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Abstract

Recruitment in outsourcing companies requires effective matching between candidate compe-
tencies and job requirements. This study constructs and analyzes a heterogeneous candidate–
competency–position graph using real recruitment data from an outsourcing company to
examine the structural roles of competencies and their community organization. The re-
cruitment database comprised 28,289 records collected from October 2025 to August 2026,
with 875 unique candidates across five selected positions: Fitter, Maintenance, Mechanical
Technician, Electrical Technician, and Welder. Using stratified, criterion-based purposive
sampling with equal allocation, 20 candidates were selected from each position, resulting in
100 candidates. The resulting graph contained 115 vertices and 665 edges, consisting of 634
candidate–competency relationships and 31 competency–position relationships. Normalized
betweenness centrality ranked Technical Drawing Reading highest (CB = 0.197077), followed
by Welding (0.185315) and Teamwork (0.141790). Louvain community detection with reso-
lution 1.0, weight=None, and random seed 38 identified five communities with modularity
Q = 0.079237. A 30-run stability analysis produced three to six communities, with a mean
pairwise ARI of 0.137730, indicating variation across random initializations. The findings
are interpreted as exploratory structural patterns rather than statistically representative
community structures.
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1. Introduction
The workforce recruitment process involves matching candidates with the requirements of a
specific job position [1]. This process is increasingly complex because a position typically requires
a combination of complementary skills, while the vast number of potential candidate-position
pairings makes finding a suitable match particularly challenging [1, 2]. The digitalization of the
economy has expanded the availability of data on job vacancies, curricula vitae, and job seekers
across various online platforms. These data contain information on skills and competencies
that can complement conventional administrative statistics and facilitate a deeper analysis of
the balance between skill supply and demand, including the identification of skill mismatches
and shortages of workers with specific expertise [3, 4]. Consequently, an analytical approach
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is required that goes beyond analyzing skills in isolation to also consider the interrelationships
between the various elements of the recruitment process.

A graph-theoretic approach can be used to analyze relationships among skills by representing
skills as vertices and their co-occurrence in job postings as edges. Liu et al. analyzed 65 million
job postings in the UK using community detection, as well as closeness and betweenness centrality,
to map the national skill graph structure [5]. Maghsoudi applied four centrality measures—degree,
betweenness, closeness, and eigenvector centrality—to a skill graph constructed from computer
science job postings [6]. Meanwhile, Waters and Shutters analyzed skill co-location networks
across metropolitan areas using weighted degree, closeness, and betweenness centrality, and
applied Louvain community detection to examine their community structures [7]. Beyond skill-
level analysis, research in the recruitment domain has begun using heterogeneous graphs, which
allow multiple types of entities and relationships to be represented simultaneously. Behar et al.
constructed a heterogeneous recruiting graph linking job information with a candidate knowledge
graph to support job recommendations [2]. Subsequently, Behar et al. developed TIMBRE
(Temporal Integrated Model for Better Recommendations), a heterogeneous recruitment graph
comprising eleven vertex types derived from real application data, and used it to recommend
candidates with Graph Neural Networks [8]. Frazzetto et al. also constructed a candidate
graph based on similarities in curricula vitae, including skills, industry sectors, education, and
languages, and used Graph Neural Networks to predict candidates’ progression through different
stages of the job selection process [9].

To address this research gap, this study employs betweenness centrality and Louvain com-
munity detection, which provide distinct yet complementary structural insights. Betweenness
centrality is used to identify vertices that hold pivotal positions as connectors or bridges, based
on the extent to which they participate in the shortest paths between other pairs of vertices.
Research by Zhang and Chen indicates that modularity-based community detection methods,
particularly the Louvain method, can be applied to heterogeneous networks even when the number
of communities is not known in advance [10]. The choice of community detection algorithm
must align with the research question and the nature of the graph, given that each method
entails a different approach and set of characteristics [11]. In this study, the Louvain method was
selected because it utilizes a modularity optimization approach capable of effectively identifying
community structures in large-scale graphs [12]. However, the Louvain method has a known
limitation called the resolution limit, which can make it difficult to detect small communities
[13].

