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Abstract
[Context]. Forming effective software teams remains challenging, particularly in large organizations manag-

ing multiple concurrent projects. Existing approaches to modeling developer compatibility often rely on subjective
personality traits, purely structural proxies, or large volumes of historical interaction data, limiting both their inter-
pretability and their alignment with how staffing decisions are made in practice. [Objective]. This paper proposes
a lightweight, expert-guided method for modeling developer compatibility and operationalizing collaboration ev-
idence for transparent and explainable team-fit evaluation. [Method]. We introduce a regression-calibrated Pair
Compatibility (PC) model that combines two project-level indicators, Objective Success Factor (OSF) and Subjec-
tive Leadership Factor (SLF), with an expert-defined saturation effect for repeated collaborations. During multiple
expert workshops, the expert validated the relevance and conceptual interpretation of OSF and SLF, their normalized
scales, and their use in compatibility modeling. The model is calibrated using eight synthetic collaboration scenar-
ios labeled by the expert and is then applied to an organizational analysis base parameterized from anonymized
project-participation records and project-level OSF/SLF indicators, thereby producing a weighted developer com-
patibility graph. Pairwise compatibility evidence is then transformed into a size-agnostic collaboration profile and
integrated into an expert-calibrated Bayesian Network (BN) that estimates overall Team Fit. [Results]. In an in-
dustrial organization with more than 300 professionals, the calibrated PC regression achieved a Mean Absolute
Error (MAE) of 0.0812 and a Pearson correlation of 0.80 with expert expectations on the eight labeled scenarios.
When applied to the organizational dataset of 192 developers, and after the P C > 0.3 filter, 773 valid developer
pairs were retained; the resulting compatibility graph illustrates how the method produces cohesive collaboration
clusters and identifies bridge developers to support managerial staffing decisions. The BN-based team evaluator pro-
duced Brier scores of 0.0788 and 0.0782 for Team Fit (AE) in scenario-based validation, reflecting the concentrated
posterior distributions of the calibrated model (σ = 0.05) relative to the smoother expert-provided reference dis-
tributions. For Collaboration Fit (AC), the PC-tier distribution representation ranked collaboration quality in closer
agreement with expert judgment than a mean-based encoding (Spearman ρ = 0.882 vs. ρ = 0.812). [Conclusion].
By combining expert-validated indicator definitions, organizational co-participation records, project-level OSF/SLF
indicators, and a small set of synthetic expert-labeled scenarios, the proposed method yields an interpretable com-
patibility graph and a transparent probabilistic evaluator that bridges pairwise collaboration evidence and team-level
decision-making. The results support the feasibility of expert-guided regression and Bayesian reasoning as a practi-
cal and explainable alternative to data-intensive black-box models for software team formation (STF), particularly
in settings where interpretability and alignment with local staffing authority are central requirements.

Keywords: Bayesian Networks, Software Team Formation, Software Engineering, Knowledge Engineering, Expert Sys-
tems.

1 Introduction

Forming effective software development teams remains a
persistent challenge for organizations managing multiple
concurrent projects. As software work increasingly depends
on collaboration across heterogeneous skills and roles, re-
search has proposed a wide range of computational solutions
to support team formation decisions (Cunha et al., 2025b;
Costa et al., 2020; Hamidi Rad et al., 2023). A central diffi-
culty, however, lies not only in searching for candidate teams
but in defining how team quality should be assessed in a man-
ner that is both valid and acceptable to human decision mak-
ers.

Graph-based models are among the most widely adopted
representations in this context. In these solutions, developers
aremodeled as nodes and past interactions as weighted edges,
derived from signals such as co-authorship (Lappas et al.,
2009), co-participation in tasks (Hamidi Rad et al., 2021),
or communication traces (Ruenin et al., 2024). While such
representations are intuitive and reproducible, their edge se-
mantics are typically inferred directly from available logs,
assuming that historical interaction frequency or structural
proximity is a sufficient proxy for collaboration quality. In
practice, however, these signals are often sparse, noisy, or
misaligned with the qualitative criteria that managers use to
judge whether a team is likely to succeed.
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This gap becomes particularly evident in formulations
of the Software Team Formation Problem (STFP) that rely
on search-based or heuristic optimization. Genetic algo-
rithms and related techniques are frequently employed due
to their ability to explore large combinatorial spaces effi-
ciently (Costa et al., 2022; Cunha et al., 2022a; Harman
et al., 2012). Yet, in most existing work, the objective (fit-
ness) function is defined using fixed weights, structural prox-
ies, or readily quantifiable attributes, with limited ground-
ing in expert decision criteria. As a result, the fitness func-
tion effectively acts as the ruler of team quality: if this ruler
does not faithfully represent how staffing authorities assess
teams, optimization may converge toward solutions that are
numerically optimal yet substantively misaligned with orga-
nizational judgment.
This limitation is not merely technical, but epistemic. His-

torical team allocations cannot be assumed to be optimal
among all feasible alternatives, and software projects do
not allow for realistic execution-level simulation to eval-
uate counterfactual team compositions. Consequently, the
bottom-up construction of evaluation functions from avail-
able data alone provides a fragile foundation for both de-
cision support and empirical validation. Industrial evidence
suggests that such models are often distrusted unless their
evaluation logic is transparent, auditable, and explicitly
aligned with expert reasoning (Manzano et al., 2021; Rique
et al., 2023).
To address this gap, we propose an expert-guided method

for constructing and operationalizing developer compatibil-
ity as structured evidence for team-level evaluation. Rather
than treating compatibility graphs as standalone artifacts or
direct optimization targets, we calibrate the semantics of pair-
wise collaboration using a lightweight set of expert-labeled
scenarios. This results in a weighted compatibility graph
whose topology is derived from historical co-participation,
but whose edge meanings are explicitly anchored in organi-
zational judgment.
Further, Pair Compatibility (PC) estimates are systemati-

cally transformed into a size-agnostic collaboration profile
that serves as evidence for an expert-informed Bayesian
Network (BN). The BN encodes how decision makers rea-
son about collaboration and technical fit under uncertainty,
providing a transparent and auditable mechanism for team-
project fit assessment. In this formulation, the BN functions
as a principled evaluator of team quality—i.e., a validated
ruler—capable of supporting downstream decision processes
while preserving interpretability and traceability.
We evaluate our method in an industrial setting compris-

ing more than 300 professionals. The regression-calibrated
PC model is assessed against expert judgments elicited
through synthetic collaboration scenarios and instantiated on
an organizational dataset parameterized from anonymized
developer–project participation records and project-level
OSF/SLF indicators. The resulting compatibility graph il-
lustrates cohesive clusters and bridge developers under the
proposed modeling assumptions. We also demonstrate how
PC-derived collaboration profiles can be systematically con-
sumed by the BN evaluator, enabling a transparent ratio-
nale from organizational co-participation records and expert-
validated project-level indicators to team-level fit assess-

ment.
Our contributions are fourfold:

• We propose an expert-guided, regression-calibrated PC
method that estimates the expected collaborative suc-
cess of developer pairs using two project-level indi-
cators, the OSF and the SLF, along with an expert-
defined saturation effect. The semantics, normalization,
and role of these indicators in compatibility modeling
were reviewed and validated through multiple expert
workshops.

• We construct an interpretable developer compatibility
graph whose edge semantics are grounded in expert
knowledge, enabling meaningful collaboration model-
ing in data-constrained industrial settings.

• We operationalize a systematic PC-to-BN bridge in
which intra-team compatibility evidence is transformed
into a size-agnostic collaboration profile that sup-
ports transparent team-project fit assessment and pre-
pares the ground for interpretable fitness functions in
optimization-based team formation.

• We demonstrate that expert-calibrated BNs can act as
scenario-consistent and interpretable evaluators of team
fit, achieving low probabilistic error against expert-
provided reference distributions and preserving mono-
tonic, semantically coherent behavior under unseen sce-
narios within the elicited domain.

This article extends our previous study on regression-
calibrated developer compatibility graphs (Cunha et al.,
2025a). While earlier work focused on modeling and validat-
ing pairwise collaboration via an expert-guided compatibility
graph, the present study advances the proposed method by
operationalizing evidence of collaboration at the team level
through probabilistic reasoning. Specifically, we integrate
the compatibility graph into a BN evaluator for explainable
team-project fit assessment, introduce new research ques-
tions, and provide additional scenario-based validation using
probabilistic consistency metrics.
The remainder of this paper is organized as follows: Sec-

tion 2 discusses related work; Section 3 details the modeling
and expert-guided regression process; Section 4 describes the
study design and evaluation procedures; Section 5 presents
and discusses the calibration results, the resulting compatibil-
ity graph, and the BN-based evaluation outcomes; Section 6
outlines implications for research and practice; Section 7 dis-
cusses threats to validity; and Section 8 concludes with final
remarks and future directions.

2 Background and Related Work
This section positions the proposed method within the
broader literature on Software Team Formation (STF) and
developer compatibility modeling. Section 2.1 reviews
the main families of existing approaches, including trait-
and capability-based models, data-driven and graph-based
models, search-based and heuristic methods, and neural
or learning-based models. Section 2.2 synthesizes these
approaches through a structured conceptual comparison,
highlighting their trade-offs in terms of interpretability,
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data requirements, expert involvement, team-quality criteria,
and suitability for data-constrained industrial settings. Sec-
tion 2.3 then discusses the technical foundations that sup-
port our method, namely compatibility graphs and BNs as
expert-informed evaluators. Section 2.4 motivates our treat-
ment of Collaboration Fit (AC) as a relational construct
derived from pairwise collaboration evidence. Finally, Sec-
tion 2.5 summarizes the research gap and clarifies how the
proposed method contributes to interpretable, organization-
specific team-fit evaluation.

2.1 Families of Team Formation Approaches
Early approaches modeled compatibility using personality
and role-based assessments, such as psychometric invento-
ries and preference surveys (Vishnubhotla et al., 2020; Strnad
and Guid, 2010; Tuarob et al., 2021). While useful in certain
contexts, these methods rely heavily on subjective and self-
reported data, exhibit limited empirical linkage to observable
project outcomes, and pose significant challenges to scalabil-
ity and maintainability in large, dynamic organizational set-
tings (Costa et al., 2020).
More recent approaches infer developer compatibility

from historical collaboration data, typically representing
developers as nodes and prior interactions as weighted
edges (Cunha et al., 2025b; Kamel et al., 2011; Ruenin
et al., 2024). While such models enhance transparency and
reproducibility, they remain highly dependent on the avail-
ability, completeness, and expressiveness of historical in-
teraction logs. In practice, these signals are often sparse,
noisy, or misaligned with the qualitative criteria that staffing
authorities use to evaluate collaboration quality. Our ap-
proach addresses these limitations by calibrating edge seman-
tics through expert-labeled scenarios, enabling knowledge-
informed graph construction that remains applicable in data-
scarce and organizationally grounded settings.
Search-based and heuristic methods, including genetic al-

gorithms, have been widely applied to optimize team for-
mation objectives such as skill coverage, workload balance,
and role allocation (Baghel and Bhavani, 2018; Cunha et al.,
2022b; Costa et al., 2022; Cunha et al., 2025b). Despite
their effectiveness in exploring large solution spaces, these
approaches typically depend on handcrafted objective func-
tions and fixed weighting schemes. Such formulations limit
interpretability, hinder transferability across organizational
contexts, and often obscure the decision rationale that practi-
tioners require to trust and adopt the resulting recommenda-
tions (Strnad and Guid, 2010; Alves et al., 2021). More fun-
damentally, the objective function acts as the ruler of “team
quality”: if it is not a faithful proxy for the decision maker’s
criteria, search can optimize toward solutions that are numer-
ically “best” under an invalid ruler, undermining both the va-
lidity of the recommendations and their evaluation. This is-
sue is exacerbated in team formation, where historical data
rarely captures all factors considered by decisionmakers, and
past allocations cannot be assumed optimal among all feasi-
ble alternatives. Since software projects do not admit realis-
tic execution-level simulation to assess counterfactual team
assignments, purely bottom-up, data-driven fitness construc-
tion provides a weak foundation for optimization.

