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A B S T R A C T

Link prediction has been challenging, especially when the network is dynamic and complex. The most
effective classical method for performing this task involved using machine learning algorithms with features
taken from topological network indices. Even while these traditional ML algorithms perform better, they still
require a lot of processing resources as the size and number of features in the network increase. This is the
ideal situation where quantum computing may fit, as it provides impressive predictions and speedup arising
out of quantum phenomena like superposition, entanglement, parallelization, and high dimensional space.
Additionally, relatively little research has been done to examine the full potential of quantum computation
for link prediction. A few of the earlier attempts are limited to projecting the features to quantum space and
then using quantum-projected kernels with classical ML techniques or using hybrid classifiers by incorporating
quantum enhancement in traditional random walks. We propose Parameterized Quantum Circuit based Link
Prediction (PQCLP) model where we have used quantum circuits not only for projecting the classical data
but also for training and optimization in quantum space using Variational Circuits Aka Ansatz which is a
parameterized circuit. Here we employ two quantum methods namely Variational Quantum Classifier (VQC)
and Quantum Neural Network Classifier (QNN) having classical equivalence with Support Vector Machines
and Neural Networks respectively. We present here a detailed comparison of these models with their classical
counterparts, within different feature categories and test ratios, and finally with a few state-of-the-art methods
using several performance evaluation metrics.
1. Introduction

Network-based graphs have grown in popularity as a result of their
ability to represent a variety of disciplines, including communica-
tion networks, social networks, bio-metrics, drug discovery, criminal
networks, e-commerce, and knowledge graphs. They also aid in the
formulation of solutions for a number of tasks, including the rec-
ommendation of friends and products [1], routing improvement [2],
group/community detection [3], protein–protein interaction (PPI) [4],
a graph summarizing [5], and question–answering [6]. The essence of
link prediction lies in the identification of the most promising missing
links within a network. The complexity of this task amplifies when
dealing with dynamic networks that continually evolve over time.
In such dynamic networks, existing connections may disappear while
new links emerge, adding a layer of intricacy to the link prediction
process. Time-series modeling and prediction is an excellent technique
for studying link prediction in dynamic networks it changes over time.
Link prediction in this technique predicts the existence of links by

∗ Corresponding author.
E-mail addresses: nishasingh.rs.cse21@itbhu.ac.in (N. Singh), mukesh.kumarfcs@kiit.ac.in (M. Kumar), bhaskar.cse@itbhu.ac.in (B. Biswas).

observing behavioral patterns of these links over several graphs formed
by dividing the network into several timestamps [7]. Eventually, our
task is to predict the link in the next timestamp based on observations
from previous timestamps.

Features that encapsulate the network behavior range from topo-
logical similarity based, node specific semantic attribute based, prob-
abilistic or statistical, stochastic block model(SBM) [8,9]. Most recent
researches extract features from network topology as their characteris-
tics are generic and domain independent [10]. They also perform well
as topological features are network characteristics determined from
network links that establish the overall network structure [11,12]. In
recent research generally, semantic methods are used to attribute topo-
logical similarity methods, a similar approach by Hasan et al. [13]. In
our work, we use topological similarity based indices to extract features
that range from local, global to quasi-local so as to maintain the trade-
off between performance and computation cost. In Section 3, which
covers the preliminaries, the three similarity indices—local, global, and
quasi-local—are explained in detail.
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We understand that probability theory serves as the fundamental
framework for inference and statistical modeling in classical machine
learning. Quantum mechanics, on the other hand, offers a broader
perspective on probability theory, enabling efficient utilization in the
realm of quantum machine learning [14]. This area has witnessed
substantial research efforts, resulting in the emergence of various quan-
tum machine learning approaches. One noteworthy development is
Quantum Support Vector Machines (QSVM), introduced by Reben-
trost et al. [15], designed to address least-squares SVM problems.
Quantum Neural Networks (QNN) have also gained prominence with
diverse architectural variations being explored across different do-
mains [16–18]. Additionally, Cong et al. [19] introduced a novel
Quantum Convolutional Neural Networks (QCNNs). In 2014, Wiebe
et al. [20] introduced a quantum adaptation of the k-nearest neighbors
algorithm. Furthermore, authors in [21] proposed Quantum Linear
Regression as a quantum counterpart to classical linear regression. The
quantum decision tree classifier, as devised by Lu et al. [22], addition-
ally, a quantized variant of the k-means clustering method, known as
Q-means, has been proposed with [23] showing comparable results and
convergence characteristics to the traditional k-means algorithm.

Quantum computation’s integration into link prediction tasks re-
mains relatively unexplored. Some notable attempts include the work
in [24], where the authors proposed the utilization of Hybrid Quantum–
Classical Neural Networks. The objective here is to enhance embedding
for more effective link prediction. In a different approach, Kumar
et al. employed Projected Quantum Kernel to project features into
quantum space and then back into classical space for use with classical
machines [25]. Another area of investigation focuses on enhancing clas-
sical random walk methods with quantum enhancements [26,27]. How-
ever, it is important to note that none of these approaches fully leverage
quantum computation or seamlessly utilize quantum capacities in all
phases of learning.

In this article, we have made an attempt to fully utilize the quantum
enhancements for machine learning. In our approach, we use these
dynamic network characteristics and pass them to a quantum circuit
to generate a Parameterized Quantum Circuit based Link Prediction
(PQCLP) model. We employ quantum computation not only for feature
projection into quantum space but also for conducting training and
optimization tasks within the quantum realm with the use of Varia-
tional/Parameterized quantum circuits. With the projection of features,
we get an advantage of (1) high dimensional complex vector space,
the Hilbert Space [28]. The Hilbert space is equipped with an inner
product that returns a scalar quantity representing the amount to which
the first vector lies to the other vector [29] (2) entanglements to
generate complex models that are hard to simulate classically [30] (3)
parallelization arising from the parallel computation of each quantum
superposition and faster quantum registers. Using quantum computing
and present-day noisy intermediate-scale quantum technology [31], it
is possible to speed up classical machine learning algorithms without
compromising classification accuracy. Today’s QML algorithms’ fault
tolerance is very low, still, it is worth exploring as the research on
quantum hardware may result in new fault-tolerant devices. Listing
out a few motivations and inspirations that lead us to work on this
methodology:

• Earlier approaches of Quantum Link Prediction were restricted to
use of only quantum projection of feature to complex vector space
and extracting projected quantum kernels for use with conven-
tional machine learning techniques [24,25,32] or using quantum
enhancements in conventional link prediction techniques like
random walk [26,27,33].

• Quantum machine learning is an upcoming and propitious re-
search field that tends to combine the dramatic performance
advantage offered by quantum paralleling and the ability of ma-
chine learning algorithms to learn complex distributions of high-
dimensional data.
2

Fig. 1. Evolution of a dynamic network with time.

• Variational quantum algorithms (VQAs) are a prominent tech-
nique to leverage quantum computing for machine learning [34].
They train a parameterized quantum circuit using a classical
optimizer. We have extended the concept and employed the VQA
for link prediction with engineered network properties.

• There is a strong hope of achieving quantum supremacy in the
NISQ (Near Term Intermediate Scale) era [35,36].

• We strongly believe that, by properly integrating quantum com-
putation into the task of link prediction, we can obtain promising
outcomes in terms of predictions and speedup thanks to the
performance advantages demonstrated in prior research.

The major contributions of our work are:

• Our approach studies the impact of quantum optimization on the
task of link prediction in dynamic networks. Unlike the previous
methods, it uses quantum enhancements not only for feature
set projection to quantum space but also for training and op-
timization in quantum space. Thus taking the added advantage
naturally arising from quantum high dimensional Hilbert space
and quantum paralleling in all the phases.

• The PQCLP model achieves quantum training with the help
of Variational circuits/parameterized circuits aka Ansatz whose
weights can be optimized with parameter shift techniques in
quantum space.

• In PQCLP, we employ two QML models, Variational Quantum
Circuit (VQC) and Quantum Neural Networks (QNN) having dif-
ferent learning approaches as they share structural characteristics
with their classical equivalents, Support Vector Machines, and
Neural Networks respectively.

• The PQCLP model takes into account a genuine set of topological
features from all the categories considering the trade-off between
accuracy and speed.

• The model presents a complete analysis with several performance
metrics and a comparison between local, global, quasi-local, and
combined predictions. Alongside a comparison of performance
with different test-train ratios and with several state-of-art meth-
ods is also presented here.

2. Preliminaries

In dynamic networks, we consider the continuously changing dy-
namic structure of the network. Formally G(V, E) is the graph of the
dynamic network where V is the set of nodes and E the set of undirected
edges, edge(u, v) indicates the edge between u and v. Liben-Nowell
et al. [37] assume that a graph 𝐺𝑡0−𝑡1 (𝑉 ,𝐸) is a snapshot of a network
at time

[

𝑡0, 𝑡1
]

and 𝐸𝑡0−𝑡1 is a collection of links that were present at that
moment. The goal of link prediction is to identify the set of linkages
𝐸 ′ ′ that exist between duration

[

𝑡′ , 𝑡′
]

where
[

𝑡 , 𝑡
]

≤
[

𝑡′ , 𝑡′
]

. Fig. 1
𝑡0−𝑡1 0 1 0 1 0 1
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shows the structure of dynamic networks varying over timestamps.
If (𝑡1 = 1, 𝑡2 = 2....𝑡𝑛 = 𝑛) are the timestamps and (𝐺1, 𝐺2...𝐺𝑛) are
the graphs of a snapshot of those timestamps. We need to predict
𝐺𝑡+1 at t+1 timestamp based on observations from previous snapshots
as potential links may become real links in dynamic networks with
different snapshots [38]. In any snapshot of the network for a node
x, 𝛤 (𝑥) indicates the neighborhood of node x, and 𝑘𝑧 = |𝛤 (𝑥)| denotes
the number of neighbors of x. A is the adjacency matrix of graph G(V,
E) such that 𝑎𝑖𝑗 , denotes the edge between i and j.

2.1. Network features extraction

Effective feature extraction is a crucial component of machine learn-
ing. These features can fall into various categories, such as topological
similarity-based, probabilistic, node-specific semantic similarity-based,
stochastic block model(SBM), Embedding-based, and more [9]. Among
these, topological similarity-based features are particularly popular
for several reasons: (1) Domain Independence: They are generic and
do not rely on a specific domain. (2) Reflecting Network Behavior:
Network features capture the topological characteristics of a network,
which ultimately mirror the behavior of nodes within the network.
This applies to a wide range of networks, whether they are social,
biological, or commercial. Generally, topologically close entities tend
to have more connections or interactions. For topological methods,
feature extraction typically involves the computation of network met-
rics or indices. These indices are of different categories ranging from
local, global, and quasi-local [7,8]. Some of the interesting attempts
to utilize topological similarity are Path weight aggregation based link
prediction(PWAF) [39] where promising links are identified based on
topological weights of path between two nodes and Cost-based feature
for link prediction(CFLP) for estimating edge behavior throughout the
entire network [40].

• Local similarity indices — Local similarity indices are computed
utilizing information from the nodes’ immediate surroundings.
They can be easily extended to larger networks and have lower
computational complexity because there are fewer nodes to take
into account. However, we may need to examine their effec-
tiveness because, in larger networks, their impact is diminished.
For example, Common Neighbors (CN) [41] which prefers nodes
having a higher common neighbor count, Adamic/Adar (AA) [42]
where Common neighbor feature is penalized logarithmically by
its appearance frequency, Jacquard Coefficient (JC) [43] normal-
izes common neighbor score by measuring the ratio of common
neighbors by the complete set of neighbors, Preferential Attach-
ment (PA) [44] here the basic assumption is a node links with
higher probability to another node that has higher cardinality on
a scale-free growing network.

• Global similarity indices — Indicators of Global similarity indices
are computed utilizing a network’s whole topological data. They
typically include matrix-based operations on the entire network’s
adjacency matrix. As a result, these methods have greater com-
putational complexity. Shortest Path (SP) [45] where the shortest
path length is preferred, Random Walks (RW) [46] keeps on
updating the probability vector of a node with node transition
probability matrix on a random walk, Average Commute Time
(ACT) [47] infers an average number of steps that a random
walker starting from node 𝑥 takes to reach a node 𝑦 to and fro
for the first time.

