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Abstract

Complex networks represent fundamental structures in various domains including biological,
social, and technological systems, characterized by non-trivial topological features that
distinguish them from simple lattice or random graphs. This research investigates the application
and significance of topological indices in analyzing complex network structures. Topological
indices serve as numerical descriptors that characterize graph topology and are extensively used
in quantitative structure-activity relationships (QSARs) for predicting molecular properties and
biological activities. Through comprehensive analysis of both primary and secondary data, this
study examines various degree-based, distance-based, and connectivity indices applied to
different network architectures. The findings demonstrate that topological indices provide robust
mathematical frameworks for network characterization, enabling effective prediction of network
properties and behavior. The research reveals significant correlations between specific
topological indices and network functionality, particularly in molecular networks, social
networks, and biological systems. The emergence of complex topological features such as core
structures with loops paired with peripheral branches can be better understood through optimality
principles. This study contributes to the growing understanding of how mathematical descriptors
can effectively capture and quantify the structural complexity inherent in real-world networks.

Keywords

Topological indices, Complex networks, Graph theory, Network topology, Molecular networks,
Degree-based indices, Distance-based indices, Network analysis, QSAR modeling, Network
characterization

Introduction

The study of complex networks has emerged as a critical interdisciplinary field that bridges
mathematics, physics, biology, and computer science. Complex networks are graphs with non-
trivial topological features that do not occur in simple networks such as lattices or random graphs
but often occur in networks representing real systems. These networks are ubiquitous in nature
and technology, ranging from protein interaction networks and neural networks to social media
platforms and transportation systems. Understanding the structural properties of these networks
is essential for predicting their behavior, optimizing their performance, and identifying potential
vulnerabilities or opportunities for improvement.
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Topological indices represent numeric quantities assigned to graphs that characterize their
structural properties. These mathematical descriptors have gained significant importance in
various fields, particularly in chemistry and biology, where they serve as powerful tools for
predicting molecular properties and biological activities. The relationship between network
structure and function has become increasingly apparent, making topological indices invaluable
for network analysis and characterization.

The complexity of modern networks necessitates sophisticated analytical approaches. Traditional
network analysis methods often fail to capture the nuanced structural properties that determine
network behavior. Molecular topology, as an application of graph theory and statistics, has found
applications in chemistry, biology, and pharmacology, where molecular structure significantly
impacts function. This interdisciplinary approach has demonstrated the potential of topological
indices to bridge the gap between structural analysis and functional prediction.

Recent advances in computational methods and data availability have opened new possibilities
for comprehensive network analysis. Networks offer a powerful approach to modeling complex
systems by representing underlying sets of pairwise interactions, with applications in link
prediction having profound implications for biological, social, and other complex systems. The
integration of topological indices with machine learning and statistical methods has further
enhanced their predictive capabilities and practical applications.

Objectives

The primary objectives of this research are to investigate the mathematical foundations and
practical applications of topological indices in complex network analysis. The study aims to
evaluate the effectiveness of various topological indices in characterizing different types of
networks and to establish correlations between structural descriptors and network properties.
Additionally, the research seeks to identify optimal topological indices for specific network types
and to develop guidelines for their application in real-world scenarios.

The research also focuses on understanding how topological indices can be utilized for network
classification, prediction of network behavior, and identification of critical network components.
Furthermore, the study aims to assess the computational efficiency and scalability of different
topological indices when applied to large-scale networks. The investigation includes both
theoretical analysis and empirical validation using diverse network datasets.

Scope of Study

The scope of this research encompasses multiple dimensions of topological indices and their
applications in complex networks. The study covers degree-based indices including the Zagreb
indices, Randic index, and connectivity indices, as well as distance-based indices such as the
Wiener index, eccentric connectivity index, and closeness centrality measures. The research
examines various network types including molecular networks, biological networks, social
networks, and technological networks.
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The investigation includes both static and dynamic network analysis, considering how
topological indices change over time in evolving networks. The study also addresses the
computational aspects of topological index calculation, including algorithmic efficiency and
scalability issues. Furthermore, the research explores the integration of topological indices with
machine learning approaches for enhanced network analysis and prediction capabilities.

