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Abstract Understanding rainfall's spatial and temporal dynamics is pivotal for effective water
resource management, especially in regions susceptible to extreme weather events. This study
employs network theory to investigate rainfall distribution and variability across 21 Sungai Pahang,
Malaysia monitoring stations. Utilising Gephi and GeoLayout for network visualisation and
analysis, the paper reveals that the monitoring network possesses both small-world and scale-free
characteristics, which offer insights into its robustness and vulnerability. Centrality measures,
including degree, betweenness, and closeness, are examined to identify key nodes critical for
information flow within the network. Specifically, stations with high centrality measures emerge as
pivotal points for monitoring, while those with low Centrality offer valuable localised data. The
study fills a crucial gap by addressing the challenges and limitations of existing rainfall monitoring
networks in Malaysia, providing a nuanced understanding with broader applications in climate
science and hydrology. The findings have significant implications for policymakers and
practitioners involved in climate monitoring and disaster preparedness. Future work may extend
this model to include additional environmental variables or adapt the methodology to other types
of monitoring networks.
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Introduction

The dynamics of rainfall patterns have long been a subject of academic interest, driven by the need to
understand natural climatic variations and predict and manage water resources effectively [1]. These
patterns, which can vary significantly in both time and space, have critical implications for agriculture [2],
flood risk management [3], [4], and even urban planning [5]. Traditional methods of analysing rainfall and
its impact often involve the use of statistical or computational methods that focus on the stationarity,
periodicity, mutation, and trends of hydrological time series, such as the Mann—-Kendall trend test [6], [7]
[8], [9] and Entropy [10], [11] that rely on point measurements or area-averaged data. However, these
conventional approaches sometimes fail to capture the complexity and interconnectedness inherent in
hydrological systems.

Recently, there has been a growing trend in utilising complex network theory in hydrology, which provides
a comprehensive approach to examining and comprehending data. Network theory provides tools for
capturing the topology and dynamics of inherently linked systems. It has been successfully applied in
various disciplines such as social science [12], [13], finance [14], transportation [15], [16], biology [17]
[18], environment [19], [20], [21] and computer science [22] [23]. Within the context of hydrology, network
theory allows us to look beyond isolated data points and consider the intricate connections between
different rainfall stations or measurement points. These connections could be manifested as solid
correlations between rainfall data, indicating a form of climatic or hydrological dependency that can be
critically important for resource management.
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Recent years have seen a burgeoning interest in applying network theory to hydrological research. For
example, [24] discusses how network theory has successfully characterised the interaction among
constituents of complex systems, including hydrological systems. [25] highlight the application of
complex network theory in hydrology and water resources, particularly in studying connections in rainfall,
stream flow, river networks, and virtual water trade networks. [26] use complex network theory to learn
hydrological systems and understand the connections and complexities of hydrological networks.
Studies have utilised network analysis to probe the underlying architecture of hydrological systems,
revealing new insights into catchment organisation, river networks, and water distribution infrastructure.
Specifically, in the realm of rainfall studies, network analysis has been instrumental in decoding
spatiotemporal correlations between rain gauge stations [27], [28], [29], identifying regions susceptible
to flooding or drought [30], [31], and even in facilitating real-time monitoring of rainfall events [32]. This
fresh perspective has enriched our understanding by complementing traditional hydrological models,
offering a more nuanced and interconnected view of how rainfall patterns emerge, interact, and influence
broader climatic and environmental settings.

An intriguing characteristic exhibited by networks in the physical world, including but not limited to
biological systems, the internet, and social networks, is their propensity to manifest universal properties.
In particular, numerous studies have demonstrated that these networks exhibit small-world or scale-free
properties. [33] state that the structure of rainfall networks can vary spatially, and this is an important
aspect of the small-world characteristic in rainfall networks. Due to their brief average path length and
high clustering coefficient, small-world networks are effective at information flow and localised
interactions [34]. In contrast, scale-free networks exhibit a degree distribution according to the power
law, wherein a limited number of vastly interconnected nodes (hubs) substantially influence the network's
connectivity [35] [36]. In the context of rainfall networks, complex network analysis has been used to
quantify the roles of individual stations within homogeneous regions [37]. This approach identifies spatial
connections in rainfall networks, crucial for various purposes such as interpolation and network design
[29]. By utilising these characteristics as a framework, one can gain a more comprehensive
understanding of the complex and fundamental composition of hydrological systems such as rainfall
networks; consequently, network analysis has become an ever more essential instrument in this field.

The application of network theory in hydrological research has provided valuable insights into the
distribution and interaction of rainfall. However, there remain knowledge gaps in our comprehension of
regional contexts, namely in the case of Malaysia. A critical concern pertains to the insufficient
investigation of the constraints and limits associated with Malaysia's existing rainfall monitoring network.
Furthermore, there is a noticeable gap in the existing literature regarding systematically comparing the
selection of thresholds in relation to the scale-free and small-world properties of rainfall networks. The
impact of threshold values on network topology sensitivity suggests that centrality measurements may
exhibit significant variations across different thresholds [38]. Therefore, selecting a threshold without
careful consideration or based on arbitrary criteria may result in a skewed comprehension of network
centrality, a crucial factor in assessing the significance and impact of individual nodes. This gap indicates
the necessity for a rigorous technique to identify the best representative threshold value corresponding
to rainfall networks' inherent small-world and scale-free characteristics. This is crucial to ensure that
centrality analysis accurately captures the underlying dynamics of the system.

