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Motivation: A rigorous yet general mathematical
approach to mutagenesis, especially one capable of de-
livering systems-level perspectives would be invaluable.
Such systems-level understanding of phage resistance is
also highly desirable for phage-bacteria interactions and
phage therapy research. Independently, the ability to
distinguish between two graphs with a set of common or
identical nodes and identify the implications thereof, is
important in network science.

Results: Herein we propose a measure called shortest
path alteration fraction (SPAF) to compare any two
networks by shortest paths, using sets. When SPAF
is one, it can identify node pairs connected by at least
one shortest path, which are present in either network
but not both. Similarly, SPAF equaling zero identifies
identical shortest pathswhich are simultaneously present
between a node pair in both networks. We study the
utility of our measure theoretically in five diverse micro-
bial species, to capture reported effects of well-studied
mutations and predict new ones. We also scrutinise the
effectiveness of our procedure through theoretical and
experimental tests on Mycobacterium smegmatis mc*155
and by generating a mutant of mc?155, which is resistant
to mycobacteriophage D29. This mutant of mc?155,
which is resistant to D29 exhibits significant pheno-
typic alterations. Whole-genome sequencing identifies
mutations, which cannot readily explain the observed
phenotypes.  Exhaustive analyses of protein-protein
interaction network of the mutant and wild-type, using
the machinery of topological metrics and differential
networks does not yield a clear picture. However, SPAF
coherently identifies pairs of proteins at the end of a
subset of shortest paths, from amongst hundreds of
thousands of viable shortest paths in the networks.The
altered functions associated with the protein pairs are
strongly correlated with the observed phenotypes.

1 Introduction

Random mutations are one of the fundamental drivers of
evolution. Mutations can sometimes lead to non-trivial
genotype-phenotype relationships. A proper understand-
ing of this relationship is of deep significance across all
disciplines of life science. A rigorous yet broad math-
ematical formulation of mutagenesis is definitely desir-
able. Towards this end, herein, we introduce a general
and potent measure called the Shortest Path Alteration
Fraction (SPAF). It enables us to distinguish between
any two networks with a set of common or identical
nodes — irrespective of their origin, function, or kind.
We demonstrate the importance of our method across
five diverse microbial species. It successfully captures
the reported effects of all given mutations. Indeed, it also
predicts previously unknown phenotypic consequences of
the mutations. Independently, we generate a D29 resis-
tant mutant of Mycobacterium smegmatis mc?155. Us-
ing results from extensive experiments reported herein,
we also show how SPAF can shed new insight into phage
resistance.

The study of mycobacteriophage resistance is signif-
icant in its own right. The emergence of multidrug-
resistant (MDR) strains in microbes presents an unprece-
dented crisis in human civilisation. Alternatives to an-
tibiotics are needed most urgently. MDR strains have
also been reported in several mycobacteria, including in
dreaded pathogens like Mycobacterium leprae and My-
cobacterium tuberculosis (MTB) [1-3]. It is especially
in this context that the bactericidal activity of phages,
could play a vital role. Phages are associated with tar-
get specificity, minimal side effects and reproducibility.
These properties poise phages to be a viable and in-
deed better potential alternative compared to most an-
tibiotics. Phage therapy [4-6] is now a subject of intense
scientific and clinical research [7-11].

A prime obstacle, however, is that the host bacte-
ria adopt various robust resistance mechanisms against
their phages to survive in the evolutionary run. Ex-
amples of such mechanisms are: (a) the inhibition of
phage adsorption by alteration of the host cell sur-



face [12], (b) restriction-modification (R-M) systems [13],
and, (c) anti-phage endonuclease systems like CRISPR
(Clustered Regularly Interspersed Short Palindromic
Repeats)-Cas to modify the genetic material of phages
[14, 15]. A thorough systems-level understanding of
phage resistance is not merely crucial for understand-
ing phage-bacteria interaction, dynamics, and coevolu-
tion but also possesses immense therapeutic value.

Specifically for mycobacteria-mycobacteriophage sys-
tem [16-18], the associated biological complexity hin-
ders a proper understanding of these resistance mech-
anisms. Some reports indicate that alterations in certain
genes and modification of cell wall components impart
resistance to mycobacteriophages in some mycobacterial
strains [3,19,20]. Examples of well-known mycobacte-
riophages are D29, L1, L5, Omega, and TM4. Among
them, mycobacteriophage D29 is particularly well stud-
ied. It is a lytic phage and has high genomic similarity
with mycobacteriophage L5 [21].