Finally, neural and learning-based models have been
shown to capture latent patterns in skills, collaboration, and
team dynamics (Hamidi Rad et al., 2023; Rad et al., 2022;
Hamidi Rad et al., 2020). However, these models typically
require large volumes of historical interaction data and op-
erate as opaque predictors, offering limited interpretability.
As a result, their applicability in managerial decision-making
contexts is constrained, particularly in settings where trans-
parency, traceability, and the ability to incorporate contex-
tual or policy-driven adjustments are essential (Rique et al.,
2023).

2.2 Conceptual Comparison and Positioning
The approaches discussed above occupy distinct positions
in the design space of team formation methods. Personality-
based models (Vishnubhotla et al., 2020; Strnad and Guid,
2010; Tuarob et al., 2021) offer explicit criteria but rely on
self-reported data with limited empirical linkage to project
outcomes and highmaintenance cost due to temporal instabil-
ity of personality constructs. Search-based methods (Costa
et al., 2022; Lappas et al., 2009; Saeedi et al., 2025a) produce
readable objective functions but typically adopt hand-crafted
weights without structured grounding in managerial rea-
soning, optimizing for skill coverage rather than perceived
collaboration quality. Learning-based models (Hamidi Rad
et al., 2023; Ruenin et al., 2024; Rad et al., 2022) cap-
ture latent patterns at scale but operate as black-box predic-
tors that require large volumes of interaction logs and offer
limited transparency for managerial decision-making (Rique
et al., 2023). Table 1 summarizes these trade-offs across
five dimensions relevant to organizationally grounded, inter-
pretable team formation.
Overall, Table 1 shows that the proposed method should

not be interpreted as a replacement for all STF techniques,
but as a complementary decision-support approach for set-
tings in which interpretability, limited data availability, and
alignment with local staffing authority are central require-
ments.

2.3 Compatibility Graphs and Probabilistic
Team Evaluation

Compatibility graphs provide a natural representation for
modeling collaboration in STF. Formally, a developer com-
patibility graph can be defined as G = (V, E, w), where V
is the set of vertices, each vertex v ∈ V represents a devel-
oper, and each weighted edge (u, v) ∈ E encodes an esti-
mated relationship between two developers (Lappas et al.,
2009; Saeedi et al., 2025b). In graph-based team-formation
research, such edges commonly represent prior collaboration,
communication cost, co-participation, social proximity, or in-
teraction strength, while candidate teams are modeled as sub-
graphs satisfying project or skill constraints (Saeedi et al.,
2025b). Adjacent work has also used compatibility-aware in-
teraction graphs, where edge weights encode coordination
cost, inverse compatibility, or historical synergy among can-
didate team members (Li et al., 2026).
These representations expose relational structure: strongly

connected subgroups, isolated candidates, bridging mem-
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Table 1. Conceptual comparison of team formation approaches across five dimensions. Taxonomy grounded in Saeedi et al. (2025a) and
Costa et al. (2020).

Approach Interpretability Data requirements Expert involvement Team quality
criterion

Industrial fit (scarce
data)

Personality-based
models (Vishnubhotla
et al., 2020; Strnad and
Guid, 2010; Tuarob
et al., 2021)

Criteria are explicit but
rely on self-reported,
subjective input with
limited empirical
linkage to project
outcomes

Surveys are cheap to
run once but traits and
perceptions change
over time, requiring
periodic reassessment
to remain valid

A specialist may know
10–20 developers well;
assessing hundreds
requires multiple
evaluators with
inconsistent criteria, or
falls back to self-report

Profile compatibility;
does not directly
model whether the
team will deliver a
specific project

Self-report bias,
temporal instability,
and scaling cost may
limit its practicality for
ongoing staffing
decisions

Search-based (graph +
heuristic) (Costa et al.,
2022; Lappas et al.,
2009; Saeedi et al.,
2025a)

Objective function is
readable, but weights
are hand-crafted
without explicit
grounding in
managerial reasoning

Requires
co-participation logs
or skill profiles; more
stable than surveys but
must cover enough
interactions to build a
meaningful graph

Weights in the
objective function are
typically set ad hoc;
expert judgment does
not enter the model in
a structured or
auditable way

Skill coverage; if the
objective function is
misaligned,
optimization produces
technically valid but
practically poor teams

Feasible when skill
data is available, but
practical value
depends entirely on
whether the objective
function reflects real
organizational
priorities

Machine-learning and
neural
models (Hamidi Rad
et al., 2023; Ruenin
et al., 2024; Rad et al.,
2022)

Black-box predictors;
embeddings cannot be
inspected or explained
to a manager making a
staffing decision

Requires large-scale
interaction logs; most
mid-sized
organizations do not
have data at the
required density or
granularity

Mostly data-driven;
the model learns
patterns present in the
data, which may not
fully reflect explicit
organizational values

Latent data patterns;
cannot explain what it
is optimizing for in
terms a manager can
evaluate or override

Requires data volume
and granularity that
most industrial
organizations do not
have; opacity further
limits managerial trust

Proposed method (PC +
graph + BN) [this work]

Regression
coefficients are
directly interpretable;
BN inference path
from pairwise
evidence to team fit is
fully auditable and
traceable

Multiple expert
workshops, eight
synthetic
expert-labeled
scenarios, anonymized
developer–project
participation records,
and project-level
OSF/SLF indicators
used to parameterize
the organizational
analysis base

CTO as modeling
anchor with real
decision authority and
25+ years of
experience; expert
knowledge enters in a
structured,
documented, and
recalibratable form

Team-project fit;
explicitly models how
the decision maker
reasons about team
suitability, with an
auditable and
adjustable criterion
aligned with actual
staffing authority

Designed for
data-constrained
settings; experimental
instantiation combines
expert-labeled
scenarios with
organizational
participation records
and project-level
indicators, whereas
deployment in a new
context requires
collecting or deriving
comparable
OSF/SLF-like
indicators and
recalibrating the model
locally

bers, and potential cohesion patterns can be inspected di-
rectly or used by downstream algorithms. However, the prac-
tical value of a compatibility graph depends on the seman-
tics of its edge weights. In many existing approaches, edge
weights are determined by the traces available in the data,
such as co-authorship, co-participation frequency, commu-
nication frequency, or graph distance. Although these sig-
nals are reproducible, they do not necessarily capture how
staffing authorities assess collaboration quality in practice. A
higher edge weight may indicate more frequent interaction,
but not necessarily better collaboration or higher suitability
for a future project. This distinction is central to our work:
we treat the compatibility graph not merely as a structural
artifact, but as an expert-calibrated evidence layer in which
each edge represents an estimated PC value grounded in or-
ganizational judgment.

Compatibility graphs alone, however, do not fully solve
the team-evaluation problem. When used as standalone an-
alytical artifacts or direct optimization targets, they tend to
emphasize pairwise or structural properties without explic-

itly representing uncertainty or explaining how collaboration
evidence combines with other decision factors. For staffing
decisions, the relevant question is not only whether develop-
ers have strong pairwise ties, but whether a candidate team is
suitable for a specific project under both technical and collab-
orative criteria. This requires a team-level evaluator capable
of integrating heterogeneous evidence in a transparent and
auditable way.

BNs provide such a mechanism since they are well-suited
for modeling decision processes under uncertainty and for
encoding expert knowledge in domains where data are in-
complete or interpretability is essential (Mendes, 2014; Fen-
ton et al., 2007). In software engineering, prior work has
used BNs to model and reason about project, process, and
teamwork-related constructs under uncertainty (Freire et al.,
2018, 2022). In our method, the BN plays the role of an
expert-informed evaluator: it receives technical evidence and
collaboration evidence, propagates uncertainty through an
explicit dependency structure, and produces a probabilistic
assessment of Team Fit.
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This design also connects to a broader methodological pat-
tern beyond software engineering and team formation. In
knowledge-driven optimization and decision support, expert
or designer knowledge can be compiled into explicit evalua-
tors that guide search, ranking, or recommendation when di-
rect ground-truth quality labels are unavailable, incomplete,
or insufficient. For example, Setayandeh and Babaei (Se-
tayandeh and Babaei, 2020) use fuzzy preference func-
tions derived from designer experience to transform a con-
strained multiobjective aircraft-design problem into a single-
objective function optimized by a genetic algorithm. Al-
though the domain and modeling formalism differ from ours,
the abstraction is relevant: expert knowledge is translated
into an auditable mathematical evaluator used by an opti-
mization pipeline. Our work follows this knowledge-driven
rationale in the STF domain, but instantiates the evaluator as
an expert-elicited BN rather than a fuzzy preference system,
and uses compatibility-graph evidence as input to probabilis-
tic team-fit inference.

This offline, expert-compiled evaluator design differs
from several related model-based optimization paradigms.
In estimation-of-distribution algorithms and probabilistic
model-building genetic algorithms, probabilistic models are
typically learned from promising candidate solutions and
then used to generate new candidates (Pelikan et al., 2002).
In surrogate-assisted evolutionary optimization, models are
learned from previously evaluated solutions to approximate
an expensive objective function (Brownlee et al., 2013). In
interactive and preference-based Search-Based Software En-
gineering, decision-maker preferences are often incorporated
through repeated feedback or scoring during the search pro-
cess (Ramírez et al., 2019; Ferreira et al., 2017). In contrast,
our evaluator is elicited once, offline, from the staffing au-
thority’s decision reasoning and remains fixed during team
evaluation. Our prior work instantiates this pattern in a
search-based setting by using an expert-elicited BN approval
model as the fitness function for genetic algorithm-based
STF (Cunha et al., 2026); the present paper focuses on the
construction and validation of the underlying compatibility-
evidence and probabilistic evaluation pipeline.

A key requirement for integrating compatibility graphs
with BN-based evaluation is transforming pairwise collabo-
ration evidence into team-level evidence without losing the
relational structure of the team. Rather than collapsing collab-
oration into a single mean score, our method maps PC values
into an ordinal collaboration profile that captures the distribu-
tion of compatibility tiers within a candidate team. This pro-
file is then transformed into AC evidence and injected into
the BN together with technical evidence, enabling transpar-
ent inference of overall Team Fit.

Because the resulting variables are ordinal, the Ranked
Nodes Method (RNM) provides a suitable mechanism for
constructing Conditional Probability Tables (CPTs) from ex-
pert knowledge while preserving monotonic behavior (Fen-
ton et al., 2007). This makes BNs a natural complement to
compatibility graphs: the graph captures relational collabo-
ration evidence, while the BN provides an auditable prob-
abilistic evaluator that combines collaboration quality with
technical coverage to support team-project fit assessment.

2.4 Collaboration Fit as a Relational Con-
struct

AC captures dimensions of teamwork quality (Hoegl and
Gemuenden, 2001), emphasizing behavioral and interper-
sonal dynamics that emerge from interactions among team
members. Instead of modeling this construct at the indi-
vidual level through soft skills or personality traits, we
adopt a relational strategy grounded in historical team per-
formance. Empirical evidence has questioned the predictive
validity of personality- and soft-skill-based models in ex-
plaining team outcomes (Vishnubhotla et al., 2020; Vishnub-
hotla and Mendes, 2024), reinforcing the need for relational,
performance-derived proxies.
Performance records from past projects are routinely col-

lected by mature organizations, providing a pragmatic and
readily available data source. Leveraging this availability, we
construct a pairwise compatibility graph in which nodes rep-
resent individuals and edge weights encode historical collab-
oration outcomes, such as project productivity and indicators
of teamwork quality (Hoegl and Gemuenden, 2001; Marsi-
cano et al., 2020). These pairwise signals are subsequently
aggregated into an ordinal collaboration profile used to de-
rive AC evidence, which is then injected into the BN for
Team Fit inference.