Considering these issues and opportunities, the primary objective of this study is to apply complex
network analysis to a regional rainfall network in Malaysia, utilising a dataset that spans seven years and
includes 21 rain gauge stations. Specifically, the study aims to (1) construct correlation-based rainfall
networks at different thresholds, (2) investigate whether these networks exhibit universal properties like
small-world and scale-free characteristics, and (3) identify and analyse central nodes within the network
using various centrality metrics.

This research holds multiple significant implications. Initially, the study endeavours to fill a knowledge
need by employing network theory within the framework of a regional hydrological system that has
received limited attention in previous research. Additionally, this study presents a methodological
framework for developing and analysing rainfall networks, which can be easily applied to other
hydrological or environmental networks. Furthermore, the identification of core nodes within the network
holds practical significance. These nodes possess the potential to play a crucial role in monitoring and
predictive modelling since their Centrality often signifies a more significant influence on the overall
behaviour of the system. Finally, a comprehensive comprehension of the topological characteristics of
the network can provide valuable insights for developing better and more robust techniques in water
resource management. Consequently, this can significantly enhance flood prediction capabilities and
optimise agricultural planning processes.
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The subsequent sections of this work are structured in the following manner: Section 2 of this paper
provides an overview of the research methodology, outlining the procedure employed for doing
computations within networked structures. Section 3 presents the findings and interpretations obtained
from the collected data. The findings are further expanded upon in Section 4, while Section 5
encompasses the conclusions drawn from the study and recommendations for further research.

Research Methodology

A graph is a fundamental structure in network theory composed of two primary components: nodes (or
vertices) and edges (or links). A node represents an individual entity, while an edge denotes a
relationship or interaction between two nodes.

A network can be defined as a collection of nodes that are interconnected by edges [39]. The
components within a graph structure are commonly referred to as nodes or vertices, while the
connections between these components are known as links or edges. Mathematically, a network also

known as a graph-based model, can thus be formally expressed as G = {P, E} , where P is the set of N

nodes {P,P,,....Py} and E is the set of n edges (with n defined as the total number of links in the

network). In the context of this study, each node corresponds to a rainfall monitoring station, and an
edge is established between two stations if their correlation exceeds a certain threshold. Figure 1 shows
an example of a network.

There are multiple methods for constructing the edges of a network, depending on the nature of the data
and the desired analysis. Common methods include using an adjacency matrix, edge lists, weighted
connections, and threshold-based correlations. In this study, we employ a thresholding technique, where
edges are created based on the strength of pairwise Pearson correlation values between rainfall stations.
If the correlation between two stations surpasses a specified threshold, an edge is formed between them.

/

Vertex or node Edge or link

Figure 1. Example of graph or network with six nodes and seven edges

There are multiple strategies for constructing the edges of a network, depending on the nature of the
data and the desired analysis. Common methods include using an adjacency matrix [40], [41], edge list
[42], [43], weighted edges [44], [45], and thresholding [46], [47]. In this study, we employ a thresholding
technique, where edges are created based on the strength of pairwise Pearson correlation values
between rainfall stations. If the correlation between two stations surpasses a specified threshold, an
edge is formed between them. Figure 2 visually represents the research framework, illustrating the
critical components and their interrelationships in the study.

The following section provides a comprehensive outline of the research methodology, detailing the steps
in data collection, preprocessing, and subsequent analysis. The study adopts a multidimensional
approach due to its interdisciplinary nature, combining hydrological science and complex network theory.
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Figure 2. Research framework

Calculate pairwise
correlation

Study Area and Data Collection

This study aims to investigate the spatial patterns of rainfall in the Sungai Pahang region, recognised as
the longest river in Peninsular Malaysia. Figure 3 depicts the geographical representation of Sungai
Pahang, illustrating the precise placement of 21 monitoring stations designated for rainfall observation.
The climatic conditions in the surrounding area exhibit tropical nature, featuring consistently elevated
temperatures and humidity levels throughout the year. Significantly, the geographical region experiences
a monsoon period spanning from November to January, characterised by substantial rainfall that
frequently results in flooding in the downstream sections of the river and adjacent regions [48]. The
annual precipitation in the Pahang state exhibits variation, with values ranging from 2000mm to 2500mm.
This variability is attributed to several factors, including elevation and proximity to the coast [48].
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Figure 3. Geographical map of sungai Pahang with the location of 21 rainfall monitoring stations

Various aspects, such as the research aims and the need for adequate water resources planning and
management, determine the period scale selection in this study. For example, the utilisation of daily or
weekly data may be deemed sufficient for capturing short-term fluctuations in rainfall [49]. In contrast,
monthly or yearly data are better suited for analysing long-term trends [50]. This study emphasises the
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spatial dynamic aspects of monthly rainfall, providing a comprehensive viewpoint encompassing both
short-term and long-term variability [51], [52].