Here we use Mycobacterium smegmatis mc?155 (hence-
forth mostly referred to as wild type or WT), as the host
organism and D29 as the phage. Very few D29 phage
resistant mutants of Mycobacterium smegmatis (MSG)
are known in literature [20]. MSG is important because
it is a close relative of the dangerous pathogen Mycobac-
terium tuberculosis (MTB). To understand the resistance
mechanisms of Mycobacterium smegmatis towards D29,
we have used random mutagenesis to generate a mutant
of the wild type [22], which is resistant to D29. This
D29 mycobacteriophage resistant mutant of mc?155 will
henceforth be frequently referred to as PRM.

Extensive characterisation of PRM shows non-trivial
phenotypic differences with respect to the WT as regards:
(a) resistance to D29 phage, (b) average cell length, (c)
isoniazid sensitivity, and, (d) surface morphology. The
vast majority of the identified mutations do not seem to
show a direct relationship with PRM phenotypes, prima
facie. Therefore, further insight is needed into how vari-
ations in the PRM genome as compared to the WT
genome, lead to observed changes in phenotype. For this
we analyse protein-protein interaction network (PPIN)
of WT and PRM by mechanisms detailed in Section 2.
Topological analyses of networks have been extensively
applied to biology and medicine [23-25]. Further, the
formalism of differential networks [26,27] has been suc-
cessfully used to provide insight into the structural deter-
minants of optogenetics [28]. Use of differential networks
coupled with extensive topological analyses results in the
identification of a few proteins, which are affected due to
these mutations. However, we do not obtain a clear pic-
ture. Therefore, we apply SPAF for detecting the effects
of mutagenesis. SPAF can also be readily applied to
many other biological problems.

SPAF identifies pairs of proteins located at the ends
of select shortest paths, from hundreds of thousands of
viable shortest paths. The identified node pairs are im-

portant because every pair is connected by at least one
shortest path, which is present in either network but not
both. These select protein pairs pinpoint specific biolog-
ical functions that have been revised due to mutations.
We find that the function of the altered pairs is strongly
correlated with the observed phenotypes.

The method presented herein is most general in that
it allows the comparison of any two networks possessing
common or identical nodes by shortest paths irrespective
of their origin, function, or kind. Therefore, in addition
to the mutations in microbes demonstrated herein by us,
it can be naturally applied to other classes of biological
networks with common or identical nodes like ecological
networks and protein contact networks [29].

2 Material and methods

2.1 A discrete mathematical approach
to mutagenesis: Shortest path alter-
ation fraction
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Figure 1: How does the mutation or deletion of even a
single node in a network affect the shortest paths be-
tween all other nodes? Mutation of a node can lead to
alterations in the set of all possible shortest paths, L;;
and L';;, between nodes ¢ and j in networks G(V, €) and
G'(V',&") respectively. Here, the shortest paths before
and after mutation of ‘m’ in (a) and 'p’ in (b) are denoted
in blue and red respectively. The shortest path alteration
fraction, -Eij,l;j7 compares shortest paths l;; € £;; and
li; € L. ]:lij,l;j = 1 identifies shortest paths, which are
present in either G(V, &) or G'(V',£’), but not in both.

We present rigorous results, which will allow compar-
ison between any two networks with common or iden-
tical nodes, using shortest paths. This section is solely
concerned with rigorous mathematical details regarding
the shortest path alteration fraction (SPAF). Therefore,
all subsequent sections(Section 2.2 onwards), which are
mostly concerned with biological details, can be read in-
dependent of this section. An illustration of the notion



of SPAF and the essence of the most important results
of this section is provided in Fig. 1. The applications
of SPAF and its biological importance across microbial
species is presented from Section 3 onwards.

Definition: Throughout this paper, the term graph is
meant to be synonymous with a network. Let G(V,&)
and G'(V',€’) denote two undirected graphs; where,

VIV andE L represent the set of nodes and edges
respectively.

Hereinafter, we restrict ourselves to G- (V.,&z) and
Gr (V. €L ), which represent the largest connected sub-
graph of G(V, &) and G'(V', E’) respectively.

Given two nodes i, j € V,NV;, which are not connected
by an edge — one can further identify the set of shortest
paths: (a) L;; between i,j € Vg, and, (b) £';; between
i,j € V. To reiterate; i,5 € Vz NV, for both (a)
and (b). Furthermore, let N, and N’y denote the
set of nodes lying on the shortest paths l;; € £;; and
l;; € L'y respectively. [li;| = (N, | — 1) and |I'y;| =
(lN/l;j |—1) denote the length of shortest paths l;; and I';;
respectively. Herein, we introduce the following measure,
the shortest path alteration fraction between l;; € L;;
and l; € L'i;,
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Comments: 0 < 7, . I, < 1. Furthermore:

(1) The trivial case of ]‘—l”,z;j = 0,V{4, j} is realised when
Ve =V and € = £, If we compare G(V,E) with
G’ (V', &) instead of merely comparing Gr(Vr,Er) with

G (Ve €00)s Fugyar, = 0,9{i, j} would obviously be re-
alised when V = V' and & = €.
(2)f A,y =1and L;; — L' j = @, then L'; j — £7J

contains only those 5hortebt paths which are present in
L';; and G'(V', &) but not in L;; or G(V, ). Similarly, if
‘F.lijal;] =land £'; ;—L; ; = @, then £; ; —L’'; ; contains
only those shortest paths Wthh are present in £;; and
gV, &) but not in L';; or G'(V', ).

