
1

ORIGINAL RESEARCHPREMIER JOURNAL OF SCIENCE

Extending Degree Based Search Algorithm for All Directed 
Disconnected Graphs
Shyma Puthiyaveetil  and Sanil Shanker Kuniyapoil

Department of Information 
Technology Kannur University, 
Kerala, India 
Correspondence to:  
Shyma Puthiyaveetil,   
shymapv@kannuruniv.ac.in
Additional material is published 
online only. To view please visit 
the journal online.
Cite this as: Shyma PV and 
Shanker SKP. Extending Degree 
Based Search Algorithm for 
All Directed Disconnected 
Graphs. Premier Journal of Science 
2025;15:100203
DOI: https://doi.org/10.70389/
PJS.100203

This is an open access article 
distributed under the terms 
of the Creative Commons 
Attribution License, which 
permits unrestricted use, 
distribution, and reproduction 
in any medium, provided the 
original author and source are 
credited.

ABSTRACT
Graph traversal is a fundamental process in numerous 
applications, including citation analysis, influence 
maximization, and recommendation systems. Stan-
dard graph traversal methods—Breadth-First Search 
(BFS) and Depth-First Search (DFS)—exhibit perfor-
mance limitations when applied to large, unconnected, 
or directed graphs, particularly when the objective is to 
identify influential nodes efficiently. In this research, 
we present a novel graph traversal strategy termed De-
gree-Based Search (DBS), which prioritizes nodes in 
descending order of degree values to enable early dis-
covery of high-impact nodes. We analyze the computa-
tional time complexity of the proposed method as O((|V 
| + |E|) log |V |), where |V | and |E| denote the number of 
vertices and edges in the graph, respectively. Our em-
pirical evaluation on the Cora citation dataset shows 
that DBS-1.00 outperformed BFS and DFS by identify-
ing the top 10 most cited nodes with only 45.6% graph 
traversal and locating the top 20 nodes at an average 
position of 13.3%, compared to 64.3% and over 23% 
for BFS and DFS, respectively. Performance improve-
ment is especially significant in applications such as 
biological networks and social media graphs, where 
high-degree nodes are key hubs of information.
Keywords: Degree-based search algorithm, Directed 
disconnected graphs, Node degree prioritization, Influ-
ential node discovery, Citation network traversal

Introduction
Understanding the robustness and structural be-
haviour of complex systems, particularly in situations 
involving social, biological, and communication net-
works, depends critically on the analysis of connec-
tivity in directed graphs. The necessity for effective 
traversal strategies catered to disconnected and di-
rection-sensitive structures is still poorly understood, 
despite the fact that conventional connectivity metrics 
like edge connectivity, vertex connectivity, and strongly 
connected components have been thoroughly investi-
gated. Degree-based search strategies, which prioritize 
nodes according to their degree properties to improve 
performance in both connected and sparse environ-
ments, have recently become a popular paradigm for 
graph traversal. However, current degree-based algo-
rithms are limited in their applicability to real-world 
networks, which frequently display fragmentation 
and asymmetry in reachability, because they primari-
ly assume connectedness and are ill-suited to handle 
general directed disconnected graphs. An extended de-
gree-based search algorithm created especially for all 
classes of directed disconnected graphs is presented in 
this paper to fill this gap. By analysing the effects of 

various edge combinations each carrying varying de-
grees of truth, uncertainty, and falsity on the network’s 
overall structure, edge connectivity in neutrosophic 
graphs is ascertained. The method finds the fewest and 
most significant edge sets that jeopardize connectivity 
by methodically eliminating subsets of edges and uti-
lizing graph traversal techniques such as DFS or BFS 
to check for disconnection. This approach takes into 
consideration edges’ structural function as well as the 
inherent ambiguity of their existence.1,2 The extended 
algorithm serves as a unified traversal strategy capable 
of handling strong, unilateral, and weak connectivity 
in directed disconnected graphs. It uses degree-based 
prioritization to dynamically process high- and low-de-
gree nodes for improved reachability and incorporates 
Tarjan’s depth-first search to accurately detect strongly 
connected components.3