The dataset comprises monthly rainfall data collected from 21 specially chosen stations throughout the
Sungai Pahang basin. The potential advantages of a more comprehensive network of stations in the
region are evident, as it would likely yield more dependable outcomes. However, it is essential to
acknowledge that the existing station selection is predominantly shaped by the accessibility of long-term,
high-quality data. The data utilised in this analysis, covering the period from 2013 to 2020, was acquired
from the Department of Irrigation and Drainage Malaysia, located in Ampang, Selangor, Malaysia. Table
1 presents a concise statistical overview of the monthly rainfall data collected from the 21 rain gauge

stations.
Table 1. Summary rainfall statistics at 21 gauging stations at a monthly temporal scale
Statistic Value
Length of data 83 months (August 2013 — June 2020)
Range of mean (mm) 100.7289 — 200.9614
Range of Standard deviation (mm) 67.8377 — 225.0994
Range of Minimum Rainfall (mm) 0-9.6
Range of Maximum Rainfall (mm) 321.5 - 1589

Data Preprocessing

Data preprocessing serves as a crucial step in the data analysis pipeline. This phase encompasses
cleaning, transforming, and conditioning the data to facilitate subsequent analyses [53]. The overarching
aim is to ensure that the dataset lacks errors, outliers, or missing values that might compromise the
study's accuracy [54], [55].

A commonplace issue in real-world data is the presence of missing values, which can be attributed to
various factors, including measurement errors, limitations in data collection, or data loss [56]. To tackle
this issue, the utilisation of data imputation becomes imperative. For this study, mean imputation was
employed as the imputation method of choice. This method involves replacing missing values with the
mean of the available data, assuming that the missingness is random [57].

The decision to use mean imputation was made after considering multiple considerations. Initially, it is
essential to note that the percentage of missing data observed throughout the 21 stations included in
our analysis is below 5%. Consequently, imputation techniques are expected to have a limited effect on
the overall findings. Furthermore, considering the substantial temporal scope of our dataset, which
encompasses seven years from 2013 to 2020, the sample size is sufficiently big to mitigate the influence
of mean imputation on the overall results. The method has gained significant recognition and has been
effectively employed in previous research endeavours, validating its suitability for the present study's
environment [58] [59].

Construction of Pairwise Correlation Matrix

A correlation network is a graphical representation of the relationships between variables in a dataset.
To construct a correlation network, one can calculate the pairwise correlations across variables using
the preprocessed data. The correlations can be represented visually as an adjacency matrix or a network
graph [60]. Pairwise correlation is a statistical measure that quantifies the strength and direction of the
linear association between two variables. Pearson's correlation coefficient is widely regarded as the
prevailing metric for assessing pairwise correlation [61]. The correlation between the given data can be
quantified by employing equations (1) and (2).

B cov(X,Y)
PLXY) = Xo) o
cov(X,Y) =E[(X - u(X)(Y - u(Y))] (2)

In Equation (1) and (2), p(X,Y) denotes the Pearson correlation between two variables X and Y.
The terms u(X) and u(Y) represents the mean of Xand Y, respectively, while o(X) and o(Y) denote
their corresponding standard deviation of X and Y. The function E indicates the expectation operator,
and cov(X,Y) the covariance between X and Y.
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The resulting value is Pearson's correlation coefficient, which ranges from -1 to 1. A value of -1 indicates
a perfect negative linear relationship, 0 indicates no linear relationship, and 1 shows a perfect positive
linear relationship [62].

In this study, the pairwise correlations are computed between monthly rainfall time series for each pair
of the 21 stations. The resulting values form a symmetric correlation matrix, which serves as the
foundation for constructing the rainfall network via thresholding.

Building the Networks

The next step is thresholding the correlation matrix to define the network's edges. The best threshold
value for creating a correlation network depends on the specific application and the characteristics of the
data. There is no definitive answer to the best threshold value, as it can vary depending on the data set.
A common approach is to use a threshold based on the correlation coefficient, such as a threshold of
0.5 or higher, which means that only variables with a correlation coefficient of 0.5 or higher are strongly
correlated [63], [46]. This threshold can be adjusted depending on the specific context [64]. For example,
if we want to capture a more detailed network with more edges, a lower threshold can be used, while if
we want a more simplified network with fewer edges, a higher threshold can be used.

An alternative methodology involves employing a threshold based on the p-value of the correlation
coefficient, which quantifies the statistical significance of the observed connection [65]. This method can
be utilised to ascertain the statistical significance of the association, thereby distinguishing it from random
chance [66].

It is noteworthy to emphasise that in some instances, networks can be constructed utilising several
thresholds. Subsequently, doing a comparative analysis of the networks can facilitate the extraction of
more information and identify the most crucial edges. Six correlation thresholds are considered to
establish the network, specifically 0.3, 0.4, 0.5, 0.6, 0.7, and 0.8. A connection between two nodes
(stations) is set if their Pearson's correlation surpasses the specified threshold.

In constructing the network for spatial rainfall dynamics, we utilised Gephi, a visualisation and exploration
software for various kinds of networks and complex systems [56] . Gephi provides a comprehensive
environment for network data analysis, including tools for statistical computations, clustering, and
community detection, among other functionalities [67].

One of the standout features of Gephi for our study is its ability to incorporate geographic information via
plugins, notably the Geolayout plugin. This plugin allows for integrating latitude and longitude
information, making it possible to position the nodes (in our case, the 21 rainfall stations) on a
geographical map [68]. This geo-referencing adds another layer of realism to our network model and
facilitates a more intuitive understanding of spatial relationships and dependencies among the stations.