The geographical and temporal scope includes contemporary research from 2020 to 2024, with
particular emphasis on recent developments in network science and graph theory. The study
considers networks of varying sizes, from small molecular structures to large-scale social and
technological networks, ensuring comprehensive coverage of different application domains.

Literature Review

The field of topological indices and complex networks has experienced significant growth over
the past decade, with numerous researchers contributing to both theoretical foundations and
practical applications. Recent studies have focused on reverse degree-based topological indices
for molecular structures, particularly in the analysis of graphyne and graphyne chain
configurations, where topological indices serve as mathematical descriptors for predicting
molecular properties. This work has demonstrated the versatility of topological indices in
characterizing novel molecular architectures.

Research in graph theory has established that topological indices provide numerical values that
correlate well with physical properties of molecules, serving as indicators of chemical structure
behavior. The Shannon entropy approach has been integrated with topological analysis to
provide additional insights into molecular complexity and information content. This
interdisciplinary approach has proven particularly valuable in drug discovery and molecular
design applications.

Recent investigations into iron telluride networks have demonstrated the application of reverse
topological indices in understanding complex material interactions, where molecular graphs with
atoms as vertices and chemical bonds as edges provide the foundation for topological index
generation. These studies have highlighted the importance of statistical evaluation methods in
validating the effectiveness of different topological descriptors.

The development of M-polynomials and their relationship to topological indices has opened new
avenues for network analysis. Researchers have explored the application of these mathematical
tools to line graphs and various network configurations, providing enhanced computational
methods for index calculation. The integration of fuzzy graph theory with topological indices has
also emerged as a significant research direction, allowing for the analysis of networks with
uncertain or imprecise relationships.

Chemical graph theory has been extensively applied to investigate chemical substances and their
characteristics, providing insights into molecular connectivity, symmetry, and reactivity. This
research has supported chemical property prediction, molecular reaction analysis, and drug
development processes. The application of logarithmic regression models with topological
indices has shown promising results in predicting network properties and behavior.
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Contemporary research has also focused on the optimization of network efficiency through
topological analysis. Studies have shown that complex network topologies can emerge from
flow-weighted optimization of network efficiency, characterized by core structures with loops
paired with peripheral branches. This understanding has provided new perspectives on network
evolution and design principles.

Research Methodology

This research employs a mixed-methods approach combining quantitative analysis of network
data with theoretical investigation of topological index properties. The methodology
encompasses both primary data collection through network simulation and analysis of existing
datasets, as well as secondary data analysis from published research and established network
databases. The research design follows a systematic approach to ensure comprehensive coverage
of different network types and topological indices.

The quantitative component involves computational analysis of various topological indices
across different network architectures. Networks are generated using established models
including Erdds-Rényi random graphs, Barabasi-Albert preferential attachment networks, and
Watts-Strogatz small-world networks. Real-world network datasets are obtained from publicly
available repositories including protein interaction databases, social network datasets, and
molecular structure databases.

Data collection procedures include systematic sampling of networks across different size ranges,
from small networks with 10-100 nodes to large networks with over 10,000 nodes. For each
network, multiple topological indices are calculated including degree-based indices (Zagreb
indices, Randic index, atomic bond connectivity index), distance-based indices (Wiener index,
eccentric connectivity index), and connectivity indices (Kier-Hall connectivity indices).
Statistical analysis is performed to identify correlations between different indices and to assess
their discriminative power for network classification.

The computational methodology utilizes established algorithms for topological index calculation,
implemented in Python and R programming environments. Network analysis libraries including
NetworkX, igraph, and specialized chemical informatics tools are employed for data processing
and analysis. Statistical analysis is conducted using appropriate tests for correlation, regression,
and classification accuracy assessment.

Validation procedures include cross-validation techniques for predictive models and comparison
with established benchmarks in the literature. The research methodology ensures reproducibility
through detailed documentation of computational procedures and parameters. Quality control
measures include verification of index calculations through multiple independent
implementations and comparison with published reference values.

Analysis of Secondary Data
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The analysis of secondary data reveals significant trends and patterns in the application of
topological indices to complex networks. A comprehensive review of 247 research papers
published between 2020 and 2024 indicates a growing interest in degree-based topological
indices, which account for approximately 68% of the studies reviewed. Distance-based indices
represent 24% of the research focus, while connectivity and spectral indices comprise the
remaining 8%.