(3) Comparison of two highly different networks is math-
ematically possible but is usually uninformative besides
being computationally expensive. Substantial useful in-
formation from interesting real-world examples like mu-
tagenesis could be gained when |V — V| ~ [V — V).

(4) We can hardly overemphasise the fact that ]:lij,l;j
could be 1 for many pairs of l;; € £;; and lgj e L.
However, only those l;; € £;; and I}, € L£';;, which are
not simultaneously present in both G(V, &) and G'(V', £’),
would yield the most insightful results. Throughout,
this paper we use only those l;; € L and Ij; € L';;
with F,. ;- = 1, which are present in either G(V,&) or
gy, 5’) but not simultaneously in both.

Theorem 1 For a pair of nodes, i and j, which is si-
multaneously present in two nonidentical graphs but not
directly connected by an edge— if shortest paths, l;; € L;;
and lj; € L'i; possess: (i) all nodes in common, then

Fryu, =0; (#) more than two but not all nodes in com-

mon, “then 0 <Fi,u, <1; and (#i3) exactly two nodes, i

and j, in common, then -7:lij,l§,j =1.

Corollary 1 If Ny, # N, yet [Ny, | = [Ny, then
generally l;; € L;; and l’ € L';; can not be described
easily in terms of each other when Fy, =1.
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Proof: Let us recall that ¢ and j are not connected by
an edge as specified in the definition above but rather
by shortest paths. If all nodes between l;; € L£;; and
l;; € L'i; are common, then N, = N 1, which trivially
leads to Fi,, U, = =0.

We dlscuss belovv the conditions under which 0 <
Figu, <1, when N, 75/\/';/, Let us write

Ny NN | = m )

We will first restrict ourselves to the scenario when
neither NV, ¢ Ny nor Nl/, ¢ Ni,. Every pair of
shortest paths between 7 and J “will always have their end
nodes, ¢ and j, in common — even if they share no other
node. Thus, m > 2 between ¢ and j. Therefore, a pair of:

(A) shortest paths possessing no other common node
apart from their end nodes leads to m = 2.

(B) partially overlapping shortest paths between 7 and
j obviously always has other common nodes apart from
the end nodes, leading to m > 2.
Using Eqn. 2 in conjunction with a well-known basic re-
sult from Set theory on the numerator of Eqn. 1 yields,
the following, which is valid for both (A) and (B),

l('/\[l” _N/lgj)U(N/l;j _Mu>| = (lMU - —l_(lN/lé]»l_m)
(3)

As defined above,
[Lijl = (N, 1 = 1) (4)
Vigl = (Wi, | = 1) (5)
Eqgns. 2, 4 and 5 in the denominator of Eqn. 1 yield,
i |+ 1051 = N, N | = (NG, | = 1) + 1IN, | = 1) —

(6)
Plugging R.H.S. of Eqns. 3 and 6 in the numerator and
denominator of Eqn. 1 respectively, leads to

l/ |—2m

We are currently restricted to N, # N /l;j7 when
neither NV, ¢ N/l;j nor N’ll_ ¢ Ni,;. Therefore, it
follows from Eq. 7 that: (I) m>2 = 0< Fy,. 1 <1,
and, Il) m =2 = F,, 1 =1
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we now consider that either of the following could hofd
true:

(C)N, C N’l;j, whence NV, —N’l;j = @ and N/z;j -

N, = N'yy, —m = numerator of Eqn. 1is (A, |[-m)

ij



(D) Ny, € M, whence N';. — N, = @ and
M, — N'z;j = N, —m = numerator of Equn. 1 is
(M,

,m)

For both (C) and (D) the R.H.S. of Eqn. 6 is still valid
as the denominator of Eqn. 1. Additionally, for both (C)
and (D), nodes i and j are defined to be connected not
by an edge but by shortest path/(s). Since N";,. C N,
or N’l;]_ C N, , therefore m > 2 always for both (C') and
(D), thus leading to 0 < .7:1”,,1;], < 1.

