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Abstract

Assembling expert teams under strict skill-coverage and communication-distance con-
straints is a fundamental challenge in collaborative knowledge work. Existing learning-
based approaches excel at probabilistic link prediction but cannot reliably enforce hard
logical constraints or provide interpretable justifications. This study presents a construc-
tive heuristic framework for team formation on Heterogeneous Information Networks
(HINSs), integrating authors, papers, departments, and organizations into a unified graph
database. Seven algorithms exploit distinct structural features—topological proximity, co-
authorship history, organizational affiliation, citation impact, and temporal recency—and
guarantee constraint satisfaction by construction. Experiments on a subset of the AMiner
DBLP dataset (~625,000 nodes, 973,000 edges) covering 12,045 formation requests across
147 configurations show that algorithm choice is the dominant determinant of runtime,
while skill frequency governs feasibility: success rates decline from 81.2% under abundant
keywords to 14.9% in the long tail. Algorithms further form statistically distinct clus-
ters in communication cost, and specialized heuristics operate in nearly disjoint solution
spaces—supporting a toolbox approach over single-algorithm deployment. These results
provide actionable selection guidance: proximity-based algorithms for communication-
efficient teams; citation- or recency-aware algorithms when impact matters; cohesion-based
algorithms when internal collaboration is the priority.

Keywords: team formation; heterogeneous information networks; constructive heuristics;
graph database; organizational affiliation; interpretability; academic collaboration

1. Introduction

Team formation is a critical challenge across diverse domains, from optimizing student
project groups [1] to assembling expert reviewers [2] and sports teams [3]. As collaborative
tasks grow in scope and complexity, the need for analytical methods that can systematically
identify compatible, high-performing combinations of experts has become increasingly
clear [4].

While early approaches focused on simple skill matching, modern research leverages
social network analysis to model the communication costs and collaborative potential of
candidate teams. Recent work on Heterogeneous Information Networks (HINs) often
adopts embedding-based machine learning models (e.g., GNNs, contrastive learning) [5-8].
Although these methods are powerful for probabilistic link prediction, they compress
relational semantics into latent vectors, making team recommendations difficult to interpret.
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Furthermore, probabilistic models can struggle to enforce the strict and project-dependent
hard constraints required for practical team formation, such as guaranteeing specific skill
coverage or bounding maximum communication distance.

Motivated by the evidence that co-authorship relations and organizational affiliations
are strong predictors of academic collaboration [9,10], this work focuses on a constructive
HIN framework with essential entities (author, paper, department, and organization).
Unlike “black-box” approaches, our graph-database-driven heuristic design ensures that
every recommendation is topologically valid and semantically explainable. This structure
also serves as an extensible foundation, allowing future integration of new nodes such as
patents or projects without requiring opaque feature extraction.

We position this work as a foundational step towards a unified, parametric team-
formation model. Rather than claiming a single globally optimal solution, we introduce
a toolbox of seven constructive heuristic algorithms. Concretely, the toolbox accepts a
set of required skill keywords and a maximum communication distance as inputs, and
returns—for each selected algorithm—a team of authors represented as a subgraph of the
HIN, where author nodes cover all requested skills and their inter-author distances satisfy
the specified bound. The seven algorithms differ in which network features they prioritize
(topological proximity, co-authorship history, organizational affiliation, citation impact, or
temporal recency), giving practitioners a menu of strategies to match their specific context.
Because every recommendation is derived from explicit graph traversal, the rationale for
each team member’s inclusion remains fully auditable.

A key practical challenge in this setting is skill scarcity: when required expertise
is rare in the network, no algorithm can guarantee team completion regardless of its
traversal strategy. Quantifying how skill frequency and network sparsity interact with
algorithmic choice—and identifying which heuristics degrade most gracefully under sparse
conditions—is therefore as important as algorithm design itself. To this end, we evaluate
all seven algorithms across a factorial design of 12,045 team-formation attempts spanning
147 configurations of keyword frequency, team size, and algorithm.

The main contributions of this work are as follows:

*  Scale and scope: Building on prior work that introduced organizational affiliations
into HIN-based team formation at national scale [11], this study extends the framework
to an international corpus (AMiner DBLP, ~625,000 nodes, 973,000 edges), capturing
cross-institutional and cross-national collaboration patterns.

*  Algorithm design: Seven independently operable heuristic algorithms, collectively
spanning topological, relational, temporal, and impact-based dimensions of the net-
work, are designed so that any returned team is guaranteed to satisfy all specified
constraints by construction.

* Interpretability: Every recommendation is produced by explicit graph traversal,
making the inclusion of each team member fully traceable—without latent embeddings
or black-box inference.

. Empirical validation: A large-scale experiment (12,045 formation attempts, 147 con-
figurations) with two-way ANOVA, Tukey HSD post-hoc tests, and pairwise Jaccard
analysis provides statistically grounded selection guidance across algorithm, team-size,
and skill-frequency dimensions.

e  Extensibility: The graph database schema accommodates new node types (e.g., patents,
funded projects) without altering existing traversal logic, supporting incremental en-
richment of the network.
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To guide the empirical evaluation, we formulate the following research questions:

*  ROQ1 (Feasibility and Parameter Sensitivity): Can constructive heuristics on HINs
generate complete teams under strict skill-coverage and distance constraints? How
does skill frequency constrain feasibility and success rates across algorithms?

*  RQ2 (Algorithmic Profiles): How do the seven heuristics compare in communication
cost and runtime as team size grows?

¢ RQ3 (Structural Diversity): Do the algorithms converge on similar team composi-
tions, or do they exploit distinct regions of the solution space—and which algorithm
combinations offer the most complementary coverage for parallel deployment?

The remainder of this paper is organized as follows. Section 2 reviews related work
on team formation and HIN-based approaches. Section 3 describes the dataset, graph
construction, algorithm design, and experimental setup. Section 4 reports and discusses
the empirical findings. Section 5 concludes with limitations and directions for future work.

2. Related Work

Team formation literature examines methods for composing teams that increase the
chances of project success across various domains, including student groups [12,13], player
selections in multiplayer sports [3,14], collaborating academics [15,16], reviewer groups [2],
and engineering or construction project teams [17,18]. Factors such as experience level,
workload, ease of communication, and geographical distance influence how teams are
assembled. Traditional manual team formation is often subjective and prone to human
error or bias [4,19,20]. Consequently, many studies [21,22] argue for analytical methods
that can systematically explore the space of possible teams to obtain diverse, higher-
performing combinations while explicitly incorporating technical and social factors. Within
this broader line of work, an important strand focuses on exploiting network structure to
model communication and compatibility between potential team members.

Initial models [23,24] focused primarily on matching the skills of potential members
with task requirements. Some studies [25-29] incorporated social factors but did not model
the team as a connected structure within the social graph. Network parameters were
first integrated into an analytical team-formation model in [30], which treated a team as a
subset of a weighted co-authorship network and minimized communication-cost functions
(network diameter and minimum spanning tree) using the RarestFirst, CoverSteiner, and
EnhancedSteiner algorithms. Subsequent work generalized this approach to variable
members per skill [31], expertise levels [32], and top-k ranking cost functions [33].

Subsequent research progressively refined team-formation constraints, addressing
fairness and its trade-off with communication cost [34,35], as well as workload capacity [36],
subgraph-density objectives [37], distance thresholds [38], and interpersonal trust [39].

The Multiple Team Formation Problem (MTFP) was introduced in [40], where indi-
viduals split their time across projects and interpersonal relations are modeled. Similarly,
Selvarajah et al. [41] integrated communication cost, expertise level, collective trust, profile
similarity, and geographical proximity into the TFP. A two-stage approach was proposed
in [42], which first generates candidate teams using a heuristic and then selects the most
suitable ones, rather than aiming for global optimality from the outset. More recently,
Mabhajan et al. [43] incorporated privacy attributes into the team formation process.

A reliability parameter was introduced in [44] to model member dropout risk, propos-
ing a structure consisting of main and backup team members. Furthermore, research from
the IDEA Lab [5,45-47] utilized graph-based approaches to preserve or improve existing
teams—through replacement, refinement, expansion, or shrinkage—rather than forming
them from scratch. This body of work ranges from user-driven team restructuring based
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on graph similarity to reinforcement learning for dynamic optimization and the use of
clustering-based Graph Neural Networks for sub-team replacement.