Related Work
Academic research has noted a considerable level of 
interest in the use of node degrees as a core require-
ment for graph traversal. High-degree nodes are the 
central hubs that significantly determine connectivity 
and information flow in different networks. The paper, 
“Degree-aware Hybrid Graph Traversal on FPGA-HMC 
Platform,” introduces an innovative graph traversal 
method that balances top-down and bottom-up ap-
proaches to traverse more efficiently.4 The algorithm 
first applies a top-down approach, traversing from a 
source vertex and visiting its neighbours. This is effi-
cient for sparse frontiers. As graph traversal progresses, 
the algorithm switches to a bottom-up approach when 
the frontier becomes huge and the top-down approach 
gets slow. This switching between these two approach-
es is controlled by two thresholds, α and β, by frontier 
size and number of edges, to allow the algorithm to 
adjust according to the structure of the graph. In the 
bottom-up phase, rather than expanding through a 
frontier, the algorithm checks each unvisited vertex 
whether any of its neighbours has been visited, this re-
duces redundant checks in densely populated regions 
of the graph. To assist this, the system employs data 
structures such as bitmaps to monitor visited vertices, 
statistical counters to assist in the decision to switch 
approaches, and efficient means of accessing adja-
cency lists with Hybrid Memory Cube (HMC). Such an 
arrangement promotes the capability of FPGA hard-
ware to perform in parallel, seeking quick and efficient 
traversal.5 Weixin Zeng et al. used knowledge graph 
entity alignment with a degree-aware learning and fu-
sion approach that has three key steps, which include 
pre-alignment, alignment, and post-alignment. In the 
pre-alignment phase, there are two distinct modules 
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for representation learning. First, the structural rep-
resentation learning module utilizes a model such as 
RSNs to learn structural relationships contained in the 
graph. Secondly, the name representation module op-
erates on concatenated power mean word embedding 
to learn and encode the textual properties of entities. 
The two signals explored and learned in this step are 
vital, especially for long-tail entities that do not have 
strong connections in the graph. In the alignment 
phase, the learned features from the structural and 
name representations are combined in a Degree-Aware 
Fusion Module, with their overall contributions dy-
namically weighted depending on the degree of each 
entity. The ability to dynamically fuse information 
depending on how structurally significant each enti-
ty is can enrich the alignment step; for example, if a 
node’s has a high degree then its embedding and its 
neighbours are more likely to contribute to that node’s 
final embedding in the alignment step than they are at 
a low degree. The post-alignment phase then takes the 
high confidence alignment pairs and adds them back 
into the knowledge graphs for iterative learning and 
refinement of the learned representation.6 Combining 
hardware-and software-centric strategies to optimize 
streaming graph workloads is an alternate strategy 
intended to boost computational efficiency, decrease 
redundancy, and improve performance in real-time 
processing settings. The thrust of the approach is to-
ward incremental computation models that focus on 
operating locality around updated vertices versus the 
graph itself, thus removing redundancies across a con-
tinuous stream of updates. A key innovative outcome 
of this work was “batch reordering” (RO); this involved 
changing the order of input updates to take advantage 
of computational locality and increase cache perfor-
mance. The RO technique was especially useful to 
algorithms which are conventionally averse to reor-
dering. The paper also provides an input-aware soft-
ware and hardware for specific workload usages. The 
input-aware software and hardware was extensively 
evaluated on a dual-socket Intel Xeon Platinum 8180 
platform, resulting in numerous workload evaluations. 
Performance boost evaluations found that the system 
speedups ranged from noted up-to 4.55x performance 
improvement in update throughput, on average.7

Classical sorting and searching algorithms form the 
foundation of efficient data access and traversal strat-
egies, and their comparative performance character-
istics have been extensively analyzed in the literature 
to understand trade-offs between time complexity and 
practical efficiency.8 Several studies have proposed 
modified Breadth-First Search (BFS) techniques to im-
prove traversal efficiency in directed cyclic and acyclic 
graphs, particularly by adapting queue management 
and visitation strategies to handle directionality more 
effectively.9 The identification of connected compo-
nents using traversal-based techniques has also been 
explored in the context of iterative methods for solving 
linear systems, highlighting the importance of traversal 
order in accurately detecting graph components.10 So-
cial network analysis provides the theoretical basis for 

understanding traversal behavior and node importance 
in complex networks, where structural properties such 
as degree, centrality, and connectivity directly influence 
algorithm efficiency and search dynamics.11 These find-
ings collectively motivate degree-aware traversal strat-
egies that exploit local structural cues, which are not 
fully leveraged in traditional DFS-based approaches.12 