2.5 Research Gap and Contribution
Despite substantial advances, existing solutions exhibit
complementary but unresolved limitations. Trait-based and
learning-based models struggle with subjectivity, data re-
quirements, and interpretability; graph-based and data-
driven models depend heavily on the availability and seman-
tic adequacy of historical logs; and search-based methods
rely on opaque objective functions that rarely reflect orga-
nizational decision policies. Moreover, prior work largely
treats compatibility graphs as static artifacts or direct opti-
mization targets, leaving unaddressed the question of how
pairwise collaboration evidence should be systematically
transformed into explainable, team-level decision support un-
der uncertainty.
To address this gap, we propose an expert-guided com-

patibility modeling method that (i) grounds pairwise collab-
oration semantics in expert judgment, (ii) preserves the re-
lational structure of collaboration through an ordinal, size-
agnostic profile, and (iii) integrates this evidence into a BN
evaluator for transparent and auditable Team Fit inference.
This hybrid method unifies empirical signals, expert reason-
ing, and probabilistic decision modeling, advancing the state
of the art in interpretable and organizationally aligned STF.

3 Proposed Method
This section introduces an expert-guided, regression-
calibrated method for Bayesian team-fit evaluation,
organized as a six-stage workflow (S1–S6). The method is
designed to support staffing and STF decisions in settings
where collaboration logs are sparse or heterogeneous,
and where decision makers require transparent, auditable



An Expert-Guided Method for Developer Compatibility Graphs and Bayesian Team-Fit Evaluation Cunha et al.

reasoning rather than black-box predictions.
The workflow starts by defining the scope of the decision

problem and the variables of interest through expert-guided
modeling (S1), followed by the construction and discretiza-
tion of labeled collaboration scenarios that anchor the seman-
tics of compatibility (S2). These scenarios are then used to
calibrate a pairwise collaboration estimator via regression
(S3), producing an interpretable model of expected collab-
oration quality between pairs of developers.
In the next stages, the calibrated pairwise model is ap-

plied to historical collaboration records to estimate expected
collaboration potential for all relevant developer pairs (S4).
These estimates are used to construct a weighted compatibil-
ity graph (S5), in which nodes represent developers and edge
weights encode expected collaboration quality under realistic
organizational conditions.
Finally, graph-derived pairwise evidence is transformed

into a size-agnostic collaboration profile and provided as
structured input to a BN (S6). The BN performs team-level
probabilistic inference, integrating collaborative evidence
with other decision factors to support transparent and au-
ditable team-fit evaluation. Importantly, the method does not
aim to predict short-term project outcomes, but to opera-
tionalize expert reasoning about collaboration and team suit-
ability in a probabilistic and reusable form.
Figure 1 summarizes this six-stage process. Each stage

is detailed in the following subsections, which describe the
modeling assumptions, data transformations, and validation
procedures underpinning the proposed method.

S1. Expert-guided modeling
Scope, variables (OSF, SLF, f(N))

S2. Labeled scenarios
Construction and discretization

S3. Regression calibration
Least-squares fitting
and PC estimation

S4. Pairwise prediction
Apply PC model to history

S5. PC graph generation
Build G = (V, E, w)

S6. Bayesian team fit
PC profile → BN inference

Figure 1.Method workflow (S1-S6) for regression-calibrated PC modeling
and BN-based Team Fit evaluation.

S1: Expert-Guided Modeling and Scope
Stage S1 defines the modeling scope and the variables used
to estimate the expected pairwise compatibility between two
developers di and dj , denoted PC(di, dj). Based on expert

elicitation, PC is assumed to depend on three components
derived from past joint projects:

• OSF: an outcome-oriented indicator reflecting external
project success;

• SLF: an internal indicator capturing perceived leader-
ship, communication, and coordination quality;

• Collaboration-history saturation: a function of the
number of projects previously shared by the pair.

The selection and interpretation of OSF and SLF were ex-
amined during multiple workshops with the elicitation ex-
pert. During these workshops, the expert assessed the or-
ganizational relevance of both indicators, validated their in-
tended interpretations, and confirmed their normalization to
the [0, 1] interval for compatibility modeling. OSF was de-
fined as an outcome-oriented indicator of external project
success, whereas SLF was defined as an internal indicator
of collaborative effectiveness, particularly regarding leader-
ship, communication, and coordination. While OSF reflects
delivery success from an external perspective, SLF captures
internal perceptions of collaborative effectiveness. The ex-
pert emphasized that both dimensions should contribute com-
parably to compatibility assessment. The concrete organiza-
tional operationalization of OSF and SLF is described in Sec-
tion 4.2.

Saturation Assumption. A key modeling assumption is
that repeated collaboration exhibits diminishing returns. Up
to a certain point, additional shared projects increase famil-
iarity and efficiency; beyond that point, excessive repetition
may reduce learning, diversity, or adaptability. This effect is
operationalized through a saturation function f(N), where
N denotes the number of projects previously shared by the
pair:

f(N) =

{
N
4 , if N ≤ 4,

max(0.0, 1 − 0.1 · (N − 4)), if N > 4.
(1)

Figure 2 illustrates the behavior of the saturation function
f(N) across different values of N . In the growing phase
(N ≤ 4), each additional shared project increases the collab-
oration benefit linearly, reaching its peak at f(4) = 1.0. For
instance, a pair that has collaborated in two projects yields
f(2) = 0.50, while a pair at the saturation point yields
f(4) = 1.00. Beyond this threshold, the function captures
diminishing returns: a pair with five shared projects yields
f(5) = 0.90, onewith six yields f(6) = 0.80, and a pair with
fourteen shared projects yields f(14) = 0.00. This design
reflects the expert’s observation that, in the studied organiza-
tion, collaboration benefits peak around four shared projects
and then gradually decline due to reduced learning, lower di-
versity exposure, and increasing collaboration fatigue. The
inflection point N = 4 is a context-dependent hyperparam-
eter that should be re-elicited when applying the method to
organizations with different project durations, team rotation
policies, or staffing cultures.
It is important to note that f(N) = 1.0 represents the sat-

uration ceiling of the collaboration-history component, not a
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Figure 2. Saturation function f(N): growing phase (N ≤ 4) and collabora-
tion fatigue phase (N > 4). Key values are annotated directly on the curve.

ceiling on PC itself. Since f(N) enters the model as a multi-
plicative factor over the OSF/SLF-based score (Eq. (3)), two
pairs at the saturation point (N = 4, f(N) = 1.0) can still
yield different PC values depending on their OSF and SLF
values. For instance, in the organizational analysis base used
in this study, the pair with the highest computed compatibil-
ity (PC = 0.581, OSF = 0.775, SLF = 0.662) and an-
other pair with lower computed compatibility (PC = 0.550,
OSF = 0.645, SLF = 0.696) both reached the saturation
point, yet their PC values differ because their OSF/SLF pro-
files differ. Thus, f(N) = 1.0 removes the saturation penalty
but does not by itself guarantee a high PC score: compatibil-
ity remains dependent on the OSF and SLF values associated
with the projects shared by the pair.

S2: Construction and Discretization of Scenar-
ios
Following the expert validation of the indicators and their
normalized scales in S1, Stage S2 constructs a compact cali-
bration set of eight synthetic but realistic scenarios spanning
different combinations of OSF and SLF. Both indicators are
discretized into five ordinal levels: Very Low (VL), Low (L),
Medium (M), High (H), and Very High (VH).
For each scenario (i.e., each unique combination of OSF

and SLF), the expert was asked to estimate the likelihood
of each of the five possible levels of PC. Responses were
provided using a Likert-type scale with both textual and nu-
meric mappings, using the verbal scale provided by Renooij
and Witteman (1999) (e.g., “Probable” → 85%).
These responses were transformed into probability distri-

butions over the five PC states. Each row in the resulting ma-
trix was normalized to ensure that the probabilities summed
to 1. For each scenario, we computed:

• Mode: showing the central tendency of the resulting
probability distribution;

• Heatmaps: showing distribution across states;
• Mode extraction: highlighting the most likely out-
come.

This information helped the expert visualize and validate
the elicited distributions (e.g., via their modal tier). Later, we
used the expert-elicited expected value as the reference label
for the regression analysis. To this end, each scenario row
was transformed into a tuple (OSF, SLF, PC), where PC
denotes the expected value computed from the expert’s tier
distribution. We mapped the ordinal values for OSF and SLF

into numerical values following the rules in Table 2. The col-
lected data and the analysis procedures are provided in the
Supplementary Material.

Table 2. Ordinal scale to numerical scale for OSF and SLF.

Verbal Expression Numerical Equivalent

Very Low 0.1
Low 0.3
Medium 0.5
High 0.7
Very High 0.9

Having defined labeled calibration points in S2, Stage S3
fits an interpretable regression model that operationalizes the
expert’s judgments as a reusable compatibility function.

S3: Regression Calibration and PC Estimation
Stage S3 calibrates a regression model that estimates
expected pairwise compatibility from OSF, SLF, and
collaboration-history saturation. The compatibility between
developers di and dj is modeled as:

PCbase(di, dj) = β0+α·SLFij+β·OSFij+γ·(SLFij ·OSFij),
(2)

PC(di, dj) = PCbase(di, dj) · f(Nij), (3)
where β0 denotes the intercept (the baseline compatibility

when SLF = OSF = 0, before applying the saturation ad-
justment), α and β weight the leadership-based (SLF) and
outcome-based (OSF) signals, respectively, and γ captures
a synergistic interaction between the two when both are si-
multaneously high. PCbase is estimated via Ordinary Least
Squares (OLS) on the eight expert-labeled calibration scenar-
ios (S2), which by construction have no collaboration-history
dimension; the saturation function f(Nij) (Eq. (1)) is there-
fore applied afterward, as a multiplicative adjustment over
PCbase, rather than jointly estimated as a regression term.
This formulation encodes the expert’s assumption that com-
patibility increases with successful outcomes, effective lead-
ership, and their synergy, while insufficient or excessive re-
peated collaboration should modulate the resulting compati-
bility estimate.
The multiplicative form was adopted because it matches

the intended semantics of the saturation function. When
f(Nij) = 1.0, the OSF/SLF-based compatibility estimate
remains unchanged; when f(Nij) < 1.0, compatibility is
proportionally discounted. An additive formulation would
not preserve this interpretation, because the collaboration-
history term could increase PC even when the OSF/SLF pro-
file is weak. Thus, f(Nij) acts as a saturation adjustment
over the calibrated compatibility estimate, rather than as an
independent source of compatibility.
The linear specification for PCbase was intentionally

adopted to preserve interpretability. Each coefficient corre-
sponds directly to a modeling assumption that can be in-
spected, discussed, and revised as organizational priorities
evolve. Rather than replacing expert judgment, the regres-
sion operationalizes it into a parametric form that enables
consistent and scalable application.
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Model calibration was performed using OLS, imple-
mented with statsmodels in Python, with the eight expert-
labeled scenarios serving as the training dataset. The re-
sulting coefficients define the calibrated PC model, which
is subsequently applied to developer pairs for which OSF,
SLF, and N can be instantiated. Calibration fidelity is as-
sessed by comparing expert-expected compatibility values
(PCexpected) with model-predicted values (PCpredicted) using
both the Mean Absolute Error (MAE) and the Pearson corre-
lation coefficient (r). While MAE captures the average mag-
nitude of deviation, the correlation coefficient quantifies the
directional and linear agreement between expert judgment
and model output, providing a complementary view of cali-
bration quality.
Once calibrated, the model is applied at scale in Stage S4

to compute P̂Cij for valid developer pairs and to support the
construction of the compatibility graph.

S4: PC Estimation on the Organizational Anal-
ysis Base
Stage S4 applies the calibrated compatibility model to
developer pairs derived from the organizational project-
participation structure. For each pair (di, dj), we:

1. Identify the projects shared by the pair from the
anonymized organizational records;

2. Compute the average project-level OSF and SLF values
associated with those shared projects;

3. Count the number of shared projects Nij ;
4. Compute f(Nij) using Eq. (1);
5. Apply Eq. (3) to estimate PC(di, dj).

This process produced computedPC(di, dj) values for all
valid developer pairs represented in the organizational anal-
ysis base, forming the basis for the compatibility graph ana-
lyzed in Stage S5.