Several studies have focused on balancing multiple, often conflicting, structural and
performance-related objectives in team formation. For example, Yin et al. [48] focused on
social diversity by selecting members from different cliques to reduce bias in tasks such as
proposal reviews. To address sparsity and scalability, Hamidi Rad et al. [49] introduced
Variational Bayesian Neural Networks (VBNNSs) to learn mappings between required
skills and experts. Balancing the trade-offs between team diversity and communication
cost, Gémez-Zara et al. [50] adopted a multi-objective evolutionary approach based on
NSGA-II to yield a Pareto front of non-dominated solutions. Similarly, Juarez et al. [51]
utilized NSGA-II with specialized 'grey-box’ crossover operators to maximize the expertise
and collaborative density of recommended teams. In a similar vein, Curiac et al. [16]
applied the NSGA-II algorithm to interdisciplinary research networks, formulating a multi-
objective optimization model that balances candidates’ technical expertise and interpersonal
collaboration history extracted from rich bibliometric metadata. A hybrid model combining
Graph Convolutional Networks (GCN) and Mixed-Integer Linear Programming (MILP)
was proposed in [52] to form balanced teams from a homogeneous network. More recently,
Dara et al. [6] introduced a retrieval-augmented neural model for balanced and cohesive
team recommendations using a learning-based framework.

Some recent studies [53-56] represent experts as network nodes but derive communi-
cation costs from skill overlap rather than co-authorship history. Specifically, an improved
particle swarm optimizer using a novel swap operator was proposed in [53], while the
Jaya algorithm was adapted with a modified swap operator in [54]. Furthermore, Rehman
et al. [56] employed a search space reduction strategy. More recently, El-Ashmawi et al. [55]
applied a modified Golden Eagle Optimizer to jointly optimize communication cost, team
cardinality, and member similarity.

While many earlier studies relied on homogeneous graphs, the use of Heterogeneous
Information Networks (HINs) [57,58], multi-relational networks [59], or multigraphs [60]
enables more expressive representations of scientific collaborations. By modeling multiple
entity and relation types, these structures support richer formulations of the team formation
problem. For instance, Yang et al. [61] were among the first to formulate team formation in a
heterogeneous setting by modeling skills as explicit nodes connected to authors. Although
introducing skills as nodes does not fundamentally alter the problem definition, the authors
argue that this heterogeneous structure improves computational efficiency. Building on this
work, Yang et al. [62] further extended heterogeneous modeling by incorporating additional
node types (e.g., venues, topics, and papers) and relation types (e.g., authorship and
citation), calculating relationship strength based on meta-paths connecting author nodes.

More recent approaches have utilized learning-based representations and embedding
methods. For instance, transfer learning was applied in [7] to improve the representation
of experts and skills by considering past collaboration patterns within heterogeneous
networks. Similarly, Hamidi Rad et al. [8] proposed a subgraph representation learning
approach that treats team discovery as a representation learning task, capturing both
local and global relationships among various node types such as authors, papers, venues,
and skills. To facilitate inter-institutional team formation, an embedding framework was
proposed in [63] that explicitly incorporates the research interests and strategic purposes of
scholars’ parent institutions through a heterogeneous bibliographic network.

While our primary focus is team formation, the literature on expert finding and col-
laborator recommendation is inherently linked to this domain, as these tasks often share
identical network representations and learning paradigms. For example, Liu et al. [64]
constructed a heterogeneous information network to learn node embeddings using meta-
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path-based random walks and applied cosine similarity to recommend the top-N collab-
orators for a target author. To reduce the computational cost associated with heavy text
processing, Gao et al. [65] proposed a transfer learning framework that identifies topic-
sensitive experts by leveraging structural similarities to a small set of seed experts within
a heterogeneous academic network, generating embeddings from higher-order network
relationships and ranking candidates based on their proximity to a prototype embedding
derived from seed experts.

More recently, a transformer-based framework for scientific collaborator recommenda-
tion on a dynamic, homogeneous network was introduced in [66], integrating temporal
features and contextual semantics while distinguishing co-author contributions via directed,
text-rich edges. Although Wang et al. [67] did not adopt a heterogeneous information net-
work, their use of a heterogeneous hypergraph with multiple relation types highlights
the importance of modeling relational heterogeneity in collaborator recommendation and
team-related studies. Finally, a heterogeneous network of papers, patents, authors, and
inventors was analyzed in [68]. Although that study does not focus on recommendation, it
demonstrates that specific structural and relational configurations are strongly associated
with team novelty and impact. This finding reinforces the practical importance of the
heterogeneous attributes utilized in our team-formation toolbox.

Positioning Relative to Existing Methods

Most optimization-based team formation studies build on the foundational work
in [30], which defined communication-cost objectives, such as diameter, on collaboration
networks. Subsequent research [61,62] extended this to Heterogeneous Information Net-
works (HINs) by incorporating skill, venue, and topic nodes. However, these studies
largely neglected organizational affiliation, which remains a decisive factor in the assembly
and success of real-world academic teams.

In a preliminary study, the present authors addressed this gap [11] by constructing
a HIN from national academic data that includes both co-authorship and institutional
affiliation ties. That study demonstrated that incorporating organizational links improves
team completeness rates and reduces communication costs. However, the analysis was
limited to a single national corpus at a relatively modest scale and evaluated only three
algorithmic variants. The present work significantly extends this framework by utilizing a
large-scale international dataset (AMiner DBLP, ~625,000 nodes, 973,000 edges), expanding
the algorithm suite to seven heuristics covering a broader range of structural priorities, and
providing a comprehensive statistical comparison across all configurations.

While institutional nodes were integrated in [63], that approach—similar to most
recent state-of-the-art (SOTA) methods [6,8,66]—relies on embedding-based learning. As
summarized in the qualitative comparison provided in Section 4.2, such probabilistic mod-
els are difficult to interpret and often cannot ensure that all hard constraints, such as exact
skill coverage, are met. In contrast, our work establishes a transparent, constructive frame-
work that exploits a multi-relational HIN structure—explicitly modeling departmental
hierarchies—and implements heuristic algorithms. These algorithms ensure that whenever
a team is returned, it represents a topologically valid solution satisfying all specified con-
straints. In cases where the network structure makes a complete team impossible under
the given constraints, the system explicitly reports failure rather than implicitly relaxing
the requirements.

We also focus on keyword scarcity, which arises from the ‘long tail” distribution of
expert skills [20]. Preliminary analysis suggests that rare skills frequently limit the success
of strict team formation, particularly when subjecting the network to the hard constraints
enforced by constructive heuristics [30], capacity-limited models [36], or Integer Linear
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Programming [44,69]. Consequently, we systematically investigate the response of our
algorithms to skill scarcity. As noted previously, the impact of skill scarcity is often masked
by the probabilistic relaxation inherent in modern embedding-based frameworks.

3. Methods
3.1. Dataset and Network Construction

Despite the advantages they propose, many team formation studies rely on syn-
thetic [39-41,69], semi-synthetic [43] or real-small datasets [42], because the key variables
they use (e.g., interpersonal trust) are often unavailable in public corpora and the underly-
ing optimization problems are computationally hard. Within the subfield of academic team
formation and expert/collaborator recommendation, most work based on real data [5,8,30]
uses the DBLP dataset, due to its clean, curated metadata and simple schema, with fewer
studies drawing on alternatives such as AMiner [64,67], Scopus [63] or ACM Digital Library
data [65]. A detailed comparison of datasets and network scales used in selected studies is
provided in Supplementary Material S1.

In this study, we use the AMiner DBLP-Citation—-Network V14 dataset [70,71]. The
decisive factor for selecting this source over standard DBLP releases is the inclusion of au-
thor affiliation strings. While standard DBLP XML snapshots provide robust bibliographic
metadata, they typically lack the institutional affiliation data necessary to construct the
organizational layer of our heterogeneous network. AMiner addresses this gap by enabling
the creation of affiliation edges and the implementation of institution-aware algorithms.
Secondary motivations include AMiner’s broader coverage of papers and the availability
of paper-to-paper citation links, which we consider valuable for potential future extensions
of this work.