Applying both methods together allows this study not only to identify competencies that
occupy structurally central positions, but also to examine how these competencies are organized
within community structures. To address the identified gap, this study models the recruitment
process as a heterogeneous graph with three vertex types (candidates, competencies, and job
positions) using internal recruitment data from an outsourcing company. Unlike approaches that
focus mainly on skill co-occurrence or candidate-job recommendation, the proposed framework
jointly examines normalized betweenness centrality, Louvain community structure, the candidate-
position match score F (c, p), and the formal breadth of competency requirements. The candidate-
position application relationship is deliberately excluded from the graph topology, so that
candidate-position suitability is represented indirectly through competency relationships. This
combination offers a structural perspective on workforce competencies that complements formal
position requirements. The novelty of this study lies in combining structural centrality, community
detection, competency-position alignment, and formal competency breadth within the same
heterogeneous recruitment graph, using actual internal recruitment records. This integration
makes it possible to examine whether competencies that are formally required across many
positions also occupy structurally central roles in candidate competency profiles. The analysis
provides an empirical observation that formal breadth and network centrality do not necessarily
coincide, offering a complementary structural perspective that is not obtained from formal
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competency requirements alone.

2. Methods
The recruitment database comprised 28,289 records collected between October 2025 and August
2026. From this database, 875 unique candidates were identified across five selected job positions:
126 Fitter candidates, 357 Maintenance candidates, 65 Mechanical Technician candidates, 39
Electrical Technician candidates, and 288 Welder candidates. Instead of random sampling, this
study employed stratified, criterion-based purposive sampling with equal allocation across strata
[14].

The five positions were deliberately chosen because their competency requirements overlap,
which allows them to form a connected candidate–competency–position network. The remaining
records were then grouped into strata according to the position each candidate had applied for.
A record was deemed eligible when the candidate (1) had applied for one of the five selected
positions, (2) had sufficient information in the Experience and/or Skills fields to identify at least
one competency, and (3) held at least one mandatory competency for that position, meaning a
match score of F (c, p) > 0. Candidates who held none of the mandatory competencies for the
position they applied for (F (c, p) = 0) were removed.

The original database included some candidates who had submitted more than one application.
The final sample was therefore screened for duplicates, and none were found among candidate
IDs, candidate-position combinations, or candidate-competency combinations. In addition, every
selected record had complete competency information. In each position stratum, the researcher
manually chose 20 candidates who had applied for that position and whose competencies were
relevant to its mandatory requirements [14]. The analytical sample therefore consisted of 100
candidates.

The competency information was derived from the free-text Experience and Skills fields
recorded for each candidate. Because candidates expressed similar abilities using different words
or phrases, the information from these two fields was manually interpreted and grouped into ten
standardized competency categories used in the graph analysis: Teamwork, Occupational Health
and Safety (OHS), Welding, Electrical Fundamentals, Troubleshooting, Machine Maintenance,
Machine Operation, Technical Drawing Reading, Use of Measuring Tools, and AutoCAD. The
grouping was based on semantic similarity rather than exact wording. For example, expressions
describing the ability to work with a team were mapped to Teamwork, while expressions
describing the ability to read technical drawings, use measuring instruments, perform welding,
operate machines, conduct machine maintenance, perform troubleshooting, understand electrical
fundamentals, or use AutoCAD were mapped to the corresponding standardized competency. A
candidate was considered to possess a competency when the corresponding meaning was identified
in either the Experience or Skills field. The standardized competency information was then used
to construct the candidate–competency relationships in the heterogeneous graph.

Equal allocation was used so that all five positions would be represented comparably in the
heterogeneous graph. This prevents any one position from dominating the network structure and
keeps the graph manageable for structural analysis and interpretation. Nevertheless, because
the allocation was intentionally balanced instead of proportional, and because candidates were
chosen manually instead of randomly, the network topology of this sample may not mirror that
of the full recruitment population. The results should thus be read as structural characteristics
of the balanced sample, not as statistically representative patterns of the whole database. Lastly,
although the applied position guided both candidate selection and stratification, the candidate–
position relationship was not included as a direct edge in the heterogeneous graph. Candidates
and positions are connected only indirectly through competency vertices.

Formal breadth denotes the number of job positions whose mandatory competency require-
ments include a given competency. A heterogeneous graph G = (V, E) features more than one
type of vertex and/or relation; V represents the set of vertices, and E represents the set of edges
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Table 1: Mandatory competencies by position