Team Success Factor. Given a team T , we compute the
Team Success Factor (SF) by aggregating all pair compati-
bilities within the team:

SFteam(T ) =
∑

i<j, di,dj∈T

PC(di, dj) (4)

Although Eq. 4 provides a compact aggregate view of
intra-team compatibility, it does not preserve how compat-
ibility is distributed across pairs. Two teams may present
similar aggregate scores while exhibiting very different in-
ternal cohesion patterns. For this reason, in S6, we opera-
tionalize a size-agnostic collaboration profile by computing
the proportion of pairs in each PC tier (VL–VH) and trans-
forming this profile into an AC evidence value through an
expert-calibrated aggregation rule. Before that, S5 turns all
predicted compatibilities into a graph artifact that supports
interpretability and downstream analysis.

S5: Generation of a PC Graph

Stage S5 transforms the predicted pair compatibilities P̂Cij

into a weighted undirected graph G = (V, E, w):

• Nodes (V ): developers, annotated with identifiers and
attributes;

• Edges (E): valid pairs (i, j) retained when PC > 0.3,
each storing:

– the numeric compatibility weight P̂Cij ;
– the discretized PC tier (VL–VH);
– the historical collaboration count Nij .

The graph structure was serialized in JavaScript Object
Notation format and visualized using a force-directed lay-
out. The resulting PC graph provides an interpretable struc-
tural view of the organization’s collaboration potential. It en-
ables identification of strongly connected pairs, cohesive sub-
groups, and bridging developers, and it serves as an inter-
mediate artifact between pairwise estimation and team-level
evaluation. In S6, the same graph also serves as the compu-
tational substrate for extracting team-level collaboration evi-
dence in a size-agnostic manner.

S6: Bayesian Modeling of Team Fit Using
Compatibility-Graph Inputs

Stage S6 integrates graph-derived compatibility evidence
into an expert-guided BN to evaluate team–project fit. The
BN summarizes team evaluation through three ordinal con-
structs on a five-level scale (VL, L, M, H, VH): Technical
Fit (AT), AC, and Team Fit (AE). The BN structure is shown
in Figure 3. It encodes how technical evidence is aggregated
into AT and how AT and AC jointly determine AE, enabling
an auditable inference path from PC-derived collaboration
evidence and technical coverage to the likelihood of final ap-
proval.
Instead of directly eliciting numerical probabilities, we

used a verbal-numerical scale to reduce cognitive burden and
bias (Renooij and Witteman, 1999). For the ranked target
nodes AT and AE, the expert evaluated representative parent
configurations and assigned likelihoods to ordinal outcomes.
These elicited values were normalized to form valid probabil-
ity distributions, and the corresponding CPTswere calibrated
using the RNM, enabling coherent monotonic behavior and
supporting alternative aggregation functions: weighted mean
(WMEAN), weighted minimum (WMIN), weighted maxi-
mum (WMAX), and mixed minimum–maximum (MIXMIN-
MAX) (Fenton et al., 2007). In the BN structure, AC is com-
puted externally from the intra-team PC-tier profile and in-
jected into the BN as collaboration evidence.

PC-to-AC Evidence Construction. AC depends on how
well all members of a team get along with each other, not just
one pair. It cannot, therefore, be represented by a single PC
value. We instead transform the full set of pairwise PC val-
ues within a candidate team into a single, size-agnostic AC
evidence value for the BN, following the formulation used
in the BN–Genetic Algorithm (GA) pipeline. This is done in
four steps.
First, for a team with n developers, all

(
n
2
)
pairwise PC

scores are classified into five tiers: VL [0, 0.2), L [0.2, 0.4),
M [0.4, 0.6), H [0.6, 0.8), and VH [0.8, 1.0].
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Figure 3. BN structure for estimating team-project fit.

Second, we compute the proportion of pairs in each tier
(pV L, pL, pM , pH , pV H ), giving a profile of the team’s col-
laboration quality instead of a single averaged number.
Third, this profile is combined into one collaboration index

m using expert-calibrated tier weights (1, 1, 4, 4, 5):

m =
∑

i∈{V L,L,M,H,V H}

wi · pi.

These weights come from 30 independent GA-based RNM
calibration runs on expert-labeled scenarios (originally used
to parameterize the AC component of the full BN) and are
reused here as a compact, external PC-to-AC transformer,
preserving the same calibrated semantics without the extra
BN nodes.
Fourth, m is converted into the AC evidence value. Since

the weights are applied to a distribution (the pi sum to 1), m
always falls between the smallest weight (1) and the largest
(5), i.e., m ∈ [1, 5]. We rescale this to the [0.1, 0.9] scale
already used for the BN states (Table 2):

pc_score = 0.1 + 0.2 · (m − 1),

where (m − 1) is how far m has moved from its minimum
(1), and 0.2 converts each unit ofm into the matching step on
the [0.1, 0.9] scale (0.8 range over 4 units of m). The nearest
centroid among {0.1, 0.3, 0.5, 0.7, 0.9} then gives the final
AC label (VL, L, M, H, or VH).
The resulting AC value is injected into the BN as collab-

oration evidence. Technical evidence is injected through the
domain, ecosystem, and language nodes to infer AT; AT and
AC are then combined to infer AE.

Illustrative Example. Consider a team composed of three
developers, A, B, and C, with pairwise compatibility values
PC(A, B) = 0.7, PC(A, C) = 0.6, and PC(B, C) = 0.5.
The first two values fall into the H tier, while the last one falls
into the M tier. The resulting profile is therefore pH = 2/3,
pM = 1/3, and pV L = pL = pV H = 0.

Using the calibrated weights (1, 1, 4, 4, 5), the collabora-
tion index is:

m = 4 · 2
3

+ 4 · 1
3

= 4.0.

The mapped score is:

pc_score = 0.1 + 0.2 · (4.0 − 1) = 0.7.

Thus, the team receives AC = H, which is then used as
evidence in the BN. This example shows how the method
preserves the internal distribution of pairwise compatibility
while producing a compact and interpretable collaboration
signal for team-level probabilistic inference.

Team-Level Interpretation. Table 3 compares two hy-
pothetical candidate teams whose three developer pairs
have different individual PC values but the same arith-
metic mean (0.50). Team 1 has a homogeneous profile:
all three pairs fall in the M tier, giving the tier profile
(pV L, pL, pM , pH , pV H) = (0, 0, 1, 0, 0). Team 2 has a het-
erogeneous profile: one pair falls in L, one in M, and one
in VH, giving (0, 1

3 , 1
3 , 0, 1

3 ). The mean-based encoding (C2-
Mean in Section 4.3) maps the arithmetic mean of the pair-
wise PC values, not m, to the nearest centroid, and would
therefore collapse both teams to the same AC evidence, since
both means are identical. The calibrated tier-weighted trans-
former (C1-Weighted) instead applies the calibrated weights
(1, 1, 4, 4, 5) directly to each team’s tier profile, not to the
raw PC values, producing different weighted sums m (4.00
for Team 1 versus 3.33 for Team 2) and, consequently, dif-
ferent AC evidence: H for Team 1 versus M for Team 2.
This limitation of mean-based encoding is not incidental

but structural: the arithmetic mean discards information by
construction, so any two teams whose pairwise PC values
share the same mean are indistinguishable to a method that
consumes only that mean, regardless of how different their
underlying collaboration profiles are. Team 1 and Team 2
in Table 3 are constructed to share an identical mean (0.50)
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Table 3. Two candidate teams with identical arithmetic mean PC (0.500) but different tier compositions, and the resulting AC evidence
under the calibrated weighted-tier transformer. Tier weights (wV L, wL, wM , wH , wV H) = (1, 1, 4, 4, 5) apply to both teams.

Team 1 Team 2

Pairwise PC values 0.45, 0.50, 0.55 0.30, 0.40, 0.80
Tier profile (pV L, pL, pM , pH , pV H) (0, 0, 1, 0, 0) (0, 1

3 , 1
3 , 0, 1

3 )
Weighted sum m =

∑
i

wipi 4 · 1 = 4.00 1 · 1
3 + 4 · 1

3 + 5 · 1
3 ≈ 3.33

Mean PC (arithmetic, for comparison) 0.500 0.500
pc_score = 0.1 + 0.2(m − 1) 0.700 0.567
AC evidence H M

while differing in tier composition, guaranteeing that C2-
Mean assigns them the same AC evidence. Team 2 contains
a poorly compatible pair (L tier) that this mean-based score
fully masks, since it is offset by the strong pair (VH tier) in
the same average. Because the tier-weighted transformer op-
erates on the tier proportions rather than on the raw PC val-
ues, and the lowest tiers (VL, L) receive weight 1 while M,
H, and VH receive weights 4, 4, and 5 respectively, a team
with an unevenly distributed profile is penalized relative to
a team whose pairs are uniformly moderate, even when both
teams share the samemean. In practice, a manager reviewing
Team 2 would see the lower AC = M evidence as a signal to
inspect the compatibility graph and identify which specific
pair is weighing the team down, before finalizing its compo-
sition.

Current BN Configuration. The compact BN contains
three input-level technical dimensions (domain, ecosystem,
and language), the collaboration evidence AC, and two
ranked target nodes: AT and AE. The current calibrated con-
figuration is summarized in Table 4. AT is computed from do-
main, ecosystem, and language usingWMEANwith weights
(3, 1, 5), reflecting the higher importance assigned to pro-
gramming language. AE is computed from AT and AC us-
ing MIXMINMAX, with weight 5 assigned to the minimum
component and weight 1 assigned to the maximum compo-
nent, reflecting a conservative approval policy in whichweak
evidence should strongly constrain AE while still allowing
strong evidence to contribute.

Table 4. Current PC-to-AC transformer and BN configuration.

Component Function Parameters / Use

PC-to-AC transformer Weighted tier aggregation PC_VL=1, PC_L=1,
PC_M=4, PC_H=4,
PC_VH=5; selected
from 30 independent
GA-based RNM
calibration runs
originally used to
parameterize the AC
component and now
reused to map
intra-team PC-tier
distributions into AC
evidence

AT WMEAN Dom=3, Eco=1,
Ling=5; σ = 0.05

AE MIXMINMAX minimum
component=5,
maximum
component=1;
σ = 0.05

Stage S6: PC-to-BN Integration Pipeline. The final com-
ponent of Stage S6 operationalizes how the compatibil-
ity graph supports team-level evaluation. The integration
pipeline comprises four steps:

1. Extraction of intra-team PC values. For each candi-
date team T , all internal developer pairs (di, dj) are enu-
merated and their continuous PC values are recovered
from the compatibility graph.

2. Construction of the PC-tier profile. Each pairwise PC
value is mapped to an ordinal tier (VL, L, M, H, VH),
and the proportion of pairs in each tier is computed.

3. PC-to-AC transformation. The PC-tier profile is con-
verted into a single AC evidence value using the cali-
brated weights (1, 1, 4, 4, 5) and mapped to the nearest
BN state centroid.

4. BN inference of Team Fit. The AC evidence and the
technical evidence are injected into the compact BN.
Probabilistic inference is then performed to estimate the
posterior distribution of AE.

Overall, the proposedmethod provides a coherent pipeline
from expert-grounded pairwise compatibility estimation to
probabilistic team-fit inference, producing both interpretable
intermediate artifacts (a calibrated PC function, a compatibil-
ity graph, and a PC-to-AC profile) and actionable team-level
outputs (BN posterior distributions over AE).

4 Study Design
This section details the empirical study design used to evalu-
ate the proposed compatibility modeling and BN-based team-
evaluation pipeline. The focus is not on reiterating how the
model is constructed, but on making explicit how its outputs
are assessed under realistic decision-support requirements:
(i) agreement with expert judgment at the pairwise level, (ii)
adequacy of the chosen representation of intra-team collabo-
ration for BN inference, and (iii) generalization to unseen but
plausible collaboration and team-fit situations. Accordingly,
we specify the evaluation goals and research questions (RQs),
characterize the industrial context and empirical basis, and
describe the scenario-based validation strategy and metrics
used throughout the study.

