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Abstract—Facilitating the discovery of drugs by combining
diverse compounds is becoming prevalent, especially for treating
complex diseases like cancers and HIV. A drug is a chemi-
cal compound structure and any sub-structure of a chemical
compound is designated as a fragment. A chemical compound
or a fragment can be modeled as a graph structure. Given
a set of chemical compounds and their corresponding large
set of fragments modeled as graph structures, we address the
problem of identifying potential combinations of diverse chemical
compounds, which cover a certain percentage of the set of
fragments. In this regard, the key contributions of this work are
three-fold: First, we introduce the notion of Graph Transactional
Coverage Patterns (GTCPs) for any given graph transactional
dataset. Second, we propose an efficient model and framework
for extracting GTCPs from a given graph transactional dataset.
Third, we conduct an extensive performance study using three
real datasets to demonstrate that it is indeed feasible to efficiently
extract GTCPs using our proposed GTCP-extraction framework.
We also demonstrate the effectiveness of the GTCP-extraction
framework through a case study in computer-aided drug design.

Index Terms—Graph mining, Graph transactions, Coverage
patterns, Drug discovery

[. INTRODUCTION

Facilitating the discovery of drugs by combining diverse
compounds is becoming prevalent, especially for treating
complex diseases like cancers and HIV [1]. Researchers have
identified drug cocktails (i.e., a drug with multiple compounds)
that show high efficacy, less drug resistance and less side-
effects as compared to that of a single drug [2]-[4]. Gener-
ally, identification of the right combination of drugs requires
conducting a huge number of experiments as the number of
available drugs increases. This problem is exacerbated when
the experiments are expensive and the material for testing is
rare. Therefore, it becomes imperative to use computational
methods for efficient drug combination discovery. In this
paper, we address the issue of facilitating the generation of
drug cocktails by employing data mining methods.

A drug is a chemical compound or molecule consisting
of two or more chemically bonded chemical elements. A
sub-compound of a chemical compound is designated as
its fragment. Fragments are important sub-structures of a
chemical compound that define the nature of the chemical
compound. Incidentally, fragment-based drug design is being
widely explored in the literature [5]-[9]. In these works,
molecular fragments have been considered as features in

structure-based drug discovery process. Moreover, research
efforts [2], [3], [10], [11] have been made for finding optimal
drug combinations for drug cocktail discovery. The work in
[1] describes that in the early stages of drug discovery, it is
essential not only to identify compounds with high binding
affinity, but also to maximize/diversify the types of possible
fragments of these drug compounds with the target protein. In
addition, the work in [12] highlights the importance of diver-
sity in drug combination. However, due to the combinatorial
explosion of possible drug combinations, the computational
cost of these methods is prohibitively expensive. In this paper,
we investigate an improved method for identifying potential
drug combinations by employing the notions of coverage
and overlap. In addition, we propose a pattern mining-based
approach to extract the potential drug combinations.

Given a set of chemical/drug compounds and an identified
set of fragments (features), a pharmacologist may be interested
in drug combinations that contain a pre-specified percentage
of fragment set. This paper introduces the problem of mining
potential chemical compounds, which cover a user-specified
percentage of fragment set. For this, we model each chem-
ical compound as a graph structure with chemical elements
as vertices and bonds as edges. Given a set of chemical
compounds, the set of all such graph structures forms the
Graph Transactional Dataset (GTD). A sub-compound of a
chemical compound is designated as its fragment and can
also be modeled as a subgraph structure. A set of all such
fragments belonging to a GTD forms the fragment set S.
In essence, we first model chemical compounds and sub-
compounds as graph transactional data and fragment set.
Then the graph transactional combinations, which cover a
user-specified percentage of the fragment set, will form the
potential drug combinations.

In this paper, we address the problem of extracting all graph
transactional patterns that cover a user-specified percentage of
the fragment set. These graph transactional patterns are des-
ignated as Graph Transactional Coverage Patterns (GTCPs).
To extract the fragment set from a given GTD, we employ an
existing subgraph mining algorithm [13]. Given a set of GTD
and fragment set S, a naive approach would be to first extract
all possible combinations of graph transactional patterns and
check whether each pattern satisfies the user-specified cover-
age of fragment set. Intuitively, such an approach would be
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prohibitively expensive because the number of possible graph
transactional patterns of a given GTD typically explodes.

To address the issues of combinatorial explosion and diver-
sity, we exploit the notion of overlap. In particular, we develop
an approach, which extracts all potential GTCPs subject to
fragment set coverage and overlap constraints. In the pattern
mining area, the works in [14], [15] used the overlap ratio
constraint to address the issue of combinatorial explosion
and extracted coverage patterns from a transactional dataset.
Furthermore, the overlap ratio constraint guarantees the ex-
traction of diverse drug patterns subject to the user-specified
overlap ratio threshold constraint. Incidentally, overlap ratio
satisfies the sorted closure property [15], [16], which enables
the pruning of a significant number of non-potential candidate
patterns in an apriori manner and provides the opportunity to
extract potential GTCPs.