• Quasi-local similarity indices — Indexes of quasi-local similarity
metrics are effective like local indices and seek to extract all
of the network’s topological data. They fall somewhere in the
middle of local and global approaches, and many of their vari-
ations attempt to include a clustering-based strategy. Some of the
popular network indices belonging to each category are local path
Index (LP) [48] which sums the influence of all possible paths be-
tween two pairs of nodes, incrementally penalizing paths by their
3

Fig. 2. Geometrical representation of qubit superposition.

length, Clustering Coefficient based Link Prediction (CCLP) [49]
it calculates the clustering coefficient between the set of common
neighbors, Path of Length 3 (L3) [50] which is Similar to the local
path only paths of length 3 is considered.

2.2. Quantum computing basics

Quantum computing is a computation technology involving the
development of systems and algorithms based on principles of Quantum
theory. They have qubits that use superposition and gates that imple-
ment entanglement. Recent research has found that Quantum machine
learning could take advantage of the exponentially huge quantum
state space through controlled entanglement and interference, bringing
speed and efficiency to the process [30,51]. Similar to how a classical
computer is constructed from an electrical circuit of wires and logic
gates, a quantum computer is constructed from a quantum circuit
of wires and basic quantum gates that carry and modify quantum
information [52].

2.2.1. Quantum representation
The basic building block of quantum computing is a Qubit – a

quantum bit. Different from classical bits, a qubit can have multiple
states at the same time. It is a two-level quantum system whose state
can be described by complex numbers 𝛼 𝑎𝑛𝑑 𝛽

|𝜓⟩ = 𝛼|0⟩ + 𝛽|1⟩ (1)

where 𝛼2 + 𝛽2 = 1 The two vectors |0⟩ 𝑎𝑛𝑑 |1⟩ are orthonormal
to each other. The qubit lies somewhere between these states and
collapses to either of the two states when measured. The probabilities
for |0⟩ 𝑎𝑛𝑑 |1⟩ have the relation 𝑝 = |𝛼|2 𝑎𝑛𝑑 1 − 𝑝 = |𝛽|2. Being a
two-dimensional system, it makes sense to store the states of a qubit
using two orthonormal state vectors as follows

|𝜓⟩ = 𝛼
(

1
0

)

+ 𝛽
(

0
1

)

=
(

𝛼
𝛽

)

(2)

Also, note that this representation can also be parameterized by and
𝜃, we can use the trigonometric identity [52]:

√

sin2 𝜃 + cos2 𝜃 = 1 to
describe the real 𝛼 and 𝛽 in terms of one variable, 𝜃 as 𝛼 = sin 𝜃

2 , 𝛽 =
cos 𝜃2

|𝜓⟩ = cos 𝜃
2
|0⟩ + 𝑒𝑖𝜙 sin 𝜃

2
|1⟩ (3)

This representation allows a geometric visualization of a qubit quantum
state as a point on the surface of a unit radius sphere called the Bloch
sphere [53]. Fig. 2 shows the representation of a qubit state on a Bloch
sphere.

2.2.2. Quantum operations and gates
Any operations on these qubits can be performed through quantum

gates which are unitary 2X2 matrices. Thus, having a property 𝑈𝑈𝑇 =
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𝑈𝑇𝑈 = 𝐼 . Applying these operations on qubits results in vector–matrix
multiplication. For example, applying a bit-flip gate denoted by X =
(

0 1
1 0

)

to the state |𝜓⟩

𝑋|𝜓⟩ =
(

𝛼
𝛽

)(

0 1
1 0

)

=
(

𝛽
𝛼

)

= 𝛽|0⟩ + 𝛼|1⟩ (4)

The state of the two-qubit system |𝜓⟩ can be represented by using 4
complex coefficients giving the contribution of all possible classical
states with a two-qubit system [54].

𝑋|𝜓⟩ = 𝛼00|00⟩ + 𝛼01|01⟩ + 𝛼10|10⟩ + 𝛼11|11⟩ =

⎛

⎜

⎜

⎜

⎜

⎝

𝛼00
𝛼01
𝛼10
𝛼11

⎞

⎟

⎟

⎟

⎟

⎠

(5)

Also, the operations on these qubits are represented by a 4X4 unitary
matrix. These are quantum supremacy gates as they perform entangle-
ment. For example, a controlled-Z gate or CZ gate that adds a −1 phase
to |11⟩ basis.

CZ =

⎛

⎜

⎜

⎜

⎜

⎝

1 0 0 1
0 0 0 0
0 0 0 0
1 0 0 −1

⎞

⎟

⎟

⎟

⎟

⎠

which has a final effect on the two qubits as below: 𝐶𝑁𝑂𝑇 |00⟩ =
|00⟩;𝐶𝑁𝑂𝑇 |01⟩ = |01⟩;
𝐶𝑁𝑂𝑇 |10⟩ = |11⟩;𝐶𝑁𝑂𝑇 |11⟩ = |10⟩;

This gate is very crucial in quantum computing as Quantum com-
puters are no more efficient than conventional computers without a
2-qubit gate like the CNOT as there would be no entanglement.

2.2.3. Superposition and entanglement
Superposition refers to the fact that any quantum state can be

expressed as a linear combination of a few basis states. For instance, a
single qubit can be represented using a linear combination of |0⟩ 𝑎𝑛𝑑 |1⟩
as in Eq. (1). Similarly, the state of ‘n’ qubit system can be represented
using 2𝑛 bit string states (states formed by the tensor products of
|0⟩ 𝑎𝑛𝑑|1⟩). The orthonormal basis formed by the 2𝑛 bit-string states
are called the computational basis.

But there can be situations for these qubits to be in a state that
cannot be written as the tensor product of three single qubit states [55],
for example,

|𝜓⟩ = 1
√

2
(|000⟩ + |111⟩) (6)

Where it is only all 0s or 1s. States of a system that cannot be expressed
as a tensor product of states of its individual subsystems are called
entangled states. Entanglement means correlating that their individ-
ual state no longer exists. Thus, entanglement describes an essential
property that is no longer sufficient to describe the state of each
qubit separately; instead, you have to describe the probability of each
combination of those qubits. So, for an ‘n’ qubit system we have to
consider the probability of all 2𝑛 states. This property makes quantum
circuits difficult to simulate classically [56]. Also, it shows some of
the incredible potentials of quantum computing. By passing a single
qubit through a single logic gate we can perform 2𝑛−1 calculations for
a circuit of n qubits. For example, if we have 100 qubit systems passing
a single qubit through a single logic gate, we perform 299 = 6.33 X 𝑒29

i.e. 633 octillion calculations [57]. This is exponential speedup. Thus,
entanglement makes it possible to create a complete 2𝑛 dimensional
complex vector space to do our computations using just ‘n’ physical
qubits.

It is important to highlight that when measuring systems with
multiple entangled qubits, the final measurement provides probabilities
across various combined states. We interpret these results based on
the state with the maximum magnitude and phase [58]. Keep in mind
that measurement is a crucial step in the process of transitioning from
quantum projection and optimization to retrieving results within the
classical system
4

Fig. 3. Phases of Variational Quantum Classifier.

3. Quantum Machine Learning

Quantum Machine Learning (QML) encompasses the process of
projecting classical data into quantum space, achieved through super-
position via Hadamard Gates and entanglement facilitated by CNOT
gates. Subsequently, QML involves training the data using quantum
optimization and parameter shift techniques. Lastly, the quantum mea-
surements use observable to convert the quantum probabilities to clas-
sical results [59,60]. In this part, the technical specifics of these stages
are covered. Fig. 3 shows the overall structure of the phases of quantum
classification. These phases are described in following subsections. Note
that all of these operations are carried out in quantum space utilizing
quantum circuits rather than traditional machines that operate on real
scalar values [61].

3.1. Feature data quantum projection

The classical data first needs to be projected to complex quantum
vector space using a parameterized feature map circuit, mathematically
expressed by 𝜙(𝑥) [30] as

𝜙(𝑥) =
∏

𝑑

⋃

𝜙
(𝑥)𝐻

⨂

𝑛 (7)

Where n is the number of qubits;

d is the depth of the circuit i.e. number of repetitions of:

1. Hadamard gate H and
2. Entangling block 𝑈𝜙(𝑥):

𝑈𝜙(𝑥) = exp

(

𝑖
∑

𝑥⊆[𝑛]
𝜙𝑠(𝑥)

∏

𝑘∈𝑠
𝑃𝑖

)

(8)

𝑃𝑖 ∈ {I,X,Y,Z} denotes the Pauli matrices; 𝜙𝑠(𝑥) is the data
mapping function; S describes the connectivity between qubits

or data points: S = {
(

𝑛
𝑘

)

combinations, k=1,..n }

As shown in Fig. 4 The H(Hadamard) gate projects the vectors to
|+⟩ and |–⟩ serves the purpose of complex orthonormal basis and 𝑈𝜙(𝑥)
performs entanglement and rotation along the Z axis, which makes the
circuit hard to simulate classically [30], as it is a necessary condition
to achieve quantum advantage.

3.2. Quantum training and classification

Parameterized quantum circuits, where the gates are defined
through tunable parameters, are a fundamental building block of
quantum machine learning algorithms. Classifiers in quantum machine
learning basically encapsulate these parameterized circuits and use
optimization techniques to quantify and eventually classify the circuit
outcome. This can be visualized in Fig. 3, the encoded features af-
ter mapping to quantum space as explained in previous section are
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Fig. 4. Structure of Feature map
H represents the Hadamard gate and U represents the entanglement block, the repetition
of these blocks result in  block.

passed through these parameterized circuits with set of initialization
parameters, after the execution the circuit is measured with quantum
measuring techniques. Based on the extracted labels the optimizers
like SPSA and COBYLA compute the error gradients by applying the
‘‘parameter shift rule’’ [29,62]. Note that this is computed using the
quantum circuits where it shifts the parameters up by a small amount
and do the measurement and then down by a small amount and do
the measurement and finally compute the difference of the two values.
This is how the gradient of quantum circuit is calculated. Next the
optimizer updates the parameter values of these variational circuit with
the gradient value and repeats the whole process again. This is the
loop similar to classical models that trains our parameters until the
cost function value decreases. The final label extraction is done through
quantum measurement when the model has converged. Note that the
all the training related computations take place with quantum circuits
be it gradient calculation, parameter updating or label extraction.

3.2.1. Variational quantum classifier (VQC)
It has a direct analogy with Support vector machines [30] one of the

most popular classification methods in classical machine learning. It is
basically part of the Qiskit Machine Learning library. As in the SVM,
we project the data which is linearly inseparable to higher dimensional
space so that it becomes linearly separable. Projecting the data to a
quantum space have the in-built advantage of high dimensional space,
hence this model after projecting the data using feature maps does
nothing but linear classification. And to do so it needs a circuit with
l-layers, parameterized by 𝜃 ∈ 𝑅2𝑛(𝑙+1) that will be optimized during the
training. This is called the Variational/Parameterized quantum circuit
Aka ansatz which is the core of Quantum machine learning. Notational
representation of the quantum projection of features on a reference
state |0⟩𝑛, as done in the previous step can be given by 𝑈𝜙(𝑥)|0⟩𝑛

which is then passed to l-layer parameterized circuit 𝑊 (𝜃) where 𝜃 ∈
𝑅2𝑛(𝑙+1) that will be optimized during training. So, eventually, the
circuit becomes

𝑊 (𝜃)𝑈𝜙(𝑥)|0⟩𝑛 (9)

The outcome of the circuit is a probability distribution over 2𝑛 states
and the next task is to identify the label from this outcome and optimize
it, which will be covered in the next section.