4.1 Evaluation Goals
The primary goal of this evaluation is to assess whether the
outputs produced by the compatibility graph can be opera-
tionalized as reliable, interpretable, and useful evidence of
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collaboration within a BN for the team evaluation. Specifi-
cally, we investigate whether the proposed pipeline (i) faith-
fully reproduces expert judgments at the pairwise level,
(ii) captures intra-team collaboration more effectively when
compatibility is modeled as a distribution rather than as a
single aggregate value, and (iii) generalizes to previously un-
seen but plausible collaboration scenarios.
These goals are investigated through the following RQs:

• RQ1 (PC modeling). To what extent does the expert-
calibrated regression model reproduce the expected PC
judgments under OSF, SLF, and collaboration-history
saturation?

• RQ2 (Intra-team collaboration representation).
Does the calibrated PC-tier weighted aggregation
transformer rank intra-team collaboration quality in
closer agreement with expert-elicited AC judgments
than a mean-PC baseline, as measured by Spearman
rank correlation with the expert’s expected AC value?

• RQ3 (BN predictive accuracy). To what extent does
the compact BN, with expert-calibrated CPTs, general-
ize to previously unseen scenarios by accurately predict-
ing AE from AT and AC evidence, as quantified by the
Brier score?

Together, these RQs assess complementary aspects of
the proposed method. RQ1 focuses on the fidelity of the
regression-calibrated PCmodel at the pairwise level, evaluat-
ing whether expert expectations regarding collaboration can
be reliably approximated from OSF, SLF, and collaboration-
history saturation. RQ2 examines the adequacy of different
representations of intra-team collaboration, testing whether
preserving the internal distribution of pairwise compatibili-
ties provides a more faithful and informative signal for team-
level evaluation than a single aggregate summary. Finally,
RQ3 evaluates the generalization capability of the expert-
informed BN, assessing whether the calibrated probabilistic
model can produce accurate and stable predictions of AE
from AT and AC evidence for previously unseen but plausi-
ble scenarios. Collectively, these questions establish whether
the proposed pipeline is not only accurate at the pair level, but
also interpretable and operational at the team level. Because
all three RQs are evaluated against expert-provided reference
scenarios rather than independent, real-world outcome data,
they should be read as assessing decision support. Section 4.3
discusses this scope and the associated circularity risk in de-
tail.

4.2 Industrial Context and Empirical Basis
The study was conducted at a Brazilian university-affiliated
research and innovation center in information and communi-
cation technology, employing over 300 professionals and de-
livering more than 30 projects per year across domains such
as embedded systems, artificial intelligence, web/mobile de-
velopment, hardware, and cybersecurity. Projects typically
range from 3 months to more than 3 years in duration (av-
erage of 22 months) and involve teams of 5 to 17 mem-
bers (average of 9.2). Within this environment, 45% of de-
velopers participate in a single project, while 27% appear

in four or more projects, indicating a recurring core of pro-
fessionals with repeated collaboration patterns. The center
serves clients ranging from startups to large enterprises, is
funded through a combination of public grants and industry
contracts, and adopts mature agile practices (Scrum/Kanban)
supported by internally developed project management tools,
despite not holding formal process certifications such as Ca-
pability Maturity Model Integration (CMMI) or ISO 9001.
Historical project data were retrieved from the organiza-

tion’s internal management system and constitute the em-
pirical basis of this study. Two collaboration-related indica-
tors were extracted and normalized to the [0, 1] range: (i)
OSF, derived from project-level NPS evaluations collected
from the client representative at project closure (Reichheld,
2003); and (ii) SLF, derived from internal post-project eval-
uations completed by the project manager responsible for
the project. The SLF evaluation captures leadership, commu-
nication, and coordination effectiveness. These dimensions
are aligned with teamwork constructs discussed by Marsi-
cano et al. (2020), although SLF corresponds to the orga-
nization’s internal evaluation process rather than to a direct
administration of the full TPA questionnaire. Operationally,
the project manager assigns an SLF value in the [0, 1] range
by considering these teamwork dimensions. The resulting
dataset comprises records from 47 completed projects con-
ducted between 2020 and 2024, totaling over 300 developer–
developer collaboration records. Prior to analysis, all data
were anonymized to protect individual identities and to en-
sure that the evaluation focuses on the behavior of the pro-
posed method rather than on specific developers.
For Stages S4 and S5 (Section 3), the calibrated PC model

was applied to an organizational analysis base of 192 devel-
opers constructed to reflect the project-participation struc-
ture, OSF/SLF ranges, and collaboration patterns observed
in the organization, rather than to the organization’s full
production dataset. Accordingly, the resulting compatibility
graph should be interpreted as an organizationally grounded
demonstration of the method’s behavior, not as a direct em-
pirical reconstruction of the organization’s complete collab-
oration network. This design choice is discussed further in
Section 7.
Expert knowledge played a central role throughout the

study. The elicitation expert was the center’s Chief Tech-
nology Officer (CTO), who is responsible for staffing and
team allocation decisions across all projects. The expert has
more than 25 years of experience in corporate and research-
oriented software development, with extensive expertise in
project delivery and personnel management. His contribu-
tions encompassed problem formulation, variable selection,
definition of modeling assumptions (including the collabora-
tion saturation effect), and validation activities. This expert-
in-the-loop involvement is consistent with Design Science
Research principles, ensuring that the proposed method is
grounded in practical decision-making and aligned with or-
ganizational realities (Wieringa, 2014).
The single-expert design was therefore a deliberate

organization-specific modeling choice. The goal was not to
infer a consensus view of team formation across multiple
stakeholders, but to formalize the decision policy of the per-
son who actually holds staffing authority in the studied or-
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ganization. This design improves contextual validity for the
target setting, but it also means that the calibrated PC model,
PC-to-AC transformer, and BN evaluator may encode the
expert’s own assumptions and biases. We therefore do not
treat the resulting model as a universal model of STF. In-
stead, we view it as an auditable representation of local deci-
sion logic: by externalizing tacit judgment into explicit vari-
ables, functions, and probabilistic dependencies, the method
enables the organization to inspect, challenge, and recalibrate
its own decision process. This view is alignedwith prior work
showing that BN-based modeling of expert knowledge can
support reflection on measurement interpretation (Saraiva
et al., 2020), and with context-driven software engineering
research, which emphasizes industrially grounded problems
and concrete organizational needs over context-independent
generalization (Briand et al., 2017).

4.3 Evaluation Procedures and Metrics
Given the absence of ground-truth measurements of future
collaboration quality, the evaluation adopts a scenario-based
strategy grounded in expert judgment. This approach is ap-
plied consistently across all three RQs, using expert-defined
reference scenarios as proxies for expected system behavior.
Rather than treating evaluation as a purely statistical exercise,
this strategy prioritizes interpretability and alignment with
managerial reasoning, ensuring that performance metrics re-
flect decision-support quality under realistic organizational
assumptions.
This strategy carries an inherent circularity risk: because

the same expert defined the modeling assumptions and sup-
plied the reference labels, agreement between model output
and expert expectation reflects internal consistency with that
expert’s own reasoning, not an independent measure of pre-
dictive accuracy against real project outcomes. We therefore
frame the goal of this evaluation as assessing decision sup-
port, whether the model faithfully operationalizes the ex-
pert’s stated reasoning in a way that can be applied consis-
tently across many candidate teams, rather than real-world
outcome prediction, for which independent ground-truth data
collected after actual STF decisions would be required.
Three design choices reduce, without eliminating, this

risk. First, calibration and validation were elicited in sepa-
rate sessions: the expert labeled the eight training scenarios
of S2 without access to the model’s later predictions, and
subsequently assessed the 15 RQ2 collaboration scenarios
and the two RQ3 Team Fit configurations without access
to the model’s predictions; the model was not revised af-
ter the expert’s validation responses were collected. This re-
duces the risk that the researchers or the expert could tune
the model or the reference labels toward agreement. Second,
the semantic-consistency checks reported in Section 5 (ex-
treme VL-VL, VL-VH, VH-VL, VH-VH configurations)
evaluate whether the calibrated function preserves the in-
tended ordinal semantics beyond the specific calibration la-
bels. Third, the RQ2 comparison between the distribution-
based and mean-based AC encodings is a relative, not abso-
lute, evaluation: both encodings are scored against the same
expert-provided distribution, which reduces the influence of
global rating tendencies in the expert’s judgments and fo-

cuses the analysis on representational differences between
the two encodings. These safeguards do not remove the cir-
cularity threat, but they clarify the scope of the evidence pro-
vided by the scenario-based evaluation.

RQ1 Procedure. To address RQ1, we calibrate the regres-
sion model defined in Eq. (3) using the expert-labeled scenar-
ios described in S2 (Section 3). For each scenario, we com-
pute the predicted PC value and compare it against the expert-
expected PC target. Predictive accuracy is assessed using the
MAE, defined as:

MAE = 1
n

n∑
i=1

∣∣∣PC
(i)
expected − PC

(i)
predicted

∣∣∣ , (5)

and the Pearson correlation coefficient, capturing both ab-
solute deviation and directional agreement between expert
judgments and model predictions. In addition, we analyze
the calibrated regression coefficients and the separate satu-
ration adjustment f(N) to verify whether the resulting PC
function preserves the expert’s intended monotonic and di-
rectional behavior.
Additionally, to estimate the generalization capability of

the regression model calibrated with only eight scenarios,
we applied leave-one-out cross-validation (LOOCV). We
adopted LOOCV due to the small calibration set (n=8), fol-
lowing prior guidance that recommends LOOCV for smaller
datasets (Kocaguneli and Menzies, 2013; Afzal et al., 2012).
In this approach, the model is recalibrated eight times, each
time excluding one of the scenarios, and the MAE is calcu-
lated on the excluded point. This technique provides a more
conservative estimate of the expected error when the model
is applied to scenarios not seen during calibration.

RQ2 Procedure. To answer RQ2, we compare two alter-
native representations of intra-team collaboration against the
expert-provided AC judgments, using 15 expert-labeled col-
laboration scenarios. Each scenario specifies a distribution
of pairwise compatibility tiers (the proportion of developer
pairs falling into each tier, PC_VL–PC_VH) together with
the expert’s elicited AC distribution over the five ordinal
states.
In the first condition (C1-Weighted), the PC-tier profile is

aggregated into a single collaboration score using the cali-
brated tier weights (1, 1, 4, 4, 5), as described in Stage S6.
In the second condition (C2-Mean), collaboration is summa-
rized by the arithmetic mean of the pairwise compatibility
values, mapped to the same [0.1, 0.9] scale. For each scenario,
we derive the expert’s expected AC value as the centroid-
weighted mean of the elicited AC distribution, providing a
scalar reference on the same scale.
We assess whether each representation orders the scenar-

ios in agreement with the expert. We therefore compute the
Spearman rank correlation (ρ) between each representation’s
score and the expert’s expected AC value across the 15 sce-
narios. A higher ρ under C1-Weighted would indicate that
preserving the tier distribution yields a collaboration signal
that tracks the expert’s ordinal judgment of team collabora-
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tion quality more faithfully than collapsing it into a single
mean value.

RQ3 Procedure. To assess BN generalization beyond the
elicitation set, we perform scenario-based validation of the
AE node with previously unseen cases defined by the ex-
pert. Validation scenarios combine different ordinal config-
urations of AT and AC as evidence; for each scenario, we
compare the BN-predicted AE distribution against the expert-
provided target distribution and compute the Brier score.
Consistently low scores provide evidence that the expert-
calibrated CPTs behave coherently on unseen but plausible
AT/AC configurations within the elicited reasoning domain.

5 Results and Discussion
This section reports and discusses the empirical results ob-
tained with the proposed method, organized according to
the three RQs defined in Section 4. We first validate the
regression-based PC model calibrated from expert knowl-
edge (RQ1). We then analyze how pairwise PC estimates
behave on realistic data and how they yield an interpretable
compatibility graph. Finally, we evaluate the integration of
PC-derived evidence into the BN, compare it with baseline
representations of collaboration (RQ2), and assess BN pre-
dictive accuracy within the elicited reasoning domain (RQ3).