The key contributions of this work are three-fold:

1) We introduce the notion of Graph Transactional Cov-

erage Patterns (GTCPs) for a given graph transactional
dataset.
We propose an efficient model and framework for ex-
tracting GTCPs from a given graph transactional dataset.
We conduct an extensive performance study using three
real datasets to demonstrate that it is indeed feasible
to efficiently extract GTCPs using our proposed GTCP-
extraction framework. We also demonstrate the effec-
tiveness of our proposed GTCP-extraction framework
through a case study in computer-aided drug design.

2)

3)

To the best of our knowledge, this is the first work to
introduce the model of GTCPs and propose a framework to
extract GTCPs. The remainder of this paper is organized as
follows. Section II reviews related works. Section III discusses
the proposed framework of the problem. Section IV presents
our proposed GTCP-extraction framework. Section V reports
our performance evaluation. Section VI presents our case
study. Finally, we conclude in Section VII.

II. RELATED WORK

The drug combination discovery method in [10] modeled
the drug combination search space as a trellis-like structure
without repetitions. In particular, it proposed three algorithms,
which were originally developed for digital communication.
However, this method needs to compute a biological score
for each candidate drug combination. Moreover, the works in
[1], [12] made the observation that the chances of success in
drug development are high when the chemical compounds are
more diverse in nature. None of the existing works have in-
vestigated the issue of extracting potential drug combinations
with graph coverage-related knowledge and pattern mining-
based approach. However, we explore graph coverage-related
knowledge to mine potential drug combinations subject to a
fragment set using a pattern mining-based approach.

Fragment-based drug discovery has been extensively studied
in the literature. The work in [5] extracted chemical fragments
and used them as molecular descriptors for the quantitative
structure-activity relationship (QSAR) studies in drug design.
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The works in [6], [7] extracted discriminate fragments from
drug compounds to classify whether a drug is toxic or non-
toxic. The work in [8] proposed visGReMLIN (visual Graph
Mining strategy to infer protein-Ligand INteraction patterns),
which is a methodology to search for conserved protein-
ligand interactions (potential fragments) in a group of related
proteins-ligand complexes. The work in [9] used molecular
fragments in structure-based drug discovery as feature vectors
and proposed a Machine Learning framework for Enhanced
MolEcular Screening (MEMES) based on Bayesian optimiza-
tion for efficiently sampling molecules in the drug design
process.

The notion of coverage has been applied in set theory as
set cover problem [17] and hitting set problem [18]. Further,
coverage has been well explored in applications like maximum
covering location problem [19] and k-path covering in route
planning [20]. In graph theory, coverage has been used to
formulate the vertex cover problem and the clique cover
problem [17], [21].

The work in [14] proposed the notion of coverage patterns
for efficient banner advertisement placement in e-commerce
websites. In particular, it proposed a new data mining tech-
nique called Cmine to extract coverage patterns from trans-
actional datasets. It has been extended the work in [15],
which proposed Coverage Pattern Projection Growth (CPPG)
and Enhanced Coverage Pattern Projection Growth (ECPPG)
algorithms for efficiently mining coverage patterns. Notably,
none of the existing approaches have addressed the issue of
extracting graph transactional coverage patterns that cover
user-specified percentage of fragment set. Our work is also
differentiated from the works in [14], [15], which extract cov-
erage patterns from a transactional dataset, while we extract
graph transactional coverage patterns from a GTD.

TABLE I: Summary of notations.

Notation | Description

G; Graph transaction

D Graph transactions dataset (GTD)
Sy Set of fragments

FID Fragment Identifier

P Graph pattern

P! [-size graph pattern

gi FID-based flat transaction

Dy FID-based flat transactional dataset
GTCP Graph transactional coverage pattern

ITII. PROPOSED FRAMEWORK OF THE PROBLEM

This section presents our proposed problem framework for
computing Graph Transactional Coverage Patterns (GTCPs).
Now we shall discuss some relevant terminology. Table I
depicts the summary of notations used in this paper.

A. Graph Transaction and Subgraph

In the literature, efforts are being made to extract the knowl-
edge of frequently occurring sub-compounds by modeling a
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Fig. 1: (a) Sample chemical compound,
(b) Equivalent graph model.
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Fig. 3: (a) Set of fragments (f1 to fag) extracted from GTD D for min_sup = 0.2. (b) GTCP {Gs,G5,.G2}.

chemical compound as a graph transaction [22]. We define the
notions of graph transaction and subgraph in a similar manner.

Definition 1 (Graph Transaction): A graph transaction G =
(V,E,L,) is a labeled, connected and undirected graph, where
V is a set of vertices, while E C V2 is a set of edges. Here, L
is a set of labels and [ : VUFE — L, where [ is a function for
assigning labels to vertices and edges. A graph transactional
dataset (GTD) D comprises n such graph transactions, where
the value of n is typically large. Notably, a vertex/edge may
belong to multiple graph transactions in D

Example 1: Consider a sample chemical compound
shown in Figure 1(a) and its equivalent graph transac-
tion G=(V,E,L,l) depicted in Figure 1(b). Here, V={vq,
Vg, ...,v13}, E={(v1,03), (v2,v3), ..., (vo,v13)} and L=
{C,F,H,N,0,1,2,3}. A mapping function / maps the ver-
tices v1,v2,03,. . .,v13 to H,N,N,... F" and the edges (v1,v3),
(v2,03), ..., (vg,v13) to 1, 3,...,1 respectively.