Because the affiliation strings in AMiner are unformatted, department and organiza-
tion names are extracted and canonicalized via rule-based cleaning and reference lookups
to reduce duplication and noise. This process enables the creation of a realistic organiza-
tional structure where researchers within the same department are positioned closer to
one another, while those in different departments of the same organization are separated
accordingly in distance-based calculations.

Heterogeneous information network (HIN) and schema: We model the bibliographic
data as a heterogeneous information network G = (V,E), where V is the set of nodes
and E is the set of edges. The node set V consists of four types of entities: Authors (A),
Papers (P), Organizations (O), and Departments (D). The edge set E contains three types
of relationships: WRITTEN, WORKS_AT, and INCLUDES. The schema of the constructed
HIN is illustrated in Figure 1.

Author_1

WORKS AT /\ WRITTEN

Paper_1

N

WRITTEN

Organization_1 Author_2

WORKS_AT

INCLUDES WORKS_AT

Author_3

Department_1
Organization_2

Figure 1. Conceptual model of the property graph network.
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To preserve the finest structure available, we apply the following rules when construct-
ing network:

e  WRITTEN edges connect Author (A) nodes to Paper (P) nodes

WRITTEN
A ———P.

e If an affiliation record contains both department and organization fields, create De-
partment node D and Organization node O; connect authors to department, and
department to organization via

INCLUDES

WORKS_AT
—F—F D, O ——D.

A

¢ If only an organization is available in affiliation record, create Organization node O
and add

WORKS_AT
A————0.

¢ Anauthor may have multiple WORKS_AT edges (multiple affiliations); we keep all
links derived from the records.

Node and edge attributes:

e  Author: author_id, author_name, skills.

e  Paper: paper_id, paper_title, keywords,n_citation (citation count), years_passed
(years since publication; may be NULL).

e Organization/Department: identifiers and names.

*  Edges include no properties; temporal and citation filters are enforced by inspecting
paper node attributes.

Author distance in the HIN: Distance between two authors A;, A; € A is measured
as the shortest path length in G under the chosen edge-type restriction:

In our Neo4j encoding, an author-paper—author co-authorship walk has length 2;
analogously, two authors affiliated to the same department are 2 steps away from each
other. When an algorithm restricts to co-authorship only, shortest-path searches consider
only WRITTEN meta-paths (A — P « A). When restricted to co-working, meta-paths use
affiliation links (A 4 D+ A/ A—- O+ A, A—-D -0+ A A—-D >0« D+ A, etc,
as appropriate).

Constructing author skills and keyword filtering: To limit the corpus to a coherent domain
and to construct author skill sets, we proceeded as follows:

1.  We assembled a list of ~600 Industrial-Engineering domain keywords (provided as
Supplementary Material 52).

2. For each paper we extracted 10 top terms from the abstract using scikit-learn’s
TfidfVectorizer [72], and merged these with title words and author-supplied key-
words to form combined_keywords.

3. We computed cosine similarity between each paper’s combined_keywords and the
domain keywords vector; papers with similarity above an empirical threshold (0.08)
were retained in the filtered corpus.

4. For each retained paper we propagated its keywords to all co-authors; an author’s
skills attribute is the union of keywords from their retained papers.

After filtering AMiner dataset and constructing the HIN, the graph comprises nearly
625,000 nodes and 973,000 edges (see Table 1), placing it within the upper range of dataset
sizes commonly used in prior network-based team formation and collaborator recommen-
dation studies (see Supplementary Material S1).
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Table 1. Summary of node and edge counts in the constructed heterogeneous information network.

Type Name Count Total
Node Author 350,404

Node Paper 166,198

Node Organization 56,231 625,776
Node Department 52,943

Edge WRITTEN 533,352

Edge WORKS_AT 386,944 973,239
Edge INCLUDES 52,943

3.2. Heuristic Algorithms

We present a suite of seven constructive heuristic algorithms designed to progress
incrementally from simple topological searches to complex, multi-objective retrieval strate-
gies. The algorithms are classified into two categories: Connectivity-Based (focusing on
graph topology) and Attribute-Based (incorporating node/edge metadata).

To ensure reproducibility, detailed pseudocode for all algorithms is provided in Sup-
plementary Material S3.

3.2.1. Initialization and Search Space Reduction

To address the computational intractability of scanning the entire network, all algo-
rithms begin with a Heuristic Seed Selection phase. This step acts as a space-reduction
mechanism as in [56], pruning the search space to a manageable subset of high-potential
candidates (f < N) before the constructive phase begins. We implement three distinct
filtering policies:

1.  Global Connectivity Filter: Filter Authors By Degree Used by ACET, OAT, COT,
and TAT. This policy selects seed authors who possess the first required skill (k1) and
have the highest node reachability in d_max steps, across all edge types. It prioritizes
“central hubs” who have diverse connections (co-authors, colleagues), maximizing the
probability of finding valid paths to subsequent team members.

2. Co-Authorship Filter: Filter Authors By Written Degree Used by CAT and PRT.
This filter restricts the reachability calculation to WRITTEN edges only. It ensures that
the starting seed authors are central within the collaboration graph and possess a
substantial record of published research.

3. Citation Impact Filter: Filter Authors By High Citation Used by CIT. Instead of
topological degree, this policy ranks candidates by the cumulative citation count
of their papers containing skill k;. It prioritizes “Star” experts, assuming that high-
impact authors act as effective attractors for other qualified members.

By decoupling the seed selection logic from the traversal logic, we ensure that each
algorithm starts with more appropriate candidates for its specific heuristic strategy (e.g.,
CIT starts with high-impact nodes, while CAT starts with high-collaboration nodes). On
the other hand, for specific needs, the seed selection can be swapped or modified without
altering the core algorithm.

Temporal Missing-Data Strategy

For algorithms incorporating temporal constraints (TAT and CIT), the framework
provides a configurable mechanism to handle missing publication-date metadata. Users
can select from three distinct strategies:

1.  Optimistic: Missing values are assigned a recency score within the validity threshold
(timputed < tmax). It prioritizes recall, treating temporally unverified connections as
valid to maximize the candidate pool.
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2.  Pessimistic: Missing values are assigned a score exceeding the threshold
(timputea > tmax). This conservative approach prioritizes precision, strictly filtering out
any connection that lacks verifiable temporal data.

3. Stochastic: Missing values are assigned a random year difference distributed within
a plausible range (e.g., U(0,30)). This option allows users to evaluate algorithmic
robustness under conditions of random data noise.

Note: In the experimental design, we exclusively utilize the deterministic strategies (Op-
timistic for TAT, Pessimistic for CIT) to provide clear baseline comparisons without
stochastic variance.

3.2.2. Connectivity-Based Algorithms

These algorithms minimize communication cost by exploiting the graph structure.
They differ primarily in which edge types they are permitted to traverse.

ACET (All-Connections-Equal Team Formation)

As the baseline, ACET operates on the unweighted projection of the HIN. It employs
a greedy Breadth-First Search (BFS) to find the nearest candidate possessing the required
skill, treating co-authorship and organizational links identically. It minimizes pure hop
distance but ignores the semantic nature of the relationship.

CAT (Co-Authorship Team Formation)

CAT restricts the search space exclusively to WRITTEN edges. By enforcing direct co-
authorship paths, it prioritizes candidates with a documented history of collaboration.
While CAT emphasizes established social ties, it often fails in sparse networks where no
direct co-authorship path exists between the required experts.

OAT (Organizational Affiliation Team Formation)

OAT prioritizes institutional proximity by traversing only WORKS_AT and INCLUDES
edges. It exploits the hierarchical structure (Author-Department-Organization) to identify
candidates. OAT distinguishes between colleagues in the same department (distance 2)
and those in the same university but different departments (distance 4), preserving the
granular structure of large institutions.

3.2.3. Attribute and Objective-Based Algorithms

These algorithms introduce higher-order logic to address specific team quality require-
ments, such as cohesion, recency, or impact.

PRT (Prioritized Relationship Team Formation)

PRT reflects the real-world preference hierarchy of researchers: direct co-authors
first, then organizational neighbors, then global BFS as a fallback. This three-phase
cascade—(1) co-authors (d = 2), (2) organizational peers (d = 2), (3) global BFS up to
dmax—avoids exhaustive network search whenever a closer match exists, yielding the
fastest runtimes among the heterogeneous-path algorithms while still guaranteeing com-
pleteness when a solution exists.