5.1 PC Modeling (RQ1)
This subsection addresses RQ1, which investigates whether
a regression model calibrated with expert knowledge can
accurately reproduce expected pairwise collaboration judg-
ments under OSF, SLF, and collaboration-history satura-
tion. We report the calibration results, assess quantitative
fit against expert expectations, analyze the behavior of the
model on empirical samples, and examine its semantic con-
sistency and structural implications for the compatibility
graph construction.

Regression calibration and coefficient analysis. The re-
gression model was calibrated using the expert-labeled sce-
narios described in Stage S2, with the objective of estimating
the parameters of the PC formulation. Table 5 reports the re-
sulting coefficients together with the model’s prediction er-
ror.

Table 5. Calibrated regression coefficients

Parameter Value

Intercept 0.230232
α (SLF) 0.179206
β (OSF) 0.230728
γ (SLF · OSF) 0.104040

MAE 0.0812

The estimated parameters indicate that all predictors con-
tribute substantively to the PC score. Both SLF and OSF ex-
hibit positive coefficients (α = 0.179 and β = 0.230, re-
spectively), supporting the expert’s assessment that objective

project outcomes and leadership perceptions jointly shape
collaborative effectiveness. This balance suggests that the
model does not rely on a single signal, but reflects a com-
bined view of collaboration quality.
The interaction term is also positive (γ = 0.104), indicat-

ing a mild synergy when OSF and SLF are simultaneously
high. The saturation effect identified during expert elicitation
is operationalized separately by the collaboration-history
component (e.g., the f(N) factor and associated rules), pre-
venting repeated pairings from being overestimated even
when historical indicators remain favorable.
From a fit standpoint (on the elicited scenarios), the The

model achieves an MAE of 0.0812 on the normalized [0,1]
scale, corresponding to 8.12% of the full scale range. Given
the small number of elicited scenarios and the ordinal nature
of the underlying judgments, this error level indicates strong
alignment between model outputs and expert reasoning.
These results suggest that the regression-calibrated PC for-

mulation provides an interpretable, scenario-consistent ap-
proximation of expert judgment within the elicited calibra-
tion domain. The learned coefficients preserve the intended
semantic relationships among predictors while embedding
safeguards against overestimation. This combination makes
the PC metric suitable for large-scale automated exploration
of team configurations—such as downstream optimization-
based team formation—without sacrificing transparency or
conceptual fidelity.

Expert vs Predicted Pair Compatibility. Figure 4
compares the expert-expected pairwise compatibility
(PCexpected), derived from expert probability distribu-
tions, with the corresponding regression-based predictions
(PCpredicted).

Figure 4. Comparison between P Cexpected and P Cpredicted.

The observations follow a clear positive trend relative to
the identity line (y = x), yielding a strong Pearson correla-
tion of r = 0.80 and an in-sample MAE of 0.081. A linear fit
between predicted and expected values results in a slope of
0.64 (intercept 0.16), indicating a compressed response rela-
tive to the ideal case. Overall, these results support that the
calibrated model captures key aspects of the expert’s judg-
ment structure on the elicited scenarios.
Two scenarios exhibit deviations greater than 0.10: one
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overprediction (OSF high, SLF low) and one underpredic-
tion (OSFmoderate, SLF low). Both occur under asymmetric
OSF/SLF combinations, where one indicator is substantially
lower than the other. Rather than indicating a systematic bias,
this behavior is consistent with the compressed mapping ob-
served in Figure 4 (slope= 0.64 < 1), where themodel tends
to slightly overpredict lower expert values and underpredict
higher ones.
LOOCV revealed an MAE of 0.176 (±0.114) and a Pear-

son correlation of 0.312 (p=0.453). The difference between
the fitting metrics and the LOOCV metrics was expected
given the small number of calibration scenarios (n=8), and
reflects the sensitivity of the regression coefficients to the
exclusion of individual points. This result quantifies the un-
certainty inherent in parameterizing the expert’s knowledge
with such a reduced set of examples. The in-sample correla-
tion (r=0.80) indicates that the model reproduces the ordinal
structure of the expert’s judgments within the elicited scenar-
ios, while the LOOCV results (r=0.312, p=0.453) confirm
that this adjustment should not be interpreted as evidence
of broad generalization: with n=8 calibration scenarios, the
model is best understood as a faithful operationalization of
expert reasoning within the elicited domain, rather than a
general predictive model. Overall, the alignment observed in
Figure 4 supports that the regression-calibrated PC formula-
tion captures the qualitative structure of expert expectations
on the scenarios for which it was designed.

PC Scores in Sample Data. To illustrate the operational
behavior of the calibrated model, PC scores were computed
for a representative sample of developer pairs from the orga-
nizational analysis base. Table 6 reports, for each pair, the
number of shared projects (N ), the corresponding saturation
factor f(N), the normalized OSF and SLF values, and the
resulting PC estimate.

Table 6. PC computed for developer pairs (top pairs by weight)

Pair N f(N) OSF SLF PC

Dev3 - Dev327 4 1.000 0.775 0.662 0.581
Dev3 - Dev198 4 1.000 0.721 0.712 0.577
Dev168 - Dev175 4 1.000 0.801 0.605 0.574
Dev282 - Dev467 4 1.000 0.687 0.721 0.570
Dev53 - Dev300 4 1.000 0.660 0.723 0.562
Dev53 - Dev137 4 1.000 0.707 0.660 0.560
Dev369 - Dev363 4 1.000 0.712 0.643 0.557

The sample highlights the model’s ability to discriminate
collaboration quality in a realistic setting. Among the top
pairs shown in Table 6, PC values span a range of approx-
imately 0.557 to 0.581; across the full compatibility graph
(773 valid pairs), PC ranges from 0.309 to 0.581 (mean =
0.424, as reported in Section 5). This distribution indicates
that the metric avoids the common ceiling effect observed
in simpler heuristics, where most collaborations tend to be
rated uniformly high near the upper bound of the scale. This
spread supports the use of PC as a ranking signal rather than
as a binary or threshold-based indicator.
The effect of collaboration-history saturation is observable

in the expected direction. Developer pairs with more than

four shared projects consistently receive lower PC scores
than comparable pairs at or below the inflection point, with
an average reduction of roughly one percentage point. This
behavior demonstrates that the saturation function opera-
tionalizes the expert’s expectation of diminishing returns
from repeated collaborations.
The calibrated regression coefficients further indicate that

both inputs contribute meaningfully to PC: the fitted weights
of OSF (β = 0.2307) and SLF (α = 0.1792) are of the same
order of magnitude, showing that objective project outcomes
and leadership evaluations both exert substantial influence
on the final score, with a moderate additional contribution
from their interaction (γ = 0.1040). Importantly, the result-
ing ranking offers actionable managerial insight: pairs with
similar OSF and SLF values can be ranked differently de-
pending onwhether they have exceeded the saturation thresh-
old, providing a transparent, data-driven rationale for decid-
ing when to preserve successful pairings and when to delib-
erately separate them when forming new teams.

Semantic consistency under extreme scenarios. To as-
sess whether the calibrated model preserves the expert’s in-
tended ordinal semantics, we evaluated its behavior under
four extreme input configurations: VL-VL, VL-VH, VH-
VL, and VH-VH, where “VL” and “VH” correspond to the
lowest and highest discretized levels of OSF and SLF, respec-
tively. The resulting PC estimates exhibit strictly monotonic
behavior. The VH-VH configuration yields a high compati-
bility score (PC = 0.93), whereas the VL-VL configuration
results in a markedly low value (PC = 0.12). The two asym-
metric cases (VL-VH and VH-VL) produce intermediate
scores (0.46 and 0.49), reflecting balanced but imperfect col-
laboration potential.
These outcomes are fully aligned with the qualitative rank-

ings articulated by the domain expert during elicitation, in-
dicating that the regression coefficients encode numeric ac-
curacy and the intended conceptual ordering of collabora-
tion quality (i.e., excellent, poor, and mixed pairings). Im-
portantly, this analysis indicates that the model behaves co-
herently under extreme OSF/SLF configurations beyond the
specific calibration scenarios, avoiding counterintuitive be-
havior in extreme regions of the input space. Such seman-
tic robustness is critical for downstream optimization and
decision-support processes, as it ensures that automated team
formation algorithms can rely on PC scores without introduc-
ing artifacts that contradict practitioner expectations.

Compatibility graph construction. Finally, the calibrated
PC scores were used to construct a weighted developer com-
patibility graph. Figure 5 illustrates the top 20 highest-weight
edges of the resulting compatibility graph (192 developers,
773 valid pairs), annotated with the estimated pairwise com-
patibility w and the number of shared projects N . Across the
full graph, edge weights range from 0.309 to 0.581 (mean =
0.424), indicating moderate levels of expected collaborative
performance.
The graph structure reveals meaningful collaboration pat-

terns. Developers with multiple high-weight connections
emerge as structurally central nodes, acting as bridges be-
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Figure 5. Developer pair-compatibility graph.

tween otherwise weakly connected subgroups. The top-
weighted subgraphs also reveal cohesive collaboration units,
characterized by dense local connectivity and relatively ho-
mogeneous compatibility scores. The strongest observed tie
in the network is the pair Dev3-Dev327 (w = 0.581, N =
4), which is consistent with the reported edge-weight range
of 0.309 to 0.581.

These structural properties illustrate how the compatibility
graph provides an interpretable, relational view of collabora-
tion potential that goes beyond isolated pairwise scores. By
exposing cohesive clusters and bridge developers, the graph
serves as an effective intermediate representation for down-
stream team formation and analysis, supporting systematic
reasoning about team composition and redeployment strate-
gies grounded in historical collaboration evidence.

RQ1: PC Modeling

RQ1 examined whether a regression model calibrated with expert
knowledge can reproduce expected pairwise collaboration judgments
under OSF, SLF, and collaboration-history saturation. The results sup-
port calibration fidelity within the elicited scenario set. The calibrated
model assigns meaningful importance to both objective project outcomes
(OSF) and internal collaboration evaluations (SLF), while the positive in-
teraction term captures a mild synergy when both signals are high. The
expert-identified saturation effect of repeated collaborations is operational-
ized separately through the history-based factor f(N). Quantitatively, the
model achieves a low in-sample prediction error (MAE = 0.0812) and a
strong positive correlation with expert expectations (r = 0.80). However,
the LOOCV results indicate that broader statistical generalization should be
interpreted cautiously.

5.2 Intra-team collaboration representation
(RQ2)

This subsection addresses RQ2 by testing whether repre-
senting intra-team collaboration as a distribution of pair-
wise compatibility tiers ranks collaboration quality in closer
agreement with expert judgment than collapsing it into a
single mean. Across the 15 expert-labeled scenarios, the
distribution-based transformer (C1-Weighted) achieved a
Spearman rank correlation of ρ = 0.882 (p < 0.001) with
the expert’s expected AC value, compared to ρ = 0.812 (p <
0.001) for the mean-PC baseline (C2-Mean) and ρ = 0.814
(p < 0.001) for a majority-tier baseline. The distribution-
based representation therefore tracks the expert’s ordinal as-
sessment of collaboration quality more closely than either
baseline, as summarized in Table 7.
We note that this advantage is specific to ordinal agree-

ment. In terms of absolute error against the expert’s expected
AC value, the mean-PC baseline attains a slightly lower de-
viation, reflecting a mild systematic optimism in the tier-
weighted aggregation. However, since the operational role
of the collaboration signal is to rank candidate teams by col-
laboration quality rather than to reproduce an exact scalar
value, ordinal agreement is the more relevant criterion, and
it is under this criterion that the distribution-based represen-
tation shows a consistent advantage.
A key reason for this improvement is that scenarios with

similar mean PC values may encode markedly different in-
ternal compatibility compositions. The tier distribution re-
tains this structure (e.g., concentration on VH versus mix-
tures across tiers), enabling the transformer to map distinct
collaboration profiles to different AC labels, which scalar
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Table 7. RQ2: Spearman rank correlation between each intra-team
collaboration representation and the expert’s expected AC value,
across 15 expert-labeled scenarios (higher is better).
Representation Spearman ρ p-value
PC tier distribution (C1-Weighted) 0.882 < 0.001
Mean-PC (C2-Mean) 0.812 < 0.001
Majority-tier baseline 0.814 < 0.001

summaries cannot capture.

