Nusantara EduLearn Journal

Vol. 4 No. 2 (2026), p. 1-13
Available online at https://cendikianusantara.com/index.php/EduLearn

From Graph Theory to Computational Thinking:
Performance Trade-Offs in Graph Coloring Algorithms

Ajeng Zulfaida, Olief [lmandira Ratu Farisi*
Universitas Nurul Jadid, Indonesia

DOI: https:// 10.61987/edulearn.vii1.56

Article History: Abstract:
Received: o7 January 2026 Graph coloring is an important topic in graph theory with
Revised: 13 March 2026 applications in scheduling, traffic management, network
Accepted: 19 April 2026 optimization, and other conflict-avoidance problems. This study
aims to compare the performance of the Greedy, Welch-Powell,
Keywords: and Sequential algorithms in terms of computational time and the
Graph Coloring, Algorithm number of colors used across graphs with different sizes and
Performance, Computational structures. A quantitative comparative approach was employed
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were represented as adjacency matrices and processed using the
three graph coloring algorithms under a consistent computational
procedure. The results show that the Greedy and Welch-Powell
algorithms produced the same number of colors for most datasets,
while the Greedy algorithm generally required the least
computational time. For larger graphs, the Greedy and Welch-
Powell algorithms produced fewer colors than the Sequential
algorithm in some cases. The Sequential algorithm demonstrated
relatively fast execution but tended to require more colors,
whereas the Welch-Powell algorithm achieved competitive
coloring results with greater computational time. These findings
imply that algorithm selection should consider both coloring
quality and computational efficiency. The comparative framework
also has educational implications by supporting algorithmic
thinking, computational thinking, and evidence-based problem-
solving in graph theory learning.

INTRODUCTION

The increasing complexity of modern society requires effective methods for
organizing, scheduling, and optimizing interconnected activities. Problems
involving transportation, communication networks, educational scheduling,
geographic information systems, and power distribution often require decisions
about allocating limited resources without creating conflicts (Asgarli, Krehbiel, &
Levinson, 2025; Meng et al., 2024). Graph theory provides an important
mathematical framework for representing such problems through vertices (V) and
edges (E) (Farisi, 2023). A graph can be represented as (G=(V,E)), where (V) is a
non-empty set of points called vertices and (E) is a set of lines connecting pairs of
vertices, known as edges (Tao, Aihara, & Chen, 2026). Among the important
applications of graph theory is graph coloring (Bai, Li, Xu, & Zhang, 2023). This
concept enables conflicting objects or activities to receive different labels or colors,
thereby supporting efficient decision-making (Feghali, Le, & Le, 2025). Therefore,

*Email Correspondence: farisii3z@unuja.ac.id

Nusantara Edulearn Journal
This journal is an open-access article under a CC BY-NC-SA 4.0 license. © 2026, the author(s)


https://cendikianusantara.com/index.php/EduLearn

investigating effective graph coloring methods is important because their
performance can influence the efficiency of problem-solving processes across
social, technological, and educational contexts.

Graph coloring is theoretically defined as the process of assigning labels or
colors to graph elements under the condition that adjacent elements must not
receive the same color (D’ascenzo, D’emidio, Flammini, & Monaco, 2024). The
historical development of graph coloring began with the map-coloring problem,
which later became one of the fundamental problems in graph theory (Haviv &
Rabinovich, 2025). Graph coloring can be classified into vertex coloring, edge
coloring, and map coloring, depending on the graph elements being colored
(Crombez et al., 2023). In this study, the concepts of computational time and
chromatic number are used to evaluate algorithmic effectiveness. The chromatic
number represents the minimum number of colors required to color a graph
without violating adjacency constraints (Rahman, Dufresne, & Medvedev, 2024).
Computational time, meanwhile, reflects algorithmic efficiency (Yakut & Karagoz,
2025). These theoretical concepts provide a basis for systematically examining and
comparing the performance of several graph coloring algorithms under graphs
with different sizes and orders.