Definition 2 (Fragment/Subgraph): A portion f of a graph
transaction G is called a fragment/subgraph of G. Given G =
(V, E)and f = (Vy, Ey), we say that f is a fragment/subgraph
of G or f exists in G (denoted as f C G), iff Vy C V,
E; CE,Y(u,v) € By — u, ve Vy[13].

We shall henceforth use the terms fragment and subgraph
interchangeably. We also use the terms graph and graph trans-
action interchangeably. In the literature, several algorithms
have been proposed in [13], [23] to extract subgraphs from
GTD subject to a minimum support (min_sup) threshold.
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B. Graph Transactional Coverage (GTC)

Consider a GTD D={G1,Ga....,G,} of n graph trans-
actions. Let Sy={f1,f2.....fm} be the set of all fragments
extracted from D. We model each graph transaction G; € D
as a subset of fragments set Sy (G; C Sy). Therefore, each
graph G; in D is a set of fragments that it belongs to.

Given a set Sy, we define the notion of graph transactional
coverage, which indicates the percent of fragments covered by
a given graph transaction. We first define the notion of cover,
cover set and then define the graph transactional coverage.

1) Cover: Let G; be a graph belongs to D and f; be a
fragment belongs to Sy, we say graph G; covers fragment f;
if fragment f; exists in G;. Formally, Cover (Cover(G, f;))
of f; by G; is defined as follows:

L iff; € G

0 otherwise

Cover(G,, f;) = { (1)
Computation of Cover(G;, f;) involves solving the subgraph
isomorphism problem, which is NP-complete [13]. The gSpan
algorithm [13] uses a canonical labeling system called DFS
lexicographical order, which assigns minimum DFS code to
each graph as the canonical label. We compute Cover (G5, f;)
based on DFS codes.

2) Cover Set: Let Sy be a fragment set and G; € D be a
graph transaction, the Cover Set (C'Set(G,;, Sy)) of a graph G;
is defined as set of all fragments in Sy covered by graph Gj.
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Formally, C'Set(G;,Sy) = {fj|Cover(G;, f;) = 1& f; €
S¢}. The Graph Transactional Coverage (GTC(G;,Sy)) of
G is defined as the percentage of fragments in Sy covered
by graph G; € D. It is defined as follows:

|CSet(Gy, ;)|
ISt

Here, 0 < GT'C(G;,Sy) < 1. A graph transaction can be
a potential graph transaction if GTC(G;,Sy) > minGTC,
where minGTC is a user-defined minimum Graph Transac-
tional Coverage threshold.

Example 2: Consider a sample graph transactional dataset
D comprising 10 graph transactions G; to G1g, as shown in
Figure 2. Let f; to fog be the set of all fragments extracted
from D with min_sup = 0.2, as shown in Figure 3(a). Here,
fragment f, exists in graph G;. Therefore, Cover(G1, f1)=1.

GTC(G;,Sf) = 2)

Moreover, Cset(G17 Sf)z{fl’f2’f3’f4’f5’f6’f7}
and GTC(Gl,Sf)z%lehsfﬂ:%:O.%. Simi-
larly, GTC(Gg,Sf)=0.5, GTC(G5,S57)=0.25  and

GTC(G4, S5)=0.21 respectively.

C. Graph Transactional Pattern Coverage

Users may be interested in a graph if it contains more
number of fragments. However, a single graph may not cover
a user-specified percentage of fragments. Therefore, we find
a set of graphs (say Pattern (P)) in D that collectively
cover the user-specified percentage of fragments. We now
define the notion of Pattern Cover Set (PCSet(P,Sy)) of
a graph pattern P. Let P={G,,Gy....,G,} be a graph pat-
tern, the PCSet(P,Sy) of a graph pattern P is a union
of all fragments in S; covered by graphs in P. Hence,
PCSet(P,Sf)=Uyg,ep CSet(Gi, Sy).

Given a GTD D, fragment set Sy and let P be a
graph pattern, the Graph Transactional Pattern Coverage
(GTPC(P,Sy)) of a graph pattern P is the percentage of
fragments in Sy covered collectively by graphs in P. We
compute GT'PC(P, Sy) as follows:

_ [PCSet(P, Sy)|
St

Here, 0 < GTPC(P,Sy) < 1. Notably, GTPC(P, Sy) =
1 when all of the fragments in Sy are covered by P. Con-
versely, GI'PC(P, Sy) = 0 when none of the fragments are
covered by graphs in P. A graph pattern P is interesting
with respect to coverage point of view if GTPC(P,Sy) >
minGT PC, where minGTPC is a user-defined minimum
Graph Transactional Pattern Coverage threshold.