3.2.2. Quantum neural networks (QNN ) classifier
As classical neural networks are mapping from an input state to an

output state. The correspondence between inputs and outputs is a func-
tion that is nothing but mapping inputs to desired output by optimizing
the tunable network parameters. As in the classical neural network,
a neuron may fire or not fire with 0 or 1 as output. For a Quantum
neural network, the neuron’s quantum neural states are described by a
two-dimensional Hilbert Space 2, spanned by the computational basis
2 = {|0⟩, |1⟩}, where |0⟩ encodes a non-firing neural state and |1⟩
encodes a firing neural state. These physical descriptions of the states
can be formulated as eigenstates of a neural firing Hamiltonian [63]:

𝐻̂ = 2𝜋 ℎ

(

1̂ − 𝜎̂3
)

(10)
5

𝜏 2
where 𝜏 can be measured in seconds, in order to produce the corre-
sponding neural firing frequency as (1∕𝜏)𝐻𝑧;

𝜎3 is Pauli’s operator:
(

1 0
0 −1

)

;

The computational basis 2, will now, satisfy the eigenvalue equa-
tion:

𝐻̂|𝑟⟩ = 2𝜋
𝜏
ℎ|𝑟⟩ (11)

with r = 0/1. A neural network with 𝑁 neurons has, thus, an associated
Hilbert space, given by the N-tensor product of copies of 𝐻2 ∶ 𝐻

⨂

𝑁
2 ,

the basis 
⨂

𝑁
2 spans the associated Hilbert Space: 

⨂

𝑁
2 = {|𝑟⟩ ∶ 𝑟 ∈

𝐴𝑁2 } where 𝐴𝑁2 is the set of all length 𝑁 binary strings:
𝐴𝑁2 = {𝑟1, 𝑟2...𝑟𝑁 ∶ 𝑟𝑘 ∈ 𝐴2, 𝑘 = 1, 2..., 𝑁}
The basis 

⨂

𝑁
2 represents the set of well-defined firing patterns

for the QNN, which aligns with the classical states of ANN, though
in general, the state of quantum computers exhibit a superposition of
neural firing patterns represented by a normalized ket vector, in the
space 𝐻

⨂

𝑁
2 . Hence the total energy of the firing neuron can be given

as:

|𝜓⟩ =
∑

𝑟∈𝐴𝑁2

𝜓(𝑟)|𝑟⟩ (12)

And the backpropagation operator 𝐵̂ can be formulated as

𝐵̂ =
∑

𝑟∈𝐴𝑁2

𝐶̂𝑠
⨂

|𝑆⟩⟨𝑆| (13)

Where S represents the superposition-entangled state generated by the
circuit C which has tunable parameters and s represents the parameter
shift that would be performed. With the help of this architecture,
quantum neural networks can behave as a type of self-programming
quantum computer. They have two stages: the first stage being the
neural learning interpretation stage, where the activation operator is
applied, and the backpropagation stage, where the backpropagation
operator is applied, continuously changing the parameter shift operator
based on optimization until convergence is achieved.

4. Proposed work

The characteristic of nodes and edges emerging and disappear-
ing over time is what defines dynamic networks [64,65]. This re-
quires time-series forecasting, the literature [66,67] provides a com-
plete overview of complex network techniques for nonlinear time series
analysis. One static network for each time range can be thought of
as making up the dynamic network [68]. For this, we divide the
entire dataset into five chunks and considering the behavior in the
previous four timestamps we predict the links in the last timestamp. For
extracting the features, we chose a few network indices from each of the
mentioned categories as listed in Section 2.1. We extract these features
from each of the graphs generated at the four timestamps and con-
solidate them for subsequent input into the classifier. We have tested
and validated our results on 5 standard dynamic network datasets. We
provide a comparison between individual and combined performance
indices, specifically focusing on three categories: local, global, and
quasi-local indices. To evaluate the performance, we employ various
metrics, including Accuracy, AUC, Precision, F1 score, among others.
Detailed observations and explanations of the comparisons can be
found in Section 5.

4.1. Parameterized quantum circuit based link prediction (PQCLP )

A model based on quantum techniques for predicting the behavior
of a dynamic network and thus identifying the most promising missing
links in the network. This basically lies in the category of probabilistic
and statistical models, as quantum computation works on probabilities.
In fact, taking the advantage of high dimensional probabilities due to
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Fig. 5. Phases of PQCLP model.
inherent Hilbert space. It has phases spanning from classical feature
extraction to quantum projection, quantum learning, and measurement
then ultimately to classical result analysis and prediction. These are
elaborated below and depicted in Fig. 5:

4.1.1. Feature extraction from dynamic network
• In our PQCLP model we consider dynamic datasets with time-

lined link entries, the time next to the link indicates the time
at which the link was present in the network. This value gives
us an opportunity to partition the link entries in the dataset
into different groups based on the time duration they belong to.
Formally we create five snapshots of the whole network G as
(𝐺1, 𝐺2 … .𝐺5) for timestamps (𝑡1, 𝑡2....𝑡𝑛) with the condition that
𝑡𝑖 < 𝑡𝑖+1.

• The idea here is that, based on the patterns in the previous snap-
shots predicting whether the link is present in the final snapshot
or not. This leads us to use the first four snapshots for feature
extraction and the last snapshot for validation and binary class
labeling. The features set will be called 𝑋 = (𝑥1, 𝑥2 … 𝑥𝑛) and class
labels be called 𝑌 = (𝑦1, 𝑦2 … 𝑦𝑛)

• Before proceeding with feature extraction, it is essential to ensure
a balanced dataset for our model. Since we initially have only the
true edges present in the last timestamp, we need to introduce
false edges—edges that do not exist within the network at that
timestamp. To achieve this balance, we generate a set of random
non-existing edges from the nodes within the network. These
generated edges, in equal quantity to the true edges, constitute
our set of classification_edges. This step is crucial for effective
6

training and evaluation of our model.
• The next step is to extract network features, the three of our
model namely QNN_L/VQC_L have a combination of local topo-
logical indices i.e. Adamic Adar (AA), Preferential Attachment
(PA), Jaccard Coefficient (JC), Common Neighbors (CN) whereas
QNN_G/VQC_G has global topological indices i.e. Shortest Path
(SP) and clustering based quasi-local i.e. Local Path (LP), LP
with a path length of 3 (L3), clustering coefficient local path
(CCLP) and finally QNN/VQC has a combination of all the feature
from local, global category. The detailed algorithm for feature
generation is explained through Algorithm 1 and explained in
Section 4.2

• We basically iterate over the four snapshots, in every snapshot we
iterate over edges present in classification_edges. For each edge,
we try to get features for the model category i.e. local, global, or
all and finally combine the features generated from each snapshot
for the current edge. In the end, we append the class label based
on the last snapshot i.e. 1 – if the edge is in the last snapshot and
0 – if it is from the false edges. Note that the dimension of the
feature set from these combined network metrics will be 4 X n
where n is the number of metrics we choose for our execution.

• Having the features X and class labels Y ready we next divide the
dataset into training and testing datasets, with a ratio of 8:2.

• Before providing the features to our quantum models, it is im-
perative to address the challenge of dimensionality. Quantum
computers are fundamentally limited by the requirement that ‘n’
qubits demand storage and computational capacity of dimension
2𝑛 in the case of simulators [56]. Hence, we use the Principal
Component Analysis (PCA) for reducing the number of features
at the cost of some loss of information. In case of individual



Computer Networks 241 (2024) 110210N. Singh et al.

1 𝑒
2 𝑐
3 𝐺
4

5 𝑟
6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

4

t
q
w
Q
p

Algorithm 1: Feature Generation Algorithm for PQCLP
Input: Dynamic social graph: G(V,E), V: list of nodes, E: list of edges, model_type ∈ {local, global, all}, m number of partitions
Output: features∥n∥∗∥e∥: feature set for edges, n number of features, e number of edges
𝑑𝑔𝑒_𝐹𝑆 ← 𝑑𝑖𝑐𝑡
𝑙𝑎𝑠𝑠_𝑙𝑎𝑏𝑒𝑙 ← {}
𝑝𝑎𝑟[] ← 𝑔𝑟𝑎𝑝ℎ_𝑠𝑛𝑎𝑝𝑠ℎ𝑜𝑡(𝐺,𝑚) ⊳ Partition the graph in m snapshots

𝐸𝑚 ← 𝑒𝑔𝑑𝑒𝑙𝑖𝑠𝑡(𝐺𝑝𝑎𝑟[𝑚]) ⊳ last snapshot True Edges
𝑛𝑑_𝑓𝑎𝑙𝑠𝑒_𝑒𝑑𝑔𝑒𝑠 ← 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒_𝑟𝑎𝑛𝑑𝑜𝑚_𝑓𝑎𝑙𝑠𝑒_𝑒𝑑𝑔𝑒𝑠(𝐺, 𝑙𝑒𝑛(𝐸)) ⊳ False Edges
𝐸𝑐𝑙 ← 𝑠𝑜𝑟𝑡(𝐸𝑚 + 𝑟𝑛𝑑_𝑓𝑎𝑙𝑠𝑒_𝑒𝑑𝑔𝑒𝑠)
for each snapshot in 𝐺𝑖 ∈ 𝐺𝑝𝑎𝑟[𝑚 − 1] do

for each 𝐸𝑖 ∈ 𝐸𝑐𝑙 do
𝑛𝑜𝑑𝑒1, 𝑛𝑜𝑑𝑒2 ← 𝑒𝑑𝑔𝑒_𝑛𝑜𝑑𝑒𝑠(𝐸𝑖)
𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑆𝑒𝑡 ← {}
if 𝐸𝑖 ∈ 𝐺𝑖 then

if model_type Is ’local’ Or model_type Is ’all’ then
𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑆𝑒𝑡 ← 𝑎𝑝𝑝𝑒𝑛𝑑 𝑙𝑜𝑐𝑎𝑙_𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠(𝐺𝑖, 𝑛𝑜𝑑𝑒1, 𝑛𝑜𝑑𝑒2) ⊳ local features populated

end
if model_type Is ’global’ Or model_type Is ’all’ then

𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑆𝑒𝑡 ← 𝑎𝑝𝑝𝑒𝑛𝑑 𝑔𝑙𝑜𝑏𝑎𝑙_𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠(𝐺𝑖, 𝑛𝑜𝑑𝑒1, 𝑛𝑜𝑑𝑒2) ⊳ global features populated
end
𝑒𝑑𝑔𝑒_𝐹𝑆[𝐸𝑖] ← 𝑎𝑝𝑝𝑒𝑛𝑑 𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑆𝑒𝑡

end
else

𝑒𝑑𝑔𝑒_𝐹𝑆[𝐸𝑖] ← 𝑎𝑝𝑝𝑒𝑛𝑑 {0, 0, ...}
end

⊳ class labeling on last snapshot
if 𝐺𝑖 Is 𝐺𝑚−2 then

if 𝐸𝑖 ∈ 𝐸𝑚 then
𝑐𝑙𝑎𝑠𝑠_𝑙𝑎𝑏𝑒𝑙[𝑖] = 1

end
else

𝑐𝑙𝑎𝑠𝑠_𝑙𝑎𝑏𝑒𝑙[𝑖] = 0
end

end
end

end
return 𝑒𝑑𝑔𝑒_𝐹𝑆, 𝑐𝑙𝑎𝑠𝑠_𝑙𝑎𝑏𝑒𝑙
categories local/global, 16 features generated from 4 snapshots
are reduced to 4 and for combined category including both local
and global, 32 features from 4 snapshots are reduced to 8 features.

.1.2. Quantum-based training and evaluation
Post extracting the features from the dynamic network we move

oward the quantum part of our experiment. Here we use two different
uantum classifiers namely VQC and QNN which have an analogy
ith their classical counterparts namely Support Vector Machines and
uantum Neural Networks in terms of training and optimizing the
arameters. Broadly the training phase includes the following steps:

• Feature data Quantum projection: The first step is to convert
the classical data to quantum bits i.e. qubits and map them to
complex vector quantum space with a quantum feature map. As
discussed in Section 4.1 this requires repetitions of the Hadamard
gate and entangling blocks based on the depth and entanglement
criteria specified. We choose to keep the circuit depth 2 with
entanglement linear for sake of simplicity. The circuit for the
phase can be visualized with Fig. 6

• Quantum training and parameter tuning: For training and weight
adjustments we have variational circuits aka Ansatz. As discussed
in Section 4.2 they are nothing but parameterized quantum cir-
cuits, which contain alternating layers of parameterized rotations
and entanglement. Here we create Ansatz with a depth of 2 and
use Y and Z rotations with Ry and Rz gates as in Fig. 7
7

• Quantum Optimization: With the Ansatz, fine-tuned we are ready
with the circuit that can fine-tune the parameters to reduce
the loss/cost function and improve the accuracy of the results.
But just like classical systems this also needs to be channelized
with proper optimization algorithms like Gradient Decent. Real
quantum machines are noisy and observations are corrupted by
noise. It has been observed in [69] that stochastic approximation
algorithm performs well in the noisy experimental setting, hence
for quantum run-time on IBM quantum device i.e. ibm_oslo we
choose to use Simultaneous Perturbation Stochastic Approxima-
tion (SPSA), which has a gradient-free approach and does not
require gradient at the runtime. It only needs the cost function
values. Whereas for classical simulation that are noise free, we
found COBYLA, which is a Constrained Optimizer using Linear
Approximation [70], perform better.