By employing priority queues to rank nodes 
according to their degree, Degree-Based Search (DBS) 
algorithms improve graph traversal and outperform 
more conventional techniques like BFS and DFS, es-
pecially when it comes to locating important pathways 
and interconnected elements. Although DBS tech-
niques work well in connected graphs, they have not 
been widely used in directed and disconnected net-
works, which are prevalent in real-world situations. 
Without extra tools to monitor unvisited nodes, tradi-
tional algorithms perform poorly in these conditions, 
resulting in inefficient and incomplete exploration. The 
suggested DBS approach incorporates degree-based 
selection and priority queues to overcome these draw-
backs, dynamically adjusting to the characteristics of 
the graph. The highest-ranked unvisited node is the 
starting point for traversal, and nodes are ranked by to-
tal degree (sum of in-degree and out-degree). After that, 
neighbours are investigated recursively, giving higher 
out-degree neighbours priority in order to guarantee 
better graph coverage. This method makes it possible 
to thoroughly examine both sparsely connected and 
densely connected areas in directed graphs. This meth-
od’s support for visual representation—where node 
size reflects out-degree and layouts aid in highlighting 
structural relationships—is one of its key features. The 
method is especially useful in fields like social network 
analysis, biological systems, and information retrieval 
because of this visual dimension, which facilitates the 
interpretation of node importance and network topolo-
gy. This DBS algorithm prioritizes structural hierarchy 
and analytical clarity over hybrid FPGA-based travers-
als or knowledge graph alignment techniques. It im-
proves robustness and usability in static directed trans-
port networks and similar systems that need to identify 
influential nodes and links by dynamically recalculat-
ing node degrees and adapting the traversal frontier. 
As indicated in Table 1, the suggested Degree-Based 
Directed Traversal technique is contrasted with oth-
er comparable traversal methods. In contrast to other 
techniques that are based on switching directions or 
feature alignment, DBDT is based on node priority ac-
cording to degree and fully supports disconnections.13

Methodology
We present a degree-based search algorithm that me-
thodically investigates every component without rely-
ing on assumptions about connectivity, thus allowing 
effective traversal of directed disconnected graphs. The 
proposed degree-based traversal procedure is formally 
described in Algorithm 1. The prioritization mecha-
nism is based on node degree characteristics.
Let G = (V, E) be a directed graph, where V = {v1, v2, . . . , 
vn} and E ⊆ V × V .
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For every node v ∈ V , the algorithm computes:

•	 In-degree: deg−(v) = {u ∈ V : (u, v) ∈ E}
•	 Out-degree: deg+(v) = {u ∈ V : (v, u) ∈ E}
•	 Total degree: deg(v) = deg−(v) + deg+(v) 

The Node Priority is Defined by:
P (v) = α · deg−(v) + β · deg+(v), where α + β = 1     (1)

When α > β, nodes with high in-degree are prioritized 
(e.g., authoritative hubs), while β > α favors sources or 
broadcasters.

The algorithm iteratively selects the unvisited node 
with the highest P(v) value and explores its unvisited 
neighbors in descending order of their priority. It main-
tains:

•	 Vvisited ⊆ V , the set of visited nodes
•	 Lsearch, the list of nodes in the traversal order

If no neighbors are available, it restarts from the next 
highest-priority unvisited node, thus ensuring cover-
age of disconnected regions. Neighbors are ordered by 
(P (u), deg+(u), deg−(u)) lexicographically.

This approach inherently supports disconnected di-
rected graphs, unlike BFS or DFS, which rely on reach-
ability from a seed node. Adjusting α and β improves 
adaptability: e.g., α = 1 targets sinks in citation networks; 
β = 1 reveals spreading nodes in influence graphs.

Comparative Analysis with BFS and DFS
Breadth-First Search (BFS) explores a graph level by 
level. For disconnected graphs, it must be restarted per 
component. BFS has time complexity O(|V |+|E|) and 
finds shortest paths.

Depth-First Search (DFS) explores branches deeply 
before backtracking. It also requires reinitialization 
for disconnected graphs and has the same complexity 
O(|V | + |E|).