Definition 3 (Graph Transactional Coverage Pattern):
Given D and extracted set of all fragment S;, a graph
pattern P is called as Graph Transactional Coverage Pat-
tern if GTPC(P,Sy) > minGTPC, VG; € P and
GTC(G;,5f) > minGTC

Example 3: Consider a pattern P={Gs,G5,G2} as
shown in Figure 3(b). The GT'C' values of Gg, G5, and G2
are 0.5, 0.25, and 0.21 respectively. The pattern cover set of P,

PCSet(P,Sp)={ f1.f2.f3.f4. [5.f6. 7. f3: fo. f10. f11.f12. f13, 14

GTPC(P,Sy) 3

24

fis.f16:f17.f18:f19:f20. f21, f22, f23, f24, f25. f26 }-

The graph transactional pattern coverage of P,
GTPC(P, Sf)zw:%zo.%. Given the values of

minGTC=0.2 and minGTPC=0.9, the pattern P={Gs, G,
Go} forms the Graph Transactional Coverage Pattern.

Definition 4 (Minimal Graph Transactional Coverage Pat-
tern): A pattern P is called as Minimal Graph Transactional
Coverage Pattern if there does not exist any graph pattern P,
P c P and GTPC(P',Sf) > minGTPC, ¥G; € P’ and
GTC(G;,Sf) > minGTC.

Problem statement: Given D and having extracted set
of fragments Sy, and user-defined parameters minGTC and
minGTPC, the problem is to extract all minimal GTCPs
subject to user-defined constraints minGTC and minGTPC.
It can be noted that we henceforth represent minimal graph
transactional coverage patterns simply as graph transactional
coverage pattern (GTCPs).

IV. PROPOSED APPROACH

This section presents our proposed approach.

A. Basic Idea

Our goal is to extract GTCPs from graph transactional
dataset subject to minGTC and minGTPC constraints.

Given n graph transactions, we need to examine 2"-1
combinations of graph transactions to determine the candidate
sets that satisfy the given constraints. As n increases, the
candidate sets of graph transactional patterns to be examined
would essentially explode. Hence, it becomes imperative to use
heuristics for efficiently pruning the search space to minimize
the number of candidate graph transactional patterns. Notably,
the evaluation of each graph transactional pattern is in itself
non-trivial because checking the constraints associated with
minGTC and minGTPC requires computationally expensive
graph-based computations.

The basic idea is as follows. We extract all potential
fragments (or subgraphs) from each graph transaction and
convert each graph transaction into the flat transaction with
the corresponding set of Fragment /Dentifiers (FIDs). We also
form the complete set of fragments by combining FIDs of all
graph transactions. Then, we propose an efficient methodology
to compute the coverage for a given candidate pattern set in
terms of percentage of given fragments covered based on the
overlap-based pruning technique.

The proposed GTCP-extraction framework consists of three
steps: extraction of potential fragments from GTD, formation
of flat transactions and extraction of GTCPs.

First, we extract the set of potential fragments (or sub-
graphs) from each graph transaction. A fragment is called
as a potential fragment if it exists in the threshold percent-
age of graph transactions, which we call minimum support
(min_sup). We can employ any of the subgraph extraction
algorithm [23], such as gSpan algorithm [13] to extract all
potential fragments. Second, we form the FID-based flat
transactional dataset, where transaction consists of all FIDs
of fragments corresponding to the given graph transaction.
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min_sup D minGTC minGTPC maxOR

‘ Extracting set of all fragments S; from D ‘

‘ Formation of FID-based flat transactions ‘
D¢
‘ Extraction of GTCPs ‘

GTCPs

Fig. 4: GTCP-extraction framework.

Third, we employ pattern mining-based approach with
apriori kind of properties to extract all GTCPs. To develop
the proposed approach, we exploit the observation that the
a set of drug compounds are interesting if they are more
diverse in nature [12]. The notion of diversity can be captured
by minimizing overlap among set of fragments covered by
drug combinations. Incidentally, the overlap constraint satisfies
the sorted closure property [15]. We exploit overlap-based
heuristic for pruning the search space and propose the pattern
mining-based approach to extract GTCPs. In the next section,
we explain the details of these three steps.

B. GTCP-Extraction Framework

GTCP-extraction framework consists of three steps: (i)
Extraction of potential fragments from GTD (ii) Formation of
FID-based flat transactions (iii) Extraction of GTCPs. Figure 4
depicts the GTCP-extraction framework. Algorithm 1 depicts
the steps in GTCP-extraction framework.

1) Extraction of Potential Fragments from GTD: The in-
put to this step is GTD D and minimum support threshold
(min_sup) and output is the fragment set Sy of all frag-
ments/subgraphs that satisfy min_sup constraint. For this,
we employ the gSpan algorithm [13] to extract all fragments
with support greater than or equal to min_sup as depicted in
Algorithm 1 (see line 1-2). The gSpan algorithm employs a
pattern-growth approach and builds a hierarchical search tree
called the DFS Code Tree.

In the DFS Code Tree, every node represents a subgraph,
and every subgraph in GTD will have a respective node in
the DFS Code Tree. Each node in the tree is assigned with a
lexicographical canonical label called the DFS code and one
subgraph can have multiple DFS codes. The first DFS code
in pre-order traversal over the DFS Code Tree is called the
minimum DFS code and is assigned as the canonical label to
the subgraph. A depth-first search over the DFS Code Tree
extracts all minimum DFS codes of all subgraphs in D. The
set of fragments/subgraphs which satisfy min_sup constraint
is returned as S¢. Each fragment in Sy is stored in the form of
<FID, Clabel, GIDs[ ]>, where FID is a Fragment [Dentifier,
Clabel is the minimum DF'S code assigned as a canonical label
to the fragment and GIDs/[ | represents the set of all graph
identifiers in which a fragment exists.