COT (Cohesion-Optimized Team Formation)

COT selects each new member by maximizing a weighted Cohesion Score rather than
minimizing distance. The score aggregates shared papers and common organizational affil-
iations between the candidate and every existing team member, normalized by topological
distance. This favors candidates with dense pre-existing ties to the emerging team, trading
some topological tightness for stronger internal cohesion. Full pseudocode and weight
parameters are given in Supplementary Material S3.
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TAT (Time-Aware Team Formation)

TAT restricts recruitment to direct co-authors (d = 2) and selects the candidate whose
most recent skill-matching paper minimizes Years_Passed, subject to a recency threshold
tmax. Organizational links are excluded because affiliation records lack start/end dates
and cannot be verified for activeness. This design maximizes temporal reliability at the
cost of coverage: in sparse or metadata-poor regions of the graph, the pool of quali-
fying candidates shrinks rapidly, which explains TAT’s lower success rates relative to
heterogeneous-path algorithms.

CIT (Citation-Impact Team Formation)

CIT follows the same three-phase cascade as PRT but selects, within each phase, the
candidate with the highest cumulative citation count on skill-matching papers that satisfy
the recency cutoff. This prioritizes local academic authority over global distance: the most
cited co-author is preferred even if a higher-impact expert exists further away. The joint
citation-and-recency filter makes CIT effective at identifying high-impact recent specialists,
but also the most selective algorithm—success rates fall sharply when citation metadata or
recent publications are sparse.

3.2.4. Complexity Analysis

An important aspect of this work is evaluating how these heuristic choices impact
computational cost. Table 2 summarizes the worst-case time complexity for each algorithm.
The algorithmic procedures (provided in Supplementary Material S3) indicate that while
attribute-based methods (COT, CIT) incur additional costs for pairwise checks or metadata
aggregation, prioritized methods (PRT, TAT) theoretically mitigate the need for deep BFS
expansions, explaining the substantially lower effective runtime observed in practice.

Table 2. Comparison of algorithm computational complexity. Cio. ~ b2, + b2 represents prioritized
local checks. All bounds omit the common seed filtering cost O(7 - Cjter )-

Algorithm Constraint Worst-Case Complexity Dominant Factor
ACET Topology (All)  O(S - K - bfmax) Global BFS (pmax)
CAT Co-authorship  O(S - K - bm) Co-author by,

OAT Organization ~ O(S - K - bim) Org branching b,
PRT Priority Rule ~ O(S - K - (Cjoc + b¥max)) Local check/BFS
CcoT Cohesion O(S - K- bmax . (K + Cyigt)) Pairwise checks (K?)
TAT Temporal O(S-K-by-P) Recency Filter (P)
CIT Citation O(S- K- (Cloe + b¥max) . (P4 Cgist)) Metadata agg. (P)

Each algorithm’s cost consists of a one-time seed filtering step followed by K member-
selection rounds, each expanding up to S seeds. The dominant factors differ by algorithm:
ACET, OAT, and COT are governed by the global BFS branching factor bdmaX; CAT and
TAT benefit from restricting traversal to WRITTEN edges (b, < b); PRT and CIT amortize
the BFS cost through early-exit priority phases, paying only O(Cjoc) when a close match
exists. COT adds a per-candidate cohesion scoring step (O(K) per candidate), and CIT
adds citation aggregation over P papers. These theoretical differences align closely with
the empirical runtime patterns reported in Section 4.

3.3. Experimental Design and Metrics
3.3.1. Overall Structure of the Graph Data

Before running the team-formation algorithms, we examined the global structure of
the graph. The network, containing 625,776 nodes and 973,239 edges, is fragmented into

https://doi.org/10.3390/informatics13070107


https://doi.org/10.3390/informatics13070107

Informatics 2026, 13, 107

11 of 27

17,039 connected components. The largest connected component (giant component; GC)
includes 552,076 nodes (~=88% of the network); the second-largest component contains only
83 nodes. Thus, almost all viable team formations are expected to occur inside the GC.

The graph comprises 350,404 authors and 166,198 papers connected by 533,352 WRIT-
TEN relationships, yielding on average 1.52 papers per author and 3.21 authors per paper.
From a co-authorship perspective, the network is extremely sparse: the co-authorship
density—the fraction of unordered author pairs that have co-authored at least one paper
(i.e., are connected by an author—paper—author two-step path)—is below 0.0001.

Conversely, the graph exhibits robust institutional coverage with 386,944 WORKS_AT
relationships, yielding an average of 1.10 affiliations per author. However, this connectivity
is non-uniform: approximately 15.3% (53,458) of authors lack any affiliation links, due to
limitations in the original metadata and its extraction rather than a true absence of affilia-
tions. In addition, 13.1% (45,981) of authors are affiliated with more than one department
or organization and thus act as critical inter-institutional bridges.

3.3.2. Implementation and Sampling Motivation

Early experimental runs showed that many random keyword sets failed to pro-
duce complete teams, mainly due to extremely rare keywords. To quantify this effect,
for each keyword, we counted the number of associated papers; The full frequency ta-
ble (keyword_frequencies.csv) is provided as Supplementary Material S4. The rank-
frequency distribution is highly skewed (see Figure 2): roughly one million unique key-
words occur only a few times, about 331,000 distinct terms appear in a single paper, and
a small core of keywords appear in over 20,000 papers. Coverage of keyword mentions
by the top-k keywords is 35.00% (top 1000), 60.74% (top 10,000), and 80.73% (top 100,000).
Based on these cutoffs, we defined three experimental sampling intervals: most_1 (ranks
1-1000), most _2 (ranks 1001-10,000), and all (ranks 1-100,000).

Rank-Frequency Plot Cumulative coverage by top-k keywords

100%
.
oo,
.
10,000 most_1 (1k)
rank=1,000
freq=1,098
1,000 most_2 end (10k)
rank=10,000
freq=91

all (100k)
rank=100,000
freq=8

I all (100K)
| coverage=80.73%

80%

most_2 end (10k)
coverage=60.74%

60%

most_1 (1k)
40% coverage=35.00%

Frequency (number of papers)

4

Coverage of total keyword mentions (%)

1 -

0% !
1 10 100 1,000 10,000 100,000 1,000,000 1 10 100 1,000 10,000 100,000
Rank (1 = most frequent) Top-k keywords (rank)

Figure 2. Keyword frequency diagnostics. (Left): Rank—frequency distribution (log-log) with vertical
lines marking the sampling cutoffs. (Right): Cumulative coverage of mentions by top-k unique
keywords, where red points correspond to the cutoffs.

3.3.3. Evaluation Metrics

Given the complexity of assembling teams from a heterogeneous information network,
we prioritize operational feasibility over task-level evaluation. To directly address the
research questions posed in Section 1, we evaluate algorithm performance using the
following four quantitative metrics:

*  Success Rate (RQ1). Because of limited network connectivity and the maximum
allowed search depth (dmax), algorithms cannot always construct a full team. We
define the success rate as the ratio of complete teams to total attempts. A team is
regarded as complete only if all target skills are covered; partial solutions are treated
as failures. This metric serves as the primary indicator of Feasibility and Parameter
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Sensitivity (RQ1), capturing both whether the algorithm can form a complete team
and how performance degrades as skill rarity increases.

e Computation Time (RQ1, RQ2). Given the NP-hard nature of the team-formation
problem, traversing a large heterogeneous collaboration network is computationally
expensive. This metric measures the wall-clock time required to form a single team. It
establishes the Algorithmic Profiles (RQ2) of different heuristics and, in conjunction
with RQ1, quantifies sensitivity to team size, helping to determine which methods
remain practical for larger queries.

* Normalized Team Distance (RQ2). We quantify communication cost using the sum of
shortest-path distances via which new members attach to the existing team (analogous
to a greedy Steiner-tree approximation). To allow fair comparison across varying
team sizes (N), we report normalized team distance by dividing the total cost by the
number of edges (N — 1). This metric quantifies the “communication cost” dimension
of the Algorithmic Profiles (RQ2), enabling us to compare how tightly connected the
resulting teams are across different traversal strategies.

e Team Similarity (RQ3). To interpret algorithmic differences beyond mere performance
numbers, we measure the Jaccard similarity between teams produced by different
algorithms for identical inputs. This metric serves as the quantitative basis for Struc-
tural Diversity (RQ3), determining whether different heuristics converge on the same
local optima or successfully exploit the network’s heterogeneity to yield structurally
diverse solutions.