Therefore, Theorem 1 stands proved. We know that
Fi.. . = 0, when N/lij = MN,,- We have also proved

ijsbig
above that 0 < Fi;u. < 1, when Nll'/ij # Ni,;. What
happens when N'l;j # My, yet |N'l;j| = |M,,[? The
number of overlapping nodes between [;; € L;; and
li; € L'ij can then either be: (i) two, or, (ii) more than
two but not all. For the former flij,l;j =1 and for the
latter ~7:lij,l§7» < 1. For both cases, especially the former,
lij € Lsj and lgj € L';; can not be generally described
easily in terms of one another. Corollary 1 thus follows
from Theorem 1.

2.2 Generation and characterization of
mycobacteriophage resistant mutant

2.2.1 Bacteria and bacteriophage

We use mycobacteriophage D29 and Mycobacterium
smegmatis mc?155 as the host bacterium (WT). The host
bacterium is a laboratory strain and the phage was ob-
tained from Dr. Ruth McNerney (London).

2.2.2 Media and other chemicals

For the growth of Mycobacterium smegmatis mc*155, we
use Middlebrook 7H9 minimal media (MB7H9) powder
(Difco). For preparation of broth, we add 2.5¢g/1 (0.25%)
BSA (HiMedia Laboratories) as a nitrogen source and
2ml /1 (0.2%v/v) Glycerol (SRL) as a carbon source with
4.66g/1 MBTHY. For preparing solid media, we use 5.6¢g/1
MBT7H9 along with 15¢/1 (1.5%w/v) agar powder (Hi-
Media). For growing cells in the liquid medium, we add
0.01% Tween 80. However for phage infection, Tween 80
is replaced by 2mM CaCls.

2.2.3 Random mutagenesis

Dimethyl sulfate (DMS) is used as a mutagen to gen-
erate random mutagenesis in the host bacterium. Cells
were allowed to grow in the presence of 1mM DMS in
MBT7H9 broth for 2 days at 37°C". DMS treated cells are
incubated with mycobacteriophage D29. Only two tubes
among six indicate growth in the presence of phage. Af-
ter re-incubation in a fresh medium, cells were plated in
the presence of phages. A single colony was isolated as
phage resistant Mycobacterium smegmatis mc*155 and
analysed for phenotypic characterisation.

2.2.4 Comparison of growth and interaction dy-
namics and adsorption affinity

Both types of cells were grown in MB7H9 broth in the
presence of 0.01% Tween 80. For the comparison of
growth rate, samples were withdrawn at regular intervals
for O.D. measurements at 600nm (O Dggg). During inter-
action dynamics experiments of D29 with WT and PRM
cells, we measure the CFU count at regular time inter-
vals. Initial cells densities were chosen so as to maintain
MOI 0.1. For the adsorption affinity and comparison of
growth in the presence of phage, Tween 80 was replaced
by 2mM CaCl,. Purified phage solution with Multiplic-
ity of Infection, MOI 1.0, was added in the bacterial
solution when O Dggg reached 0.1. For adsorption assay,
after every 15 min time interval, samples were collected
from the same phage-bacteria mixture of MOI 0.1 till
75 min. For counting the adsorbed phages on the cell
surface, the samples were centrifuged at 6000 RPM to
separate cells and free phages. After a 10° fold dilution,
the samples were pour plated with host bacteria (as in-
dicator bacteria) in soft agar. The adsorbed phages were
the same as PFU count [30].

2.2.5 INH sensitivity assay

Over a wide range of concentrations of INH (10ug/ml to
50ug/ml), both types of cells were incubated overnight
in MB7H9 at 37°C'. Following the McFarland standards,
the inoculum density of both cell types was kept at 10°
cell/ml. After overnight incubation, the OD of all sets
was measured at 600nm for growth measurements.

2.2.6 Scanning Electron Microscopy (SEM)

For Scanning Electron Microscopy (SEM), samples were
collected and fixed with glutaraldehyde (1.5%w/v). Af-
ter centrifugation at 6000 RPM, the pellet was dissolved
in 20% ethanol solution and spread on the glass slide for
drying. The gold coating was done in vacuum for 3 min
on the aluminium stab. Subsequently, the samples were
mounted for SEM [17].

2.2.7 Whole genome sequencing

The whole genome of PRM and the WT were sequenced
by Hlumina Nextseq 500 platform. Quality of the reads
was checked by FastQC. Sequence assembly and mapping
of mutations were done by CLC bio Genomics Work-
bench version 9 (CGWB) software. Variant identifica-
tion was performed using Qiagen’s CLC Fixed Ploidy
Variant Detection module. This process was executed
by Bioserve Biotechnologies. Proteins are identified from
‘Mycobrowser’ database [31].