Competency Fitter Electrical
Technician

Mechanical
Technician Maintenance Welder Positions

requiring
Machine Operation 0
Machine Maintenance ✓ ✓ 2
Troubleshooting ✓ ✓ ✓ 3
Teamwork ✓ ✓ ✓ ✓ ✓ 5
Use of Measuring Tools ✓ ✓ ✓ ✓ ✓ 5
OHS ✓ ✓ ✓ ✓ ✓ 5
Electrical Fundamentals ✓ ✓ ✓ 3
Welding ✓ ✓ ✓ ✓ 4
AutoCAD ✓ 1
Technical Drawing Reading ✓ ✓ ✓ 3
Number of competencies 5 6 8 7 5

indicating relationships between vertices, including relationships between different vertex types
[15, 16]. This structure is suitable for modeling problems involving multiple types of entities and
relationships that occur simultaneously, such as in recommendation systems and job matching
[8, 17]. The set of vertices V consists of three types of entities: candidates, competencies, and
job positions, while the set of edges E comprises the relationships between candidates and
competencies, and between competencies and job positions, where the latter are defined by the
mandatory competencies listed in Table 1. For instance, a candidate might possess welding skills,
whereas a welder requires welding skills; thus, competencies serve as a link connecting candidates
to suitable jobs. This method enables relationships between different entities to be represented
within a single graph structure. The vertex set is defined in Eq. (1), which specifies the three
types of vertices included in the graph: candidates, competencies, and job positions.

V = Vc ∪ Vk ∪ Vp (1)

where:
• Vc denotes the set of candidate vertices;
• Vk denotes the set of competency vertices;
• Vp denotes the set of job-position vertices.

In the constructed graph, the vertex sets consist of 100 candidates, 10 competencies, and 5
job positions, respectively. Therefore, the total number of vertices is calculated as follows:

|V | = |Vc| + |Vk| + |Vp| = 100 + 10 + 5 = 115.

Meanwhile, the set of edges E connects these entities and encompasses two types of relationships:
candidate-competency relationships, indicating that a candidate possesses a specific competency,
and competency-position relationships, indicating that a job position requires a specific compe-
tency [18]. The edge set E contains no direct relationships between candidates and the positions
they applied for. Although the recruitment database records the position each candidate officially
applied for, this information was used only to select candidates and to define the reference
position p in Eq. (2). The application relationship was deliberately not represented as an edge,
so that the graph reflects candidate suitability based on competency relationships rather than
on the initial application. Candidate-position suitability is thus captured indirectly through
candidate-competency and competency-position relationships.

The graph was constructed in Python using the NetworkX library as an undirected, unweighted
simple graph, so no weights were assigned to its edges. Under this simple-graph structure, multiple
occurrences of the same vertex pair were collapsed into a single edge. This one graph served as
the basis for the visualization, the betweenness centrality analysis, and the Louvain community
detection. The resulting graph comprised 115 vertices (100 candidates, 10 competencies, and
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5 job positions) and 665 edges, of which 634 were candidate-competency edges and 31 were
competency-position edges.

A candidate’s suitability for a position is calculated based on the degree to which the candidate
possesses the competencies required by that position. This formula was developed specifically for
this study to demonstrate how well mandatory competencies are met in a manner that is simple,
quantifiable, and interpretable, yielding values ranging from 0 to 1. The candidate-position
match score is calculated using Eq. (2):

F (c, p) = M(c, p)
|Rp|

(2)

Here, p denotes the actual job position applied for by candidate c as recorded in the recruitment
database. It is used as the reference position for calculating the match score and is not inferred
from the graph. The terms are defined as follows:

• F (c, p) denotes the match score of candidate c for position p, ranging from 0 to 1. A score
of 0 indicates that candidate c possesses none of the mandatory competencies, whereas a
score of 1 indicates that candidate c possesses all of them;

• M(c, p) denotes the number of mandatory competencies for position p possessed by candi-
date c;

• Rp denotes the set of mandatory competencies required for position p, and |Rp| denotes
the number of competencies in that set.

Eq. (2) is used to calculate the match score of each candidate for the position they applied
for. The resulting scores are used to screen eligible candidates based on the criterion F (c, p) > 0,
summarize the match-score distribution in Table 2, and compare match-score statistics across
positions in Table 3. This competency intersection ratio approach aligns with the suitability
ratio method used in skill-extraction-based candidate-job matching systems [19].

Additionally, betweenness centrality is used to identify capabilities that serve as crucial
connectors within a graph. This metric indicates how frequently a vertex lies on the shortest
path connecting two other vertices. Consequently, competencies with high betweenness centrality
values can be viewed as bridging competencies that connect various groups of competencies and
distinct positions [20]. The normalized betweenness centrality is calculated using Eq. (3).