Degree-Based Search (DBS) differs in its global pri-
oritization:

•	 Uses a scoring function P(v) to select significant 
nodes

•	 Traverses without needing connected components
•	 Prioritizes hubs or broadcasters depending on α, 

βDBS has a worst-case time complexity:

O(n2 + m log n)

Where:
•	 Degree computation: O(m)
•	 Node selection: O(n2) over n steps
•	 Neighbor sorting: Pv∈V O(deg+(v) log deg+(v)) ≤O(m 

log n))

With a priority queue optimization, the complexity 
can be reduced to:

O((|V | + |E|) log |V |)

In summary, while BFS and DFS are computational-
ly cheaper for general-purpose traversal, DBS is better 
suited for applications where node importance (de-
gree centrality) and disconnected regions are key. It is 
particularly effective in networks like citations, social 
graphs, and recommender systems where structure 
is fragmented and influence or importance is non- 
uniform.

Simulation With Artificial Data
The Cora citation network, a directed and structurally 
fragmented graph with 2,708 papers and 5,429 cita-
tion edges spanning seven subject categories, is used 
to test the degree-based search algorithm. Preliminary 
analysis reveals 78 weakly connected components, 
with a dominant component encompassing approx-
imately 88.5% of the nodes. The wide range of 

Table 1 | Comparison of degree-based traversal with related methods
Method Traversal Focus Disconnected 

Support
Domains

Hybrid Traversal (FPGA-
HMC)

Direction-switching (top-
down/bottom-up)

Implicit (via 
queues)

Hardware systems

KG Entity Alignment 
(RSNs)

Feature-based fusion (no 
traversal)

No Knowledge graphs

Streaming Graph 
Computation

Region-based updates No Real-time systems

Degree-Based Directed 
Traversal (Ours)

Node priority via in/out 
degrees

Yes (explicit) Citation, Social, 
Recommenders

Algorithm 1 | Degree-Based Traversal Algorithm	
Require: Directed graph G = (V, E)
Ensure: Ordered list Lsearch of traversed nodes

1:	 Initialize in degrees[v] ←0, out degrees[v] ← 0 for 
all v ∈ V

2:	  for each edge ( u,v) ∈ E do
3:	 in degrees[v] ← in degrees[v] + 1
4:	 out degrees[u] ← out degrees[u] + 1
5:	  end for
6:	  for each node v ∈ V do
7:	 Compute P (v) ← α ·in degrees[v]+β·out de-

grees[v] 
where α + β = 1, α, β ∈[0, 1]
8:	  end for
9:	  Vvisited ← Ø, L

search ← [ ]
10:	  while Vvisited ≠V do
11:	  vcurrent ← arg max

V∈V\ V
visited P (v)

12:	  Vvisited←V
visited ∪ {vcurrent

} 
13:	 Append vcurrent to Lsearch
14:	  N (vcurrent) ← {u ∈ V \ Vvisited | (vcurrent, u) ∈ E}
15:	 Sort N (vcurrent) in descending order of:

•	 P (u)
•	 If equal, by out degrees[u]
•	 If still equal, by in degrees[u]

16:	  for each u ∈ N (vcurrent) do
17:	  if u ∉ Vvisited then
18:	 Recursively apply steps 9–13 on u
19:	  end if
20:	  end for
21:	  end while
22:	  return Lsearch
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in- and out-degrees reflects the dynamics of real-world 
citation networks, where a small number of papers are 
highly cited while many remain isolated.

The proposed algorithm utilizes a tunable com-
bination of in-degree and out-degree (denoted by 
parameters α and β) to assign a global priority score 
to each node. Unlike conventional traversal strategies 
that rely on initial reachability, this approach selects 
the highest-priority unvisited node at each iteration 
and recursively explores its reachable neighbors. When 
necessary, the algorithm restarts from the next unvisit-
ed node with the highest priority, allowing full travers-
al across disconnected components.

Simulation results on the Cora dataset demonstrate 
the algorithm’s flexibility in navigating both sparsely 
and densely connected subgraphs. When β > α, the al-
gorithm emphasizes outward exploration by following 
nodes with high out-degree,

while α > β focuses on central, highly cited nodes 
with high in-degree. Additionally, the algorithm  
monitors subject label transitions, thereby capturing 
semantic shifts in the graph’s structure.

Key performance indicators, including execution 
time, number of component transitions, and subject 
changes, are recorded across various configurations. 
These experiments confirm the algorithm’s ability to 
explore intricate and fragmented citation networks 
while maintaining sensitivity to structural depth and 
semantic awareness. The results support its broader 
applicability to real-world scenarios such as knowledge 
graphs and recommender systems, where disconnect-
edness and topical diversity are common. Implemen-
tation details and pseudocode for DFS, BFS, and the 
proposed Degree-Based Search algorithm are provided 
in the Appendix.