RQ2: Intra-team collaboration representation

RQ2 examined whether encoding intra-team collaboration as a distri-
bution of pairwise compatibility tiers (PC_VL–PC_VH) ranks collabo-
ration quality in closer agreement with expert judgment than collaps-
ing it into a single mean tier. Across 15 expert-labeled scenarios, the
distribution-based transformer achieved a higher Spearman rank correlation
with the expert’s expected AC value (ρ = 0.882) than both the mean-PC
baseline (ρ = 0.812) and a majority-tier baseline (ρ = 0.814). This
indicates that preserving the heterogeneity of pairwise relationships yields
a collaboration signal that tracks the expert’s ordinal assessment of team
collaboration more faithfully than scalar aggregation.

5.3 BN Scenario-Based Validation (RQ3)
This subsection addresses RQ3 by examining whether the
expert-calibrated BN generalizes beyond the elicitation set
and accurately predicts AE from AT and AC evidence under
previously unseen but plausible configurations. Validation
is conducted through scenario-based assessments defined by
the expert. The use of held-out scenarios allows us to eval-
uate the goodness of fit and the robustness of the calibrated
CPTs when applied to novel combinations of inputs.

Team Fit validation. For the Team Fit node, we evaluated
two representative validation scenarios that combine differ-
ent ordinal configurations of AT and AC:

• Scenario 1: AT = VH, AC = M, yielding a Brier score
of 0.0788;

• Scenario 2: AT = M, AC = VH, yielding a Brier score
of 0.0782.

In both cases, the BN assigns the highest probability mass
to the central states (M and H), consistent with the conserva-
tive MIXMINMAX(5,1) aggregation policy, which weights
the weaker of the two inputs more heavily. The Brier scores
reflect a structural characteristic of the calibratedmodel: with
σ = 0.05, the Ranked Node formulation produces con-
centrated posterior distributions, assigning most probability
mass to one or two adjacent states. The expert-provided refer-
ence distributions, by contrast, are smoother, spreading prob-
ability across all five states. This mismatch in distributional
sharpness contributes to the observed Brier values indepen-
dently of whether the BN’s modal prediction is correct.
The relative ordering of the two scenarios is consistent

with expert reasoning: both configurations produce similar
Brier scores, reflecting the symmetric trade-off encoded by
MIXMINMAX between high AT with moderate AC (Sce-
nario 1) and moderate AT with high AC (Scenario 2). These
results provide evidence that the expert-calibrated CPTs pre-
serve monotonic and semantically coherent behavior when
applied to unseen AT/AC configurations within the elicited
domain. As such, the BN serves not only as a descriptive

model of expert reasoning, but also as an evaluative mecha-
nism suitable for supporting decision-making in dynamic or-
ganizational settings, complementing the transformer-level
validation reported under RQ2.
To illustrate the practical use of these outputs, consider a

staffing scenario in which a manager must compare two can-
didate teams for a project requiring both technological cov-
erage and sustained collaboration. Suppose Team X is repre-
sented by the evidence configuration AT = VH and AC = M,
while Team Y is represented by AT = M and AC = VH. The
validation results in Scenarios 1 and 2 show that the BN
captures both configurations coherently with respect to the
expert-expected AE distributions, assigning the highest prob-
ability mass to the states consistent with the MIXMINMAX
aggregation policy. In practice, the manager would not use
the Brier score to choose between teams; the Brier score is
a validation metric. The operational output is the AE poste-
rior. Team X would be interpreted as a technically strong op-
tion with moderate collaboration evidence, whereas Team Y
would be interpreted as a collaboration-strong option with
moderate technical evidence. By making these trade-offs ex-
plicit in the AE posterior, the BN supports consistent and au-
ditable comparison of candidate teams under the same expert-
calibrated evaluation policy.

RQ3: BN predictive accuracy

RQ3 examined whether the expert-calibrated BN produces expert-
consistent AE estimates for previously unseen scenarios when predict-
ing AE from AT and AC evidence.
The results provide evidence of semantic consistency on the held-out scenar-
ios within the elicited domain. Across the two held-out validation scenarios,
the BN produced Brier scores of 0.0788 and 0.0782. These values reflect
the structural mismatch between the concentrated posterior distributions
produced by the calibrated model (σ = 0.05) and the smoother expert-
provided reference distributions, rather than a failure of ordinal alignment.
The BN assigns the highest probability mass to the states consistent with the
MIXMINMAX(5,1) aggregation policy in both scenarios, preserving the in-
tended monotonic trade-off between technical and collaborative evidence.
Together with the transformer-level validation reported under RQ2, these
findings indicate that the Ranked Node calibration yields a semantically
consistent evaluator for AE within the elicited domain.

6 Implications
The empirical results obtained for RQ1-RQ3 lead to concrete
implications for both industrial practice and future research
on developer compatibility modeling and STF decision sup-
port. Importantly, these implications are grounded in qualita-
tive alignment with expert reasoning as well as in quantita-
tive performance indicators observed throughout the study.

Implications for Practice. The results of this study offer
actionable guidance for organizations seeking to systemati-
cally incorporate evidence on collaboration into STF deci-
sions, while maintaining transparency, scalability, and align-
ment with managerial judgment.

• Lightweight expert-calibrated models can approxi-
mate managerial judgment with high fidelity (RQ1).
The regression-calibrated PCmodel achieved a low pre-
diction error (MAE = 0.0812 on a normalized [0,1]
scale) and a strong Pearson correlation with expert ex-
pectations (r = 0.80). These results indicate that organi-
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zations can operationalize collaboration assessment us-
ing a small set of expert-labeled scenarios, without the
need for data-hungry or opaque learning models.

• Balanced consideration of outcome-based and
leadership-based signals is supported by the
expert-calibrated model (RQ1).
The calibrated coefficients show comparable weights
for OSF (β = 0.2307) and SLF (α = 0.179), quantita-
tively confirming that collaboration quality depends on
both objective delivery outcomes and leadership or co-
ordination perceptions. This supports staffing practices
that explicitly integrate both dimensions instead of priv-
ileging purely technical or productivity-based metrics.

• Explicit history-based saturation supports sustain-
able team rotation policies (RQ1). The saturation ef-
fect identified during expert elicitation is operational-
ized through the collaboration-history component (e.g.,
f(N)), which penalizes pairs with excessive repeated
collaborations (e.g., more than four shared projects).
This provides managers with a quantitative mechanism
to discourage excessive long-term pairings while still
recognizing accumulated collaboration experience.

• Preserving the distribution of pairwise compatibili-
ties improves agreement with expert-ranked collab-
oration quality (RQ2). For 15 expert-labeled scenarios,
the distribution-based transformer achieved a higher
Spearman rank correlation with the expert’s expected
AC value (ρ = 0.882) than the mean-PC baseline (ρ =
0.812), indicating that scalar summaries obscure the co-
hesion structure that the expert uses to judge collabora-
tion quality.

• Probabilistic evaluators provide stable and explain-
able team approval signals (RQ3). Across the two
held-out AE validation scenarios, the BN produced
Brier scores of 0.0788 and 0.0782, consistent with the
concentrated posterior distributions generated by the
calibrated model (σ = 0.05). The BN preserved the in-
tended monotonic trade-off between technical and col-
laborative evidence in both scenarios, supporting its use
as a transparent and semantically consistent decision-
support tool in team formation processes.

• Adoption costs are front-loaded in calibration, not
in ongoing use. Instantiating the method in a new or-
ganizational context requires: (i) a structured elicita-
tion session with a decision-making expert to define
OSF/SLF semantics and re-elicit context-dependent as-
sumptions such as the saturation inflection point (Sec-
tion 3); (ii) access to OSF/SLF-like signals that are al-
ready collected or can be derived from existing project
management practices, avoiding new data-collection in-
frastructure when comparable indicators are available;
and (iii) a practitioner familiar with a BN tool or proba-
bilistic inference library to instantiate the compact BN
configuration (Table 4). Once calibrated, applying the
model to new candidate teams requires only comput-
ing the intra-team PC profile, transforming it into AC
evidence, injecting the technical and collaboration evi-
dence into the BN, and running standard probabilistic
inference. Thus, routine use does not require repeated
expert elicitation or manual CPT construction for each

staffing decision. The learning curve is reduced by three
design choices: the verbal-numerical elicitation scale
reduces the cognitive burden on the expert; the RNM
reduces the number of CPT parameters that must be
elicited directly; and the compact BN configuration lim-
its the number of modeled constructs. In addition, the
RNM/GA calibration and validation procedures are en-
capsulated in the scripts and reference configurations
provided as supplementary material, so practitioners do
not need to reimplement these components from scratch.
Organizations without readily available OSF/SLF-like
indicators, without access to a decision-making expert,
or without technical familiarity with BN tools would
face a higher initial adoption cost.

Overall, these implications indicate that organizations can
move beyond ad hoc or purely technical STF heuristics and
adopt evidence-based, interpretable evaluation pipelines that
reflect how staffing decisions are actually made in practice.

Implications for Research. From a research perspective,
the findings open several directions for advancing the state
of the art in developer compatibility modeling, explainable
team analytics, and knowledge-guided decision-support sys-
tems in software engineering.

• Expert-guided calibration can provide useful fidelity
while preserving interpretability (RQ1). Achieving
MAE = 0.0812 and r = 0.80 with only eight expert-
labeled scenarios suggests that expert-informed regres-
sion can approximate expert judgment with useful cal-
ibration fidelity, without requiring the data volumes
typical of learning-based models. This encourages fur-
ther research on hybrid, knowledge-guided modeling
solutions in data-scarce software engineering contexts,
though direct empirical comparison against learning-
based baselines remains an open direction (Section 7).

• Saturation effects should be explicitly modeled and
empirically evaluated (RQ1). The observed quantita-
tive impact of the saturation term on PC scores demon-
strates how the expert-elicited non-linear saturation as-
sumption affects PC scores. Future studies should ex-
plore alternative saturation functions and validate their
influence across different organizational settings.

• Collaboration should be studied as a distributional,
not scalar, construct (RQ2). The higher Spearman
rank correlation achieved by the distribution-based
transformer (ρ = 0.882 vs ρ = 0.812 for the mean-PC
baseline) provides empirical evidence that collaboration
quality emerges from the internal composition of pair-
wise relationships, and that this structure is better cap-
tured by preserving tier heterogeneity than by collaps-
ing it into a scalar mean. This motivates further investi-
gation of distributional and relational representations in
team analytics.

• BNs are a promising interpretable fitness function
candidate (RQ3). The scenario-based validation of the
AE node (Brier scores of 0.0788 and 0.0782) provides
evidence of semantic consistency within the elicited
domain: the BN preserves the monotonic trade-off be-
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tween AT and AC encoded by the MIXMINMAX ag-
gregation policy under previously unseen configura-
tions. The observed Brier values reflect the distribu-
tional sharpness of the calibrated model (σ = 0.05) rela-
tive to the smoother expert-provided reference distribu-
tions; future work should investigate evaluation criteria,
such as ordinal rank alignment, that are better suited to
concentrated posterior distributions and to the intended
use of the BN as a relative ranking tool across candidate
teams.

• Scenario-based probabilistic validation is a viable
strategy when ground truth is unavailable (RQ3).
The use of expert-defined validation scenarios com-
bined with probabilistic accuracy metrics (Brier score)
provides evidence of internal consistency and gener-
alization within the elicited reasoning domain, though
not of predictive accuracy against real-world outcomes
(Section 7). This validation strategy can be adopted by
future studies where real project outcome data is limited
or delayed.

These implications suggest a research agenda that pri-
oritizes interpretability, expert alignment, and probabilis-
tic validation, positioning knowledge-guided and hybrid ap-
proaches as a viable foundation for next-generation team for-
mation methods in software engineering.