Selection of Optimal Threshold Value for Network Analysis

Six different thresholds (T) are considered for creating the correlation network: 0.3, 0.4, 0.5, 0.6, 0.7, and
0.8. One of the pivotal decisions in constructing a complex network is selecting an appropriate threshold
value. The threshold value profoundly impacts the network's structure, affecting its properties and,
consequently, the insights drawn from its analysis. Particularly in hydrological systems like rainfall
distribution, the selected threshold is instrumental in shaping a network that embodies small-world and
scale-free properties—two fundamental characteristics often present in real-world networks.

Small-World Network

Initially, our analysis aims to identify whether the constructed network adheres to the small-world
property, a type of network characterised by a high clustering coefficient and relatively short average
path lengths between nodes. The small-world property allows for efficient information transfer [69] and
closely mimics many natural [70] and social systems [71]. We evaluate the clustering coefficient and
average path length at various threshold levels to determine if our network exhibits this characteristic.

The clustering coefficient quantifies the tendency of a network to cluster and, therefore, is a measure of
local density [72]. For a single node in an undirected network, the clustering coefficient C; is defined as
2E;

“ % (ki =1) ®
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where E; is the number of existing links between all neighbors of node (/) with degree k;. The

procedure is repeated for each node of the network. The average of the clustering coefficients of all the
individual nodes, n is the clustering coefficient of the whole network C.

1[7

cC=—) C
D 4)
i=1

The average path length is a concept used in network theory to measure the average number of steps
along the shortest paths for all possible pairs of network nodes [73]. Equation (5) is the formulation to
calculate the average path length for a simple, connected, undirected graph.

I
L= N(N—l)zd” (5)

i#j

In Equation (5), dj; denotes the shortest path (geodesic distance) between nodes i and ;j, and N is

the total number of nodes in the network. The formula computes the average number of steps required
to traverse the shortest paths between all distinct node pairs in a simple, connected, undirected graph.
Small values of L ensure that information or resources are easily spread throughout the network. This
property makes distributed information processing possible on technological networks and supports the
six degrees of separation often reported in complex networks.

The small-world measurement, @, is defined by comparing the clustering of the network to that of an
equivalent lattice network, C;,,, , and comparing path length to that of an equivalent random network,

L,.nq » the relationship is simply the difference of two ratios defined as:

L c
= rand _ (6)
L Clatt

In using the clustering of an equivalent lattice network rather than a random network [74], this metric is
less susceptible to the fluctuations seen with + - Moreover, values @ are restricted to intervals -1

to 1 regardless of network size. Values close to zero are considered the small world; positive values
indicate a graph with more random characteristics, and negative values indicate a graph with more
regular or lattice-like characteristics [75].

Cra n

Scale-free Network

After confirming small-world characteristics, we focus on establishing whether the network exhibits scale-
free properties. Scale-free networks follow a power-law degree distribution, where a few nodes (often
called 'hubs') have significantly more connections than others [76], [77]. This property is expected in
various real-world systems and provides insights into network robustness and vulnerability.

Networks with power-law properties are called scale-free networks [76]. The degree distribution of a
scale-free graph is a power-law distribution with a peak at p(k), and is given by:

p(k) =k (7)

Power laws are linear on a log scale, with slope o equal to their exponent. Figure 4 shows the power-
law and exponential distributions graph in Normal and Log-log scales. Figure 4 serves as a conceptual
illustration to help the reader distinguish between power-law and exponential degree distributions. It
supports the interpretation of Equation (7) and provides visual context for identifying scale-free
characteristics in empirical network data.

In scale-free networks, an a value between 2 and 3 is often cited as the "classic" range that indicates a
heavy-tailed degree distribution where a few nodes serve as highly connected hubs [78]. However, if a
falls outside this range, it can have specific implications for the network's topology and characteristics.
A very low a suggests an even more extreme level of heterogeneity among the nodes, meaning a few
ultra-high-degree nodes dominate the network. In many real-world scenarios, an a value below two can
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be seen as somewhat unrealistic, as it implies an infinite average degree and an infinite variance [78].
As aincreases beyond 3, the network looks less and less scale-free. Hubs may still exist but are not as
dominant. The network starts to resemble more of an exponential or a random network in terms of degree
distribution [79].

To examine the scale-free nature of our network, we analyse the degree distribution across a range of
threshold values. In most real-world applications, the value of a falls in the range 2 < a < 3, although
values outside this range occasionally occur.
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Figure 4. Power-law and exponential distributions: (a): Normal scale, (b): Log-log scale. Source image from [80]

The transition from assessing small-world properties to scale-free characteristics is logical and essential
for a comprehensive network analysis. The small-world properties offer insights into local connectivity
and short relational distances. In contrast, the scale-free properties provide a macroscopic view of the
network, focusing on its resilience and susceptibility to changes. By iteratively evaluating these
properties for different thresholds, we identify an optimal value that results in a network exhibiting both
small-world and scale-free characteristics.

Through this systematic approach, we arrive at a threshold value that fits our observed data well and
adds robustness to our subsequent analyses, thus ensuring that our study on the spatial dynamics of
rainfall across Sungai Pahang is rigorous and insightful.