3.3.4. Experimental Design and Algorithm-Specific Parameters

To study how parameters affect team-assembly success, we created a Team Size
Scalability Test Suite that covers all seven algorithms across the three keyword-frequency
intervals and sweeps team size (number of keywords) from 2 to 8. Crucially, to ensure
results are not biased by the peculiarities of any single keyword combination, we generated
10 distinct keyword sets for each size&keyword-frequency configuration, and for each
keyword set we selected up to 10 distinct seed authors as alternative starting points. This
design yields 7 x 3 x 7 = 147 high-level configurations and 14,700 planned team-formation
attempts (147 configurations x 10 keyword sets x 10 seed authors).

Algorithm-specific parameters were held at default values to avoid introducing addi-
tional degrees of freedom. In particular:

¢ In the heterogeneous graph, the theoretical minimum distance is d = 2 (a direct
connection via a Paper or Department/Organization node). Thus, we constrained
the searches to dmax = 5, for all algorithms except TAT, as paths substantially longer
than 2-3 intermediate hops likely represent too indirect a relationship for effective
coordination. For TAT, we set dmax = 2 because temporal information is mostly
reliable for immediate co-authorship.

¢ Project keywords are drawn from the pool of author skills. Thus, each selected
keyword appears for at least one author in the corpus. A run can still fail if no
candidate satisfying the connectivity and distance constraints exists.

e ForCOT: paper_weight =2.0, org_weight =1.0, cohesion_weight =0.7, dis-
tance_weight = 0.3. This configuration prioritizes historical ties over topological
distance, with a specific emphasis on direct co-authorship over organizational affilia-
tion. These weights were set by the authors as a default based on design judgment, not
tuned; the assumption is that prior co-authorship signals collaboration more strongly
than shared affiliation.

e Handling of missing Years_Passed values (see Section 3.2 for the full description of
imputation strategies):
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—  TAT uses the Optimistic strategy: missing values are imputed as timputed = 14,
which falls within the recency threshold (14 < tnax = 15), so temporally unveri-
fied connections are admitted to maximise the candidate pool.

- CIT uses the Pessimistic strategy: missing values are imputed as timputea = 11,
which exceeds the recency threshold (11 > tmax = 10), so connections lacking
verifiable date metadata are excluded to prioritise precision.

3.3.5. Computational Infrastructure and Parallelization

To ensure statistical robustness across 14,700 runs, the framework was parallelized and
deployed on the a high-performance computing cluster (24 cores, 256 GB RAM per node).
While preliminary benchmarking on a consumer workstation (Intel Core i9, 32 GB RAM)
confirmed that individual algorithms are viable for desktop use, the HPC environment
was necessary to handle the aggregate computational load and to prevent latencies during
memory-intensive graph traversals. This parallel setup reduced the wall clock time for the
full experiment to approximately 8 h and 13 min, which would have required weeks of
serial execution.

4. Results and Discussion

Our goal is not to propose a single optimal solver or to explain social mechanisms in
collaboration networks, but to provide a configurable foolbox of team-formation heuristics
and to characterize their operating regimes: when they can form complete teams, how fast
they run, and the communication cost of the resulting teams (subgraphs). The algorithms
are intended as starting points that can later be tuned or specialized for particular user and
project needs. Throughout the analysis, ACET—which applies unweighted BFS over all
edge types without metadata filters—serves as the topological baseline against which the
attribute-based heuristics are compared.

4.1. General Overview of Experimental Results

Although the experimental design targeted 14,700 runs, Table 3 summarizes outcomes
from the realized dataset of 12,045 runs, as some keyword configurations—especially in
the most_2 and all intervals—yielded no or fewer distinct seed authors, resulting in fewer
runs than planned. The table reports the number of completed teams, empirical success
rate, execution time, and normalized intra-team distance for each algorithm-strategy
pair. For each algorithm-strategy pair, the mean and standard deviation are computed
in two stages: we first average each metric within every team size (2-8), then report the
mean and standard deviation across these per-size averages. The standard deviation is
therefore undefined when successful teams span only a single team size—as in the CIT/all
configuration, whose 8 successful teams all occur at one keyword count. The full per-
run metrics (file runs. csv) and team compositions (file members.x1sx) are provided as
Supplementary Material S5.

Under the high-frequency most_1 regime, ACET, COT, OAT, and PRT achieve near-
perfect success (1.00), while CAT and especially TAT already suffer from their stricter
constraints (0.63 and 0.15, respectively). As keywords become sparser, all algorithms
deteriorate, but at very different rates. In most_2, ACET, COT, OAT, and PRT remain above
0.8, whereas CAT drops to 0.06, CIT to 0.24, and TAT practically to zero (0.02). In the rarest
all regime, heterogeneous traversal methods (ACET, COT, OAT, PRT) retain non-trivial
success (~0.27-0.28), while CAT and TAT fail entirely and CIT succeeds in only 2% of runs.

Algorithms that emphasize recency or citation impact (TAT, CIT) are substantially more
selective. TAT succeeds only when there exists a dense recent co-authorship neighborhood
within two hops; such regions are common for frequent keywords but almost absent for rare

https://doi.org/10.3390/informatics13070107


https://doi.org/10.3390/informatics13070107

Informatics 2026, 13, 107

14 of 27

ones. CIT, by contrast, can exploit longer paths, yet its additional citation and recency filters
mean that in sparse settings the intersection of “reachable” and “high-impact” candidates
is often empty.

Table 3. Summary of team formation results across keyword frequencies and algorithms. The
table aggregates performance across team sizes 2-8. ‘-’ denotes an undefined value (no teams
formed, or a standard deviation that cannot be computed; see text); ‘0.00” denotes a strictly zero
standard deviation.

Num Teams  Success Rate  Avg. Time Per Team Norm. Team Dist.

Algorithm  Strategy

Sum Mean Std Mean Std Mean Std

most_1 700 1.00 0.00 3.47 3.09 2.03 0.03

ACET most_2 563 0.84 0.13 3.84 3.34 2.21 0.12
all 94 0.28 0.14 3.56 2.69 242 0.23

most_1 444 0.63  0.08 0.06 0.05 2.63 0.25

CAT most_2 34 0.06 0.10 0.12 0.12 3.03 0.17
all 0 0.00 - - - - -

most_1 700 1.00 0.00 3.92 3.27 2.04 0.03

OAT most_2 558 0.83 0.13 30.56 39.03 2.21 0.13
all 92 0.27 0.13 49.57 94.88 2.39 0.23

most_1 700 1.00 0.00 1.78 1.34 2.00 0.00

PRT most_2 558 0.86 0.13 33.69 46.69 2.01 0.01
all 85 0.27 0.15 76.75 154.89 2.04 0.07

most_1 700 1.00 0.00 3.94 3.31 2.03 0.03

COoT most_2 563 0.84 0.13 4.46 3.73 2.22 0.13
all 94 028 0.14 4.07 3.05 242 0.25

most_1 103 0.15 0.12 0.04 0.03 2.00 0.00

TAT most_2 9 0.02 0.04 0.13 0.17 2.00 0.00
all 0 0.00 - - - - -

most_1 631 090 0.07 13.68 5.17 243 0.37

CIT most_2 159 024 0.19 5.78 3.19 2.51 0.34
all 8 0.02 0.05 2.39 - 2.81 -

TAT’s low feasibility comes mainly from its distance constraint (dmax = 2) rather than
from its temporal imputation, since recruitment is limited to direct co-authors. CIT is
highly selective: although it shares PRT’s three-phase cascade and differs mainly in its
citation-and-recency filter, its overall success rate (0.46) is well below PRT’s (0.80), and the
gap is largest under most_2 (0.24 vs. 0.86).

One structural caveat concerns organization-dependent traversal. About 15.3% of
authors lack any affiliation link, so they are invisible to organizational meta-paths. This
disproportionately affects methods that rely on WORKS_AT edges. OAT is the most exposed,
since it recruits through organizational edges alone and cannot reach such authors at
all; its success rates are therefore conservative lower bounds. Algorithms that combine
organizational and co-authorship traversal (ACET, COT, PRT) can still reach these authors
via WRITTEN paths and are more robust.