• Quantum Classifier: We choose to use two variants of quantum
classifiers Variational Quantum Classifier (VQC) and Quantum
Neural Network Classifier (QNN) explained in Section 3.2 in
detail. Both these classifiers perform the task of classification with
these inputs provided to them (1) a feature map (2) a quantum
instance specifying the back-end used i.e. whether a local simu-
lator or IBM run-time simulator or real IBM quantum machine
(3) parameterized circuits aka Ansatz. VQC classifier tries to
find the separating hyperplane and the maximum support vectors

whereas the QNN classifier having neural network architecture
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Fig. 6. Circuit Diagram obtained from IBM_OSLO real quantum computer for ZZ Feature-map of QNN and VQC. Blue H blocks represent Hadamard Gates, The small purple P
blocks represent the Pauli Z gates working on single qubit and large purple P blocks represent Pauli ZZ gates working on two qubit entanglement. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)
Fig. 7. Circuit Diagram from IBM_OSLO real quantum computer for Variational Circuit, Red H blocks represent Hadamard Gates, the small blue P blocks represent the Pauli Z
gate working on single qubit, large blue P blocks represent Pauli ZZ gates working on two qubit entanglement and the maroon U3 blocks represent the parameterized rotational
gates. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
has a forward activation and backpropagation optimization mech-
anism. With these algorithms both the classifiers perform binary
classification following quantum measurement.

• Quantum Measurement: In this phase, after the convergence in
measurements, the quantum bits will finally collapse to one of
the basis states and final classification will be done on classical
bits i.e. 0 or 1 in our case, with 1 indicating link presence and 0
indicating absence while training and testing.

4.2. Algorithm for feature generation

Algorithm [1] explains in detail the process of feature extraction
from the dynamic network before propagation to the Quantum Circuit
for projection to Quantum space. This has been roughly touched while
explaining the steps of the flowchart. The algorithm begins with the ini-
tialization of necessary empty variables in lines 1 & 2 namely edge_FS:
an empty dictionary to store edge as key and its features as values, and
class_label: an array to store 1/0 for indicating the presence or absence
of the edge in the last snapshot. In line 3 𝐺𝑝𝑎𝑟 stores the partitions of the
whole graph, basically the edges divided based on the timestamps next
to it. In line 4 𝐸𝑚 stores the edges of the last snapshot. We generate a
set of random false edges with the function generate_random_false_edges
and merge these rnd_false_edges with 𝐸𝑚 to form a balanced set of
classification edges 𝐸𝑐𝑙 in the lines 5 & 6. Now we iterate over all
the graph partitions and while iterating over these partitions we next
8

iterate over all the classification edges 𝐸𝑐𝑙 in the next two lines 7 &
8. In lines 9–22, for each edge, if the edge in the 𝐸𝑐𝑙 belongs to the
current graph 𝐺𝑖, we extract the two endpoints i.e. node1 and node2.
With the help of these nodes we extract features for the edge based on
the model category it belongs to i.e. if it is a local model extract AA, CN,
PA, JC using 𝑙𝑜𝑐𝑎𝑙_𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 function and if it is a global model extract
SP, L3, LP, CCLP using 𝑔𝑙𝑜𝑏𝑎𝑙_𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 function and all of these if its a
combined model. Else if the edge does not belong to the current graph
we just append a set of zeros as many as the number of features for
that model category in lines 23 & 24. This iteration takes place till the
second last partition and makes the task of feature extraction complete
and in the last partition iteration we use the partition for class labeling
i.e. in lines 25–27, if the edge in 𝐸𝑐𝑙 is present in the last partition 𝐺𝑚,
we mark the class_label as 1 and 0 otherwise. Finally, our algorithm
returns the set of features edge_FS and class_label in the last line 28 for
further processing to our Quantum Model.

4.3. Prediction and performance evaluation

Once our model is trained, we finally perform classification and
prediction on the test data. We try to evaluate several performance
metrics with the results obtained and present a comparison between
these outcomes in the next section. Note that we perform ten iterations
for each graph, each time having the same snapshot structure with real
edges but every time generating different random false edges and then
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take the average of scores of all the ten iterations. This gives a slightly
different set of classification edges each time for the same graph, and as
a result, we have even more concrete and general probabilities as well
as evaluation scores. With the predicted values 1 – for the existing edge
and 0 – for the non-existing edge, for classification edges, we predict
the accuracy of the model by evaluating the ratio of correct prediction
using several performance metrics discussed in the next section.

4.4. Algorithm optimization

The algorithms exhibit a tendency toward reduced computational
efficiency when executed on quantum simulators, and when employed
on genuine quantum hardware, they are constrained by the limited
number of qubits and an exponentially growing parameter count at-
tributed to entangled qubits. To mitigate these challenges, a potential
solution lies in the customization of the algorithm to leverage the
advantages offered by the kernel trick similar to classical machine
learning models. The introduction of Quantum Neural Tangent Kernels
(QNTK) [71,72] facilitates the exploration of high-dimensional spaces
through a simplified kernel function. Notably, when these QNTK are ap-
plied within the framework of lazy training, the residual error exhibits
an exponential decay. This phenomenon occurs as the QNTK effectively
captures the major principal components and the direction in which
the convergence is faster. This strategic adjustment promises to yield
an exponential acceleration in the convergence process, substantially
reducing the time required for quantum computation and simulation
during each cycle.

Additionally, for scenarios involving a substantial number of qubits,
the integration of Tensor Networks (TN) [73,74] proves highly advan-
tageous. Tensor networks provide a robust method for representing
systems of entangled qubits as interconnected networks of tensors, with
the number of physical qubits scaling logarithmically or independently
in relation to input and output data sizes. The algorithm can be further
enhanced by adapting it to convert multiple inputs into the tensor
network representation. This representation can be refined through
optimization techniques that consider entanglement entropy, result-
ing in a compact encoding of data into low-qubit states. Particularly
promising tensor network structures, such as Matrix Product States
(MPS) [75] or Tree Tensor Networks (TTN) [76], can be employed to
effectively implement this approach.

5. Experimental setup

In this section, we narrate the different runtime environments,
datasets, and several performance metrics used to evaluate the pro-
posed models PQCLP-QNN and PQCLP-VQC. Subsequently, presenting
he analysis of the performance of our models on different feature com-
inations, test ratios, and different comparable models. We decide to
se smaller and moderate-size datasets for our tests because the compu-
ation time on the simulator increases with larger datasets. As discussed
n Section 4.1.2, the steps to build a quantum classifier involve the
hoice of function for (1) Feature Projection (2) ansatz/ parameterized
ircuit (3) Optimizers (4) Classifiers and (5)Runtime Environment. We
se ZZFeatureMap for feature projection from Qiskit circuit library as
t gives a genuine entanglement block of 2, with layers of Hadamard
ates, capable to project the input to complex space that is hard to
imulate classically. For training the Ansatz/Parameterized circuit that
e use is RealAmplitudes from Qiskit circuit library. It has single qubit

otation followed by 2 qubit entanglement layers. This configuration
ives us genuine results without increasing the execution complexity.
or optimizer as discussed previously for real quantum machines SPSA
oes better and for classical simulations COBYLA performs well. The
lassifier for two variations of our algorithm are Variation Quantum
lassifier (VQC) and Neural Network Classifier (QNN) from Qiskit
achine Learning library. The run-time options we explored include
9

quantum simulator on a local machine using Qiskit Circuit library-
0.24.0 and Qiskit machine learning library-0.6.0, a quantum simulator
in IBM Quantum run-time environment i.e. ibmq_qasm_simulator (hav-
ing 32 qubits capacity). Also, we got the opportunity to run very few
instances on the real quantum machine from IBM Quantum runtime
i.e. ibm_oslo (having 7 Qubits with Falcon r5.11H processor having
2.6 K CLOPS capacity).

5.1. Evaluation metrics

In order to analyze the model performance we use six performance
evaluation matrices i.e. Accuracy — the number of correct predictions
w.r.t overall predictions [77], Area under the precision–recall curve
(AUPR) — an average of precision across all recall values [78], Area
under the ROC curve (AUROC/AUC) — the likelihood that a non-
observed but existing link will have a higher score than other truly
nonexistent relationships [79], Precision — a measure of how many
of the positive predictions made are correct [80], Recall/Sensitivity —
a measure of how many of the positive cases the classifier correctly
predicted, over all the positive cases in the data [81], F1 score — a
trade-off between precision and recall [82].

5.2. Datasets

We have evaluated our results on 5 well-known standard datasets
for dynamic link prediction. The two datasets MIT [83] and Radoslaw-
email [84] may be considered dense datasets or densely connected
networks having (96 nodes, 10,86,404 edges) and (167 nodes and
82,876 edges) respectively, as both have fewer nodes and a large
number of edges. Eu-core [85] may be considered medium density
dataset with 986 nodes, and 3,32,334 edges. Whereas Fb-forum [86]
and CollegeMsg [87] can be termed low-density dataset having (899
nodes and 33,686 edges) and (1899 nodes and 59,835 edges) respec-
tively. We demonstrate our results on each type of dataset ranging from
small to large and sparse to dense networks.

6. Result analysis

We conduct some experiments to observe whether our model fol-
lows the right learning pattern i.e. when it is provided with more
features whether is it able to predict better. We plan to use different
feature categories one by one, in order to watch the impact of each
category on the performance. Next, we also try to capture the perfor-
mance of our quantum models over different train-test ratios for critical
metrics like accuracy and precision. We also compare our quantum
models with their classical counterparts, categorized separately. Fur-
thermore, we assess our models against popular state-of-the-art models
using various performance metrics.

6.1. Comparison of PQCLP models on cumulative features with individual
features from local category

Initially, We conduct a comparison between the individual fea-
tures of local categories with the performance of combined features
of that category on our quantum models. So basically, a combination
of 4 local features like Adamic Adar (AA), Common Neighbor(CN),
Jacquard Coefficient (JC), and Preferential Attachment (PA) from 4
snapshots, eventually 16 features are passed to the proposed PQCLP-
QNN and PQCLP-VQC models and then these models are provided each
of these individual features from 4 snapshots, eventually 4 features
and evaluated performance is depicted in Tables 1 and 2. We use a
4-qubit quantum classifier with a stochastic SPSA optimizer with 100
epochs and a learning rate of 0.001 for both quantum models. On a
detailed analysis of scores in Table 1 we observe that for Accuracy,
AUPR, and F1 score evaluation PQCLP-QNN_Local performs better than
all the individual features for radoslaw-email, eu-core, and MIT and
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Table 1
Performance comparison and analysis of proposed PQCLP-QNN with individual local features.