2) Formation of FID-based Flat Transactions: The input to
this step is Sy and output is the set Dy of flat transactions, in
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Algorithm 1 : GTCP-Extraction_Framework(D, min_sup,
minGTC, minGTPC, maxOR)
Inputs: D, min_sup, minGTC, minGTPC, marOR
Output: GTCPs: Set of all GTCPs.
Variables: Set of all fragments S;:<FID, Clabel, GIDs[ [>;
FID-based flat  transactional dataset Dy <
gi, FIDs[] >;

1: Sp¢

2: Sy < Extract all fragments from D using gSpan algorithm

that satisfy min_sup
3: Dy = Get_FID-Based_Flat_Transactions(S)
4: GTCPs = GTCPA(D¢, minGTC, minGTPC, maxOR)

which each flat transaction contains FIDs. Algorithm 2 depicts
this procedure. In this step, two hash maps are maintained:
Sy:<FID, Clabel, GIDs[ |> and Dy:< g;, FIDs[ |>, where
g; represents 7" flat transactional identifier. For each fragment
f; in S¢ and for each g; in S;.GIDs/[ |, we construct the FID-
based flat transactional database Dy by inserting Sy.FID into
Dy .FIDs[ | of corresponding g; i.e., Dy :< g;, FIDs[ |> (see
lines 1-3). The set Dy :< g;, FIDs[ |> forms the FID-based
flat transactional dataset (see line 4).

Algorithm 2 : Get_FID-Based_Flat_Transactions(S'y)
Input: Sy
Output: D;:< g;, FIDs[ >

1: for each fragment f; € Sy do

2. for each gid in f;.GIDs[ | do

3: Insert f;.F'ID into list FIDs[ | of corresponding gid
in Dy (Dy:< g, FIDs[ [>)
4: return Dy

3) Extraction of GTCPs: Recall Section IV basic idea,

which discuss the issue of candidate pattern explosion as n
increases. To address this issue, we employ sorted closure
property of overlap ratio to prune the search space.
About overlap ratio: Given a GTD D with n graph trans-
actions, a naive approach would need to compute the value
of GTPC for all 2"-1 candidate patterns. To improve the
performance, we employ the notion of overlap ratio as it
satisfies the sorted closure property [15] when the graphs
in the pattern are sorted in the descending order of their
GTC values. If a pattern P fails to satisfy the user-specified
maximum overlap threshold constraint, any superset of P
cannot possibly satisfy the overlap threshold constraint. Hence,
we can avoid generating supersets of P. We use this heuristic
in our proposed GTCPA for efficient pruning of candidate
patterns and extract all GTCPs from D. We now define the
overlap ratio of a pattern and the sorted closure property.

Definition 5 (Overlap Ratio of a Pattern): Let
P={gp.94- - -.0r.gs} be a pattern such that GT'C(g,,Sy) >
GTC(g4,S¢) > -+ > GTC(gr,Sy) > GTC(ys,Sy). The
Overlap Ratio (OR(P,Sy)) of a pattern P is defined as
the ratio of the number of fragments in Sy common in
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PCSet({P — gs},Sy) and CSet(gs, Sy) to CSet(gs, Sy). It
is defined as follows:

|[PCSet({P — gs},5¢) N CSet(gs, Sy)|
|CSet(gs, Sy

For a pattern P, 0 < OR(P,Sf) < 1. A pattern P is
interesting if OR(P, Sf) < maxzOR, where maxOR is a user-
defined maximum Overlap Ratio threshold. Incidentally, it can
be observed that the maxOR constraint follows the sorted
closure property, which is explained below.

Definition 6 (Sorted Closure Property): Let the pattern
P={gp.9gs- - -9r:9s}» 1 < p < g < r < s < n such that
the GIDs in P are sorted in the descending order of their
GTC values ie., GTC(gp,Sy) > GTC(gq,Sf) > -+ >
GTC(gr,Sf) > GTC(gs,Sy). If OR(P, Sy) is less than or
equal to maxOR, ie., OR(P,Sf) < mazOR, all the non-
empty subsets of P containing gs will also have overlap ratio
less than or equal to maxOR.

Definition 7 (Non-overlap pattern): A pattern P is said
to be non-overlap pattern if OR(P,Sy) < mazxOR and
GTC(g;,S§) > minGTC, Vg; € P

Example 4: Consider a pattern P={Gs,G5,G2}
as shown in Figure 3(b). The overlap ratio of P,
OR(P, §y)=/ECSTUP =g} SPOCSA0. 501" _ 0 16, Given
the values of maxOR=0.3, the pattern P={G¢,G5,G2} forms
the non-overlap pattern.