CB(v) = 2
(n − 1)(n − 2)

∑︂
s<t

σst(v)
σst

(3)

where:
• CB(v) denotes the normalized betweenness centrality of vertex v;
• σst denotes the total number of shortest paths connecting vertices s and t;
• σst(v) denotes the number of shortest paths connecting vertices s and t that pass through

vertex v, where v ̸= s and v ̸= t;
• n denotes the total number of vertices in the graph.

Betweenness centrality was calculated using the betweenness_centrality function from the
NetworkX library on the same undirected and unweighted graph, with normalization enabled
(normalized=True). The resulting values correspond to the normalized betweenness centrality
defined in Eq. (3). These values were used to rank all ten competency vertices, produce the
results presented in Table 4, and establish the descriptive classification of Bridge and Specific
competencies. A competency with a high betweenness centrality value can be viewed as one that
potentially serves as a strategic link between various groups of competencies and positions. This
approach aligns with the concept of bridge skills in job and competency graphs [21].

For descriptive classification, the ten competency vertices were ranked according to their
normalized betweenness centrality values. The five highest-ranked competencies were categorized

Nasya Lailatur Romadona 2519



Application of a Heterogeneous Graph for Analyzing Workforce Competency Networks

as Bridge competencies, whereas the remaining five were categorized as Specific competencies.
No absolute betweenness-centrality threshold was used; the classification was based solely on
the rank of the ten competency vertices, with ranks 1–5 classified as Bridge and ranks 6–10 as
Specific. This classification is relative to the ten competencies included in the analysis and is
intended solely for descriptive interpretation rather than as an externally validated competency
taxonomy.

Community detection in this study was performed using the Louvain algorithm implemented in
NetworkX version 3.4.2. The algorithm was applied to the same undirected and unweighted graph
with a resolution parameter of 1.0 and weight=None. A fixed random seed of 38 was used for
the primary analysis to ensure reproducibility of the reported partition. The Louvain algorithm
groups vertices that share relatively strong connections through a modularity optimization
process [12]. Its application aims to identify communities of competencies and positions that
exhibit similar connectivity patterns. Consequently, the naturally formed structure of job and
competency groups within the graph can be identified. The modularity value Q is calculated
using Eq. (4).

Q = 1
2m

∑︂
ij

[︃
Aij − kikj

2m

]︃
δ(ci, cj) (4)

where:
• Q denotes the modularity value of the graph; higher values generally indicate stronger

community structure;
• Aij denotes the adjacency-matrix element for vertices i and j, equal to 1 if an edge connects

them and 0 otherwise;
• ki and kj denote the degrees of vertices i and j, respectively, and m denotes the total

number of edges;
• ci and cj denote the communities assigned to vertices i and j;
• δ(ci, cj) denotes the Kronecker delta, equal to 1 if ci = cj and 0 otherwise.

Eq. (4) is used to evaluate the quality of the community partition generated by the Louvain
algorithm through the modularity value Q. The modularity value of the primary partition
obtained using random seed 38 is reported in Section 3.3, while the modularity results across 30
random seeds are summarized in Table 5. The modularity measure was introduced by Newman
and Girvan in 2004 [22]. It was subsequently used as the optimization objective in the Louvain
algorithm [12]. This algorithm operates iteratively by moving vertices from one community
to another to increase the Q value. Subsequently, the formed communities are merged and
represented as new vertices in the next iteration. This process continues until there is no further
significant increase in modularity. The application of the Louvain algorithm to job skill graphs
has also been employed in previous research to group jobs and competencies into communities
that are strongly interconnected internally yet relatively distinct from other communities [21].

2.1. Louvain Stability Analysis
A stability analysis was performed to examine whether the detected community structure depends
on random initialization. Louvain was run 30 times on the same graph with a resolution parameter
of 1.0, using fixed random seeds 1–29 and 38, where seed 38 produced the primary partition.
The number of communities and the modularity value were recorded for every run. Partition
similarity was then quantified with the Adjusted Rand Index (ARI), both across all pairs of the
30 partitions and between each partition and the primary partition (seed 38).

2.2. Sampling Robustness Analysis
To further assess the sensitivity of the network results to candidate composition, a sampling-
robustness analysis was performed using 30 alternative balanced samples. Each alternative
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sample contained 20 candidates from each of the five applied-position strata, resulting in 100
candidates per sample. Candidate pools were formed after applying the same match-score
criterion, F (c, p) > 0, used in the primary study. The resulting candidate pools consisted of
80 Fitter candidates, 292 Maintenance candidates, 55 Mechanical Technician candidates, 36
Electrical Technician candidates, and 282 Welder candidates.