Runtime behavior also varies strongly by algorithm but only weakly by sampling
strategy once we condition on success. For example, PRT is consistently among the fastest
methods where teams exist (mean = 1.78 s under most_1), whereas OAT and PRT under
all exhibit heavy tails (standard deviations larger than their means), reflecting occasional
very expensive searches when the BFS is forced to explore much of the reachable component.
Attribute-based methods such as CIT show the opposite pattern: when keyword sets are
rare, the initial filters admit very few candidates, so per-run times can actually decrease
despite lower success.
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Communication-cost results (Figure 3) broadly match the summary statistics: across all
strategies ACET, COT, OAT, and especially PRT form relatively tight teams with normalized
distances around 2.0-2.4, i.e., close to the theoretical lower bound d = 2. PRT and TAT
cluster almost exactly at this bound; TAT attains similarly low costs but only on the
small subset of instances where it successfully forms teams. In contrast, CIT and CAT
consistently produce looser teams (normalized distances 2.4-3.0), especially under sparser
strategies, because they prioritize citation impact or co-authorship exclusivity over pure
topological proximity.

Communication Cost Optimality by Algorithm and Strategy

50 Strategy

. all

I most_2

3 most_1

-==- Theoretical Min (d=2)

IS
o

IS
o

Normalized Cost (d)

20 -

ACET OAT coT PRT CIT CAT TAT
Algorithm

Figure 3. Normalized communication cost (team distance) by algorithm and sampling strategy.

These differences illustrate the trade-offs available in the toolbox: some heuristics
favor low distance, others accept greater distance in exchange for feature-based constraints.
Aggregating over algorithms, we observe a sharp decline in feasibility: success rates drop
from 81.2% (3978 /4900) under the abundant most_1 regime to 52.6% (2444 /4648) inmost_2,
and finally to just 14.9% (373 /2497) under all, where topological sparsity renders heuristics
largely ineffective (RQ1: Feasibility and Parameter Sensitivity). A Tukey HSD test on per-
configuration success rates confirms that all three strategy pairs differ significantly from one
another (p < 0.001 in all pairwise comparisons), with mean differences of 0.66 (most_1 vs.
all), 0.38 (most_2vs. all), and 0.29 (most_1 vs. most_2). This establishes that the frequency
regime is a statistically verified determinant of feasibility, not merely a descriptive trend.

Figure 4 shows that this scarcity effect is accompanied by large dispersion within
strategies. Under most_1, per-configuration success rates are tightly clustered around
0.8 with almost no outliers; under all, the median drops to zero, yet the spread increases
significantly, with outcomes ranging from complete failure to moderate success. These
results suggest that, in this dataset, skill scarcity plays a more dominant role than algorith-
mic choice in constraining success. Algorithm choice determines how quickly performance
degrades as we move from most_1 to all, but not the inevitability of the decline itself.
This divergence is clear in Table 3: while robust heuristics like ACET fade gradually
(1.00 — 0.84), selective methods like CIT experience a sharper drop (0.90 — 0.24) under
moderate scarcity.

4.1.1. Analysis of Computational Cost (Efficiency)

To address RQ2 (Algorithmic Profiles) and RQ1 (Feasibility and Parameter Sensitiv-
ity), we restricted attention to successful runs (N = 6795) for computation-time analysis. A
two-way ANOVA on log(Time) confirms that Algorithm is the dominant determinant of
cost (Fe6776 = 42.45, p < 10~0, 172 = 0.04), whereas the global main effect of Sampling
Strategy is not statistically significant (F, 6776 = 2.05, p & 0.13, % = 0.001). This lack of
a global strategy effect reflects divergent algorithmic responses to sparsity: opposing trends
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cancel out when averaged across algorithms, even though individual means differ substan-
tially (e.g., OAT increases from ~4 s in most_1 to ~50 s in all). PRT and OAT exploration
methods slow down markedly as valid candidates become rare, whereas Attribute-based
methods (such as CIT) may speed up in sparse regimes because few candidates survive the
initial filters, reducing the number of expensive scoring operations. As a result, the global
average runtime remains relatively stable even though individual algorithms react strongly
to data density.

Variability of Structural Difficulty within Strategies

o
o

o
~

o
N

Average Success Rate per Configuration

00  eseseees

most_1 most_2 all
Sampling Strategy

Figure 4. Variability of structural difficulty within strategies. Each point represents one of the
147 unique keyword configurations.

Figure 5 illustrates sensitivity to team size (RQ1 (Feasibility and Parameter Sensitiv-
ity)) under the most_1 condition. TAT and PRT show almost flat execution-time curves
as team size grows, reflecting bounded neighborhoods and prioritized early stopping. In
contrast, ACET, COT, OAT, and especially CIT exhibit higher baselines and steeper growth,
consistent with their deeper neighborhood exploration and more costly per-candidate
scoring. These patterns highlight complementary options in the toolbox: some algorithms
trade time for robustness, while others are faster but more fragile.

Algorithm Scalability (Strategy: most_1)
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Figure 5. Scalability of algorithms under the most_1 strategy (execution time vs. team size).

The HPC infrastructure provides some runtime advantages. In our preliminary desk-
top benchmarks, ‘stable” heuristics like ACET and COT averaged ~13.5 s per team (approx.
4 x slower than HPC), which remains fully viable for interactive use. However, memory-
intensive outliers such as PRT or TAT occasionally exceeded 300 s on the desktop due to
relatively limited available RAM (32 GB). The HPC environment (256 GB) eliminated these
bottlenecks, providing a cleaner measure of algorithmic complexity.
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4.1.2. Analysis of Communication Cost (Objective Function)

Normalized team distance is our proxy for communication cost, quantifying the quality
dimension of RQ2 (Communication Cost). A two-way ANOVA on normalized distance
shows that Algorithm is the dominant determinant of communication cost (Fg 6776 = 169.2,
p < 10719, »2 = 0.13), with a smaller but significant main effect of Sampling Strategy
(Fy6776 = 153, p < 107°, 7> = 0.004), whereas the Algorithm x Strategy interaction is not
statistically significant (Fip 6776 = 1.12, p & 0.29, 7> = 0.002). This indicates that the ability
to approach the theoretical minimum is governed primarily by algorithm choice rather
than by any specific algorithm-strategy combination.

To identify which algorithms differ significantly from one another, we conducted a
Tukey HSD post-hoc test on normalized distance across the N = 6795 successful runs (all
algorithms combined). The results identify three statistically distinct clusters ordered by
increasing communication cost:

*  Cluster A—Minimum distance: PRT ~ TAT (p = 1.0, mean difference < 0.007), both
approaching the theoretical lower bound d = 2. Their proximity-first design explicitly
minimises hop distance at each selection step.

®  Cluster B—Moderate distance: ACET ~ COT ~ OAT (p = 1.0, mean difference < 0.004),
with means around 2.2-2.4. All three perform full neighbourhood exploration without
hard distance prioritisation, leading to slightly looser but still compact teams. Cluster
B is significantly higher-cost than Cluster A (p < 0.001, mean difference ~ 0.17).

*  Cluster C—High distance: CAT and CIT both differ significantly from all other
algorithms (p < 0.001 in all pairwise comparisons), with means reaching 2.6-3.0. By
prioritising co-authorship exclusivity or citation impact over shortest-path distance,
they deliberately trade topological tightness for feature-based quality.

These findings confirm that algorithm choice has a structured, statistically verifiable effect
on communication cost that goes beyond the omnibus ANOVA result.

Figure 3 confirms these three clusters across all strategies, with PRT and TAT sit-
ting closest to d = 2, ACET/COT/OAT in the middle range, and CIT/CAT consistently
producing the largest team distances.

Overall, the feasible solutions produced by all algorithms remain within the allowed
slack (d < 5), but there is a clear strategic trade-off: PRT and TAT emphasize distance
minimization, whereas CIT and CAT exploit the available slack to optimize non-topological
objectives. In practice, this means: choose PRT or ACET when tight coordination and low
communication overhead are the primary concern; choose CIT or TAT when the goal is to
surface high-impact or recently active specialists, accepting a larger team footprint; and
choose COT when prior collaborative density among members is the priority.