OR(P,Sy) =

Algorithm 3 : GTCPA(D, minGTC, minGTPC, maxOR)
Inputs: Dy: FID-based flat transactional dataset, minGTC,
minGTPC, maxOR

Output: L;: Set of graph transactional coverage patterns
Variables: NO; (I-size non-overlap patterns), C; (I-size can-
didate patterns), P (pattern)

1: NO; < Set of all potential graphs sorted in decreasing
order of their GTC values

2: Ly < Set of all 1-size GTCPs

3 1=2;

4: while NO;_; not empty do

5: Cir+ NO_1=xNO;_4

6: for each pattern P € C; do

7: if OR(P, Sy) < maxzOR then
8: NO, <~ NO,UP

9: if GTPC(P,Sy) > minGTPC then
10: L+~ LiuP

1 I+ +

12: return [;

Graph Transactional Coverage Pattern Algorithm (GTCPA):
Algorithm 3 depicts the steps in GTCPA. The proposed GT-
PCA extracts GTCPs from Dy given minGTC, minGTPC and
maxOR. It uses apriori like approach to find the [-size patterns
from (I-1)-size patterns. It uses sorted closure property to
prune the search space and extracts all non-overlap patterns
subject to minGTPC and maxOR constraints.

Let C; be a set of [-size candidate patterns, L; be a set
of [-size GTCPs and NO; be a set of [-size non-overlap
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candidate patterns. The GTCPA begins by scanning the Dy
and discover all 1-size candidate pattern set C'y. The set of all
patterns in C; are sorted in decreasing order of their GT'C
values and form the 1-size non-overlap pattern NO; and any
pattern that satisfies minGTPC value will form the GTCP L,
(see line 1-2). Using NO; as seed set, we generate 2-size
candidate pattern C5 by self join operation over NOq, i.e.,
C=NO > NO;. From Cs, the patterns that satisfies maxOR
constraint are considered as 2-size non-overlap patterns NOq
and that satisfies maxOR and minGTPC are considered as
2-size GTCPs Lo. At each [-stage, there are two phases
consisting of Join phase and Prune phase as described below.

1) Join Phase: To generate [-size candidate pattern set Cj,
we join two (I — 1)-size, non-overlap patterns with itself
ie, C;1=NO;_1 >xx NO;_1 (see lines 3-5). Note that two
pattern in NO;_; can be joined only when their first
(I — 2) GIDs are the same.

Prune Phase: We use sorted closure property of overlap
ratio to reduce the size of candidate pattern set Cj.
When a [-size pattern P! does not satisfying the maxOR
constraint (OR(P, Sy) > maxzOR), then any superset of
P! will also not satisfy maxOR constraint. Therefore, the
pattern P! is removed from C;. Any pattern that satisfies
maxOR and minGTPC constraints are considered as
GTCPs (see lines 6-10).

This process continues until no new GTCPs are generated
or no new candidate patterns can be generated. To reduce the
memory space, we have used bitmap to store Dy < g;, FIDs[
J>, which enables efficient computation of GT'C(g;,Sy),
GTPC(P,Sy) and OR(P,Sy) using bitwise AND and OR
operations. Conversion of set based AND and OR operations
to bitwise AND and OR operations significantly reduce the
execution time and memory space.

2)

C. Time and Complexity Analysis

We discuss about the time complexity analysis of the
proposed framework, which consists of three parts: extraction
of fragment set, formation of FID-based flat transactions
and extraction of GTCPs. Let n be the number of graph
transactions in D and m be the number of fragments in S.

First, the extraction of fragments from GTD involves sub-
graph isomorphism problem, which is NP-complete problem.
The gSpan algorithm [24] assigns minimum DFS code to each
fragment and converts isomorphism problem into string com-
parison problem. In such a case, the complexity is measured
in terms of number of fragments and/or graph isomorphism
tests. The run-time can be bounded by O(kmn + rm), where
k is the maximum number of subgraph isomorphism tests, i.e.,
string comparisons, 1 is the number of fragments and 7 is the
maximum number of duplicate codes of the fragments that
grow from other minimum DFS codes. In practical scenarios,
the value of m < n, the value of r is much less than the n and
the value of k is small for sparse and diverse labels. Hence,
the complexity depends on the value of n.

Second, for FID-based flat transactions formation, each FID
in Sy has to be inserted into the flat transaction. The search
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time for FID in Sy is O(1). Thus, the time complexity comes
to O(mn).

Finally, the time complexity of computing GTCPs is mea-
sured in a manner similar to any pattern extraction algorithm,
which employs candidate pruning [25]. The complexity is cap-
tured in terms of the number of candidate patterns generated
which is equal to Y, I(|Ci—1] - |Ci—1]), where |C)_1] is the
number of candidate patterns of size [. In our case, the number
of candidate patterns depends on the value of overlap ratio.

V. PERFORMANCE EVALUATION

We conducted our experiments in the ADA cluster [26]
(at IIIT Hyderabad) with 10 virtual machines. Each virtual
machine is allocated with 2 GB memory. We implemented
our proposed schemes in Python 3.0. The link to the imple-
mentation code is provided in the footnote!.

TABLE II: Summary of the real datasets.

Dataset #graph Avg. #vertex | #edge | Avg. size
transactions | density | labels | labels | of graph
Yeast 79601 0.0537 75 3 40.7
P388 41472 0.052 73 3 41.8
Zinc 1000 0.07 7 4 35.6

TABLE III: Parameters of the performance evaluation.