Experimental Results and Analysis
Experiments were carried out in two different environ-
ments to assess the performance and reproducibility of 
the proposed algorithm.

A personal computer running Windows 11 (64-bit), 
equipped with an Intel Core i7 processor (11th Gen-
eration, 2.80GHz), 16 GB RAM, and a 512 GB 

SSD. The experiments were executed using Python 
3.10 in a Jupyter Notebook environment. Google Colab 
was used for additional evaluations. The cloud envi-
ronment facilitated scalable testing and allowed rap-
id prototyping. All algorithms were executed multiple 
times to account for runtime variability. Performance 
metrics, including traversal percentage and discovery 
position, were averaged over repeated runs to ensure 
statistical consistency. The experiment evaluates the 
hub node visit position in Erdős–Rényi graphs using 
three traversal strategies: DFS, BFS, and Degree-Based 
Search (DBS). The hub node, identified as the one with 
the highest degree, was visited first in DBS, showcas-
ing its effectiveness in prioritizing influential nodes. In 
comparison, DFS and BFS visited the hub at later posi-
tions, indicating less focus on node importance. These 
results highlight that DBS is more efficient for early 
discovery of key nodes in random graph structures like 
Erdős–Rényi models. The citation network analysis 
reveals robust trends in paper impact and search 
efficiency. As Figure 1 shows, the Cora dataset has 
distributional properties in line with a power-law 
relationship between in-degree and out-degree distri-
butions. The in-degree distribution shows that most 
papers have a small number of citations (between 0 
and 5), with frequency dropping off exponentially as 
the number of citations increases. This is in line with 
the anticipated citation pattern of academic literature, 
where a few highly influential papers have extremely 
high citation frequency. The out-degree distribution is 
shown to display that most papers cite fewer than 25 
other papers, with frequency dropping off sharply af-
ter this. Additionally, the component size distribution 
shows that the dataset is comprised largely of one large 
connected component with around over 2000 papers, 
with the other components being significantly smaller, 
showing the existence of a cohesive core research com-
munity and some peripheral research clusters.

The traversal behavior comparison in Figure 2 shows 
inherent differences in how each search algorithm or-
ders papers. Classical graph traversal algorithms (DFS 
and BFS) traverse structure-determined paths with DFS 
and BFS having the same traversal order for the top 

Fig 1 | The left panel shows in-degree distribution with most papers receiving 0–3 citations and peaks at 1.0 and 2.0; 
the center panel displays out-degree distribution on a logarithmic scale showing most papers cite fewer than 25 other 
works; the right panel reveals component size distribution with numerous small components and one dominant giant 
component containing approximately 2000+ papers
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10 papers. This reveals these methods to be bound 
by the graph topology instead of paper influence. 
DBS variants, however, show significantly different 
traversal patterns depending on their α parameter val-
ues. When α increases from 0.00 to 1.00, the algorithm 
increasingly favors papers with higher in-degree (more 
citations received). At α = 1.00, DBS instantly reconizes 
influential papers such as paper 293638 (5 in, 1 out) 
and 28924 (3 in, 6 out) in its earliest traversal steps. 
This illustrates DBS’s efficiency in quickly finding 

influential papers when set to maximize citation count. 
The subject distribution plot in Figure 3 illustrates 
how every search strategy samples from throughout 
various research domains within the citation network. 
DFS is the most heterogeneously distributed, with 
good coverage throughout numerous different catego-
ries such as Neural Networks, Genetic Algorithms, and 
Rule Learning. BFS is skewed toward some research 
domains, such as Genetic Algorithms. The DBS variants 
increasingly display specialized traversal patterns with 
larger values of α, with DBS-1.00 providing extremely 
high preference toward papers in the Neural Networks 
domain. This illustrates that the most cited papers 
are clustered in specific research communities and 
not evenly spread throughout all subjects. The varia-
tion in subject distribution across different values of α 
indicates that in-degree and out-degree measures are 
correlated with research domain, which could be due 
to the differences in citation practices across various  
academic communities or the evolution of research fo-
cus over the length of the dataset’s period.

