type E.coli

0157:H7 has generally higher values of the phage presence
index I, compared to artificial E.coli K12 developed in a
“sheltered” laboratory environment (Fig.4).

The selectivity will only grow as the databases grow and
the methods are applied to ever wider classes of genomes.
The methods can be used to screen genome sequence data
semi-autonomously without any annotations. It can be use-
ful as an early screening tool to find potential new biologi-
cal interactions or selective interactions, as precursor to
more in-depth validation in-silico with other meta-data or
in-vitro.
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