Metric Dataset AA CN JC PA PQCLP-QNN_L

Test Accuracy

fb-forum 0.5928 0.5828 0.5438 0.4728 0.5572
radoslaw-email 0.6828 0.7111 0.6225 0.5337 0.7697
Eu-core 0.7230 0.7062 0.7389 0.4936 0.7678
CollegeMsg 0.5299 0.5706 0.5431 0.4883 0.5503
MIT 0.6196 0.6058 0.5705 0.5341 0.7677

AUC

fb-forum 0.6014 0.5882 0.5562 0.5000 0.5606
radoslaw-email 0.6956 0.7198 0.6297 0.5000 0.8275
Eu-core 0.7209 0.7146 0.7409 0.5055 0.7679
CollegeMsg 0.5334 0.5644 0.5504 0.5048 0.5540
MIT 0.6255 0.6161 0.5718 0.5000 0.7718

PRECISION

fb-forum 0.7467 0.7208 0.6242 0.2417 0.8257
radoslaw-email 0.8282 0.8177 0.7023 0.5337 0.8134
Eu-core 0.9683 0.9554 0.9469 0.4496 0.9502
CollegeMsg 0.5788 0.6474 0.7092 0.2973 0.7826
MIT 0.6855 0.6816 0.5978 0.5341 0.8077

RECALL

fb-forum 0.3230 0.2927 0.5223 0.5000 0.1562
radoslaw-email 0.5163 0.5883 0.5196 1.0000 0.7689
Eu-core 0.4570 0.4512 0.5111 0.8065 0.5693
CollegeMsg 0.4538 0.2652 0.1801 0.5530 0.1495
MIT 0.5318 0.4601 0.5012 1.0000 0.7562

AUPR

fb-forum 0.7151 0.6848 0.6911 0.7553 0.7063
radoslaw-email 0.8011 0.8132 0.7360 0.7668 0.8511
Eu-core 0.8485 0.8428 0.8545 0.7250 0.8692
CollegeMsg 0.6432 0.6364 0.6529 0.7390 0.6714
MIT 0.7451 0.7103 0.6762 0.7671 0.8465

F1 MEASURE

fb-forum 0.4471 0.4066 0.4982 0.6754 0.2572
radoslaw-email 0.6347 0.6844 0.5889 0.6958 0.7800
Eu-core 0.6225 0.6063 0.6678 0.6304 0.7097
CollegeMsg 0.4274 0.3713 0.2788 0.6510 0.2461
MIT 0.6104 0.5471 0.5421 0.6958 0.7732

Here the proposed model PQCLP-QNN first gets 4 features from local category from 4 snapshots, a total of 16 features, and the rest of the
models are provided each feature from 4 snapshots i.e. 4 features.
Table 2
Performance comparison and analysis of proposed PQCLP-VQC with individual local features.

Metric Dataset AA CN JC PA PQCLP-VQC_L

Test Accuracy

fb-forum 0.6299 0.6388 0.6297 0.4886 0.5674
radoslaw-email 0.7036 0.6704 0.6093 0.5304 0.8050
Eu-core 0.8138 0.8310 0.7972 0.4810 0.8351
CollegeMsg 0.5848 0.5665 0.5904 0.4787 0.5756
MIT 0.7363 0.7324 0.7144 0.5401 0.7411

AUC

fb-forum 0.6293 0.6381 0.6294 0.5000 0.5691
radoslaw-email 0.7047 0.6678 0.6079 0.5000 0.8082
Eu-core 0.8109 0.8319 0.7957 0.5000 0.8349
CollegeMsg 0.5812 0.5670 0.5909 0.5000 0.5851
MIT 0.7441 0.7334 0.7125 0.5000 0.7441

PRECISION

fb-forum 0.6739 0.6838 0.6993 0.2953 0.7746
radoslaw-email 0.7367 0.6841 0.6173 0.5304 0.8562
Eu-core 0.8824 0.8960 0.8371 0.2405 0.9625
CollegeMsg 0.7355 0.6648 0.7298 0.1447 0.8032
MIT 0.8125 0.7636 0.7211 0.5401 0.8056

RECALL

fb-forum 0.4915 0.6327 0.4545 0.6000 0.1984
radoslaw-email 0.6818 0.7076 0.6137 1.0000 0.8839
Eu-core 0.7118 0.7534 0.7256 0.5000 0.6962
CollegeMsg 0.2666 0.2756 0.2904 0.3000 0.5718
MIT 0.6845 0.6859 0.7493 1.0000 0.6136

AUPR

fb-forum 0.7091 0.5191 0.7130 0.7510 0.6877
radoslaw-email 0.7931 0.7737 0.7167 0.7652 0.8716
Eu-core 0.8671 0.8870 0.8487 0.7499 0.9051
CollegeMsg 0.6845 0.6519 0.6878 0.7095 0.7553
MIT 0.8361 0.8041 0.8013 0.7700 0.8139

F1 MEASURE

fb-forum 0.6209 0.6381 0.6165 0.3282 0.4987
radoslaw-email 0.7031 0.6678 0.6037 0.3465 0.8292
Eu-core 0.8107 0.8300 0.7949 0.3248 0.8313
CollegeMsg 0.5377 0.5253 0.5093 0.3237 0.5143
MIT 0.7055 0.7209 0.7117 0.3503 0.7263

Here the proposed model PQCLP-VQC first gets 4 features from local category from 4 snapshots, a total of 16 features, and the rest of the
models are provided each feature from 4 snapshots i.e. 4 features.
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Table 3
Performance comparison and analysis of proposed PQCLP-QNN with individual global features.

Metric Dataset L3 LP CCLP SP PQCLP-QNN_G

Test Accuracy

fb-forum 0.7019 0.5374 0.5899 0.6610 0.7335
radoslaw-email 0.6926 0.6462 0.6644 0.4767 0.7816
Eu-core 0.7347 0.7208 0.6886 0.3575 0.7891
CollegeMsg 0.6320 0.5066 0.5543 0.5995 0.6234
MIT 0.6062 0.5737 0.6266 0.4647 0.6397

AUC

fb-forum 0.6992 0.5495 0.5728 0.6618 0.7300
radoslaw-email 0.7008 0.6565 0.6832 0.4888 0.8342
Eu-core 0.7353 0.7268 0.6910 0.3576 0.7912
CollegeMsg 0.6379 0.5250 0.5619 0.5909 0.6598
MIT 0.6103 0.5809 0.6305 0.4791 0.6442

PRECISION

fb-forum 0.9873 0.8285 0.9165 0.7277 0.9559
radoslaw-email 0.7899 0.7658 0.8584 0.4518 0.8168
Eu-core 0.9654 0.9569 0.9641 0.2571 0.9657
CollegeMsg 0.9087 0.7697 0.8976 0.7798 0.9744
MIT 0.6748 0.6365 0.7242 0.4555 0.7217

RECALL

fb-forum 0.4041 0.2242 0.1606 0.5263 0.4926
radoslaw-email 0.5775 0.5446 0.4551 0.2741 0.8443
Eu-core 0.4881 0.4762 0.3966 0.2367 0.8815
CollegeMsg 0.3071 0.2792 0.1417 0.2982 0.5670
MIT 0.5122 0.4664 0.4822 0.2696 0.7371

AUPR

fb-forum 0.8415 0.7230 0.7371 0.7440 0.8490
radoslaw-email 0.7964 0.7796 0.8070 0.5541 0.8681
Eu-core 0.8543 0.8532 0.8326 0.4377 0.7810
CollegeMsg 0.7835 0.7130 0.7396 0.7160 0.7971
MIT 0.7188 0.6926 0.7409 0.5631 0.6182

F1 MEASURE

fb-forum 0.5681 0.2704 0.2731 0.6062 0.6405
radoslaw-email 0.6682 0.6257 0.5977 0.3298 0.7337
Eu-core 0.6469 0.6376 0.5602 0.2312 0.6133
CollegeMsg 0.4600 0.2666 0.2425 0.4046 0.7100
MIT 0.5753 0.5349 0.5771 0.3302 0.4976

Here the proposed model PQCLP-QNN first gets 4 features from global category from 4 snapshots, a total of 16 features, and the rest of the
models are provided each feature from 4 snapshots i.e. 4 features.
marginally misses the best performer in case of fb-forum and col-
legemsg. It has the best AUC score on all other datasets except fb-forum.
Similarly, for a Precision score, it performs best on all other datasets
except radoslaw-email and eu-core, where it slightly misses the best
score. Considering the recall scores, it has low performance, primarily
as a consequence of low density i.e. a sparse network, resulting in
a large number of false negatives. Similarly, on detailed analysis of
scores in Table 2, PQCLP-VQC_Local has better Accuracy, AUC, and F1
score than all the individual features for radoslaw-email, eu-core, and
MIT and marginally misses the best performer in case of fb-forum and
collegemsg. For recall having moderate performance on most of the
datasets. Lastly, it has the best precision and AUPR score on most of
the datasets except fb-forum. Hence the model behaves in the right
way i.e. prediction scores increase when the model receives more
combinations of features.

6.2. Comparison of PQCLP models on cumulative features with individual
features from global category

Similarly, Tables 3 and 4 compare performances of all combined
global features with individual global features on PQCLP-QNN and
QCLP-VQC models respectively. The two models are initially provided
global features such as Shortest Path (SP), local path Index (LP),

oefficient based Link Prediction (CCLP), and Path of Length 3 (L3)
rom 4 snapshots, so eventually 16 features, and then they are fed each
f these features individually from 4 snapshots, hence 4 features. We
se a 4-qubit quantum classifier with a stochastic SPSA optimizer with
00 epochs and a learning rate of 0.001 for both quantum models.
t is evident from the Table 3 thatPQCLP-QNN_Global with all global

features outperforms the individual performance of SP, L3, LP, and
CCLP in terms of Test accuracy and AUC for all the datasets. Unlike
the local features, we have a good performance for global features in
terms of recall. For precision again, the model is touching or is the best
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performer for all the datasets. It has the best AUPR and F1 score on fb-
forum, radoslaw-email, and collegemsg and moderate on eu-core but
low on MIT. Now analyzing the Table 4 Our PQCLP-VQC_Global model
outperforms all the datasets in terms of precision and AUPR. Whereas
the Accuracy, AUC, and F1 score for PQCLP-VQC_Global are best for
fb-forum, radoslaw-email, and MIT and nearly touch the best score in
eu-core and collegemsg. Recall scores for eu-core and collegemsg are
low for the reasons mentioned in the previous comparison, moderate
on MIT and best on fb-forum and radoslaw-email. We may observe
that having global features with better performance our global models
perform better than the local models.

6.3. Comparison of PQCLP models on cumulative features with individual
features from both local and global category

Next, we move to combined features from both the categories of net-
work metrics i.e. local, global, and quasi-local. Basically, the proposed
models PQCLP-QNN_LG and PQCLP-VQC_LG in this category are pro-
vided a combination of features namely AA, CN, JC, PA, SP, L3, LP, and
CCLP from 4 snapshots, eventually, 32 features, next they are provided
each of the mentioned features one by one from 4 snapshots that results
in 4 features and the comparison is presented in the Tables 5 and 6. We
use 8 qubit quantum classifiers with a stochastic SPSA optimizer with
50 epochs and a learning rate of 0.001 for both quantum models. These
tables show the comparison between the performance of individual
metrics with the combined performance of all these features on both the
proposed quantum models namely PQCLP-QNN and PQCLP-VQC. On a
detailed analysis of the Table 5, we observe that AUC and accuracy are
best on all the other datasets except fb-forum where it is moderate. It
has the best Precision and AUPR score on radoslaw-email, eu-core, and
MIT but low on collegemsg and fb-forum. It has low Recall scores for
eu-core, collegemsg, and MIT but best scores for radoslaw-email and
fb-forum. F1 score is best on radoslaw-email, eu-core, and collegemsg,
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Table 4
Performance comparison and analysis of proposed PQCLP-VQC with individual global features.

Metric Dataset L3 LP CCLP SP PQCLP-VQC_G

Test Accuracy

fb-forum 0.7259 0.6181 0.6432 0.5881 0.7724
radoslaw-email 0.6978 0.7698 0.7014 0.3826 0.8141
Eu-core 0.8347 0.8350 0.8157 0.4107 0.8250
CollegeMsg 0.6853 0.5345 0.5635 0.6249 0.6609
MIT 0.7442 0.6061 0.7648 0.3924 0.7798

AUC

fb-forum 0.7305 0.6215 0.6470 0.5912 0.7660
radoslaw-email 0.6994 0.7694 0.7038 0.4101 0.8142
Eu-core 0.8339 0.8348 0.8116 0.4167 0.8226
CollegeMsg 0.6799 0.5464 0.5636 0.6231 0.6627
MIT 0.7465 0.6210 0.7654 0.4139 0.7802

PRECISION

fb-forum 0.8888 0.7847 0.8243 0.6409 0.9744
radoslaw-email 0.7280 0.7911 0.7459 0.2887 0.8675
Eu-core 0.8807 0.9410 0.9081 0.3414 0.9749
CollegeMsg 0.8263 0.7395 0.7969 0.6252 0.9509
MIT 0.7892 0.7207 0.8152 0.3336 0.8573

RECALL

fb-forum 0.5310 0.3441 0.3769 0.4877 0.5453
radoslaw-email 0.6892 0.7747 0.6751 0.0940 0.6906
Eu-core 0.7699 0.7141 0.6890 0.2160 0.6621
CollegeMsg 0.4498 0.1598 0.1732 0.6744 0.3439
MIT 0.6957 0.4750 0.6931 0.1368 0.6726

AUPR

fb-forum 0.8300 0.7297 0.7584 0.6950 0.8702
radoslaw-email 0.7909 0.8433 0.7981 0.4372 0.8623
Eu-core 0.8822 0.8989 0.8738 0.4803 0.9017
CollegeMsg 0.7723 0.6662 0.6916 0.7320 0.8124
MIT 0.8222 0.7424 0.8317 0.4660 0.8470

F1 MEASURE

fb-forum 0.7154 0.5843 0.6161 0.5802 0.7578
radoslaw-email 0.6969 0.7684 0.7010 0.3293 0.8361
Eu-core 0.8335 0.8322 0.8112 0.3822 0.8191
CollegeMsg 0.6644 0.4600 0.4835 0.6194 0.6228
MIT 0.7424 0.6015 0.7631 0.3474 0.7761

Here the proposed model PQCLP-VQC first gets 4 features from global category from 4 snapshots, a total of 16 features, and the rest of the
models are provided each feature from 4 snapshots i.e. 4 features.
Table 5
Performance comparison and analysis of proposed PQCLP-QNN with individual features from both local and global category.