4.1.3. Impact of Structural Topology (Keyword Sensitivity)

To investigate RQ1 (Feasibility and Parameter Sensitivity) beyond simple frequency
counts, we analyzed how the specific topology induced by a keyword set affects per-
formance. We quantified this “structural difficulty” by analyzing variance across the
147 unique keyword configurations while controlling for Algorithm and Sampling Strategy.

A linear mixed model on execution time for successful runs, with Unique_Config_ID
as a random intercept, yielded an intraclass correlation coefficient (ICC) close to 0%. The
fixed effects (especially team size, f = 0.29, p < 0.001) explained almost all variance. This
suggests that, conditional on success, the particular topology induced by a keyword set
adds no measurable runtime overhead: if a team can be formed, execution time is driven
primarily by team size and the chosen algorithm, not by which specific keywords define
the query.
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4.1.4. Analysis of Team Composition Diversity

A key practical question for a toolbox is whether different algorithms return similar
or different teams—addressing RQ3 (Structural Diversity). We measured pairwise team
similarity using the Jaccard index (J) and cosine similarity, and we counted for how many
problem instances (N) both algorithms in a pair successfully formed a team. Table 4
provides per-algorithm aggregates. On average, Jaccard scores range from 0.23 (COT) to
0.47 (PRT), indicating moderate overlap in the teams produced by different methods. Zero-
overlap cases are absent across the board (0.00%); this is structural rather than algorithmic,
as all methods initialize the teams with the same/similar seed authors for a given problem
instance. Thus, the variation in Jaccard scores arises entirely from how differently each
heuristic recruits the remaining members. The detailed pairwise matrix in Figure 6 reveals
how the toolbox diversifies solutions. Some patterns emerge:

Table 4. Pairwise team similarity by algorithm (full dataset).

Algorithm Avg. Jaccard Avg. Cosine Zero Overlap (%) Avg. Common Members Comparisons

COT 0.23 0.34 0.00 1.30 4592
CIT 0.25 0.37 0.00 1.24 409
OAT 0.34 0.46 0.00 2.01 4578
CAT 0.36 0.48 0.00 1.99 1955
TAT 0.41 0.52 0.00 1.55 554
ACET 0.41 0.52 0.00 2.35 4592
PRT 0.47 0.57 0.00 2.54 4388

1.  ACET and PRT have the highest pairwise similarity, with average Jaccard | = 0.81
and 1237 shared successful runs. This confirms PRT’s design intent: its fallback phase
effectively defaults to ACET’s topology-driven logic when prioritized connections are
unavailable. In most feasible instances, they converge on nearly identical teams.

2. CIT and CAT illustrate a sharp divergence in strategy. While they share a number
of successful runs (35), their solution similarity is remarkably low (J = 0.21). This
indicates that even when a problem allows both algorithms to succeed, they construct
fundamentally different teams: CAT recruits direct collaborators (local cohesion),
while CIT prioritizes high-impact experts (including organizational connections),
resulting in distinct team compositions for the same tasks.

3. CIT and TAT share only 4 problem instances. This negligible overlap confirms
that they solve disjoint subsets of the problem space: TAT requires dense, recent
co-authorship (cliques), while CIT searches for metric-driven stars who may be topo-
logically distant. They essentially operate in mutually exclusive structural regimes.

4. COT exhibits low similarity to other global search methods (J ~ 0.18-0.22 vs. ACET,
CIT, and PRT), confirming that maximizing subgraph density selects experts fun-
damentally different from those chosen by distance-minimizing (ACET), impact-
maximizing (CIT), or priority-based (PRT) heuristics. Interestingly, COT finds its
closest structural analogue in TAT (J = 0.38); this suggests that TAT’s temporal fil-
ter (restricting search to recent co-authors) acts as a proxy for cohesion, implicitly
selecting the same dense, clique-like structures that COT explicitly maximizes.

Overall, these findings support a “toolbox” interpretation: algorithms such as ACET
and PRT mainly trade off efficiency versus exhaustive search while returning structurally
similar teams, whereas methods like CIT, TAT, and COT explore different regions of the
solution space and therefore provide genuinely diverse alternatives when feasible. None
of the heuristics is intended to be universally optimal; rather, each provides a different
balance of feasibility (success rate), runtime, and structural properties that practitioners
can match to their specific constraints and objectives. Concretely, the low pairwise overlap
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between COT and CIT (J ~ 0.18) means that running both algorithms on the same query
and presenting the two resulting teams to a decision-maker nearly doubles the effective
solution space at negligible additional cost—an argument for deploying the full toolbox
rather than committing to a single algorithm.
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Figure 6. Pairwise comparison of algorithm outputs: Jaccard similarity of team members (lower
triangle) and count of shared successful runs (upper triangle).

4.2. Comparison with Prior Work

Wang et al. [73] proposed a unified benchmark to empirically evaluate and compare
10 TF algorithms on a common platform using real-world datasets. They concluded that no
single algorithm is perfect for all scenarios, considering perspectives such as distance and
computational efficiency. Their benchmark results on the DBLP network (7159 expert nodes,
15,110 co-authorship edges) showed an average added cost of approximately 1.0-2.5 co-
authorship steps per skill. As shown in Table 3 and Figure 3, most of our algorithms
achieve average normalized team distances between 2.0 and 2.5. In our HIN model, a
normalized distance of 2.0 corresponds to an Author-Paper—Author connection, which
is topologically equivalent to a single “co-authorship step” in homogeneous networks.
Thus, our algorithms effectively map to the theoretical lower bound of ~1.0 co-authorship
step, thereby aligning well with standard benchmarks while extending the capability to
incorporate complex node attributes. Notably, we observed the highest communication
costs for CAT. Since CAT restricts connections strictly to direct co-authorship (simulating a
homogeneous topology), this finding implies that exploiting heterogeneous paths enables
the formation of tighter teams than is possible under strict co-authorship constraints.

Regarding scalability, ref. [73] showed that as the number of skills increases, runtime
scales either gently or exponentially depending on the algorithm. In their worst case,
runtime reached 12 s for 20 skills, while the best cases remained at millisecond levels.
Although differences in datasets and setups prevent a direct comparison, our results in
Table 3 and Figure 5 similarly show that algorithms dependent solely on co-authorship
relations (TAT and CAT) maintain near-zero average runtimes, while those traversing
heterogeneous relations incur higher computational costs.

Yang et al. [61,62] present numerical results for runtimes and communication costs,
claiming improvements over prior baselines. Although both studies utilize heterogeneous
information networks, direct comparisons are not feasible due to differences in datasets,
node types (e.g., topic, venue), and edge definitions. Furthermore, recent state-of-the-art
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(SOTA) methods [5,6,8,66,67] predominantly employ information retrieval and similar-
ity metrics (e.g., NDCG, recall) rather than optimizing the graph-based communication
cost functions typical of our work. Consequently, direct distance-based benchmarking is
not applicable.

While techniques like Graph Neural Networks (GNNs) and Transformer-based em-
beddings excel at latent link prediction, they differ fundamentally from the constructive
heuristics proposed here. Learning-based approaches offer high predictive accuracy on soft
constraints but function as “black boxes” and often struggle to enforce the strict logical con-
straints required in administrative settings (e.g., “Must be from Dept A”). In contrast, our
HIN-based heuristics provide deterministic guarantees, full interpretability (the “why”),
and zero training overhead, making them more suitable for interactive systems where
user-defined constraints are non-negotiable. Table 5 highlights the paradigmatic differences
between our approach and SOTA learning models. In Supplementary Material S1, we
provide additional comparison tables summarizing the key features (dataset, node/edge
counts, network types, methodologies) of selected studies.

Table 5. Qualitative comparison between the proposed HIN heuristics and current SOTA embedding-
based methods.

Feature Proposed Heuristics SOTA Learning Models
Methodology Constructive traversal (BFS/DEFS) Latent embeddings & GNN5s
Output Explicit teams (deterministic) Probabilistic scores/ranked lists
Constraints Hard (logical guarantees) Soft (loss functions)
Interpretability Transparent (explicit paths) Opaque (latent features)

Cost No training (query-time only) High (pre-training required)
Goal Attainment (strict compliance) Prediction (prioritize likely links)

Our experimental design also offers a refinement to existing benchmarks. While
prior studies often report average success rates for the entire network, our analysis of
skill frequency (Section 4.1.3) demonstrates that team formation becomes significantly
more challenging when skills are rare. This analysis exposes structural bottlenecks where
topological sparsity, rather than algorithmic choice, acts as the primary constraint on
success. To our knowledge, this is the first study to treat skill frequency as a primary
variable, suggesting that future benchmarks must explicitly account for distributional
sparsity to avoid inflating success metrics.