Despite the widespread usefulness of graph coloring, determining an
appropriate coloring method remains a significant problem because different
algorithms may produce different results when applied to graphs with varying
characteristics (Angkhanawin, Deger, Pritchard, & Adams, 2025). Society
increasingly depends on efficient scheduling, resource allocation, and conflict-
management systems, including transportation services, computer networks,
geographic information systems, electrical engineering, and power systems. Graph
coloring has also been implemented in reservation systems and university course
scheduling (Deeds, Sabale, Kayali, & Suciu, 2024). However, selecting an algorithm
solely based on its application domain may not guarantee optimal performance.
This issue is also relevant to education, particularly in teaching graph theory and
algorithmic problem-solving, because students need to understand how algorithm
selection affects efficiency and solution quality in practical mathematical problems
(Vanderbush & Weber, 2026).

Previous studies have investigated the application and comparison of graph
coloring algorithms in several specific contexts (Mobarsa, Shukla, Maheta, Sata, &
Jarboui, 2025). Various algorithms, such as the Greedy algorithm, Welch-Powell
algorithm, Tabu Search algorithm, and Sequential algorithm, have been applied to
optimize classroom scheduling, seminar scheduling, and map coloring (Gao & Hu,
2024). These studies demonstrate that graph coloring algorithms can effectively
address practical problems involving scheduling and allocation (Kattemdlle, 2024).
They also provide valuable evidence regarding differences in algorithmic
performance. However, most previous research has concentrated on comparisons
between only two algorithms and has been limited to particular case studies (Maus,
2023). Consequently, the findings cannot yet provide a sufficiently comprehensive
understanding of how multiple graph coloring algorithms perform under different
graph conditions.

The limitations of previous studies indicate an important research gap
concerning comprehensive comparisons among several graph coloring algorithms.
Although earlier research has successfully demonstrated the usefulness of
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individual algorithms in specific applications, the comparison of algorithmic
performance across graphs with systematically varying sizes and orders remains
limited (Antoniadis, Broersma, & Meng, 2026). Furthermore, previous studies have
frequently emphasized application outcomes or chromatic numbers without
simultaneously providing sufficient attention to computational time (Wang, Yan,
& Jin, 2024). This limitation is important because an algorithm that produces a
satisfactory coloring result may require considerably more computational
resources than another method (Shen, Li, Yuan, & Chen, 2025; Terci & Boz, 2025).
In educational contexts, this gap also affects the learning of graph theory because
students and researchers need evidence-based comparisons to understand the
advantages and limitations of different algorithms. Therefore, this study
contributes by evaluating multiple graph coloring algorithms using common
performance indicators, thereby providing a broader basis for selecting
appropriate algorithms.

The novelty of this study lies in its comparative approach to evaluating
several graph coloring algorithms simultaneously under graphs with different sizes
and orders. Rather than limiting the analysis to two algorithms within a single
practical case study, this research examines algorithmic effectiveness through two
fundamental indicators: computational time and chromatic number. This
approach provides a more systematic understanding of the relationship between
graph characteristics and algorithm performance. The study also contributes to the
development of graph theory research by integrating computational and
educational perspectives. From a computational perspective, the results can
support the selection of efficient algorithms for solving graph coloring problems.
From an educational perspective, the comparison can provide meaningful learning
material for graph theory, algorithm design, and mathematical problem-solving.
Understanding algorithmic strengths and limitations can also help learners
develop analytical thinking when solving complex problems.

Based on the identified research gap, the main problem addressed in this
study is determining which graph coloring algorithm is the most effective when
evaluated across graphs of varying sizes and orders. Specifically, this research
investigates differences in computational time and chromatic number among
several graph coloring algorithms. The underlying argument of this study is that
no single algorithm necessarily provides the best performance under every graph
condition. The effectiveness of an algorithm is expected to depend on graph
characteristics, particularly the size and order of the graph, as well as the
performance criteria used for evaluation. Therefore, a comparative analysis is
necessary to identify the relative strengths and limitations of each method. The
preliminary assumption is that algorithms with lower computational time may not
always produce the smallest chromatic number, whereas methods producing
better coloring results may require greater computational effort. Through this
investigation, the study aims to provide evidence supporting appropriate
algorithm selection for practical applications and graph theory learning.