Metric Dataset AA CN JC PA SP L3 CCLP CCLP2 PQCLP-QNN_LG

Test Accuracy

fb-forum 0.5928 0.5828 0.5438 0.4728 0.6610 0.7019 0.5374 0.5899 0.6806
radoslaw-email 0.6828 0.7111 0.6225 0.5337 0.4767 0.6926 0.6462 0.6644 0.7935
Eu-core 0.7230 0.7062 0.7389 0.4936 0.3575 0.7347 0.7208 0.6886 0.8091
CollegeMsg 0.5299 0.5706 0.5431 0.4883 0.5995 0.6320 0.5066 0.5543 0.6301
MIT 0.6196 0.6058 0.5705 0.5341 0.4647 0.6062 0.5737 0.6266 0.6797

AUC

fb-forum 0.6014 0.5882 0.5562 0.5000 0.6618 0.6992 0.5495 0.5728 0.6722
radoslaw-email 0.6956 0.7198 0.6297 0.5000 0.4888 0.7008 0.6565 0.6832 0.8993
Eu-core 0.7209 0.7146 0.7409 0.5055 0.3576 0.7353 0.7268 0.6910 0.7912
CollegeMsg 0.5334 0.5644 0.5504 0.5048 0.5909 0.6379 0.5250 0.5619 0.6121
MIT 0.6255 0.6161 0.5718 0.5000 0.4791 0.6103 0.5809 0.6305 0.6442

PRECISION

fb-forum 0.7467 0.7208 0.6242 0.2417 0.7277 0.9873 0.8285 0.9165 0.7875
radoslaw-email 0.8282 0.8177 0.7023 0.5337 0.4518 0.7899 0.7658 0.8484 0.8496
Eu-core 0.9683 0.9554 0.9469 0.4496 0.2571 0.9600 0.9569 0.9641 0.9603
CollegeMsg 0.5788 0.6474 0.7092 0.2973 0.7798 0.9087 0.7697 0.8976 0.7881
MIT 0.6855 0.6816 0.5978 0.5341 0.4555 0.6748 0.6365 0.7242 0.7218

RECALL

fb-forum 0.3230 0.2927 0.5223 0.5000 0.5263 0.4041 0.2242 0.1606 0.6187
radoslaw-email 0.5163 0.5883 0.5196 1.0000 0.2741 0.5775 0.5446 0.4551 0.7337
Eu-core 0.4570 0.4512 0.5111 0.8065 0.2367 0.4881 0.4762 0.3966 0.7133
CollegeMsg 0.4538 0.2652 0.1801 0.5530 0.2982 0.3071 0.2792 0.1417 0.4256
MIT 0.5318 0.4601 0.5012 1.0000 0.2696 0.5122 0.4664 0.4822 0.4976

AUPR

fb-forum 0.7151 0.6848 0.6911 0.7553 0.7440 0.8415 0.7230 0.7371 0.7642
radoslaw-email 0.8011 0.8132 0.7360 0.7668 0.5541 0.7964 0.7796 0.8070 0.8833
Eu-core 0.8485 0.8428 0.8545 0.7250 0.4377 0.8543 0.8532 0.8326 0.8815
CollegeMsg 0.6432 0.6364 0.6529 0.7390 0.7160 0.7835 0.7130 0.7396 0.6915
MIT 0.7251 0.7103 0.6762 0.7671 0.5631 0.7188 0.6926 0.7209 0.7371

F1 SCORE

fb-forum 0.4471 0.4066 0.4982 0.6754 0.6062 0.5681 0.2704 0.2731 0.6505
radoslaw-email 0.6347 0.6844 0.5889 0.6958 0.3298 0.6682 0.6257 0.5977 0.8128
Eu-core 0.6225 0.6063 0.6678 0.6304 0.2312 0.6469 0.6376 0.5602 0.7461
CollegeMsg 0.4274 0.3713 0.2788 0.6510 0.4046 0.4600 0.2666 0.2425 0.4951
MIT 0.6104 0.5471 0.5421 0.6958 0.3302 0.5753 0.5349 0.5771 0.5817

Here the proposed model PQCLP-QNN first gets 8 features from local and global categories from 4 snapshots, a total of 32 features, and the rest of the models are provided each
feature from 4 snapshots i.e. 4 features.
12



Computer Networks 241 (2024) 110210N. Singh et al.
Table 6
Performance comparison and analysis of proposed PQCLP-VQC with individual features from both local and global category.

Metric Dataset AA CN JC PA SP L3 CCLP CCLP2 PQCLP-VQC_LG

Accuracy

fb-forum 0.6299 0.6317 0.6297 0.4886 0.5881 0.7259 0.6181 0.6432 0.6579
radoslaw-email 0.7036 0.6704 0.6093 0.5304 0.3826 0.6978 0.7698 0.7014 0.8196
Eu-core 0.8138 0.8310 0.7972 0.4810 0.4107 0.8347 0.8350 0.8157 0.8387
CollegeMsg 0.5848 0.5665 0.5904 0.4787 0.6249 0.6253 0.5345 0.5635 0.6365
MIT 0.7363 0.7324 0.7144 0.5401 0.3924 0.7442 0.6061 0.7648 0.7180

AUC

fb-forum 0.6293 0.6810 0.6294 0.5000 0.5912 0.7305 0.6215 0.6470 0.6552
radoslaw-email 0.7047 0.6678 0.6079 0.5000 0.4101 0.6994 0.7694 0.7038 0.8197
Eu-core 0.8109 0.8319 0.7957 0.5000 0.4167 0.8339 0.8348 0.8116 0.8369
CollegeMsg 0.5851 0.5670 0.5909 0.5000 0.6231 0.6799 0.5464 0.5636 0.6421
MIT 0.7441 0.7334 0.7125 0.5000 0.4139 0.7465 0.6210 0.7654 0.7284

PRECISION

fb-forum 0.6739 0.7182 0.6993 0.2953 0.6409 0.8888 0.7847 0.8243 0.8674
radoslaw-email 0.7367 0.6841 0.6173 0.5304 0.2887 0.7280 0.7911 0.7459 0.8490
Eu-core 0.8824 0.8960 0.8371 0.2405 0.3414 0.8807 0.9410 0.9081 0.9715
CollegeMsg 0.7355 0.6648 0.7298 0.1447 0.6252 0.8263 0.7395 0.7969 0.8497
MIT 0.8125 0.7636 0.7211 0.5401 0.3336 0.7892 0.7207 0.8152 0.8414

RECALL

fb-forum 0.4915 0.5124 0.4545 0.6000 0.4877 0.5310 0.3441 0.3769 0.3651
radoslaw-email 0.6818 0.7076 0.6137 1.0000 0.0940 0.6892 0.7747 0.6751 0.8279
Eu-core 0.7118 0.7534 0.7256 0.5000 0.2160 0.7699 0.7141 0.6890 0.6727
CollegeMsg 0.2666 0.2756 0.2904 0.3000 0.6744 0.4498 0.1598 0.1732 0.5718
MIT 0.6845 0.6859 0.7493 1.0000 0.1368 0.6957 0.4750 0.6931 0.5810

AUPR

fb-forum 0.7091 0.7725 0.7130 0.7510 0.6950 0.8300 0.7297 0.7584 0.7735
radoslaw-email 0.7931 0.7737 0.7167 0.7652 0.4372 0.7909 0.8433 0.7981 0.8750
Eu-core 0.8671 0.8870 0.8487 0.7499 0.4803 0.8822 0.8989 0.8738 0.9029
CollegeMsg 0.6845 0.6519 0.6878 0.7553 0.7320 0.7723 0.6662 0.6916 0.7648
MIT 0.8361 0.8041 0.8013 0.7700 0.4660 0.8222 0.7424 0.8317 0.8733

F1 MEASURE

fb-forum 0.6209 0.6811 0.6165 0.3282 0.5802 0.7154 0.5843 0.6161 0.6237
radoslaw-email 0.7031 0.6678 0.6037 0.3465 0.3293 0.6969 0.7684 0.7010 0.8311
Eu-core 0.8107 0.8300 0.7949 0.3248 0.3822 0.8135 0.8122 0.8112 0.8232
CollegeMsg 0.5377 0.5253 0.5493 0.3237 0.6194 0.6644 0.4600 0.4835 0.6040
MIT 0.7355 0.7309 0.7117 0.3503 0.3474 0.7424 0.6015 0.7631 0.7143

Here the proposed model PQCLP-VQC first gets 8 features from local and global categories from 4 snapshots, a total of 32 features, and the rest of the models are provided each
feature from 4 snapshots i.e. 4 features.
moderate on fb-forum, and low on MIT. Now putting a light on the
Table 6 our model PQCLP-VQC_LG has the best AUC and F1 scores
for radoslaw-email and eu-core. Next, like other models, it has a low
recall on all the other datasets except radoslaw-email where it is the
best performer. In terms of accuracy, it has low performance on fb-
forum and moderate on MIT, and best on radoslaw-email, eu-core, and
collegemsg. Similarly, for AUPR it has low performance on fb-forum,
narrowly missing the best on collegemsg and best on radoslaw-email,
eu-core, and MIT. However, it has the best performance in the case
of precision for all the datasets except fb-forum where it narrowly
misses the best score. Henceforth, it is evident that the proposed models
perform better than the individual features.

Now, looking at the performance of the local feature model and
global feature model for QNN, they both outperform the mixed feature
model for PQCLP-QNN_LG which is provided both local and global
features. Similar observations can be derived for PQCLP-VQC_LG vari-
ants. The justification for this is that when we combine the features
and the number of features becomes large, the dimension needs to be
reduced in order to address the qubit limitation for quantum models as
stated earlier in Section 4.1.1, the bigger is the feature set, the greater
the data loss, also combining the features from mixed categories alter
the performance of the overall model. In light of the fact that global
features are typically more accurate and robust than local features
when this feature is combined with local features performing poorly on
these low-density datasets, they underperform naturally. But naturally,
this is not evident in separate local and global comparisons where the
mixing of categories does not occur. So effectively the model behaves
in the way it should and performs well when exposed to the right set of
features considering its current physical limitations of limited Qubits.

6.4. Performance comparison of PQCLP: QNN and VQC with their classical
counterparts NN and SVM on local, global, and combined feature category

Having presented the comparison of different categories of models
in the quantum domain we finally present here, the performance of
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both the quantum models PQCLP-QNN and PQCLP-VQC with their
classical counterparts i.e. Neural-Networks and SVM respectively. Here
again, we present three categories of comparisons of PQCLP models
i.e. local, global, and combined mode, where local variants both quan-
tum and classical are provided with 4 local network metrics, global
variants are provided with 4 global and quasi-local network metrics,
and finally, combined models provided with 8 network metrics from
all the three categories. The hyper-parameters of the quantum mod-
els namely PQCLP-QNN_Local/PQCLP-VQC_Local, PQCLP-QNN_Global/
PQCLP-VQC_Global, PQCLP-QNN_LG, and PQCLP-VQC_LG are same as
previously discussed models. For NeuralNetwork we use a learning
rate of 0.001 and BinaryCrossEntropy loss with metrics like accuracy,
AUC, Precision, and recall. For SVM we choose a linear kernel with
a second-degree polynomial kernel function. Here we first present the
comparison of QNN with its classical counterpart NN(Neural Network)
and VQC with its classical counterpart SVM(Support Vector Machine)
on the local domain, and global domain, and finally a comparison of
features from both domains.