Centrality Network Analysis

There exist numerous methodologies for examining the attributes of networks. For example, networks
can be assessed based on qualities such as Clustering, Topology, Adjacency, Centrality, and Entropy.
Likewise, various metrics and methodologies exist for representing these features. The present work
uses centrality analysis as a methodological approach to investigate the spatial dynamics of rainfall.
Centrality analysis is a methodology employed within network analysis to ascertain the nodes of utmost
significance within a given network [81]. It involves measuring the structural Centrality of nodes and
evaluating their consistency with intuition and interpretability. There are different methodologies for
computing the global importance of nodes such as betweenness centrality, degree centrality, closeness
centrality, Cross-face Centrality and PageRank algorithm [82], [83]. This study employs three distinct
centrality measures: Degree Centrality, Betweenness Centrality, and Closeness Centrality.

Degree Centrality
The Degree Centrality of the node in a network is the total number of edges connected to it [84]. It can

be defined as
N
DC(v;) = ZAi,j (8)
j=1
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where DC(v;) is the degree centrality of node, A is the adjacency matrix, A4; ;=1 if there is a link

between nodes i and j, 0 otherwise, and N is the total number of nodes.

It shows that the nodes that have a lot of connections can be considered as the main node in a network.
In a rainfall station network, degree centrality can be used to identify which stations are most connected
to other stations. These stations may play an essential role in the flow of information and resources
within the network, as they have more direct connections to other stations.

Betweenness Centrality

Betweenness Centrality (BC) of the node in a network is the shortest path (geodesics) available between
a pair of nodes [85]. If the vertex or node is in the only direction other nodes must go through, this node
should be essential and have a strong betweenness centrality. The higher the value of BC of the node
in a network, the more critical a node is for the information flow. BC can be defined as

SN\ gk
BC(v) = Zgjk (9)

J#k

In equation 9, g represents the total number of shortest paths between nodes j and k, while gk

denotes the number of those shortest paths that pass-through node v. The betweenness centrality of

gk
gk

node v is obtained by summing the fraction over all distinct pairs of nodes j and k, where

JEk#v.

gjk(v) is the shortest route connecting the nodes j and k with the nodes v and gjk the shortest path

connecting nodes j and k. In a rainfall station network, BC can be used to identify which stations are
essential for connectivity and information flow within the network.

Closeness Centrality
Closeness centrality measures how close a node is to all other nodes in the network [86]. Let dv,v;)

denote the shortest path distance between node v and another node v ;. The total distance from node

v
J
v to all other nodes is then given by:

1
b=, 20w (10)

jev

where v is the set of all nodes in the network. The closeness centrality of node v, denoted as CC(v)
is defined as the inverse of this total distance:
n

Zd(v,vj) (11)

jev

CcC() =

where n is the total number of nodes in the network. A higher CC(v) value indicates that the node is, on
average, closer to all other nodes.

In a rainfall station network, closeness centrality can be used to identify which stations are central and
have easy access to other stations in the network.

Result and Analysis

The piecewise correlation is calculated for all 21 rainfall stations in Sungai Pahang following the
procedure in 2.2 and 2.3. Next, six different correlation thresholds (CT: 0.3, 0.4, 0.5, 0.6, 0.7, and 0.8)
are considered for creating the correlation network. We could integrate geographical information by
employing Gephi along with GeolLayout, effectively superimposing the network graph onto the actual
geographical locations. Visualizations of the six resulting networks for different correlation thresholds
(0.3 to 0.8) are provided in the supplementary materials.
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To choose the CT that fits with the rainfall data in Sungai Pahang, the resulting CT for the rainfall network
should exhibit the characteristics of a small-world network and scale-free network.

Small-World Network

To assess the network type corresponding to different correlation thresholds, we evaluated three critical
parameters: the Average Clustering Coefficient, the Average Shortest Path Length, and the Small-world
Coefficient using equations (3) to (6). Table 2 summarizes these parameters.

Table 2. Small-world network properties across different correlation thresholds

Correlation Average Clustering Average Shortest Small world Tvpe of Network
Threshold Coefficient Path length Coefficient yp
0.3 0.968 1.328 -0.2150 Regular
0.4 0.902 1.372 -0.1731 Regular
0.5 0.813 1.420 -0.1088 Regular
0.6 0.742 1.522 -0.0850 Small World
0.7 0.638 1.703 -0.0508 Small World
0.8 0.286 1.519 0.3723 Random

The results indicate that the networks corresponding to correlation thresholds of 0.6 and 0.7 exhibit
small-world properties, as evidenced by their small-world coefficient value close to zero. Conversely,
networks formed at lower correlation thresholds (0.3, 0.4, 0.5) are predominantly of the 'Regular Network'
type, characterised by high clustering but the negative value of the small-world attribute. Interestingly,
the network at a threshold of 0.8 emerges as a 'Random' network, as indicated by its positive small-world
coefficient, substantially low clustering coefficient, and high average shortest path length.

Scale-Free Network

In addition to assessing the small-world nature of the networks, we examined their scale-free properties.
To accomplish this, the power-law coefficient (a) was computed for every correlation threshold. Table 3
presents a comprehensive summary of the given findings.