Figure 4 displays a comparative review of the per-
centage of graph traversal necessary to identify the 
entire set of top 10 most influential papers discovered 

Fig 2 | The first 10 papers traversed using different search methods across a citation network, comparing traditional 
approaches (DFS, BFS) with Degree-Based Search (DBS) at varying α values from 0.00 to 1.00. Each row represents a 
position in the traversal sequence (1-10), while each column shows the paper ID followed by its in-degree and out-
degree (citations received and made) for each method, revealing how increasing α values in DBS progressively prioritize 
papers with higher citation counts compared to the topology-driven paths of DFS and BFS

Fig 3 | This stacked bar chart illustrates the subject distribution of the first 100 papers traversed by different search 
methods (DFS, BFS, and DBS with various α values from 0.00 to 1.00) across a citation network. Each colored segment 
represents the proportion of papers from different research domains (Case-Based, Genetic Algorithms, Neural Networks, 
Probabilistic Methods, Rule Learning, Reinforcement Learning, and Theory), revealing how traditional methods (DFS/
BFS) yield more diverse subject coverage while DBS with increasing α values shows a progressive bias toward Neural 
Networks (red) and Theory (pink) categories at the expense of other domains

Fig 4 | Percentage of traversal required to identify all top 10 cited papers using various 
search strategies
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by using different search strategies, including the pro-
posed Degree-Based Search (DBS) approach utilizing 
different weights of the same methodology (DBS-1.00, 
DBS-0.75, DBS-0.50, DBS-0.25, and DBS-0.00),

Depth-First Search (DFS), and Breadth-First Search 
(BFS). The percentage of graph traversal can be 
tracked along the vertical axis as a measure of search 
efficiency.

The most efficient traversal of all methods was 
demonstrated by the DBS-1.00 search, requiring a to-
tal of 45.6% of the graph to be traversed to identify 
the set of top 10 papers. This represents a significant 
improvement over an amount of traversal of 64.3% in 
either the DFS or BFS method for the same number of 
papers, which also suggests a clear benefit to ranking 
papers in descending order of degree.

The performance of the additional DBS variants 
(with weights varying from 0.00 to 0.75) is also rela-
tively consistent, with traversal proportions rang-
ing from 56.3% to 58.5%. These findings suggest 
that while some degree-based prioritization attains  
efficiency, maximal benefit is gained when the algo-
rithm strictly utilizes degree in descending order (DBS-
1.00).

Together, the study shows that discovering highly 
cited nodes can be dramatically accelerated using a 
degree-based search strategy, which should prove to 
be an effective, scalable alternative for citation network 
analysis and comparable graph-based applications.

Figure 5 portrays the average positional rank of the 
top 20 most cited papers identified during traversal, 
expressed as a percentage of the total traversal length. 
This measure provides insight into how early high- 
impact nodes are discovered based on differences in 
exploration strategy.

The DBS-1.00 variant demonstrates the most effica-
cious identification of highly cited nodes, occurring on 
average at just 13.3% of the traversal, outperforming 
all other methods. In contrast, traditional strategies 
such as Depth-First Search (DFS) and Breadth-First 
Search (BFS) required exploring a larger share of the 
graph to locate the same influential papers, with aver-
age positions of 23.4% and 24.0%, respectively.

This substantial difference indicates that strict de-
gree-based ordering (DBS-1.00) not only reduces the 
total traversal cost but also significantly improves 
the timeliness of discovering key nodes. Other DBS 

variants (DBS-0.00 to DBS-0.75) show modest perfor-
mance gains, with average discovery positions ranging 
between 26.3% and 27.8%.

These results reinforce earlier findings: the benefit 
of degree-based strategies is most prominent when 
node traversal is prioritized strictly by descending de-
gree. The ability to identify such nodes early is partic-
ularly important in research domains such as citation 
analysis, influence maximization, and recommenda-
tion systems, where timely recognition of key elements 
can enhance both performance and decision-making.

Overall, the evidence supports the conclusion that 
the DBS-1.00 approach offers both efficient exploration 
and rapid access to high-value nodes, positioning it 
as a highly effective and scalable algorithm for graph-
based research applications.