Observing the Table 7 we may see that for local category our
model PQCLP-QNN_Local outperforms the classical NeuralNetowork in
Accuracy, AUC, and Precision for almost all the datasets. This model
has a better recall score in just two datasets namely eu-core and MIT but
lesser on fb-forum, collegemsg, and radoslaw-email. Whereas AUPR and
F1 scores are good in eu-core, radoslaw-email, and MIT but lesser than
NN on fb-forum and collegemsg. PQCLP-VQC_Local seems to perform
better than NN on all the datasets for most of the metrics except for
recall, as usual, performing low on fb-forum and collegemsg.

For global comparison we have a competitive performance from
both classical and quantum models as follows: our global modelPQCLP-
QNN_Global has a lower performance on three datasets namely fb-
forum, eu-core, and MIT for Accuracy, AUC, Recall, and AUPR. Per-
forming worst in case of F1 being high only for collegemsg. But for
precision, it is higher on all datasets except MIT. Now looking at
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Table 7
Comparison and analysis of the proposed PQCLP:QNN with its classical counterpart NN and PQCLP:VQC with its classical counterpart SVM on a local set of features, global set
f features, and finally set of combined features from both the category.
Metric Dataset Local features Global features Combined features

NN QNN SVM VQC NN QNN SVM VQC NN QNN SVM VQC

Test Accuracy

fb-forum 0.5757 0.5772 0.5905 0.5674 0.8686 0.7335 0.8353 0.7724 0.6714 0.6806 0.7890 0.6579
radoslaw-email 0.7559 0.7697 0.7694 0.8050 0.7705 0.7816 0.7767 0.8141 0.7875 0.7935 0.7822 0.8196
Eu-core 0.6041 0.7678 0.6215 0.8351 0.9257 0.7891 0.9393 0.8250 0.8363 0.8091 0.8717 0.8387
CollegeMsg 0.5355 0.5503 0.6081 0.5756 0.5915 0.6234 0.5330 0.6609 0.5817 0.6301 0.5289 0.6365
MIT 0.6717 0.7677 0.6201 0.7411 0.7758 0.6397 0.7655 0.7798 0.7563 0.6797 0.8157 0.7180

AUC

fb-forum 0.7120 0.5606 0.5914 0.5691 0.9335 0.7300 0.8361 0.7660 0.8341 0.6722 0.7895 0.6552
radoslaw-email 0.7650 0.8275 0.7607 0.8082 0.7718 0.8342 0.7838 0.8142 0.7718 0.8993 0.7865 0.8197
Eu-core 0.7626 0.7679 0.6224 0.8349 0.9799 0.7912 0.9397 0.8226 0.9672 0.7912 0.9211 0.8369
CollegeMsg 0.5485 0.5540 0.6077 0.5851 0.6168 0.6598 0.5317 0.6627 0.5918 0.6121 0.5293 0.6421
MIT 0.7601 0.7718 0.6060 0.7441 0.8216 0.6442 0.7663 0.7802 0.8129 0.6442 0.8162 0.7284

PRECISION

fb-forum 0.5455 0.8257 0.6778 0.7746 0.8877 0.9559 0.8029 0.9744 0.7169 0.7875 0.7648 0.8674
radoslaw-email 0.7587 0.8134 0.7373 0.8562 0.8122 0.8168 0.8382 0.8675 0.8077 0.8496 0.8323 0.8490
Eu-core 0.7343 0.9502 0.5860 0.9625 0.9451 0.9657 0.9475 0.9749 0.9180 0.9603 0.9308 0.9715
CollegeMsg 0.5503 0.7826 0.7549 0.8032 0.6682 0.9744 0.5328 0.9509 0.6749 0.7881 0.5149 0.8497
MIT 0.6753 0.8077 0.5949 0.8056 0.7935 0.7217 0.7859 0.8573 0.7667 0.7218 0.8330 0.8414

RECALL

fb-forum 0.7841 0.1562 0.3613 0.1984 0.8567 0.4926 0.8851 0.5453 0.4587 0.6187 0.8383 0.4084
radoslaw-email 0.8250 0.7689 0.7592 0.8039 0.7902 0.8443 0.6906 0.8160 0.7678 0.7337 0.8140 0.8279
Eu-core 0.4016 0.5693 0.8624 0.6962 0.9015 0.8815 0.9306 0.6621 0.7653 0.7133 0.9052 0.6727
CollegeMsg 0.8582 0.1495 0.2197 0.3768 0.4408 0.5670 0.5201 0.3439 0.2969 0.4256 0.3480 0.5718
MIT 0.7562 0.7648 0.8633 0.6136 0.7948 0.7371 0.7599 0.6726 0.7696 0.4976 0.8087 0.5810

AUPR

fb-forum 0.7603 0.7063 0.6801 0.6877 0.9398 0.8490 0.8723 0.8702 0.8051 0.7642 0.8416 0.7735
radoslaw-email 0.8390 0.8511 0.8417 0.8716 0.7381 0.8681 0.8773 0.8623 0.8443 0.8833 0.8745 0.8750
Eu-core 0.7188 0.8692 0.7585 0.9051 0.9681 0.7810 0.9565 0.9017 0.9656 0.8815 0.9445 0.9029
CollegeMsg 0.6794 0.6714 0.7091 0.7553 0.7147 0.7971 0.6495 0.8124 0.6847 0.6915 0.6485 0.7648
MIT 0.7354 0.8465 0.7662 0.8139 0.8202 0.6182 0.8358 0.8470 0.7838 0.7371 0.8205 0.8733

F1 MEASURE

fb-forum 0.6477 0.2572 0.4690 0.4987 0.8700 0.6405 0.8415 0.7578 0.6314 0.6505 0.7985 0.6237
radoslaw-email 0.7346 0.7800 0.8038 0.8292 0.7776 0.7337 0.8267 0.8361 0.8074 0.8128 0.8285 0.8311
Eu-core 0.4853 0.7097 0.6851 0.8313 0.9244 0.6133 0.9387 0.8191 0.8682 0.7461 0.9193 0.8232
CollegeMsg 0.5572 0.2461 0.4545 0.5143 0.6035 0.7100 0.3846 0.6228 0.4696 0.4951 0.5394 0.6040
MIT 0.6972 0.7732 0.7025 0.7263 0.7883 0.4976 0.7718 0.7761 0.7643 0.5817 0.8201 0.7143

Note: In the Local Features category we compare the performance of PQCLP-QNN with its classical equivalent Neural Network (NN) similarly PQCLP-VQC with its classical
equivalent Support Vector Machines (SVM) both provided a set of 4 local features from 4 snapshots a total of 16 features. Similarly for the Global Feature category PQCLP-QNN
Vs. NN and PQCLP-VQC Vs SVM are provided 4 global features from 4 snapshots a total of 16 features. Finally PQCLP-QNN Vs. NN and PQCLP-VQC Vs SVM are provided 8
features from both the category and 4 snapshots a total of 32 features.
another global model PQCLP-VQC_Global, that has high Accuracy, AUC,
and F1 measure on radoslaw-email, collegemsg, and MIT but low on 2
datasets i.e. fb-forum and eu-core. Worst in case of recall and highest
in case of precision being best for all the datasets. The model has
AUPR being higher on fb-forum, collegemsg, and MIT alongside giving
a competitive score on other datasets.

From the combined category our models again give a competitive
performance to their classical counterparts: PQCLP-QNN_LG has better
Accuracy and F1 measure scores for fb-forum, radoslaw-email, and
collegemsg and lower in the case of eu-core and MIT. It has lower
AUC and AUPR scores for 3 datasets namely fb-forum, eu-core, and
MIT, and higher for radoslaw-email and collegemsg. Next recall being
lower on almost all datasets and precision being highest on all datasets,
giving a balanced F1 score. PQCLP-VQC_LG has lower Accuracy, AUC,
recall, and F1 score for 3 datasets namely fb-forum, eu-core, and MIT,
and higher for radoslaw-email and collegemsg. The AUPR score for the
model is high on radoslaw, collegemsg, and MIT and competitive on
fb-forum and Eu-core. Note that the cause of high performing dataset
like Eu-core to underperform is the limitation of qubit to compete for
higher accuracy range achieved by classical models here. Precision is
higher for all the datasets. Thus overall, PQCLP quantum models give
a competitive performance in comparison to the classical models and
outperform in the Local category.

To explore more the performance of these quantum models on
different dataset sizes, we tried to change the test-set and train-set ratio
to (10%, 20%, 30%, 40%, and 50%) and evaluated the performance
in each case. Fig. 8, 9 show the effect of changing the test set ratio
gradually on the performance of PQCLP-QNN_LG, PQCLP-VQC_LG, and
their classical equivalents NN and SVM on different datasets based on

ccuracy and Precision.
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6.5. Analysis of accuracy pattern on different variations based on test-ratio

Looking at the graph in Fig. 8, we can observe that our PQCLP
models VQC and QNN, having combined features from both local
and global categories of network metrics perform better than classical
models NN and SVM on datasets like CollegeMsg and radoslaw-email
with genuine test set ratio i.e. 20% and beyond. We may also observe
that collegemsg is a low-density dataset, having fewer connections per
node, but still, the model is able to outperform classical models. In
the other two datasets MIT and eu-core PQCLP, models give a narrow
difference in genuine test set ratio as compared to NN and SVM. The
only exception is the fb-form where the dataset is not only sparse but
also small and insufficient for training in quantum space.

6.6. Analysis of precision pattern on different variations based on test-ratio

Looking at the graphs in Fig. 9, We may clearly observe that the
PQCLP models viz QNN and VQC with all categories features outper-
form the classical models, the only exception is the MIT dataset where
it narrowly misses the best performance that too only on lower test set
ratio of 10% and 20%. This emphasizes the fact that the measurements
by quantum models are very consistent giving more reliability to the
predictions.

6.7. Performance comparison of proposed PQCLP with QNN and VQC with
various state-of-the-art algorithms

We have compared our results with several state-of-art methods

and presented a comparison here. Table 8 compares four different
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Fig. 8. Comparison of Accuracy score of Quantum models Vs. classical models for different test set ratios.
Fig. 9. Comparison of Precision score of Quantum models Vs. classical models for different test set ratios.
State-of-the-art methods with all of our quantum models viz. PQCLP-
QNN_Local/PQCLP-VQC_Local, PQCLP-QNN_Global/PQCLP-VQC_Global,
and PQCLP-QNN_LG/PQCLP-VQC_LG on five evaluation metrics. As we
are comparing a number of different methods that have very competi-
tive scores, we highlight here a few of the top scores that are closer
to each other and differ by a smaller margin. Some of the popular
state-of-the-the-art methods from the domain link prediction used in
the comparison are:

• WEAK [88] — The authors of this paper have suggested the de-
ployment of weak estimators in addition to the usage of standard
similarity metrics in order to efficiently and cheaply generate
a feature vector for a deep neural network. Weak estimators
have been used in many machine learning techniques to improve
model accuracy because of their capacity to forecast the shifting
15
probabilities in dynamic systems. A method for producing a com-
putationally efficient, network-size independent feature vector is
suggested in this study. For real-time applications and neural
network link predictions, this feature vector is excellent. In this
study, weak estimators are used with dynamic networks and
similarity measures from static networks.

• CTDNE [89] — This paper provides a comprehensive frame-
work for network embedding methods that take into account
temporal data. The framework provides a mechanism for learn-
ing time-respecting embedding from continuous-time dynamic
networks. Overall, the trials demonstrate the effectiveness of
the proposed framework and dynamic network embedding tech-
nique. The results show that to develop acceptable and useful
network representations, it is essential to characterize temporal
dependencies in graphs.
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Table 8
Performance comparison and analysis of PQCLP models VQC and QNN with several state-of-the-art methods.