Our analysis suggests that the network at a correlation threshold of 0.7 exhibits scale-free properties, as
indicated by its a value falling within the range of 2 to 3. All other networks did not conform to the scale-
free model, as evidenced by their a values outside this range.

Table 3. Small-world network properties across different correlation thresholds

Correlation Threshold o Type of network
0.3 9.3374 Non-scale free
0.4 0.2971 Non-scale free
0.5 0.2724 Non-scale free
0.6 1.7255 Non-scale free
0.7 2.579 Scale-free

0.8 1.2955 Non-scale free

By integrating the findings on the small-world and scale-free attributes, it can be argued that the network,
characterized by a correlation threshold 0.7, possesses notable potential in accurately portraying the
rainfall network in the Sungai Pahang basin. This is primarily due to its manifestation of both small-world
and scale-free features. This observation is consistent with previous scholarly publications that indicate
hydrological networks frequently exhibit both types of features. Small-world networks are characterized
by localized clusters of interactions and the ability to efficiently transmit information globally [69] [87].
Scale-free features imply that specific nodes, such as rainfall stations in our study, function as hubs,
exhibiting significantly higher connections than other nodes [88]. The discoveries above possess
significant significance for managing water resources within the region.

Network Analysis

A network analysis was conducted on the selected network corresponding to a correlation threshold of
0.7, which was identified as both a small-world and scale-free network. The network graph generated by
Gephi is shown in Figure 5. The analysis focused on three key metrics: Degree Centrality, Closeness
Centrality, and Betweenness Centrality. Table 4 outlines the centrality values for each of the 21 rainfall
stations.
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Figure 5. Network of sungai Pahang with threshold value 0.7

Table 4. Centrality metrics for rainfall stations in network at threshold 0.7

Station Degree Centrality Closeness Centrality Betweenness Centrality
7 17 0.8696 24.018
13 16 0.8333 15.8662
19 15 0.7692 19.7735
6 14 0.7692 12.1561
16 12 0.7143 3.897
21 12 0.6897 4.97

10 10 0.6667 1.7317
11 10 0.6667 1.7317
8 10 0.6667 1.5579
20 10 0.6452 13.5972
9 9 0.625 8.2449
3 8 0.625 1.5673
18 8 0.6061 4.4314
12 8 0.6061 2.8688
14 8 0.6061 2.2309
17 8 0.6061 1.9306
15 8 0.5882 0.565

2 7 0.5882 2.4452
5 5 0.5263 0.4167
1 3 0.4762 0

4 2 0.4255 0

In a network of rainfall monitoring stations, the degree centrality of a station is a measure of how many
other stations it is directly connected to [89]. This means that stations with a high degree centrality are
connected to many other stations, while stations with low degree centrality are linked to only a few other
stations [90]. Degree centrality is essential for rainfall monitoring stations because it is directly related to
the information a station can receive and share. Stations with high degree centrality can receive
information from many other stations, which helps improve the overall accuracy of their rainfall data.
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Additionally, these stations can share their data with many different stations, which helps ensure that all
stations in the network have access to the most up-to-date information. Based on the data presented in
Table 4, Station 7 has the highest Degree Centrality, establishing it as a critical node within the network
since it would have the most connections to other stations. Stations 13, 19, and 6 also demonstrate a
high to moderate Degree Centrality, making them essential for the network's overall structure. On the
other end of the spectrum, Stations 1 and 4 have the lowest Degree Centrality located in remote or less
accessible areas (as shown in Figure 5), providing valuable data on rainfall patterns in these
underrepresented regions. These stations can act as sentinels, detecting and recording localized
weather events that the more extensive network may not capture.

The betweenness centrality of a station can be used to measure how important it is for transferring
information about rainfall between different parts of the network. Stations with high betweenness
centrality are more critical because they are at the crossroads of many different paths [91]. This means
that they are more likely to be the first to receive information about rainfall in a particular area, and they
are also more likely to be able to share this information with other stations. Regarding Betweenness
Centrality, Station 7 again stands out as the most central node. A node with the highest betweenness
centrality often acts as a bridge or mediator within the network. In this case, it would mean that this
station is critical for connecting different parts of the network, effectively serving as a prominent 'route’
for the flow of water or information. Stations 13 and 19 show moderate betweenness centrality,
suggesting their importance as mediators or bridges within the network. Stations 1 and 4, like their low
degree centrality, also have the lowest betweenness centrality.

Closeness centrality measures how close a station is to other stations in the network, on average [92].
Rainfall monitoring stations with high closeness centrality are well-connected to other stations, meaning
they will likely have access to much rainfall data from different network parts. For closeness centrality,
Station 7 once more reigns supreme, further solidifying its vital role in the network. This station would be
ideal for quickly disseminating information or responses across the network. Since it is 'close' to all other
stations, changes in hydrological variables detected here can be quickly relayed to other nodes.
Moreover, other stations like 13 and 19 exhibit high closeness centrality, indicating their importance in
rapid information dissemination within the network. Stations 1 and 4, consistent with the other metrics,
show the lowest closeness centrality. This station is relatively distant from the other stations in the
network, indicating that it might be isolated or less connected. Data from this station could be less
effective in influencing or representing the overall network.