The 30 alternative samples were generated using fixed sampling seeds from 101 to 130.
A candidate could appear in different alternative samples but could not be selected more
than once within the same sample. For each alternative sample, the same ten standardized
competency categories, semantic mapping rules, graph construction procedure, and 31 mandatory
competency-position relationships used in the primary analysis were retained. The graph remained
an undirected and unweighted heterogeneous graph without direct candidate-position edges.

For each alternative sample, normalized betweenness centrality was recalculated and compared
with that of the primary graph using the overlap of the five highest-ranked competencies and
Spearman rank correlation. The rank position of Teamwork was also recorded. Louvain
community detection was performed using the same settings as the primary analysis, namely
NetworkX version 3.4.2, resolution 1.0, weight=None, and random seed 38. Because candidate
vertices differed across alternative samples, community similarity with the primary graph was
evaluated only on the 15 shared non-candidate vertices, consisting of the ten competency vertices
and five job-position vertices, using the Adjusted Rand Index (ARI). The number of detected
communities was also recorded for each alternative sample.

3. Results and Discussion
The heterogeneous graph constructed from the company’s internal recruitment data comprises 115
vertices: 100 candidate vertices, 10 competency vertices, and 5 job-position vertices. The graph
contains 665 edges, consisting of 634 candidate–competency relationships and 31 competency–
position relationships. The 100 candidates are evenly distributed across the five applied-position
strata, namely Fitter, Maintenance, Mechanical Technician, Electrical Technician, and Welder,
with 20 candidates selected within each stratum. As shown in Figure 1, job-position vertices are
arranged at the top, competency vertices occupy the middle rows, and candidate vertices are
aligned along the bottom. The connecting edges represent candidate–competency relationships
and mandatory competency–position relationships.

3.1. Candidate-Position Match Score Analysis
A match score F (c, p) is determined for each candidate based on a comparison between the
mandatory competencies they possess and the total mandatory competencies required for the
position applied for. Mandatory competency requirements vary by position: the Mechanical
Technician role has the highest requirement, with 8 competencies, followed by Maintenance with
7, Electrical Technician with 6, and Fitter and Welder with 5 competencies each. Based on the
score distribution in Table 2, 54 out of 100 candidates achieved an F score of 0.8 or higher, while
20 candidates scored below 0.6.

Table 2: Distribution of Match Scores F (c, p)
Score Range Number of Candidates
0.0–0.2 0
0.2–0.4 1
0.4–0.6 19
0.6–0.8 26
0.8–1.0 54

Table 2 shows that 54% of candidates obtained scores of 0.8–1.0, while 20% scored below
0.6. The overall mean match score was 0.754. The variation in match scores across positions is
presented in Table 3.
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Workforce Competency Heterogeneous Graph

Position–Competency–Candidate Structure (100 candidates)

Candidate vertex
Competency vertex

Job-position vertex
Candidate–competency relationship

Mandatory competency–position relationship

Fig. 1: Heterogeneous Workforce Competency Graph

Table 3: Match Score Statistics F (c, p) by Position

Position Number of Candidates Average F Min Max

Maintenance 20 0.879 0.571 1.000
Electrical Technician 20 0.875 0.333 1.000
Welder 20 0.840 0.400 1.000
Mechanical Technician 20 0.725 0.500 0.875
Fitter 20 0.450 0.400 0.600

The results show that Maintenance had the highest average match score of 0.879, followed by
Electrical Technician at 0.875 and Welder at 0.840. Mechanical Technician had an average score
of 0.725, while Fitter had the lowest average score at 0.450. These differences reflect variation
in the extent to which the selected candidates possessed the mandatory competencies of their
respective positions. The candidate alignment patterns for the five positions are presented in
Figures 2–6.

3.2. Betweenness Centrality Analysis
The betweenness centrality calculation results show that Technical Drawing Reading has the
highest normalized betweenness centrality value (CB = 0.197077), followed by Welding (0.185315),
Teamwork (0.141790), and Use of Measuring Tools (0.095099), as presented in Table 4. Technical
Drawing Reading has the highest normalized betweenness centrality, indicating that it occupies
an important bridging position between different parts of the heterogeneous network. Welding
and Teamwork follow as the second- and third-ranked competencies, respectively. The high
centrality of these competencies suggests that they participate in shortest paths connecting
diverse candidate competency profiles and position requirements. In contrast, AutoCAD has the
lowest betweenness centrality value (0.024269), indicating more limited structural connectivity in
the observed network. The complete ranking is shown in Table 4.
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Welding

Technical Drawing Reading

Use of Measuring Tools

Teamwork

Occupational Health & Safety

K081
K082
K083
K084
K085
K086
K087
K088
K089
K090
K091
K092
K093
K094
K095
K096
K097
K098
K099
K100

Candidate Alignment: Fitter
20 candidates | 5 mandatory competencies | mean match: 2.25/5 (F = 0.450)

Job position
Mandatory competency

Candidate
Position requirement

Candidate–competency match

Fig. 2: Candidate alignment with mandatory competencies for Fitter.