Metric Dataset WEAK CTDNE LGQ DWALK-GNN PQCLP-QNN PQCLP-VQC

Local Global Combined Local Global Combined

Accuracy

fb-forum 0.77917 0.44357 0.77333 0.8741 0.5772 0.7335 0.6806 0.5674 0.7724 0.6579
radoslaw-email 0.76115 0.64278 0.78756 0.4887 0.7697 0.7816 0.7935 0.805 0.8141 0.8196
Eu-core 0.79526 0.48953 0.80921 0.6088 0.7678 0.7891 0.8091 0.8351 0.825 0.8387
CollegeMsg 0.61155 0.54379 0.60931 0.6613 0.5503 0.6234 0.6301 0.5756 0.6609 0.6365
mit 0.75131 0.65414 0.76247 0.5549 0.7677 0.6397 0.6797 0.7411 0.7798 0.718

AUC

fb-forum 0.60916 0.67769 0.61677 0.8718 0.5606 0.73 0.6722 0.5691 0.766 0.6552
radoslaw-email 0.62096 0.76239 0.69656 0.5102 0.8275 0.8342 0.8993 0.8082 0.8142 0.8197
Eu-core 0.70698 0.66655 0.7041 0.4861 0.7679 0.7912 0.7912 0.8349 0.8226 0.8369
CollegeMsg 0.56506 0.58023 0.4975 0.6716 0.554 0.6598 0.6121 0.5851 0.6627 0.6421
mit 0.64211 0.73753 0.71667 0.5606 0.7718 0.6442 0.6442 0.7441 0.7802 0.7284

Precision

fb-forum 0.56243 0.20739 0.61639 0.7952 0.8257 0.9559 0.7875 0.7746 0.9744 0.8674
radoslaw-email 0.39475 0.33307 0.66946 0.4646 0.8134 0.8168 0.8496 0.8562 0.8675 0.849
Eu-core 0.56149 0.21793 0.6281 0.7732 0.9502 0.9657 0.9603 0.9625 0.9749 0.9715
CollegeMsg 0.35622 0.20093 0.21995 0.5804 0.7826 0.9744 0.7881 0.8032 0.9509 0.8497
mit 0.52029 0.36101 0.52329 0.5699 0.8077 0.7217 0.7218 0.8056 0.8573 0.8414

Recall

fb-forum 0.25349 0.8332 0.30029 0.8936 0.1562 0.4926 0.6187 0.1984 0.5453 0.3651
radoslaw-email 0.28686 0.79523 0.35167 0.3671 0.7689 0.8443 0.7337 0.8039 0.816 0.8279
Eu-core 0.50896 0.79937 0.49753 0.7318 0.5693 0.8815 0.7133 0.6962 0.6621 0.6727
CollegeMsg 0.16978 0.55375 0.09488 0.7682 0.1495 0.567 0.4256 0.3768 0.3439 0.5718
mit 0.43391 0.69537 0.49632 0.6149 0.7648 0.7371 0.4976 0.6136 0.6726 0.581

F1 score

fb-forum 0.29986 0.33186 0.3164 0.8422 0.2572 0.6405 0.6505 0.4987 0.7578 0.6237
radoslaw-email 0.28884 0.46922 0.4208 0.3958 0.78 0.7337 0.8128 0.8292 0.8361 0.8311
Eu-core 0.4384 0.3421 0.45022 0.7519 0.7097 0.6133 0.7461 0.8313 0.8191 0.8232
CollegeMsg 0.27698 0.28913 0.21695 0.6613 0.2461 0.7101 0.4951 0.5143 0.6228 0.604
mit 0.40064 0.47475 0.48289 0.5916 0.7732 0.4976 0.5817 0.7263 0.7761 0.7143
r
d
P
h

• LGQ [68] — A similarity-based link prediction approach that
employs a similarity-based score is feature fusion-based link pre-
diction in dynamic networks. The three most common similarity-
based indices are Local (L), Global (G), and Quasi-local for de-
termining similarity scores (Q). The broad categories of indices
from the LGQ model are combined in a variety of ways (L, G,
Q, LG, LQ, GQ, LGQ) to produce a feature set that may be used
with different machine learning algorithms for link prediction.
The Common Neighbors (CN), Adamic/Adar Index (AA), Jaccard
Coefficient (JC), and Preferential Attachment (PA) local similarity
indexes have all been considered (PA). In terms of global similar-
ity indexes, cos+, Average Commute Time (ACT), Shortest Path
(SP), and MFI (Matrix Forest Index) have also been taken into
consideration. For quasi-local indices, the local path Index (LP)
and Path of Length 3 have been taken into consideration (L3).

• DWALK-GNN [38]. Similar to how a convolutional neural net-
work is created to operate on images, graph neural networks
are an abstraction to multi-layer perceptrons that are tailored
to operate on graphs rather than basic feature vectors. They
utilize a convolutional filter to process the graph and extract
information that is valuable locally. These latent representations
can be used by statistical models to easily encode social relations
in a continuous vector space. DeepWalk develops latent repre-
sentations utilizing local information obtained from shortened
random walks by treating walks as the equivalent of sentences.
It recognizes structural patterns discovered during quick random
walks. In this study, we use DeepWalk (DWALK) to learn latent
vertices representations in a network to measure node distances,
and then we use GNN to get the best link predictions that fit those
distances. Concatenating DeepWalk embeddings from all of the
results of the snapshot in the creation of more thorough features
and labels. Then, using this information, a graph convolutional
neural network is trained. This network includes graph convolu-
tional layers from the Keras-dgl9 [109] library, dense and sigmoid
activation layers from the TensorFlow Keras library, and more.
Then, using this GNN, link prediction probabilities are predicted.

On careful examination of the Table 8, it can be easily visualized
hat all of our PQCLP models outperform the state-of-the-art methods
16
in most of the performance evaluation metrics for all the datasets
except fb-forum, where the dataset is not only sparse but also small
and insufficient for training in quantum space.

Starting with Accuracy, PQCLP-QNN performs moderately in all the
variants as PQCLP-QNN_LG does well in the case of eu-core, radoslaw-
email, and collegemsg, and PQCLP-QNN_Local well for MIT. The per-
formance is low for fb-forum in all the variants. Now, for PQCLP-VQC
the local variant PQCLP-VQC_Local has a good score for radoslaw-email
and eu-core and a competitive score for MIT, global variant PQCLP-
VQC_Global does well for all the datasets except fb-forum and the com-
bined version PQCLP-VQC_LG does good for eu-core, radoslaw-email,
and collegemsg and have an average score for MIT.

For AUC, PQCLP-QNN has a better score only for radoslaw-email,
for the rest of the datasets, it stands below PQCLP-VQC. Whereas the
PQCLP-VQC_Global variant has a better AUC score for all the datasets
except fb-forum. PQCLP-VQC_Local performs well on eu-core, radoslaw-
email, and MIT but low on fb-forum and collegemsg. PQCLP-VQC_LG
has the best AUC score for eu-core, radoslaw-email and moderate AUC
scores for collegemsg and MIT, and a low score for fb-forum.

For Precision, PQCLP-QNN does moderately well and PQCLP-VQC
outperforms on all datasets. Looking at the details, PQCLP-QNN_Local
has a better precision score on eu-core, radoslaw-email, and MIT and
a moderate score on fb-forum and collegemsg. PQCLP-QNN_Global has
the best scores on fb-forum, eu-core, and collegemsg and average
scores on radoslaw-email and MIT. PQCLP-QNN_LG has better scores on
adoslaw-email and eu-core but a competitive score on the rest of the
atasets. PQCLP-VQC_Global performs best on all the datasets whereas
QCLP-VQC_LG does well on all the datasets except collegemsg where it
as a moderate precision score. PQCLP-VQC_Local has a better precision

score on radoslaw-email, eu-core, and MIT and a moderate score on
fb-forum and collegemsg.

In case of a recall, as usual, our models suffer from low recall
performance, PQCLP-VQC all the variants perform only in the case
of radoslaw-email and poor on all other datasets. But to the surprise,
PQCLP-QNN_Global performs best even better than CTDNE for all the
datasets except fb-forum.

For the F1 score, PQCLP-QNN_Local has a good score only for MIT

but low for all the other datasets. PQCLP-QNN_Global was able to
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Table 9
Computational complexities of classical and quantum Machine Learning models. Here
M is the dimension of the feature set, N is the number of training samples, W is the
number of weights of the neural network model, 𝛿 is desired precision.

Classifier/Theoretical complexity Classical Quantum

Support vectors 𝑂(𝑀𝑋𝑁) 𝑂(log(𝑀𝑋𝑁))

Neural network 𝑂(2𝑊 ) 𝑂
(

4𝑁2 log (𝑁∕𝛿) 2𝑊 ∕2)

perform only on fb-forum and collegemsg and PQCLP-QNN_LG is able
to perform only on fb-forum and radoslaw-email while having a low
score for all the other datasets. Now coming to the PQCLP-VQC_Local,
it has a low F1 score for fb-forum and collegemsg but high on eu-core,
radoslaw-email, and MIT. PQCLP-VQC_Global performs best on all the
datasets whereas PQCLP-VQC_LG does well on all the datasets except
fb-forum.

6.8. Efficiency comparison of proposed PQCLP :QNN and VQC with clas-
sical counterparts NN and SVM

Quantum machine learning is backed by the temporal speedup that
we might accomplish with near-term quantum systems, according to
the area’s ongoing research. Recent works, such as those in [90],
emphasize the use of quantum machine learning algorithms, particu-
larly quantum SVM algorithms, which have markedly lower temporal
complexity than their classical counterpart. The paper shows that the
quantum variant of SVM can be implemented with the complexity
of O(log(M X N)), which is a significant speedup over the classical
variant of SVM. Liao et al. explain in the paper [91] that with reason-
ble weight parameters for neurons, we may have a semi-exponential
o polynomial speed-up in quantum neural networks. This may be
bserved comparatively in the Table 9.

. Conclusion

The goal of this work is to examine the consequences of completely
mploying quantum computing for machine learning, particularly for
ink prediction in dynamic networks. In order to accomplish this, we
eveloped the PQCLP model, in which we took selected topological fea-
ures from dynamic networks, projected them into quantum space, and
hus benefited from the high-dimensional Hilbert space. We then used
parameterized quantum circuit to optimize the parameters once more

n quantum space. Our suggested model employs two classification
echniques, PQCLP-QNN and PQCLP-VQC, which have architectural
imilarities to neural networks and support vector machines, respec-
ively. For the purpose of validating our feature set, we compare the
verall performance of each category (local, global, local, and global
ogether) to the individual features, i.e., the local feature-set (PQCLP-
NN_L and PQCLP-VQC_L), the global feature-set (PQCLP-QNN_G and
QCLP-VQC_G), and the feature-set from both the categories (PQCLP-
NN_LG and PQCLP-VQC_LG) on five well-known dynamic datasets over

ix different evaluation metrics. The outcomes support our model’s abil-
ty to function well when given the appropriate feature combinations.
he performance of our quantum models was then compared to that of
heir classical counterparts at various test-set ratios, and it was found
hat AUC exhibits increasing patterns as test data size increases and that
recision is generally high at test-set ratios of 20%–40%, with PQCLP-
QC outperforming it on the majority of datasets. We assessed the
ffectiveness of two of our models, PQCLP-QNN using neural networks
nd PQCLP-VQC with support vector machines and local, global, and
ixed topological features. In comparison to conventional models,

uantum models perform competitively. A comparison of all of our
odels to some base-lined state-of-the-art methods, such as WEAK,
TDNE, LGQ, and DWALK-GNN, demonstrates that all of our models
utperform these earlier methods, with the global variation of VQC
17

erforming remarkably well for the majority of the evaluation criteria.
The goal of research on the link prediction job for dynamic time-
arying networks is to increase accuracy and efficiency. Having better
erformance in terms of scores of various evaluation metrics and the
peedup as elaborated in previous sections with quantum models, we
ay have two-fold benefits i.e. enhanced accuracy as well as efficiency.

t is obvious that quantum machine learning would outperform classical
odels and give consistent predictions with improved accuracy and
igh precision, not deviating significantly due to the high dimensional
robability. This promotes further incorporation of this technology
or discovering missing and promising links in propitious fields like
nowledge graphs, multiplex networks, and heterogeneous networks,
nd with techniques like node embedding for semantic link prediction
nd many more. When training the machine learning model, we may
xpand our approach to include a feature selection aspect that will rank
he similarity scores and use only the most significant ones.
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