RESEARCH METHODS

This study employed a comparative research design with a quantitative
approach to systematically evaluate and compare the performance of graph
coloring algorithms. The comparative design was selected because the primary
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objective of the study was to identify differences in algorithm performance based
on measurable indicators, namely computational time and chromatic number
(Brighen, Slimani, Rezgui, & Kheddouci, 2023; Schidler & Szeider, 2023). The
research was conducted in a computational environment using Google Colab and
the NetworkX library; therefore, no specific geographical research location was
required. Google Colab was selected as the computational platform because it
provides an accessible environment for implementing algorithms and processing
graph datasets (Saad, 2024). Three graph coloring algorithmsthe Greedy algorithm,
the Welch-Powell algorithm, and the Sequential algorithmwere implemented
using the Python programming language (Yusak et al., 2024). The use of the same
computational environment for all algorithms was intended to maintain
consistency and fairness in the performance comparison. The research instruments
used to support the implementation and evaluation process are presented in Table
L

Table 1. Description of Research Instruments
Instrument Function/Description
Graph Datasets Used as test data for the implementation and comparison of graph
coloring algorithms. The datasets consist of graphs with different
numbers of vertices and edges to represent varying levels of graph

complexity.
Google Colab Used as the computational platform for implementing the graph
Platform with the coloring algorithms, processing graph datasets, and evaluating
NetworkX Library computational performance.

Table 1 shows the instruments used to support the implementation and
evaluation of the graph coloring algorithms. The graph datasets served as the
primary test data, allowing the algorithms to be evaluated on graphs with different
numbers of vertices and edges. Meanwhile, Google Colab and the NetworkX library
provided the computational environment for implementing the algorithms and
measuring their performance (Zhu et al., 2025). The use of the same computational
platform and library for all algorithms was intended to maintain consistency
during the experimental process. These instruments were selected to ensure that
the comparison of the Greedy, Welch-Powell, and Sequential algorithms could be
conducted systematically based on computational time and chromatic number.

The population of this study consisted of graph datasets with different
structural characteristics, particularly variations in the numbers of vertices and
edges. The samples were selected purposively from open-access datasets obtained
from Kaggle and previous studies. The use of purposive sampling was based on the
need to select datasets that met specific criteria related to the research objectives.
The selected graphs represented different sizes and levels of complexity, ranging
from small-order graphs to large-order graphs, allowing the performance of the
algorithms to be examined under different conditions. Data collection was
conducted by gathering the selected graph datasets and preparing them for
computational analysis. Each graph was represented using an appropriate data
structure, including an adjacency matrix, to facilitate the identification of
relationships among vertices and the implementation of graph coloring algorithms
(Faigoh and Farisi, 2024). The datasets were then processed using the same
procedures to maintain consistency throughout the experiment.
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The collected data were analyzed quantitatively by implementing each
graph coloring algorithm on the same graph datasets and recording the resulting
chromatic number and computational time. The analysis was conducted by
comparing the performance of the Greedy, Welch-Powell, and Sequential
algorithms across graphs with different sizes and levels of complexity.
Computational time was used to evaluate the efficiency of each algorithm, while
the chromatic number was used to evaluate the effectiveness of the coloring results
(Meng et al., 2024). The results obtained from each algorithm were subsequently
compared to identify their respective strengths and limitations under different
graph conditions. The findings were organized and presented in tables to facilitate
comparison and interpretation. Through this comparative analysis, the study
aimed to determine which algorithm demonstrated the most effective overall
performance based on the balance between computational efficiency and the
ability to produce a minimum or relatively low chromatic number.

RESULTS AND DISCUSSION
Results

This study compares the performance of three graph coloring
algorithms, namely the Greedy, Welch-Powell, and Sequential algorithms.
The evaluation focuses on two main indicators: the chromatic number
produced by each algorithm and the computational time required to
process each graph. To provide a comprehensive comparison, the
algorithms were tested on graph datasets with different numbers of vertices
and edges, ranging from small graphs to relatively large and dense graphs.
The variation in graph size and structure allows the performance of each
algorithm to be observed under different levels of computational
complexity. The results are also relevant from an educational perspective
because the comparison provides concrete examples that can be used to
support the learning of graph coloring, algorithmic efficiency, and problem-
solving in graph theory. The characteristics of the graph datasets used in
the experiment are presented in Table 2.