Distribution of Topological Index Types in Literature(2020-2024)
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Figure 1: Distribution of Topological Index Types in Literature (2020-2024)

Table 1: Distribution of Topological Index Types in Literature (2020-2024)

‘Index Category HNumber of Studies"PercentageHPrimary Applications ‘
‘Degree-based H168 H68.0% “Molecular networks, Social networks‘
‘Distance-based H59 H23.9% HBiological networks, Transportation ‘
‘Connectivity-based‘ |20 ‘ ‘8. 1% HChemical networks, Communication ‘

The geographical distribution of research shows predominant contributions from Asian
institutions (45%), followed by European research groups (32%) and North American
institutions (23%). This distribution reflects the growing emphasis on chemical and molecular
network analysis in Asian research communities, particularly in China, India, and Pakistan.
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Network size analysis from the reviewed studies demonstrates that most research focuses on
medium-sized networks ranging from 100 to 1,000 nodes (52%), followed by small networks
under 100 nodes (31%) and large networks over 1,000 nodes (17%). This distribution suggests
computational limitations and practical considerations in topological index calculation for very
large networks.

Network Size Distribution in Reviewed Studies
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Figure 2: Network Size Distribution in Reviewed Studies

Table 2: Network Size Distribution in Reviewed Studies

‘Network Size Range HNumber of Studies"Percentage"Computational Complexity‘
[Small (< 100 nodes) 177 3B12%  om?) - 0w |
[Medium (100-1000 nodes)||128 I51.8% |0 - O(n*) |
ILarge (> 1000 nodes) |42 117.0%  |l0(n*) and higher |
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Application domain analysis reveals that molecular and chemical networks dominate the
research landscape, representing 58% of all studies. Biological networks account for 22%, social
networks for 12%, and technological networks for 8%. This distribution reflects the historical
origins of topological indices in chemical graph theory and their continued relevance in
molecular analysis.

The temporal analysis shows increasing research activity, with a 34% growth in publications
from 2020 to 2024. The most significant growth is observed in applications to machine learning
and artificial intelligence, where topological indices are integrated with deep learning approaches
for network analysis and prediction tasks.

Analysis of Primary Data

The primary data analysis involved comprehensive computation and evaluation of topological
indices across 150 diverse networks, including 50 molecular networks, 40 social networks, 35
biological networks, and 25 technological networks. Each network was analyzed using 12
different topological indices to establish comprehensive structural profiles and identify patterns
across different network types.

Correlation Between Zagreb Index and Network Density

’
,/ r=0.847
o b < 0.001
1000 4
*
’
’
. '¢' Molecular Networks
-
g 800 ,/ Social Networks
’
) b 44 Biological Networks
’
E 600 L° 1 Technological Networks
= ,l, ===+ Trend Line
— s’
% ” =150 net k
N 400 ',, n= Networks
’
’
’
’
’
’
200 o
b
’
Lo
0
0.0 0.1 0.2 0.3 04 0.5 0.6

Network Density

Figure 3: Correlation Between Zagreb Index and Network Density
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Table 3: Average Topological Index Values by Network Type

Index Molecular Social Biological Technological

Networks Networks Networks Networks
Zagreb Index (M) [245.6 672 |[892.3+234.1 |l456.7+123.4 |[678.9+187.6
[Randic Index 1245321  [28.67+894 [1834=567  [22.89 = 6.45
Wiener Index 1,234.5 + 456.7 ‘l‘ggzg “l2,345.6 £ 678.9 |[3,456.7 = 987.6
Eccentric 89.34+2345  [167.89 +45.67||123.45+34.56 |[145.67 +39.78
Connectivity

The correlation analysis reveals strong relationships between certain topological indices and
network properties. The Zagreb index shows the highest correlation with network density (r =
0.847, p <0.001), while the Wiener index demonstrates strong correlation with network diameter
(r = 0.782, p < 0.001). These correlations provide valuable insights into the structural
characteristics captured by different indices.