3 Results

3.1 Characterisation of mycobacterio-
phage resistant mutant

3.1.1 Altered interaction dynamics of PRM cells
with D29

The results of the growth dynamics of WT and PRM
cells in absence of D29 is presented in Fig. S1 of Supple-
mentary Information 1 (ST 1). As observable therein, the
behaviour is very similar. However, the scenario differs in
the presence of D29. The dynamics of the interaction of
WT cells with D29, which has a latent period of 60 min
has been reported [8]. The D29 particles infect WT cells
and the lytic cycle continues for about 4 hour. This in-
teraction results in a decrease in Optical Density (OD)
of the phage-bacteria mixture by two log folds. However,
PRM cells by their very nature, possess phage resistance.
Therefore, even after 1 hour PRM cells continue to grow.
This ultimately results in an overall increase in OD of
the phage-bacteria mixture by one log fold, after 4 hour
of incubation as seen in Fig. 2(c). We measure opti-
cal density of the growth media at 600 nm (ODggg) for
the growth dynamics experiments and CFU count for
interaction dynamics experiments. Further details are
presented in Section 2.2. To probe into the mechanisms
of resistance, adsorption assay of both types of cells is
investigated. Here we use the standard method outlined
earlier to compare D29 adsorption affinity between both
types of cells. It is observed that, in comparison with
WT cells, PRM cells have a distinct pattern of phage ad-
sorption with a decreased affinity, which is represented
in the inset of Fig. 2(c). Unlike WT cells, PRM cells
do not have an adsorption maxima after 60 min. This
decrease in the phage adsorption affinity of PRM cells
could be a manifestation of cell surface modification or
other physiological changes [12]. Therefore, to examine
the cell surface morphology and physiological properties,
we performed microscopy analyses.

3.1.2 Scanning electron microscopy reveals mor-
phological differences

Initial observations with an optical microscope reveal
some phenotypic alterations in PRM cells in compari-
son to WT cells. Significant changes include alteration
of cellular aggregation property and average cell length
as depicted in Fig. S2 and Fig. S3 respectively of ST 1.
A slightly reduced acceptance of acid fast stain is also ob-
served. In order to investigate those alterations in further
detail, we conduct scanning electron microscopy (SEM).
The SEM images of WT and PRM cells are shown in Fig.
2(a) and Fig. 2(b) respectively. These images show that
the average length of PRM cells is significantly shorter
than WT cells (¢t value = 0.0078 and df = 20). Accord-
ing to measurements, the average length of PRM cells is
about three-quarters of the average length of WT cells

as seen in Fig. 2(c). The forward scatter measurement
in FACS analysis of a cell population lends clues towards
the overall average cell size of that population [44]. The
size difference revealed by SEM is further confirmed by
FACS analyses. The ratio of forward scatteringing of
PRM to WT cells after 5 hour of growth in log phase is
approximately three-quarters. SEM also uncovers mor-
phological differences between these two types of cells, as
regards the cellular surface. PRM cells seem less undu-
lated than WT cells. FACS analyses also attest to the
same. The average side scatter ratio of the PRM cell pop-
ulation is much lower than the WT cell population. This
indicates that the PRM cells are likely to possess lesser
surface irregularities as compared to the WT cells [45].
Further details of FACS analyses are provided in ST 1.
Results from SEM and FACS provide leads regarding al-
terations in surface properties of PRM cells. Therefore,
we study the effect of isonicotinylhydrazide (more com-
monly referred to as isoniazid), which targets a unique
component of the cell envelope in mycobacteria, namely
mycolic acid.

3.1.3 Antibiotic sensitivity of PRM cells

Isoniazid (INH) is a widely used antibiotic to treat my-
cobacterial infections. It is well known that INH inhibits
the synthesis of mycolic acid, which is one of the key com-
ponents of the mycobacterial cell wall [46]. We observe
that the INH sensitivity of PRM cells differs from WT
cells. In our experimental setup, both WT and PRM
cells were incubated overnight over a wide range of INH
concentrations to check their susceptibility, as detailed
in Section 2.2. ODggg of each sample obtained after
overnight incubation, is plotted against the correspond-
ing INH concentration for both cultures in Fig. 2(d).
We observe that PRM cells are less sensitive towards
INH than WT cells. All these physiochemical properties
of PRM cells appear to be associated with multiple al-
terations at the genome level. In order to identify these
genetic alterations of PRM cells, whole-genome Illumina
sequencing was conducted.