In addition, we explored the correlations between three measures of Centrality: degree centrality,
betweenness centrality, and closeness centrality, by performing regression fit analyses [93]. The results
shown in Figure 6, Figure 7, and Figure 8 indicate the interrelationships and potential predictive power
between these centrality measures within the rainfall network.
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Figure 6. Relationship between degree centrality and closeness centrality for threshold network 0.7

Figure 6 shows a regression fit between degree and closeness centrality, yielding a very high R-square
value of 0.9856, suggesting a strong positive correlation between these two measures. This implies that
nodes with a higher number of direct connections (degree centrality) tend to be closer to all other nodes
in the network (closeness centrality). This could be interpreted as highly connected stations having a
more central role in the rainfall distribution network, being more influential in the overall connectivity of
the system. In addition, no outlier exists since all points lie in a straight line due to the R square close to
1.

e-ISSN 2289-599X | DOI: https://doi.org/10.11113/mjfas.v21n4.4146 2348



MJ FAS Sapini et al. | Malaysian Journal of Fundamental and Applied Sciences, Vol. 21 (2025) 2337-2355

30

25 ..

f
T2 slft]
= R2=0.6628
Y 15 B
b sl
a TR L)
c 10 e
@ [ |
o R et
% - S A L l.
& = g H

0 B B . .....

0 2 4 6 8 10 12 14 16 18

Degree Centrality

Figure 7. Relationship between degree centrality and betweenness centrality for threshold network 0.7

Figure 7 shows that a regression fit between degree and betweenness centrality produced an R-square
value of 0.6628. While this value indicates a moderate positive correlation, it is significantly lower than
the correlation between degree and closeness centrality. This suggests that although nodes with a higher
degree centrality tend to have higher betweenness centrality, the predictive power is less specific [94].
This indicates that stations with many connections are not always the most significant in controlling the
flow of rainfall distribution between other stations. In addition, five outlier stations exist where these
values fall outside of the straight line. Stations were identified as outliers based on their divergence from
the linear trend observed in the regression fit. This includes nodes with significantly different values in
one centrality measure relative to others, suggesting unique roles in the network structure (e.g., locally
central but globally peripheral).

Station 7 and 19 have a high degree centrality and high betweenness centrality. This implies that these
stations can be key network dynamics rainfall stations. Another outlier is detected in Station 20, which
has a moderate degree centrality and betweenness centrality. Unlike typical central nodes (high
Centrality) or peripheral nodes (low Centrality), it neither dominates the network nor remains insignificant.
This balance indicates its involvement in the network is more nuanced. Its centrality measures might
reflect regional variability in rainfall distribution, where Station 20 is strategically important for specific
areas or patterns but is not a primary driver of the overall network's connectivity.

Another outlier on Stations 16,8 and 21 has a high degree centrality with a low betweenness centrality.
These three stations are directly connected to many other stations but do not lie on many of the shortest
paths between stations. This means the station is a central hub for information exchange but is not crucial
for routing information between different network parts [95]. The low betweenness centrality of the station
suggests that there may be opportunities to optimize the network's communication protocols or station
placement to make information flow more efficient. This could involve identifying alternative routes or
prioritizing the maintenance of stations with higher betweenness centrality. While the node is important
locally due to its high number of connections, it may have limited influence on the overall dynamics of
the network. Its removal or failure might not significantly disrupt the network's connectivity, as it is not
crucial for maintaining its cohesion.

The relationship between closeness centrality and betweenness centrality was evaluated, resulting in an
R-square value of 0.6346, as shown in Figure 8. This moderate correlation suggests that nodes closer
to all other nodes in the network do not always exhibit the highest control over the rainfall distribution. In
addition, three outlier station exists where these values fall outside the straight line. Station 20 has a
moderate betweenness centrality with moderate closeness centrality. The moderate betweenness
centrality implies that Station 20 is somewhat influential in controlling the flow of information or water
through the network, but not to the extent of being a critical juncture. Similarly, its moderate closeness
centrality suggests it is relatively accessible to other stations but not the quickest node to disseminate
information.
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Figure 8. Relationship between closeness centrality and betweenness centrality for threshold network
0.7

Stations 1 and 4 are other outliers with the lowest betweenness and closeness centrality, as shown in
Figure 8. The low values in betweenness and closeness centrality indicate that these stations are on the
network's periphery. They are neither major connectors nor central in information dissemination within
the network. Given their peripheral role, disruptions or failures at these stations would likely have a
minimal impact on the overall network's functionality. While they may not contribute significantly to
comprehensive network connectivity, they could be important for localized or specific monitoring
purposes. For instance, they might capture unique microclimatic data or specific hydrological
phenomena pertinent to their locations. Their status as outliers with low centrality measures may
highlight areas where the network could be optimized. This could involve improving connectivity or
reassessing the placement and role of these stations in the network. When analyzing data from the
network, it's crucial to consider the unique positioning of these stations. Their data might need to be
interpreted differently from that of more central stations because peripheral stations often capture
localized microclimatic or hydrological phenomena that are not reflected in the more interconnected core
of the network.

Discussion

The centrality measures revealed that Station 7 is a central hub within the network, with the highest
values for degree, closeness, and betweenness centrality. This indicates its significance in the rainfall
network for the Sungai Pahang basin. Understanding the central nodes is essential for practical
management and invaluable for mathematical modelling.