Table 4: Competencies with the Highest Betweenness Centrality

Rank Competency Betweenness Centrality

1 Technical Drawing Reading 0.197077
2 Welding 0.185315
3 Teamwork 0.141790
4 Use of Measuring Tools 0.095099
5 Troubleshooting 0.077063
6 Electrical Fundamentals 0.069133
7 OHS (Occupational Health and Safety) 0.057647
8 Machine Operation 0.034395
9 Machine Maintenance 0.033441
10 AutoCAD 0.024269

3.3. Louvain Community Detection
Running the Louvain algorithm on the heterogeneous workforce competency graph with a fixed
random seed of 38 produced five communities with a modularity of Q = 0.079237. The analysis
used the same undirected, unweighted graph of 115 vertices and 665 edges. The resulting partition
is shown in Figure 7.

A modularity of Q = 0.079237 indicates relatively weak separation among the detected
communities. The community structure is therefore best interpreted as an exploratory partition
rather than as evidence of sharply separated competency groups. This low modularity is
consistent with the overlapping connectivity among candidate competency profiles, competencies,
and job positions. The communities in the seed-38 partition are described below in terms of the
competency and job-position vertices:
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Electrical Fundamentals

Welding

Use of Measuring Tools

Machine Maintenance

Teamwork

Troubleshooting

Occupational Health & Safety

K061
K062
K063
K064
K065
K066
K067
K068
K069
K070
K071
K072
K073
K074
K075
K076
K077
K078
K079
K080

Candidate Alignment: Maintenance
20 candidates | 7 mandatory competencies | mean match: 6.15/7 (F = 0.879)

Job position
Mandatory competency

Candidate
Position requirement

Candidate–competency match

Fig. 3: Candidate alignment with mandatory competencies for Maintenance.

1. Community K0 contains Teamwork and Occupational Health and Safety (OHS), together
with the Fitter and Welder position vertices.

2. Community K1 contains Technical Drawing Reading and Welding.
3. Community K2 contains Electrical Fundamentals, Machine Maintenance, Troubleshooting,

and Use of Measuring Tools, together with the Electrical Technician, Mechanical Technician,
and Maintenance position vertices.

4. Community K3 contains Machine Operation as its only competency vertex.
5. Community K4 contains AutoCAD as its only competency vertex.

Technical Drawing Reading has the highest normalized betweenness centrality and belongs
to Community K1, while Welding also belongs to K1. Teamwork belongs to Community K0
together with OHS and the Fitter and Welder position vertices. This illustrates that betweenness
centrality and community membership capture different structural properties. Betweenness
centrality identifies vertices that frequently lie on shortest paths between other vertices, whereas
Louvain groups vertices according to their connectivity patterns. A competency can therefore
have high structural centrality without being distributed across multiple communities.

To assess the robustness of the partition, a Louvain stability analysis was run with 30 different
random seeds, keeping the graph, resolution parameter, and weighting scheme fixed. Three
communities appeared in 1 of the 30 runs, four communities in 16 runs, five communities in 12
runs, and six communities in 1 run. Modularity ranged from 0.071103 to 0.088973, with a mean
of 0.078088 and a standard deviation of 0.004690. Seed 38 produced a modularity of 0.079237,
but it was not the maximum among the tested initializations. Nevertheless, the variation in the
number of communities and modularity demonstrates sensitivity to random initialization.