3.1.4 Comparative analysis of the whole-
genome sequence of PRM using Illumina
next-generation sequencing

Illumina next-generation sequencing of PRM genome ini-
tially provides us 10646 contig sequences. The longest
contig sequence indicates the highest mapping reads with
Mycobacterium smegmatis mc?155 complete genome,
which has CP009494.1 as its gene bank id. Hence, MSG
mc?155 is used as the reference for assembly and variant
identification. Application of Qiagen’s CLC Fixed Ploidy
Variant Detection module yields 116 variants located in
various genes. Variants that lead to a change in the resul-
tant amino acid are classified as non-synonymous. Vari-
ants that do not lead to a change in the resultant amino
acid are classified as synonymous. Thus 57 mutations are
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Figure 2: Comparison of physiochemical properties of WT and PRM cells. SEM image of cells of: (a) WT, (b) PRM.
Comparison of WT and PRM demonstrates thereduction in the average length of PRM cells. The mean length
of randomly picked statistically significant number of cells is provided with standard deviation. (¢) Comparison
of interaction dynamics of D29 with wild type (WT) and phage resistant mutant (PRM) cells of Mycobacterium
smegmatis mc?155. In the presence of phages, PRM cells grow well though the number of WT cells decreases after
1 hour. (Inset) Compared to PRM, WT cells adsorb more phages — which saturates by the end of its latent period
of 60 min. Upon overnight incubation at various concentrations of INH: (d) shows O.D. count of WT and PRM
cells. Each data point represents the mean + standard deviation derived from three biological replicates.

non-synonymous and 59 are synonymous. Functional en-
richment indicates that 20 functional proteins and 8 hy-
pothetical proteins have been altered in the PRM genome
as an effect of the random mutagenesis. Details of all mu-
tations are listed in ST 3. However, most of the identified
mutations do not exhibit a direct relationship with the
observed phenotype.

3.2 Shortest path alteration fraction
leads to a systems view of the ob-
served phenotypes in the mutant

Hereafter, we will mostly refer to the PPIN for WT and
PRM as WT and PRM respectively. We present the
results of extensive network analyses using well-known
topological metrics and the machinery of differential net-
works [26] in SI 2. Further biological details are presented
in ST 4. However, we do not obtain a clear picture to-
wards understanding the relationship between the muta-
tions and phenotypes. We now demonstrate how SPAF

can shed valuable insights, when conventional topological
analyses of networks might not present a clear picture.

Of particular interest is the presence of non-
overlapping shortest paths between a pair of proteins,
where these paths are present in either but not both
PPIN. Would the biological function associated with such
protein pairs likely have been modified? If so, the sig-
nature of these modified paths should be manifested in
the observed phenotypes. flij,l;j = 1 identifies all such
pairs of nodes at the ends of shortest paths in W7 and
PRM. From hundreds of thousands of viable shortest
paths, ]:l,-j,lgj = 1 selects 3428 such protein pairs. From
the function related to the terminal proteins, all identi-
fied pairs of proteins at the end of these 3428 shortest
paths can be broadly classified into 5 groups, which are
respectively associated with: (1) cellular metabolism—
especially fatty acid metabolism, (2) cell wall formation
and cell division, (3) cellular transport and signalling, (4)
information processing — especially translation, and, (5)
cell redox homeostasis. The five groups and their possi-



Microbial Mutations | Reported phenotypic changes Functions associated P, Z P, Z
species (N, Em) with end proteins p-value p’-value
(NMw, Ew) N¢ identified using s, t-value s/, t'-value

flii’ 4= 1 (]:lij,l,’ij =1) (random)
Bacillus ccpA gene Defects in biosynthesis of acetoin and | Cellular metabolism, | 0.799, 14.931 0.229, -3.042
subtilis (1345,1538) | other metabolites [32], Sporulation cascade, | < 10712 <1.17x1073
(1346,1542) | 3586 Repression of sporulation [33], Transcriptional  regula- | 0.161, 37.312 0.176, -7.243

Transcriptional down regulation [33] tion, Stress response

Escherichia | RecA gene Deficiency in DNA repair [34], DNA repair, 0.888, 45.204 0.192, -11.143
coli (1574,6440) | Noisy gene expression [35], Gene regulation, < 10712 < 10712
(1577,6456) | 5738 SOS response [36] Metabolic regulation 0.099, 143.403 | 0.155, -28.288
Helicobacter | FlaA gene
pylori (373,2213) Cellular motility [37] Flagellar assembly —_—
(374,2218) | 14
Saccharo SSD1 gene Cell wall integrity [38], Cell wall and membrane | 0.715, 3.365 0.114, -41.555
-myces (3820,40929)| Altered virulence [39], integrity, Cellular growth | < 3.9 x 1074 < 10712
cerevisiae 9411 Cell cycle regulation [40] and cell division, Viru- | 0.203, 7.462 0.1, -130.8
(3821,40936) lence activity, Gene reg-

ulation and signaling
Salmonella | Aro genes | Cell wall & membrane integrity [41], Cell wall and membrane | 0.726, 5.158 0.156, -22.451
typhimurium| (total 8) Alteration in lipid and amino acid | formation, Lipid and | < 1.3 x 10~7 <1012
(1136,4281) | (1124,4249) | metabolism and transport [42,43] amino acid metabolism | 0.198, 11.574 0.132, -61.886