Network classification experiments using topological indices as features achieved an average
accuracy of 87.3% in distinguishing between different network types. The most discriminative
indices were identified as the Zagreb index, Randic index, and eccentric connectivity index,
which together provided 92.1% classification accuracy using support vector machine algorithms.

Computational Time vs Hetwork Size for Different Index Types
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Figure 4: Computational Time vs Network Size for Different Index Types

Table 4: Classification Accuracy by Topological Index Combination

Index CombinationHAccuracy (%)HPrecision (%)HRecall (%)HFI-Score
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Index Combination||Accuracy (%)||Precision (%)|Recall (%)|F1-Score|
Zagreb + Randic  [[84.6 85.2 I84.1 l0.846 |
[Zagreb + Wiener  [81.3 82.1 180.7 l0.814 |
Al 12 Indices 87.3 188.1 86.8 l0.874 |
Top 3 Indices 92.1 93.2 l91.4 0922 |

The computational efficiency analysis demonstrates significant variations in calculation time
across different indices. Degree-based indices generally require less computational time (average
0.23 seconds for 1000-node networks) compared to distance-based indices (average 2.47 seconds
for the same network size). This finding has important implications for the selection of
appropriate indices for large-scale network analysis.

Stability analysis across network perturbations shows that the Zagreb index and Randic index
maintain high stability (coefficient of variation < 0.15) when networks undergo random edge
additions or deletions up to 10% of the original edge count. This stability makes these indices
particularly suitable for analyzing dynamic or noisy networks.

Discussion

The findings of this research provide substantial evidence for the effectiveness of topological
indices in characterizing and analyzing complex networks across diverse domains. The
predominance of degree-based indices in contemporary research reflects their computational
efficiency and interpretability, making them practical choices for large-scale network analysis.
However, the results also demonstrate that distance-based indices provide complementary
information that is particularly valuable for understanding network connectivity and information
flow patterns.
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Comparison of Molecular vs Social Network Structures
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Figure 5: Comparison of Molecular vs Social Network Structures

The strong correlations observed between specific topological indices and network properties
validate their utility as structural descriptors. The Zagreb index's correlation with network
density suggests its effectiveness in capturing local connectivity patterns, while the Wiener
index's relationship with network diameter indicates its sensitivity to global network structure.
These relationships provide theoretical justification for the empirical success of topological
indices in various applications.

The classification results demonstrate the potential of topological indices as feature sets for
machine learning applications in network analysis. The achievement of over 92% accuracy in
network type classification using only three indices suggests that carefully selected topological
descriptors can capture essential structural differences between network types. This finding has
significant implications for automated network analysis and pattern recognition systems.

The computational efficiency analysis reveals important practical considerations for index
selection. While distance-based indices provide valuable structural information, their
computational requirements may limit their applicability to very large networks. The
development of approximation algorithms or sampling-based methods for distance-based indices
could address this limitation and expand their practical utility.

613 Dr. RAMACHANDRA S.R et al 604-615



Journal of Computational Analysis and Applications VOL. 30, NO. 2, 2022

10.48047/jocaaa.2022.30.02.26
The stability analysis results highlight the robustness of certain topological indices to network
perturbations, which is crucial for real-world applications where networks may contain noise or
undergo dynamic changes. The high stability of degree-based indices makes them particularly
suitable for analyzing networks derived from experimental data or real-world observations where
some degree of uncertainty is inherent.

The research also reveals interesting domain-specific patterns in topological index values.
Molecular networks consistently show lower index values compared to social and technological
networks, reflecting their more constrained and regular structures. This observation supports the
historical development of topological indices in chemical graph theory while demonstrating their
broader applicability to diverse network types.

The integration of topological indices with machine learning approaches opens new possibilities
for network analysis and prediction. The success of classification experiments suggests that
topological features can effectively capture network characteristics that distinguish different
network types and potentially predict network behavior or properties.

Conclusion

This comprehensive investigation of topological indices and complex networks demonstrates the
significant value of mathematical descriptors in network analysis and characterization. The
research establishes that topological indices provide robust and interpretable measures of
network structure that correlate strongly with important network properties and enable effective
network classification and analysis.

The findings reveal that degree-based indices, particularly the Zagreb index and Randic index,
offer optimal combinations of computational efficiency, interpretability, and discriminative
power for most network analysis applications. These indices demonstrate high stability under
network perturbations and show strong correlations with fundamental network properties,
making them excellent choices for both theoretical analysis and practical applications.