Table 2. Graph Datasets
Graph Vertices Edges

Graph 1 6 8

Graph 2 10 18
Graph 3 20 30
Graph 4 22 87
Graphs 138 493

Graph 6 500 62,624

Graph 7 900 307,350
Graph 8 1,000 246,708

Table 2 presents the characteristics of the graph datasets used to
evaluate the three graph coloring algorithms. The datasets vary
substantially in both the number of vertices and the number of edges. Graph
1 contains the smallest number of vertices, with 6 vertices and 8 edges,
whereas Graph 8 contains the largest number of vertices, with 1,000 vertices
and 246,708 edges. Graph 7 has goo vertices and 307,350 edges, making it
the graph with the largest number of edges among the datasets. These
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variations provide different levels of graph complexity for evaluating
algorithm performance. From a learning perspective, the datasets can also
be used to demonstrate how changes in graph size and density influence
the computational behavior of graph coloring algorithms. The chromatic
numbers obtained from the three algorithms are presented in Table 3.

Table 3. Chromatic Numbers Produced by Each Algorithm
Graph  Greedy Algorithm Welch-Powell Algorithm Sequential Algorithm

Graph 1 3 3 3
Graph 2 4 4 4
Graph 3 4 4 4
Graph 4 8 8 8
Graph 5 1 1 1
Graph 6 69 69 73
Graph 7 204 204 204
Graph 8 121 121 122

Table 3 presents the chromatic numbers generated by the Greedy,
Welch-Powell, and Sequential algorithms for each graph dataset. The
results show that all three algorithms produced identical chromatic
numbers for Graphs 1 through 5. For Graph 6, the Greedy and Welch-Powell
algorithms produced a chromatic number of 69, while the Sequential
algorithm produced 73. For Graph 7, all three algorithms produced the same
chromatic number of 204. For Graph 8, the Greedy and Welch-Powell
algorithms produced 121, whereas the Sequential algorithm produced 122.
Thus, the Greedy and Welch-Powell algorithms generated lower chromatic
numbers than the Sequential algorithm for Graphs 6 and 8, while all
algorithms produced the same result for the other datasets. These findings
indicate that the Greedy and Welch-Powell algorithms were more effective
than the Sequential algorithm in minimizing the chromatic number for the
datasets where differences occurred. In graph theory learning, these results
illustrate that different coloring strategies may produce identical solutions
for some graphs but different solutions as graph complexity increases.

The computational time required by each algorithm was also
measured to evaluate their computational efficiency. Each algorithm was
executed using the same graph datasets and computational environment,
allowing the execution times to be compared under consistent conditions.
The results provide an additional perspective because an algorithm may
produce a similar or lower chromatic number while requiring more
computational time. The computational time recorded for each algorithm
is presented in Table 4.

Table 4. Computational Time Required by Each Algorithm (seconds)
Graph  Greedy Algorithm Welch-Powell Algorithm Sequential Algorithm

Graph1 o0.0001 0.0002 0.0001
Graph2 0.0002 0.0004 0.0002
Graph3 0.0004 0.0006 0.0004
Graph 4 0.0009 0.0014 0.0009
Graph5 0.0029 0.0038 0.0029
Graph 6 0.1089 0.5685 0.1344
Graph7 o0.5474 3.8481 0.6641
Graph 8 0.4766 1.9658 0.5662
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Table 4 shows the computational time required by each algorithm to
process the eight graph datasets. The results indicate that the Greedy and
Sequential algorithms required nearly identical computational times for
Graphs 1 through 5. The Greedy algorithm required 0.0001, 0.0002, 0.0004,
0.0009, and 0.0029 seconds for Graphs 1 through s5, respectively, while the
Sequential algorithm required the same computational times for these
graphs. In contrast, the Welch-Powell algorithm consistently required
more computational time, with values of 0.0002, 0.0004, 0.0006, 0.0014, and
0.0038 seconds for Graphs 1 through 5. The difference became more
apparent for the larger graphs. For Graph 6, the Greedy algorithm required
0.1089 seconds, compared with 0.5685 seconds for Welch-Powell and 0.1344
seconds for Sequential. For Graph 8, the respective times were 0.4766,
1.9658, and 0.5662 seconds. These results indicate that the Greedy algorithm
generally demonstrated the lowest computational time, followed by the
Sequential algorithm, whereas the Welch-Powell algorithm required the
longest processing time.