7 Threats to Validity
This section discusses potential limitations that may impact
the robustness, interpretation, and generalizability of our
findings, organized according to the classification proposed
Wohlin et al. (2012).
Construct Validity. A primary construct-validity threat

concerns the reliance on a limited set of expert-labeled sce-
narios (eight in total) to calibrate the regression model. Al-
though these scenarios were deliberately designed to span
the OSF–SLF space and were reviewed iteratively with the
expert, they may not fully capture the diversity and nuance of
real-world collaboration patterns. Additional scenarios could
reveal non-linearities, asymmetries, or interaction patterns
not represented in the current elicitation design.
A second threat concerns the operationalization of OSF

and SLF as proxies for prior collaboration quality. These
constructs are intended to capture complementary aspects of
previous team performance, but any concrete instantiation
of them may omit relevant factors that influence collabo-
ration, such as informal communication, interpersonal con-
flict, workload pressure, organizational politics, or project-
specific constraints. This limitation is particularly relevant
for OSF when instantiated through NPS-based feedback:
NPS reflects client-perceived satisfaction with project de-
livery, but it does not necessarily capture technical quality,
maintainability, internal process efficiency, or longer-term
project outcomes. Therefore, OSF and SLF should be inter-
preted as pragmatic proxies for compatibility modeling, not
as complete measures of collaboration quality.
A third threat concerns the use of a single expert. The elic-

itation expert is the senior authority responsible for staffing

decisions in the studied organization; therefore, the model
intentionally captures this authority’s decision policy rather
than an organization-wide consensus. This improves contex-
tual validity for the target setting, but it also means that the
calibrated PC model, PC-to-AC transformer, and BN evalu-
ator may encode the expert’s own assumptions, preferences,
and biases. We therefore interpret the resulting model as an
auditable representation of local decision logic, not as a uni-
versal model of software team formation.
We mitigated these threats by constructing scenarios that

cover extreme, intermediate, and asymmetric OSF–SLF con-
figurations, validating the ordinal mappings directly with the
expert, and modeling collaboration relationally at the pair
level rather than through individual traits. Nevertheless, fu-
ture work should expand the elicitation set, incorporate ad-
ditional experts, and evaluate alternative or complementary
indicators for operationalizing OSF and SLF in different or-
ganizational contexts.
RQ2 introduces an additional construct-validity consider-

ation because it evaluates alternative encodings of collabo-
ration evidence rather than alternative team-formation meth-
ods. RQ2 is designed as a controlled ablation on evidence
encoding: the BN parameterization is kept fixed and only
the collaboration representation is varied (tier distribution vs.
mean-tier one-hot). This isolates representational loss due to
aggregation, rather than conflating it with alternative elici-
tation or CPT reparameterization. Therefore, RQ2 supports
claims about representational adequacy under a fixed, expert-
calibrated BN, not about the best possible BN calibration for
each encoding.
Internal Validity. The regression model assumes a linear

structure for PCbase, combining OSF, SLF, and their inter-
action, followed by a multiplicative saturation adjustment
through f(N). While the calibration results show strong
alignment with expert expectations on the elicited scenarios
(MAE = 0.0812, r = 0.80), non-linear effects or interaction
patterns beyond those explicitly modeled may exist in prac-
tice. Furthermore, the calibration scenarios are synthetic by
construction, which introduces potential bias if the elicited
configurations do not adequately reflect the diversity of real
collaboration situations.
Stages S4–S5 were instantiated on an organizational anal-

ysis base derived from anonymized project-participation
records and project-level OSF/SLF indicators. Although this
base reflects actual organizational co-participation structures
and project-level evaluation signals, the resulting compatibil-
ity graph should not be interpreted as a complete empirical re-
construction of the organization’s collaboration quality. The
graph represents compatibility as defined by the proposed
model and depends on the available records, the operational-
ization of OSF and SLF, and the expert-elicited saturation
function. It may therefore omit relevant collaboration factors
not captured in the organizational data, such as informal com-
munication patterns, interpersonal conflict, workload pres-
sure, or project-specific constraints.
Wemitigated these threats by incorporating the SLF×OSF

interaction term, by applying the expert-elicited saturation
function f(N) as a separate multiplicative adjustment, by
analyzing monotonicity under extreme configurations, and
by complementing MAE with correlation analysis to cap-
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ture directional agreement. However, the saturation function
was not cross-validated against longitudinal outcome data,
and the compatibility graph cannot substitute for validation
against future project outcomes. Future studies should ex-
plore alternative functional forms, validate saturation effects
using longer-term empirical collaboration trajectories, and in-
stantiate the graph construction process across additional or-
ganizations and datasets.
External Validity. The study was conducted within a sin-

gle organization with a specific management culture, eval-
uation practices, project portfolio, and staffing process. As
a result, the calibrated model should not be interpreted as
directly transferable to organizations with different norms,
team sizes, project types, incentive structures, or decision-
making practices. The elicitation expert also holds a senior
technical leadership role, and judgment criteria may differ
across managerial levels or organizational contexts.
To mitigate this threat, the proposed method emphasizes

recalibration rather than reuse of fixed parameters. In partic-
ular, the operationalization of OSF and SLF, the saturation
threshold in f(N), the coefficients of PCbase, the PC-to-
AC tier weights, and the BN structure and CPT parameters
may all depend on the target organization. These elements re-
flect local assumptions about what counts as successful col-
laboration, how repeated collaboration should affect compat-
ibility, and how technical and collaborative evidence should
be balanced in team approval decisions. Therefore, applying
the method in another organization would require re-eliciting
these assumptions with the relevant local decision maker.
A further external-validity limitation concerns practical

adoption across organizations. The method assumes that the
organization can instantiate OSF/SLF-like indicators, has
access to a local decision-making expert, and has at least
minimal technical familiarity with BN tools or probabilis-
tic inference libraries. Organizations whose staffing deci-
sions are distributed across multiple stakeholders, or whose
project records do not support comparable compatibility in-
dicators, may face higher adoption costs. Similarly, organi-
zations without prior experience in BN-based modeling may
require additional technical support to instantiate and vali-
date the compact BN configuration. These limitations do not
affect the internal behavior of the method in the studied set-
ting, but they constrain how easily the procedure can be trans-
ferred to other organizational contexts.
A related limitation concerns the absence of an empirical

comparison with alternative STF methods. In this revision,
we address this issue through the structured conceptual com-
parison presented in Section 2.2, rather than through a new
experimental baseline. This choice reflects the scope of the
study: the proposedmethod evaluates expert-guided compati-
bility modeling and team-fit assessment, whereas existing ap-
proaches often optimize different constructs, such as person-
ality compatibility, skill coverage, graph connectivity, com-
munication cost, or latent collaboration patterns. A fair em-
pirical comparison would require adapting competing meth-
ods to the same organization-specific team-project fit crite-
rion and evaluating them under comparable data and decision
assumptions. We therefore treat direct empirical comparison
with alternative STF methods as an important direction for
future work.

Conclusion Validity. Predictive accuracy was primarily
assessed using MAE, Pearson correlation, and Brier scores
computed against expert-labeled expectations rather than in-
dependent ground-truth project outcomes. Consequently, the
results demonstrate alignment with expert reasoning rather
than direct causal impact on real project success. This in-
troduces a circularity risk, since the same expert who de-
fined the modeling assumptions also supplied the reference
labels used for validation (Section 4.3); scenario-based vali-
dation can therefore only assess internal consistency within
the elicited reasoning domain, not correlation with actual
project outcomes, which would require longitudinal data col-
lected after real STF decisions. Statistical inference is also
limited by the small size of the calibration dataset.
The LOOCV analysis showed high variability in the pre-

diction error (LOOCVMAE = 0.176) compared to the fitting
error (MAE = 0.081), which highlights the inherent limita-
tion of calibrating a regression model with only eight points.
Although the main goal is the parameterization of expert
knowledge and not traditional statistical inference, this insta-
bility in the coefficients is a limitation of the study. We miti-
gated this issue by not relying exclusively on the regression
for team evaluation, but rather by integrating its output into
a compatibility graph and a BN, whose behavior was further
evaluated using held-out expert-defined scenarios.
We partially mitigated conclusion-validity threats by em-

ploying complementary evaluation metrics (MAE, Pearson
correlation, and Brier score), by analyzing semantic consis-
tency under extreme configurations, by comparing the PC-
tier distribution representation against a mean-PC baseline
in RQ2, and by validating AE inference on held-out expert-
defined scenarios. Nonetheless, these evaluations do not es-
tablish superiority over alternative STF methods. Future lon-
gitudinal studies should compare BN-predicted Team Fit
with actual project performance indicators and evaluate the
proposedmethod against alternative approaches under a com-
mon organizational decision criterion.

8 Final Remarks
This paper proposes a lightweight, expert-guided method
for estimating developer compatibility and supporting ex-
plainable STF decisions. The method combines two project-
level indicators, OSF and SLF, with an expert-defined
collaboration-history saturation function and expert judg-
ments on eight synthetic scenarios. These labels calibrate a
linear regression model that accounts for diminishing returns
in repeated collaborations. The resulting PC scores form a
weighted graph, which is embedded in a BN to evaluate team
fit probabilistically.
The findings address three core research questions. For

RQ1, the regression model closely reproduces expert expec-
tations, achieving an MAE of 0.0812 and a Pearson correla-
tion of 0.80, while preservingmonotonicity andmodeling the
saturation effect beyond four projects. Regarding intra-team
collaboration modeling, the results of RQ2 provide evidence
that representing collaboration as a distribution of pairwise
compatibility tiers leads to a more faithful PC-to-AC trans-
formation than collapsing collaboration into a single mean
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value. By preserving heterogeneity among developer inter-
actions, the distribution-based representation ranked collab-
oration quality in closer agreement with expert judgment
(Spearman ρ = 0.882 versus 0.812 for the mean-PC base-
line), reinforcing the importance of distributional collabora-
tion modeling in team formation systems. RQ3 provides evi-
dence of semantic consistency for AE within the elicited do-
main: across the two held-out AT/AC configurations tested,
the BN produced Brier scores of 0.0788 and 0.0782, preserv-
ing the monotonic trade-off between technical and collabo-
rative evidence encoded by the MIXMINMAX(5,1) aggre-
gation policy. The Brier values reflect the concentrated pos-
terior distributions of the calibrated model (σ = 0.05) rela-
tive to the smoother expert-provided reference distributions,
a structural characteristic discussed further in Section 7.
These results offer both practical and research-oriented

implications. From a managerial standpoint, the proposed
method enables interpretable, auditable, and scalable team
recommendations using limited historical data. The satu-
ration model supports reasoning about team rotation, and
the compatibility distribution allows transparent inspection
of collaboration structure. From a research perspective, the
work suggests that expert-calibrated regression combined
with Bayesian inference offers a viable complementary di-
rection to data-intensive black-box models in settings where
outcome data is limited and interpretability is required.
Several opportunities for future work emerge from this

study. First, the calibration process can be strengthened by
expanding the set of elicited scenarios and incorporatingmul-
tiple experts to assess inter-expert variability and improve
robustness. Second, alternative saturation functions and non-
linear regression formulations could be explored and em-
pirically compared across different organizational contexts.
Third, future work should develop a tool-supported adop-
tion framework to reduce the practical burden of applying
the method, including guided interfaces for expert elicitation,
structured forms for collecting judgments used in CPT cal-
ibration, assisted BN configuration, automated consistency
and validation checks, and encapsulated RNM/GA calibra-
tion procedures. Fourth, the compatibility graph and BN eval-
uator can be embedded more tightly into search-based op-
timizers, such as genetic algorithms, to enable fully auto-
mated yet interpretable team assembly. Fifth, future studies
should compare the proposed evaluator with alternative STF
approaches under a common decision criterion, including
graph-based, heuristic, and learning-based methods adapted
to the same organizational setting. Finally, longitudinal and
multi-organizational studies are needed to empirically assess
the relationship between BN-predicted Team Fit and actual
project outcomes, thereby strengthening conclusions and ex-
ternal validity.

Data Availability
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1https://github.com/isevirtus/graph_validation
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