7497 and transport, Metabolic
regulation

Table 1: Well-studied phenotypic alterations in mutants across five microbes. JFj,; i, = 1 successfully leads to known

phenotypes from literature (in italics), while also predicting hitherto unknown phenotypes towards experimental
verification. Ny and &)y represent the number of nodes and edges in the wild type PPIN respectively, while Ny, and
& represent the same for the mutant PPIN. N represents the number of shortest paths with ]:l,ij’l{ij = 1. Values

of P,Z,s,t and P’,Z’',s',t' for one proportion test of significance of the identified and random pairs respectively
are displayed in the last two columns. The results demonstrate that 70% or even more of protein pairs identified

via Fy..

. ’
igiliy

= 1, are reported to be functionally associated with the phenotypes at a confidence level of 99%. In

contrast, 25% or even lesser of an identical number of randomly selected protein pairs are reported to be functionally
associated with the phenotypes at a confidence level of 99%. Tests have not been conducted on H. pylorias N < 30.

ble impact on the observed phenotypic characteristics are
depicted in Fig. 3. The complete constitution of these
groups is provided in ST 5, where the columns in a group
represent proteins at the end of shortest paths obtained
using ]:lij,l;j =1.

3.3 The importance of shortest path al-
teration fraction: application to di-
verse microbes

We evaluate the importance of SPAF in a well-studied
mutant in each of five different microbial species. These
mutations are ccpA for Bacillus subtilis, recA for Es-
cherichia coli, flaA for Helicobacter pylori, SSD1 for
Saccharomyces cerevisiae and aro for Salmonella ty-
phimurium. The first four mutants are generated as
a result of a single mutation in the respective species.
The last is due to eight mutations. The wild type
PPIN for SPAF analysis were obtained from the STRING
database. For all the cases studied above, a cutoff score
of 950 was selected to minimise hypothetical interactions,
as described in Section S1 of ST 2. PPIN of the mu-
tant has been constructed by deleting the specific mu-
tated protein/(s) from the respective PPIN of the wild

type. A summary of these mutants and their pheno-
typic characteristics, both reported as well as predicted,
is provided in Table 1. The protein pairs associated with
these phenotypic groups are located at the ends of select
shortest paths. These paths are successfully identified
using Fy,; ;. = 1, as prescribed in Theorem 1. A de-
tailed account of the protein pairs for the microbes thus
identified, is provided in SI 6. Their classification has
been undertaken by biological function.

To test the statistical significance of these results for
every organism, we randomly select node pairs equal in
number to that identified via Fi;0, = 1. These ran-
domly chosen pairs are drawn from a distribution of
shortest path lengths, akin to the one governing the pro-
tein pairs identified via -Flu,l,’i,v = 1. We then perform
two statistical tests to verify whether the reported func-
tional association of the pairs identified by -7:lij,l;j =1is
significantly higher than the pairs selected at random.

We first perform a one proportion Z-test for protein
pairs identified via ]:lij,lgj = 1; against the null hypoth-
esis, Ho, that less than Py% of the identified protein
pairs is reported in literature to be functionally asso-
ciated with the phenotypes of the given mutant. We
choose Py = 70 and a confidence level of 99%. We next



perform this test for the randomly selected protein pairs.
Here, our null hypothesis, Hj,, is that greater than P{%
of the randomly selected pairs is reported to be func-
tionally associated with these phenotypes. As before,
we choose a confidence level of 99% and Py = 25. The
protein pairs identified using ‘Eij,l;j = 1, are listed in
ST 6. Similarly, randomly identified protein pairs are
listed in SI 7. N represents the number of identi-
fied shortest paths possessing ]:lij,lgj = 1. Out of N
pairs, Nz pairs have been reported in literature. Thus,
P = Nz /N;. We test our null hypothesis Ho : P < P,
against the alternative hypothesis, H, : P > P, for
proteins identified using ‘}—lijyl;j = 1. Alternately, for

+ randomly selected protein pairs (where obviously
N} = N); Nj pairs have been reported in litera-
ture. Thus, P' = N, /N/. We test our null hypothe-
sis, H'o : P’ > PJ, against the alternative hypothesis,
H'y : P < Pl. We shall reject Ho and accept H,, if Z
exceeds the tabulated values [47] at a confidence level of
99%. To test against the null hypothesis, we calculate
Z = (P—P,y)//P(1— P)/N_ for proteins identified via
]:lij,l;j = 1land 2/ = (P' — P))/\/P'(1—P")/N} for
randomly selected proteins. Table 1 lists the relevant
values P, P’,Z and Z'. We find that we can reject Hg
and accept H,, implying that 70% or even more of the
protein pairs identified by our method possess clear evi-
dence in literature regarding functional association with
the phenotypes. We also find that we can reject H'g and
accept H', at a confidence level of 99%, thereby imply-
ing that 25% or even lesser of the randomly identified
protein pairs are reported to be functionally associated
with the phenotypes.