Partition similarity was also assessed with the Adjusted Rand Index (ARI). Across all pairs
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Machine Maintenance

Troubleshooting

Teamwork

Use of Measuring Tools

Occupational Health & Safety

Electrical Fundamentals

Welding

AutoCAD

K041
K042
K043
K044
K045
K046
K047
K048
K049
K050
K051
K052
K053
K054
K055
K056
K057
K058
K059
K060

Candidate Alignment: Mechanical Technician
20 candidates | 8 mandatory competencies | mean match: 5.80/8 (F = 0.725)

Job position
Mandatory competency

Candidate
Position requirement

Candidate–competency match

Fig. 4: Candidate alignment with mandatory competencies for Mechanical Technician.

of the 30 partitions, the mean ARI was 0.137730, with values between −0.144487 and 0.654378.
For the 29 runs other than the reference seed 38, the ARI against the seed-38 partition ranged
from −0.017857 to 0.654378, with a median of 0.232804 and a mean of 0.229715. These values
indicate that the exact community partition varies across random initializations. The seed-38
structure is therefore used as a reproducible reference partition for interpretation, while its
specific community membership should not be treated as a uniquely stable solution. The 30-run
Louvain stability results are summarized in Table 5.

Table 5: Louvain Stability Analysis Across 30 Random Seeds
Measure Value
Number of runs 30
3 communities 1/30
4 communities 16/30
5 communities 12/30
6 communities 1/30
Mean modularity 0.078088
Standard deviation of modularity 0.004690
Minimum modularity 0.071103
Maximum modularity 0.088973
Mean pairwise ARI 0.137730
Minimum pairwise ARI -0.144487
Maximum pairwise ARI 0.654378
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Troubleshooting

Teamwork

Use of Measuring Tools

Occupational Health & Safety

Electrical Fundamentals

Technical Drawing Reading

K021
K022
K023
K024
K025
K026
K027
K028
K029
K030
K031
K032
K033
K034
K035
K036
K037
K038
K039
K040

Candidate Alignment: Electrical Technician
20 candidates | 6 mandatory competencies | mean match: 5.25/6 (F = 0.875)

Job position
Mandatory competency

Candidate
Position requirement

Candidate–competency match

Fig. 5: Candidate alignment with mandatory competencies for Electrical Technician.

3.4. Sampling Robustness Results
The sampling-robustness analysis used 30 alternative balanced samples, each consisting of 100
candidates drawn as 20 candidates from each of the five applied-position strata. The alternative
samples were generated from the candidate pools after applying the same match-score criterion
F (c, p) > 0 used in the primary study. The candidate pools contained 80 Fitter candidates,
292 Maintenance candidates, 55 Mechanical Technician candidates, 36 Electrical Technician
candidates, and 282 Welder candidates.

This analysis assessed whether the observed competency centrality rankings and community
structure were sensitive to changes in candidate composition, while the graph construction and
competency–position requirements were held fixed. Across the 30 alternative samples, the mean
overlap between the five highest-ranked competencies and the primary top-five ranking was
2.067. The mean Spearman rank correlation between the normalized betweenness centrality
rankings of the alternative samples and that of the primary graph was ρ = 0.227071. Teamwork
remained among the upper-ranked competencies, with its rank ranging from 4th to 7th across
the alternative samples.

The community structure also varied across alternative candidate compositions. The number
of Louvain communities ranged from 3 to 7 across the 30 alternative samples, compared with five
communities in the primary graph. When evaluated only on the 15 competency and job-position
vertices shared across graphs, the mean ARI relative to the primary partition was 0.179801. These
results indicate that both the centrality ranking and community organization are sensitive to
candidate composition, although some competencies remained among the relatively higher-ranked
competencies across alternative samples. The results of the sampling-robustness analysis across
the 30 alternative samples are summarized in Table 6.

The relationship between the structural roles of competencies, their community membership,
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Technical Drawing Reading
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Use of Measuring Tools

Teamwork
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K018
K019
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Candidate Alignment: Welder
20 candidates | 5 mandatory competencies | mean match: 4.20/5 (F = 0.840)

Job position
Mandatory competency

Candidate
Position requirement

Candidate–competency match

Fig. 6: Candidate alignment with mandatory competencies for Welder.

Louvain Community Detection (Heterogeneous Graph)
5 communities

Community K0
Community K1
Community K2

Community K3
Community K4

Candidate–competency relationship
Mandatory competency–position relationship

Fig. 7: Louvain Community Detection Results on the Heterogeneous Workforce Competency Graph
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Table 6: Sampling Robustness Analysis Across 30 Alternative Samples

Measure Value

Number of alternative samples 30
Candidates per sample 100
Candidates per position 20
Mean top-5 overlap with primary 2.067
Mean Spearman ρ with primary 0.227071
Teamwork rank range 4–7
Community count range 3–7
Mean ARI vs. primary (15 shared vertices) 0.179801

and their formal breadth was examined by combining the normalized betweenness centrality results
in Table 4, the Louvain community assignments, and the formal breadth of each competency.
Formal breadth denotes the number of job positions whose mandatory competency requirements
include a given competency. The combined results are presented in Table 7.