Finally, we distinguish our work by integrating multi-level organizational affiliation
relations into the formation process. Although Lee et al. [63] incorporate institutional
context, their approach relies on latent embeddings within a limited scope of two institu-
tions. In contrast, our approach utilizes explicit links across a broad organizational network
(over 50,000 distinct departments) to satisfy hard logical constraints, such as requiring
membership in a target department. This makes our work the first to combine multi-level
affiliation relations with constructive heuristics for explicit, interpretable team assembly.

4.3. Limitations

This study is subject to certain limitations regarding scope and methodology:

* Single-domain evaluation: All experiments were conducted on a subset of the
AMiner-DBLP v14 academic collaboration graph, filtered using keywords relevant to
Industrial Engineering. Collaboration patterns may differ in different domains.

*  Heuristic nature: Our algorithms are constructive heuristics designed for runtime
efficiency (query-time execution). Unlike exhaustive search or Integer Linear Pro-
gramming (ILP), they do not guarantee global optimality. Consequently, potentially
“tighter” teams might be missed by our greedy strategies.
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Topological dependence: As evidenced by our sparsity analysis, a method’s success
is heavily constrained by the underlying network density. We observed a significant
structural bottleneck where rare keyword combinations often correspond to discon-
nected or sparse subgraphs, rendering many team formation requests unsolvable by
topology-driven methods regardless of the algorithm used. These results suggest that
performance is highly contingent on network density, and outcomes may differ in
more densely connected or alternative structures.

Data quality and affiliation coverage: Since the source data includes affiliations
in an unformatted string format, we performed extensive cleaning to extract over
50,000 organization and 50,000 department entities. We were unable to manually
verify all entities, so some inconsistencies may remain in the affiliation graph. In
addition, about 15.3% of authors lack any affiliation link in the source metadata,
which disproportionately constrains organization-dependent methods such as OAT;
we discuss the implications for success-rate interpretation in Section 4.

Imputation strategy not isolated: For the time-aware algorithms (TAT and CIT), the
missing-date imputation strategies were fixed as parameters (Optimistic for TAT, Pes-
simistic for CIT) to give deterministic baselines. We did not measure their individual
effect on success. The CIT-PRT comparison reported above is only an indirect proxy,
since it also reflects CIT’s citation filter. Measuring the temporal effect on its own
would need a separate study:.

Fixed scoring weights: COT’s composite weights were chosen as defaults, not derived
from a systematic search. Their effect was not studied here; future work could tune
them through a parameter sweep.

Structural metrics only: We evaluate feasibility (success rate), runtime, and graph-
based communication cost, but we do not assess whether the suggested teams are
substantively “good” in terms of productivity, personality compatibility, etc.

The results describe the behavior of a flexible toolbox of heuristics, not universal

prescriptions for optimal team composition.

5. Conclusions and Future Work

This work investigates expert team formation on a large, heterogeneous information

network through a systematic evaluation of constructive graph search strategies. Rather

than proposing a single optimal solver or a normative notion of an ideal team, we focus on

how distinct algorithmic choices behave under varying conditions of skill frequency and

network sparsity.

Our main contributions are:

Constructive HIN framework. We build a heterogeneous information network that in-
tegrates authors, papers, departments, and organizations into a unified graph database.
Unlike black-box embedding models, this framework relies on explicit topological
paths, ensuring that every formed team is logically valid, structurally connected, and
semantically interpretable.

A toolbox of seven heuristics. We implement a diverse suite of constructive algo-
rithms, each designed to exploit a different structural feature of the network. These
include topological proximity (ACET, OAT), strict co-authorship (CAT), prioritized
multi-phase search (PRT), structural cohesion (COT), temporal recency (TAT), and
citation impact (CIT).

Empirical characterization at scale. On a large academic collaboration graph, we
systematically evaluate feasibility (success rate), efficiency (runtime), communication
cost (normalized distance), and solution diversity (Jaccard similarity). We show that
ACET, COT, OAT, and PRT can reliably form complete teams in realistic settings,
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whereas CIT, CAT, and TAT are more selective and succeed mainly in dense local
regions. This divergence stems from the broader heterogeneous connectivity captured
by the former group. Notably, the superior performance of OAT (which leverages
organizational paths) compared to CAT (which relies on co-authorship) aligns with
prior findings that shared organizational affiliations create a significantly denser
connectivity than co-authorship links alone.

*  Trade-offs and diversity. The results reveal clear performance profiles:

— PRT and TAT achieve the lowest communication costs (tightest teams) when
they succeed.

- ACET, COT, and OAT form slightly looser but still compact teams with
high feasibility.

— CIT and CAT incur higher topological costs (longer paths) to satisfy metadata
constraints like citation impact or strict co-authorship.

—  COT explores cohesive subgraphs, often recruiting experts distinct from those
selected by purely distance-based strategies.

—  Pairwise similarity analysis confirms that while robust solvers (e.g., ACET, PRT)
often converge on similar solutions, specialized heuristics (e.g., CIT, TAT) explore
largely distinct regions of the expertise space, identifying fundamentally different
expert configurations.

Collectively, these distinct performance profiles demonstrate the practical utility of
the toolbox approach. Rather than relying on a ‘one-size-fits-all’ black box, users can select
the heuristic that best matches their constraints: PRT serves as the recommended default
for forming tight, cohesive teams; ACET provides a fallback for maximum reachability in
sparse networks; and specialized solvers (CIT, TAT) offer targeted solutions when specific
traits like temporal activity or citation impact are critical.

Building on this foundation, we see several concrete directions for future research:

1.  User-centered evaluation and feedback: We plan to conduct user studies (e.g., with
researchers or managers) to collect feedback on the perceived quality and plausibility
of suggested teams, using this data to refine or re-weight the heuristics.

2. Richer network schema: The current HIN focuses on authors, papers, departments,
and organizations. A natural extension is to integrate additional entities such as
project grants and patents. Additionally, we aim to incorporate venue—paper links to
infer qualitative information about publication outlets.

3.  Alternative formation objectives: This study focuses on forming experienced and
well-connected (expert) teams. Future work could explore alternative objectives, such
as forming referee committees (conflict avoidance) or teams of newcomers (mentorship
and growth).

4. Data quality and scale: We plan to enhance the network’s resolution by refining
the entity extraction for departments and organizations and integrating temporal
information into affiliation edges. Concurrently, we aim to deploy the framework
on the full AMiner corpus and diverse disciplinary datasets. This will allow us to
test scalability and verify whether the observed structural patterns (such as the sharp
decline in success rates within the long tail) generalize across different scientific fields.

5. Hybrid architectures: While this study contrasts constructive heuristics with learning-
based models, a promising frontier lies in their integration. Future work could explore
hybrid frameworks that combine the semantic richness of latent embeddings with
the structural guarantees of explicit graph traversal. This would aim to combine the
predictive power of deep learning with the logical interpretability and strict constraint
satisfaction required for administrative decision support.
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In summary, the present work offers a transparent, extensible toolbox for graph-based
team formation and a detailed empirical characterization of its behavior. Future extensions
that incorporate user feedback, richer network structure, improved temporal modeling,
and larger datasets will move this toolbox closer to a practical decision-support system for
real-world team assembly.
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HIN Heterogeneous Information Network
GNN Graph Neural Network

BFS Breadth-First Search

ACET All-Connections-Equal Team Formation
CAT Co-Authorship Team Formation

OAT Organizational Affiliation Team Formation
PRT Prioritized Relationship Team Formation
CcOoT Cohesion-Optimized Team Formation
TAT Time-Aware Team Formation

CIT Citation-Impact Team Formation

DBLP Digital Bibliography & Library Project
ANOVA  Analysis of Variance

HSD Honestly Significant Difference (Tukey)
ICC Intraclass Correlation Coefficient

ILP Integer Linear Programming

MST Minimum Spanning Tree

NDCG Normalized Discounted Cumulative Gain
SOTA State of the Art
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