Highly central nodes like Station 7 can be key network dynamics players. Their significant role can be
leveraged in mathematical models to simulate scenarios such as extreme rainfall events, helping to fine-
tune flood prediction algorithms and risk assessment tools. Researchers can potentially develop more
accurate and computationally efficient models crucial for real-time flood forecasting and management
strategies by focusing on these central nodes. Flood prediction is crucial for governments to develop
reliable and accurate flood risk maps and plan for sustainable flood risk management [96].

Not only does Station 7 rank highly regarding various centrality measures, but its geographical location
also seems somewhat central in Sungai Pahang, as shown in Figure 5. This enhances its importance as
a node for capturing and predicting regional rainfall patterns. Geographical Centrality may reinforce its
topological Centrality, making it a crucial point for advanced mathematical models that aim to represent
real-world complexity in a networked system like a rainfall gauge network.

On the other end, Stations 1 and 4 had the lowest centrality values, suggesting they have a more
peripheral role within this network. Looking at the latitude and longitude, stations 1 and 4 appear to be
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geographically farther from the rest, as shown in Figure 5. Even if these stations show the lowest
centrality measures, their spatial dispersion can make them critical for capturing the variability in rainfall
patterns across broader geographical regions. While highly central nodes like Station 7 are undeniably
crucial for network robustness and predictive modelling, peripheral stations like Station 1 and Station 4
also have unique roles and should not be overlooked. These peripheral nodes can serve as sentinel
stations, providing localized data that can capture anomalies or localized events not immediately
apparent at more central nodes.

Regarding mathematical modelling, incorporating data from peripheral stations can add granularity and
depth to simulations. While central nodes can be vital in capturing the 'big picture' dynamics, peripheral
nodes contribute to the fine details, providing a more complete and accurate system representation. This
is especially important for localized intervention strategies, where data from these stations may be vital
in understanding micro-climates and smaller-scale hydrological features within the Sungai Pahang basin.
Additionally, these stations can be crucial for capturing the initial conditions of less frequent but highly
impactful events, like flash floods in specific sub-basins, which may not significantly affect the central
nodes but have devastating local impacts.

Stations with mid-level centrality measures, such as Station 16 and Station 19, serve a unique role within
the Sungai Pahang basin's rainfall network. They often act as bridges or gateways between the highly
central and peripheral stations, facilitating the flow of information and influence throughout the network.
Regarding network resilience, these mid-central stations are essential because they can act as
secondary hubs if a primary, highly central node like Station 7 fails or is compromised. Their bridging
role makes them vital for maintaining the integrity and efficiency of the network.

In mathematical modelling, including mid-level centrality nodes provides a more nuanced picture of
network dynamics. They can be crucial in multi-scale models attempting to capture global and local
behaviours within the network. By acknowledging the unique roles played by stations with varying
degrees of Centrality, researchers can create more robust and accurate models to simulate real-world
scenarios better.

Station 20 appears to be a specialized asset within the monitoring network. It offers the advantages of
quick and representative data dissemination due to its high closeness centrality. Still, its low degree and
betweenness centrality indicate that it functions more as an isolated, efficient unit rather than a central
hub or control point. Its unique position could make it crucial for specific analyses or operational tasks
despite its limited direct influence on the overall network.

This nuanced understanding of nodes with different centrality measures can help optimize the allocation
of monitoring resources and inform more effective disaster management strategies across different
scales, from local to basin-wide interventions.

Conclusion

This study sought to investigate the spatial and temporal dynamics of rainfall in Sungai Pahang,
Malaysia, through the lens of network theory. Utilising a range of advanced analytical techniques and
tools like Gephi and GeolLayout, we have constructed a network model that captures the complexities
and interdependencies between 21 different monitoring stations. By evaluating the network's properties,
particularly its small-world and scale-free characteristics and centrality measures for each station, we
have unearthed insights that could significantly enhance our understanding of rainfall distribution and
variability across the region.

Our findings indicate that the network displays small-world and scale-free properties, underlining its
robustness and vulnerability. High centrality nodes are pivotal in information flow and key stations for
effective monitoring. For instance, stations with high Centrality are pivotal for information dissemination
and crucial network hubs. Conversely, nodes with low centrality measures exhibit limited influence on
the overall system but may offer vital localised data.

Specifically, the unique characteristics of Station 20—a high closeness centrality but low degree and
betweenness centrality—highlight its specialised role in the network. It acts as an efficient, isolated unit
that can quickly relay information across the network, making it an asset for specific analyses and
operational tasks.

The research fills an existing gap by thoroughly investigating the challenges and limitations of the current
state of the rainfall monitoring network in Malaysia. It provides a foundation for future studies and offers
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actionable insights for policymakers and practitioners involved in climate monitoring, flood prediction,
and water resource management.

In closing, this study contributes to the academic understanding of spatial rainfall dynamics and has
significant practical implications. Future work can extend this model to include additional environmental
variables, enhancing its predictive capabilities. Furthermore, the methodology can be adapted to other
ecological monitoring networks, underlining its versatility and broader relevance.

The paper also opens the door for future research to investigate other characteristics of complex
networks, such as resilience and modularity, and their applications in climate science and hydrology.
This multifaceted approach offers a robust framework for comprehending and managing the intricate
dynamics of rainfall and its associated risks in the region.
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