Table 7: Structural Position and Formal Breadth of Competencies
Competency BC Rank Community Community Composition Positions

Requiring
Category

Technical Drawing Reading 0.197077 1 K1 Technical Drawing/Welding 3/5 Bridge
Welding 0.185315 2 K1 Technical Drawing/Welding 4/5 Bridge
Teamwork 0.141790 3 K0 Fitter/Welder 5/5 Bridge
Use of Measuring Tools 0.095099 4 K2 Electrical/Maintenance/Mechanical 5/5 Bridge
Troubleshooting 0.077063 5 K2 Electrical/Maintenance/Mechanical 3/5 Bridge
Electrical Fundamentals 0.069133 6 K2 Electrical/Maintenance/Mechanical 3/5 Specific
OHS (Occupational Health
and Safety)

0.057647 7 K0 Fitter/Welder 5/5 Specific

Machine Operation 0.034395 8 K3 Machine Operation 0/5 Specific
Machine Maintenance 0.033441 9 K2 Electrical/Maintenance/Mechanical 2/5 Specific
AutoCAD 0.024269 10 K4 AutoCAD 1/5 Specific

The results show that structural centrality and formal breadth do not necessarily coincide.
Teamwork and Use of Measuring Tools are formally required for all five positions, with Teamwork
ranking third (CB = 0.141790) and Use of Measuring Tools ranking fourth (CB = 0.095099),
whereas OHS, despite also having a formal breadth of 5/5, ranks seventh (CB = 0.057647).
Welding is formally required for four of the five positions and ranks second, while Technical
Drawing Reading is formally required for three positions but has the highest betweenness
centrality. Machine Operation is not a mandatory requirement for any of the five selected
positions, giving it a formal breadth of 0/5, yet it retains a non-zero betweenness centrality of
0.034395 because it appears in candidate competency profiles. AutoCAD has the lowest centrality
and is formally required for only one position. These findings indicate that structural importance
is influenced not only by formal competency breadth but also by how competencies are connected
through candidate profiles in the network.

In the seed-38 partition, the five Bridge competencies are distributed across Communities K0,
K1, and K2, rather than being concentrated in a single community. The presence of separate
communities for Machine Operation and AutoCAD further indicates that some competencies
form structurally isolated parts of the observed network. Because the stability analysis shows
variation across random initializations, however, these community-level patterns should be treated
as exploratory rather than as fixed organizational domains.

These findings provide a structural perspective on competency requirements, but their
practical interpretation should remain cautious. The results should not be used directly to assign
workers to job rotations or to design training programs, particularly because the study relies
on a purposively selected, equally allocated sample of 100 candidates from a single recruitment
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database, and the Louvain partition is sensitive to random initialization. The analysis is also
limited to competency-based relationships: the position each candidate actually applied for was
recorded and used as the reference position p in computing F (c, p), but the candidate–position
application relationship was intentionally left out of the graph as an edge. Future studies could
compare the competency-based alignment score F (c, p) with the positions candidates actually
applied for, to examine how formal competency requirements, observed competency structures,
and application behavior relate to one another.

4. Conclusion
This study constructed a heterogeneous candidate–competency–position graph from internal
recruitment data to examine the structural role of workforce competencies. The final graph
comprised 115 vertices and 665 edges, consisting of 100 candidates, 10 competencies, and 5 job
positions. Normalized betweenness centrality identified Technical Drawing Reading as the most
structurally central competency (CB = 0.197077), followed by Welding (0.185315) and Teamwork
(0.141790). The results demonstrate that structurally central competencies do not necessarily
correspond directly to the breadth of their formal requirements across job positions.

The Louvain analysis with random seed 38 produced five communities with a modularity
of Q = 0.079237. The stability analysis and sampling-robustness analysis showed variation in
both community structure and competency rankings across different initializations and candidate
compositions. Therefore, the detected community structure and centrality patterns should be
interpreted as exploratory characteristics of the balanced sample rather than as uniquely stable
or statistically representative structures. The findings are limited by the purposively selected,
equally allocated sample of 100 candidates from a single recruitment database, the sensitivity
of the network results to candidate composition and Louvain initialization, and the exclusion
of direct candidate–position application relationships from the graph topology. Future research
could extend the analysis using larger and more diverse datasets, alternative sampling designs,
weighted competency relationships, and comparisons between competency-based alignment and
actual application behavior.
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