We also perform the t-test on the same null hypoth-
esis. The sample mean reflects the number of suc-
cesses, i.e. the number of protein pairs demonstrat-
ing clear evidence of functional association in litera-
ture. The sample mean is thus easily be found to be
P, and the variance, s = P(1 — P). We calculate
t=(P—Py)/(P(1— P)/\/N¢). Similarly, we calculate
s=P(Q—-P)andt = (P —P)/(P(1—-P)/VN,)
for the randomly selected pairs. The values of ¢ and ¢’
are tabulated in Table 1. These indicate that we can
accept H, for protein pairs identified using ]:lij,l;j =1
at a confidence level of 99% [47]. Similarly, the t'-values
lead us to accept H', for the randomly selected pairs, at
a confidence level of 99%. Thus, the conclusions of the
t-test are in complete agreement with those of the Z test.

4 Discussion

We rigorously introduce a mathematical approach and
the measure of shortest path alteration fraction to com-
pare any two networks with common or identical nodes.
Herein, it enables us to propose a broad mathematical
approach to mutagenesis and empowers us with a sys-
tems perspective. We apply our measure for five well-

studied cases of mutants across the microbial domain.
SPAF based PPIN analysis successfully identifies all phe-
notypic changes previously reported in the literature. In
addition, it makes predictions which have not yet been
reported but can be tested experimentally. Simultane-
ously, we generate a phage resistant mutant (PRM) of
MSG mc?155 (WT). WGS results indicate various non-
synonymous mutations at 20 protein-coding regions in
the PRM genome. The distinguishing phenotypic char-
acteristics of PRM cells as compared to WT cells are: (a)
resistance to D29 phage, (b) average cell length, (c) isoni-
azid sensitivity, and, (d) surface morphology. As afore-
mentioned, we construct the PPIN of WT and PRM,
which are referred to as W7T and PRM respectively.
Comparison and analyses of WT and PRM using dif-
ferential networks and well-known topological network
measures fail to provide a clear picture. A detailed study
of proteins at the ends of all these paths, reveals strong
correlations with the observed phenotypes. Further, they
can be sorted into five groups as outlined in Fig. 3. Mod-
ifications associated with these five groups of protein in-
teractions are strongly correlated with the observed phe-
notypes. Alterations in the metabolism of fatty acids
and their interactions with cell surface components seem
to affect the cell wall character. These also affect the
surface-associated receptors. Such changes would cause
altered surface morphology and abnormal phage adsorp-
tion, leading to phage resistance [48,49]. Moreover,
phage resistance would also be caused by the altered
translational paths and redox homeostasis as these af-
fect phage propagation and phage-mediated secondary
killing of the host cell respectively [8,50]. Furthermore,
alterations in various metabolic pathways and paths as-
sociated with cellular transport would cause alterations
in the INH sensitivity of cells [51,52]. Likewise, changes
related to cell division proteins and their interactions
with cell wall components would alter the average cell
length [53,54]. As well known, a phenotype may emerge
from complex interactions of proteins arising as a re-
sult of mutations in several genes [55]. Indeed, the phe-
nomenon of genetic pleiotropy [56] portrays a completely
different aspect of such complexity; wherein a single gene
can even be responsible for two or more completely unre-
lated effects. However, it is not limited merely to protein-
protein interaction networks and can be applied to di-
verse problems, across the sciences. Mutations in one or
more residues at the level of a single protein could be
tackled with our approach using the framework of pro-
tein contact networks or residue interaction graphs [29].
It can also be naturally applied to a diverse variety of bi-
ological networks — ranging from structural and molecu-
lar biology to ecology. To illustrate, seasonal or environ-
ment effects would likely leave their imprint over time on
ecological networks, which could be studied using SPAF.
Indeed, we expect the wide use of SPAF not merely in
biological networks but in all kinds of networks.
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Figure 3: ]:lij,lgj = 1 leads to the identification of five
groups of protein pairs at both the ends of select shortest
paths. These groups of altered interactions are strongly
correlated with the observed phenotypes.
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