Parameter | Default | Variations

minGTC 0.3 0.3 - 1.0 (step size=0.1)
maxOR 0.3 0.0 - 1.0 (step size=0.1)
minGTPC 0.8 0.3 - 1.0 (step size=0.1)

We have used three real datasets, namely Yeast 167 (Yeast
anti-cancer), P388 (Leukemia), from Pubchem [27] and Zinc
dataset consisting of drug-like molecules [28]. The Yeast 167,
P388 and Zinc datasets consist of chemical compounds, which
are modeled as graph transactions. A sample graph transaction
for a chemical compound is depicted in Figure 1. We have
reported our case study by considering the Zinc dataset. The
Zinc dataset consists of 250000 drug-like molecules docked
with 4BTK protein using the AutoDock 4.2 and their binding
affinity values are recorded. The top 1000 molecules with high
binding affinity values are selected for out case study. Table II
summarizes the three datasets.

To the best of our knowledge, there exists no other approach
for extracting GTCPs from a GTD. As the number of graph
transactions increases, the complexity of a naive brute-force
approach for extracting GTCPs increases exponentially due
to large number of candidate patterns. Further, each candi-
date patterns require the computation of graph transactional
pattern coverage and overlap ratio. Hence, in the absence
of any meaningful reference approaches for comparison, we
define the objective of our performance evaluation towards
demonstrating the feasibility of the proposed GTCP-extraction
framework in extracting GTCPs from a given graph dataset.

Uhttps://github.com/srinivas2234/Graph-Transactional-Coverage-Patterns
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Table III summarizes the parameters of our performance
evaluation. The following performance metrics are employed.

o T: Represents the processing time consumed to form
FID-based flat transactions from graph transactions that
reside on the disk.

e Ny: Number of potential fragments extracted.

o AVG,,: Average number of FIDs in the FID-based flat
transactions.

e Terop: Processing time to extract GTCPs from flat
transactions.

o Np: Number of candidate patterns to be examined.

e Narcop: Number of GTCPs extracted from FID-based
flat transactions.

A. Effect of Varying min_sup

The results in Figure 5 depicts the effect of varying min_sup.
The results in Figure 5(a) shows that T'; increase exponentially
with decrease in min_sup. A similar trend was also observed
in Ny and AV G, as depicted in Figure 5(b) and Figure 5(c).
This occurs because, at lower values of min_sup, a large num-
ber of fragments possibly satisfied the min_sup constraints.
Also, the value of Ty depends upon the number of fragments
extracted from the dataset. As the value of min_sup increases,
the value of Ts, Ny and AV G, reduces exponentially due to
the pruning effect of min_sup. In case of AVG,,, when the
value of Ny decreases, the average number of fragments in
each flat transaction also decreases.

B. Effect of Varying minGTC

The results in Figure 6 depicts the effect of varying
minGTC. The results in Figure 6(a), Figure 6(b) and Fig-
ure 6(c) depicts that Tgrop, Np and Ngrop decrease with
the increase in minGTC value. This is due to presence of
large number of potential graph transactions at lower values
of minGTC (Recall from Section III that a graph transaction
with GT'C(g;,Sy) > minGTC is called as potential graph
transaction). At lower value of minGTC, a large number of
candidate patterns Np that satisfy the maxOR constraints are
generated due to more number of potential graph transactions.
As a result, more number of candidate patterns that satisfy
minGTPC and maxOR (Ngrcp) constraint are generated.

As the value of minGTC increases, the number of potential
graphs decreases, resulting in decrease in the number of can-
didate patterns Np that satisfy maxOR. Further, the number of
candidate patterns that satisfy maxOR and minGTPC (Ngrcp)
also decreases. Note that we have reported our results starting
from minGTC=0.1 as we could not experiment with minGTC
less than 0.1 due to explosion in the number of potential
graphs.

C. Effect of Varying maxOR

The results in Figure 7 shows the effect of varying maxOR.
The results in Figures 7(a), 7(b), and 7(c) show that Torcp,
Np and Ngrcop increases with the increase in the value of
maxOR. At lower values of maxOR, the number of candidate
patterns Np that satisfy the maxOR constraint are very less.
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Fig. 7: Effect of varying maxOR.

This is due to presence of common fragments in graph belongs
to graph pattern and are pruned by maxOR constrained of
overlap ratio. As a result, the value of Tgrcp is also low.
When the value of maxOR increases from 0.0, the restriction
imposed on patterns by sorted closure property of overlap
ratio constraints are progressively relaxed. Therefore, the num-
ber candidate patterns Np qualifying the maxOR constraints
increases exponentially. Consequently, the value of Tgrop
increases exponentially. As a result of increase in Np, the
number of GTCPs Ng7c p increases with increase in maxOR.
Observe that when maxOR=0, there are 3695 GTCPs in P388
dataset and 8175 GTCPs in Yeast dataset. At higher values of
maxOR, more GTCPs can be extracted.

D. Effect of Varying minGTPC
The results in Figure 8 depicts the effect of varying
minGTPC. The results in Figure 8(a) and Figure 8(b) indicate
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that Tarecp and Np increases with increase in minGTPC
value. The reason being, when the value of minGTPC in-
creases, GTCPA generated candidate patterns of bigger size
() to satisfy the higher coverage requirement. Note that
the number of candidate patterns is significantly lower as
compared to 2"-1 candidate patterns due to the pruning effect
of sorted closure property of overlap ratio.