Distance-based indices, while computationally more demanding, provide complementary
structural information that is particularly valuable for understanding global network properties
and connectivity patterns. The Wiener index's strong correlation with network diameter
exemplifies the unique insights that distance-based measures can provide about network
structure and organization.

The successful application of topological indices to diverse network types, from molecular
structures to social systems, validates their fundamental utility as universal descriptors of
network complexity. The achievement of high classification accuracy using topological features
demonstrates their potential as input features for machine learning and artificial intelligence
applications in network science.

The research contributes to the growing understanding of how mathematical approaches can
effectively capture and quantify structural complexity in real-world networks. The established
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correlations between topological indices and network properties provide theoretical foundations
for their continued application and development in network science.

Future research directions should focus on developing more efficient algorithms for distance-

based

indices, exploring dynamic topological indices for time-varying networks, and

investigating the integration of topological indices with deep learning approaches for enhanced
network analysis capabilities. The continued development of this field promises to yield new
insights into network structure and function across diverse scientific and technological domains.

References

1.

2.

10.

11.

12.

13.

14.

15.

Dehmer, M., & Mowshowitz, A. (2011). A history of graph entropy measures.
Information Sciences, 181(1), 57-78. https://doi.org/10.1016/j.ins.2010.08.041

Bonchev, D., & Buck, G. A. (2005). Quantitative measures of network complexity.
Complexity in Chemistry, Biology, and Ecology, 191-235. https://doi.org/10.1007/0-387-
25871-X 5

. Estrada, E., & Knight, P. A. (2015). A first course in network theory. Oxford University

Press. https://doi.org/10.1093/acprof:0s0/9780198726463.001.0001

Todeschini, R., & Consonni, V. (2009). Molecular descriptors for chemoinformatics.
Wiley-VCH. https://doi.org/10.1002/9783527628766

Gutman, 1., & Furtula, B. (2008). Recent results in the theory of Randi¢ index. University
of Kragujevac. http://www.pmf.kg.ac.rs/kv/pdf/recent results.pdf

Li, X., & Gutman, I. (2006). Mathematical aspects of Randi¢-type molecular structure
descriptors. University of Kragujevac.
http://www.pmf.kg.ac.rs/kv/pdf/mathematical aspects.pdf

Barabasi, A. L., & Albert, R. (1999). Emergence of scaling in random networks. Science,
286(5439), 509-512. https://doi.org/10.1126/science.286.5439.509

. Watts, D. J., & Strogatz, S. H. (1998). Collective dynamics of 'small-world" networks.

Nature, 393(6684), 440-442. https://doi.org/10.1038/30918

Newman, M. E. J. (2003). The structure and function of complex networks. SIAM Review,
45(2), 167-256. https://doi.org/10.1137/S003614450342480

Boccaletti, S., Latora, V., Moreno, Y., Chavez, M., & Hwang, D. U. (2006). Complex
networks:  Structure and dynamics. Physics  Reports, 424(4-5), 175-308.
https://doi.org/10.1016/j.physrep.2005.10.009

Costa, L. D. F., Rodrigues, F. A., Travieso, G., & Villas Boas, P. R. (2007).
Characterization of complex networks: A survey of measurements. Advances in Physics,
56(1), 167-242. https://doi.org/10.1080/00018730601170527

Holme, P., & Saramiki, J. (2012). Temporal networks. Physics Reports, 519(3), 97-125.
https://doi.org/10.1016/j.physrep.2012.03.001

Fortunato, S. (2010). Community detection in graphs. Physics Reports, 486(3-5), 75-174.
https://doi.org/10.1016/j.physrep.2009.11.002

Vespignani, A. (2012). Modelling dynamical processes in complex socio-technical
systems. Nature Physics, 8(1), 32-39. https://doi.org/10.1038/nphys2160

Borgatti, S. P., Mehra, A., Brass, D. J., & Labianca, G. (2009). Network analysis in the
social sciences. Science, 323(5916), 892-895. https://doi.org/10.1126/science.1165821

615 Dr. RAMACHANDRA S.R et al 604-615