The most substantial difference in computational time occurred in
Graph 7, which contains g9oo vertices and 307,350 edges. The Greedy
algorithm completed the coloring process in 0.5474 seconds, followed by
the Sequential algorithm with a computational time of 0.6641 seconds. In
comparison, the Welch-Powell algorithm required 3.8481 seconds.
Therefore, the Welch-Powell algorithm required approximately seven
times longer than the Greedy algorithm and nearly 5.8 times longer than
the Sequential algorithm. This result demonstrates that differences in
computational efficiency become more noticeable when the graph contains
a larger number of vertices and edges. The finding also provides an
important learning implication because students can observe that
algorithm selection is not determined solely by the quality of the coloring
result. Computational efficiency should also be considered when solving
larger graph problems.

The difference in computational time can be attributed to the operational
mechanism of the Welch-Powell algorithm. After ordering the vertices according
to their degrees, the algorithm repeatedly searches for non-adjacent vertices that
can be assigned the same color. The repeated verification of adjacency
relationships introduces additional computational overhead, resulting in longer
execution times. Consequently, although the Welch-Powell algorithm produced
chromatic numbers that were equal to or lower than those of the Sequential
algorithm, it required substantially more computational time for the larger
datasets. The Greedy algorithm demonstrated the most favorable computational
performance, while the Sequential algorithm also maintained relatively low
computational times. From an educational perspective, this comparison can
support the teaching of algorithm analysis by demonstrating the trade-off between
solution quality and computational efficiency. Students can use these results to
develop a more critical understanding of how algorithmic strategies influence
performance when graph size and complexity increase.
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Discussion

The findings of this study indicate that the performance of graph coloring
algorithms varies according to graph characteristics and the evaluation criteria
used. In terms of chromatic number, the Greedy, Welch-Powell, and Sequential
algorithms produced identical results for Graphs 1 through 5. This finding is
consistent with previous research showing that different coloring strategies may
generate the same coloring results when applied to graphs with relatively simple
structures (Asgarli et al., 2025; Feghali et al., 2025). However, differences emerged
in Graphs 6 and 8, where the Greedy and Welch-Powell algorithms produced lower
chromatic numbers than the Sequential algorithm. This result indicates that
algorithmic behavior becomes more distinguishable as graph size and complexity
increase. From a theoretical perspective, these findings demonstrate that the
effectiveness of a graph coloring algorithm cannot be evaluated using a single
graph characteristic. From an educational perspective, such differences provide
students with opportunities to understand how graph structure influences
algorithmic behavior and to develop analytical thinking through direct comparison
of algorithmic solutions.

The computational-time results provide another important perspective on
algorithm performance. The Greedy and Sequential algorithms generally required
similar processing times for the smaller datasets, whereas the Welch-Powell
algorithm consistently required more computational time. The difference became
particularly substantial for the larger graphs, with the most notable difference
occurring in Graph 7. This finding is consistent with the general observation that
algorithms involving additional vertex ordering and repeated adjacency checking
may require greater computational effort (Haviv & Rabinovich, 2025; Yakut &
Karag6z, 2025). The result also complements previous findings concerning the
relatively fast execution of Sequential or First-Fit coloring approaches (D’ascenzo
et al., 2024; Rahman et al., 2024). However, the present study shows that
computational efficiency alone does not necessarily indicate superior coloring
performance. The Sequential algorithm was relatively fast but produced higher
chromatic numbers for Graphs 6 and 8. This trade-off is pedagogically valuable
because students can learn that algorithm selection involves balancing solution
quality and computational efficiency rather than simply choosing the fastest
method. Such learning can strengthen computational thinking, particularly the
ability to evaluate alternative procedures based on measurable performance
criteria.

The results have important theoretical implications for graph coloring and
algorithm analysis. The findings demonstrate that chromatic number and
computational time represent complementary measures of algorithm
performance. The chromatic number represents the minimum number of colors
required for a proper vertex coloring, while computational time can be used to
evaluate the efficiency of an algorithm in processing a given problem (Deeds et al.,
2024; Vanderbush & Weber, 2026). An algorithm may produce a lower number of
colors but require substantially more computational resources, while another
algorithm may operate faster but produce a less efficient coloring solution. This
relationship is clearly illustrated by the comparison between the Sequential and
Welch-Powell algorithms. The Sequential algorithm maintained relatively low
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computational time but generated higher chromatic numbers for Graphs 6 and 8.
Conversely, the Welch-Powell algorithm achieved chromatic numbers comparable
to the Greedy algorithm but required considerably longer execution times. In
learning contexts, these findings can be transformed into inquiry-based activities
in which students formulate hypotheses, implement algorithms, compare outputs,
and interpret performance differences. Therefore, graph coloring becomes not
only a mathematical topic but also a context for developing computational
reasoning and evidence-based decision-making.