The results in Figure 8(c) show that the value of Ngrcp
increases initially with increase in minGTPC due to increase
in Np. When the value of minGTPC increases further, the
Ngrop value starts decreasing due presence of more over-
lapping fragments in graph patterns. Consequently, most of
the candidate GTCPs will be pruned by maxOR constraint.

The results in Figure 9 depicts the number of GTCPs
according to the pattern size (P"). The results in Figure 9(a)
depicts the number of patterns with P!=1, 2, and 3 for P388
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datasets at different values of minGTPC. As expected, the
results show that the number of GTCPs with P'=1 decreases
as minGTPC increases. However, it can be observed that
the number of patterns with P'=2 increases to a peak value
and then decreases as the value of minGTPC increases. This
is due to the fact that at lower values of minGTPC, the
number of GTCPs increases due to less coverage threshold. As
minGTPC increases, increased number of patters fail to meet
the minGTPC constraint. As a result, the number of patterns
reaches to a peak value and starts decreasing. For these data
sets, we could not find any patterns with P'=3 at the given
minGTPC and maxOR settings. We observed similar trends in
the results for the Yeast dataset, as depicted in Figure 9(b).
The values differ due to difference in dataset sizes.
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Fig. 9: Effect on pattern size [ of varying minGTPC.

E. Discussion

In the proposed approach, conversion of graph transactions
into FID-based flat transactions is done only once at given
min_sup threshold. Once graph transactions are transformed
to flat transactions, one can vary minGTC, minGT PC and
maxOR as per the application requirement.

Now let us discuss how to set the values of the parameters
such as minGTC, minGTPC and maxOR. The minGTC
threshold value can be set to half the maximum minGTC
value. Then, based on the number of GTCPs, minGTC can
be decreased. The goal is to extract GTCPs with maximum
coverage, while minimizing the overlap to zero. Hence, as a
heuristic, we could start with the transactional pattern coverage
value equal to 1 and then progressively keep decreasing the
value of transactional pattern coverage until a desired number
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of GTCPs is obtained. Regarding mazOR, we can start with
maxOR equal to 0 and then progressively keep increasing
the value of maxOR until a desired number of GTCPs can
be obtained.

VI. CASE STUDY: USEFULNESS OF GTCPs IN DRUG
DESIGN

In this section, we discuss the case study by considering the
context of Structure-Based Drug Discovery (SBDD). SBDD is
the design and optimization of a chemical structure with the
goal of identifying candidate compounds/molecules suitable
for clinical testing. It involves virtual screening of large
libraries of molecules against the target protein to measure
the inter-molecular interaction score (binding affinity). When
the binding affinity between a molecule and target satisfies
the threshold level, the molecule is called a lead molecule or
active drug molecule. Recall that researchers have identified
that drug cocktails with diverse drugs help therapies to target
cancer and drug resistance more efficiently [1], [12]. In this
regard, one needs to select molecules that have high binding
affinity and are diverse in nature.

For this case study, we have chosen top 1000 drug molecules
from Zinc dataset with highest binding affinity when docked
against the 4BTK protein using the AutoDock 4.2 [28]. We
have modeled them as graph transactions and extracted 6 inter-
esting drug molecules combinations by setting minGTC=0.2,
minGTPC=0.9 and maxOR=0.3. One of the drug molecules
combination along with its potential fragments is presented
in Figure 10. It depicts that selected fragments are unique
to each of the two molecules and are common to both the
molecules. All the 1000 top molecules have comparable bind-
ing affinity, but we need to explore all possible combinations
to choose drug combination that exhibits maximum coverage
and minimal overlap of fragments. The two drug molecules
436 and 270 have a binding affinity value of -8.5 kcal/mol
and -8.7 kcal/mol respectively, indicating that both of them
bind to the target protein strongly. While these two molecules
exhibit 92% coverage of potential fragments, the overlap is
only 14%. This indicates that though we started with 1000
drugs and over a million drug combinations, we are able to
select a drug combination that exhibits high binding affinity
and more diversity, thereby supporting our hypothesis.
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VII. CONCLUSION

Mining of graph transactional coverage patterns (GTCPs)
has significant applications in the domains of chemical and
biological networks e.g., during the drug design and discov-
ery process. We have considered the problem of extracting
the coverage-related graph patterns subject to fragment set
with a data mining-based approach. Given a set of chemical
compounds modeled as graph transactions, we have intro-
duced the concept of GTCPs, which represent potential drug
combinations. We have also proposed a GTCP-extraction
framework for efficiently extracting GTCPs from a given
graph transactional dataset subject to minGTC, minGTPC and
maxOR constraints. Our performance evaluation with three real
datasets demonstrates the effectiveness of the proposed scheme
in terms of processing time and pruning efficiency.

We have also demonstrated the feasibility of applying the
knowledge of GTCPs through a case study in drug design. To
our knowledge, this is the first work to introduce the notion
of GTCPs and consider the extraction of GTCPs from graph
transactional data. Given the prevalence of graph data mod-
eling, our proposed model of GTCPs has a potentially huge
scope for opening up new avenues of research in the realm of
extraction of interesting knowledge from graph transactional
datasets in several important and diverse domains.
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