Conclusions
This work presented a Degree-Based Search algorithm 
that uses a priority function based on a tuneable com-
bination of in-degree and out-degree to navigate  
disconnected directed graphs. By avoiding the need 
for root-based reachability, the technique makes 
it possible to systematically investigate fragmented 
topologies. Experiments on synthetic Erdős–Rényi 
graphs and the Cora citation dataset showed that the  
algorithm is able to adapt well to structural diversi-
ty, spanning multiple components through dynamic 
re-initialization and identifying influential nodes. 
However, the degree distribution of the input graph 
is inherently linked to the method’s performance. In 
networks without degree heterogeneity, where prior-
itization provides little benefit, its efficacy decreases. 
Furthermore, further tests on other disconnected net-
works in the real world are required to confirm gen-
eralizability, even though the Cora dataset offered a 
realistic benchmark. Additionally, the current imple-
mentation is sequential; parallelization could result in 
additional performance improvements.

Future research will examine hybrid strategies that 
combine DBS with conventional search techniques 
(such as BFS, shortest path heuristics), as well as graph 
embeddings, in order to overcome these constraints. 
These combinations might provide better coverage and 
efficiency, particularly in graphs with low-degree ho-
mogeneity or subtle structure. There is also potential 
for applications in evolving and sparse information 

Fig 5 | Average positional rank of the top 20 most cited papers during traversal using various search strategies
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when the framework is extended to probabilistic tra-
versal or reinforcement learning settings.
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Appendix

Graph Traversal Algorithms in Python
Depth-First Search (DFS) Traversal
def dfs_traversal(G, start_node=None):
	 """Perform a standard DFS traversal 
on the graph"""
		  visited = set()
		  path = []

def dfs(node):
	if node in visited:

	 return
	 visited.add(node)
	 path.append(node)
	 for neighbor in G.succes-
sors(node):

if neighbor not in visit-
ed:

	 dfs(neighbor)
# Start from node with highest in-degree 
if not specified
if start_node is None:
		  start_node = max(dict(G.in_de-
gree()). items(), key=lambda x: x[1])
[0]
dfs(start_node)
# Continue until all nodes are visited
while len(visited) < G.number_of_
nodes():
		  unvisited = list(set(G.nodes()) 
-visited)
	 dfs(unvisited[0])
return path
Listing 1: DFS Traversal on a Directed Graph

Breadth-First Search (BFS) Traversal
from collections import deque
def bfs_traversal(G, start_node=None):
	 """Perform a standard BFS traversal 
on the graph"""
	 visited = set()
	 path = []
	 def bfs(start):
	 queue = deque([start])
visited.add(start)
 while queue:

node = queue.popleft()
path.append(node)
for neighbor in G.successors(node):
if neighbor not in visited:

visited.add(neighbor)
queue.append(neighbor)

if start_node is None:
start_node = max(dict(G.in_de-

gree()).

items(), key=lambda x: x[1])[0]
bfs(start_node)
	 while len(visited) < G.number_of_
nodes():
unvisited = list(set(G.nodes()) -visit-
ed)
bfs(unvisited[0])
	 return path

Listing 2: BFS Traversal on a Directed Graph

Degree-Based Search (DBS) Traversal
def degree_based_search(G, weak_compo-
nents, alpha=0.5, beta=0.5):
	 """Perform a degree-based search 
traversal of the graph"""
	 in_deg = dict(G.in_degree())
	 out_deg = dict(G.out_degree())
	 score = {v: alpha * in_deg[v] + beta 
* out_deg[v] for v in G.nodes()}
	 visited = set()
	 path = []
	 node_to_comp = {node: i for i, comp 
in enumerate(weak_components) for node 
in comp}
	 comp_trans = 0
	 prev_comp = None
	 def dfs(node):
	 nonlocal comp_trans, prev_comp
	 if node in visited:
	 return
	 current_comp = node_to_comp[node]
	 if prev_comp is not None and prev_
comp!= current_comp:
	 comp_trans += 1
	 prev_comp = current_comp
	 visited.add(node)
	 path.append(node)
neighbors = [n for n in G.succes-
sors(node) if n not in visited]
neighbors.sort(key=lambda x: (score[x], 
out_deg[x], in_deg[x]), reverse=True)
	 for n in neighbors:
	 dfs(n)
	 while len(visited) < G.number_of_
nodes(): 

unvisited = list(set(G.nodes()) 
-visited)

		  current = max(unvisited, 
key=lambda v: score[v])
	 dfs(current)
	 return path, comp_trans, score

Listing 3: Degree-Based Search (DBS) with α and β
Parameters
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