From a practical perspective, the findings provide useful guidance for
selecting graph coloring algorithms according to the characteristics and
requirements of a problem. The Greedy algorithm demonstrated the most
favorable overall balance because it consistently required relatively low
computational time while producing chromatic numbers equal to or lower than
those generated by the Sequential algorithm. The Welch-Powell algorithm also
produced competitive chromatic numbers, but its higher computational time may
become a limitation when processing larger graphs. Meanwhile, the Sequential
algorithm can remain useful when computational speed is prioritized, although its
coloring results may be less efficient for some larger graphs. These differences have
practical relevance in scheduling, network management, resource allocation, and
other conflict-avoidance problems (Kattemolle, 2024). In educational practice,
these real-world applications can help instructors connect abstract graph theory
concepts with authentic problem solving situations. Students can be encouraged
to model scheduling or resource allocation problems as graphs and then determine
which coloring algorithm provides the most appropriate solution. This approach
can support conceptual understanding while simultaneously developing problem-
solving, programming, and decision-making skills.

The state of the art of this study lies in its simultaneous comparison of three
graph coloring algorithms across graph datasets with substantially different sizes
and structures. Previous investigations commonly focused on particular
applications or compared a limited number of algorithms (Feghali et al., 2025). In
contrast, this study evaluates the Greedy, Welch-Powell, and Sequential
algorithms using the same datasets and two consistent performance indicators:
chromatic number and computational time. This approach provides a more
comprehensive perspective on algorithmic performance. The novelty is
particularly evident in identifying situations in which algorithms that produce
similar coloring results demonstrate substantially different computational
efficiency. The results show that similar coloring quality does not necessarily imply
equivalent algorithmic performance. From an educational perspective, this
comparative framework also offers a structured learning model for introducing
algorithm analysis. Students can observe how the same graph produces different
computational behaviors and can use empirical evidence to evaluate algorithmic
strengths and limitations. Thus, the study connects graph theory, programming
practice, and computational thinking within a single learning context.

The overall contribution of this study is the provision of empirical evidence
for understanding the relative strengths and limitations of three commonly used
graph coloring algorithms. The findings show that the Greedy and Welch-Powell
algorithms can produce lower chromatic numbers than the Sequential algorithm
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for certain larger graphs, while the Greedy algorithm demonstrates superior
computational efficiency across the tested datasets. These findings provide a basis
for selecting algorithms according to specific objectives, whether minimizing the
number of colors, reducing computational time, or achieving an appropriate
balance between both criteria. Beyond algorithm comparison, the study
contributes to education by providing a concrete computational framework
through which students can understand graph coloring beyond theoretical
definitions. By implementing algorithms and analyzing actual computational
results, learners can develop algorithmic thinking, computational thinking, logical
reasoning, and problem-solving skills. The comparative results also encourage
students to justify algorithm selection using evidence rather than intuition.
Therefore, the contribution of this research extends from algorithmic evaluation
to the development of meaningful, practice-oriented graph theory learning
experiences.

CONCLUSION

This study concludes that the Greedy algorithm provides the most favorable
overall balance between computational efficiency and color minimization among
the three graph coloring algorithms evaluated, while the Welch-Powell algorithm
produces comparable coloring results but requires greater computational time,
and the Sequential algorithm offers relatively fast execution at the cost of using
more colors for some larger and more complex graphs. The main lesson from these
findings is that selecting a graph coloring algorithm should not be based solely on
execution speed or the number of colors, but should consider the trade-off
between solution quality and computational efficiency in relation to graph
characteristics. Scientifically, this study contributes empirical evidence through a
systematic comparison of three algorithms using graphs with different sizes and
two complementary performance indicators, while also providing a practical
learning framework for understanding algorithmic thinking, computational
efficiency, and evidence-based algorithm selection. Nevertheless, this study is
limited by the number and characteristics of the graph datasets, the three
algorithms evaluated, and the use of a single computational environment. Future
research should therefore examine more diverse graph structures, larger datasets,
additional coloring algorithms, and alternative performance indicators, as well as
investigate how comparative graph coloring activities can be integrated more
deeply into mathematics and computer science learning.
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