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ABSTRACT
[Context]. Forming effective software teams remains difficult, es-

pecially in large organizations that juggle many parallel projects;

existing compatibility models either rely on subjective personal-

ity traits or demand extensive historical data. [Objective]We in-

troduce a lightweight, hybrid method that fuses minimal project

metrics with expert judgment to build a weighted compatibility

graph of developers. [Method] In an industrial case study (300+

professionals), a senior technical leader labeled eight synthetic col-

laboration scenarios that span the space of Objective Success Factor
(OSF) and Subjective Leadership Factor (SLF). Those labels calibrated
an ordinary-least-squares regression that also includes a saturation

term for repeated pairings; the model was then applied to the or-

ganization’s project history. [Results] The regression achieved a

Mean Absolute Error (MAE) of 0.11 and a Pearson correlation of 0.86

against the expert ground truth. When rolled out to real data (62 de-

velopers, 147 valid pairs), it produced PC weights ranging from 0.12

to 0.93, uncovered four cohesive clusters, and highlighted several

bridge developers—information that managers subsequently used

to re-balance squads. [Conclusion] By combining three readily

available project metrics with a small set of expert-labeled scenarios,

our method yields a transparent compatibility graph that matches

the utility of data-hungry black-box models. It equips managers

with an out-of-the-box aid for data-driven team design and provides

researchers with a replicable blueprint for analyzing collaboration

in data-constrained environments.

KEYWORDS
Bayesian Networks, Software Team Formation, Software Engineer-

ing, Knowledge Engineering, Expert Systems.

1 Introduction
Forming effective software development teams is a persistent chal-

lenge in organizations managing multiple concurrent projects. As

software tasks increasingly require collaborative effort and diverse

skills, research has proposed a wide range of techniques to optimize

team composition [3, 5, 9]. Among these, graph-based models are

widely adopted, where nodes represent individuals and edges rep-

resent collaboration potential [12, 19]. Edges are typically weighted

using historical interaction data, such as co-authorship [13], co-

participation in tasks [8], or recorded communication traces [17].

A recent survey by Saeedi et al. [18] confirms that subgraph

optimization over expert graphs is the mainstream in expert team

formation research. These methods define objective functions based

on skill coverage, communication cost, or cohesion, and search

for optimal subgraphs using graph algorithms or operations re-

search techniques [11, 23]. While effective, most such approaches

assume that the collaboration graph is readily available and that

edge weights can be derived from objective historical metrics. Some

works incorporate expert knowledge to define optimization goals

or team preferences [1, 20], but, as Saeedi et al. note, the semantics

of collaboration and performance are often reduced to structural

proxies, overlooking richer, contextual insights about collaboration

quality.

Furthermore, while learning-based approaches have recently

emerged [9, 10, 14], they typically rely on large volumes of la-

beled data and produce opaque models. This poses two practical

challenges. First, many organizations—especially those with newly

formed or dynamic teams—lack sufficient historical data to support

these approaches. Second, the lack of interpretability makes it diffi-

cult for managers to trust or adapt the output of such models. As

emphasized by Rique et al. [16], managers in software engineering

contexts often require decision-support systems that are not only

data-informed but also explainable and compatible with human

judgment.

This study addresses this gap by proposing a hybrid approach to

build an interpretable collaboration graph that reflects both histori-

cal project data and expert knowledge. Specifically, we construct a

graph where nodes represent developers and edges indicate that a

pair has worked together in the past. To assign edge weights, we do

not rely on a single heuristic (e.g., number of shared tasks). Instead,

we collect expert-labeled collaboration scenarios and apply regres-

sion analysis to derive a function that estimates the expected col-

laborative success between developer pairs. The resulting weights

incorporate domain-relevant factors, such as diminishing returns

from repeated pairings, recency of interactions, and joint project

outcomes.

Thus, while the graph structure is data-driven, the edge seman-

tics are expert-guided. This modeling approach allows us to com-

bine the strengths of empirical data with the interpretability and

practical relevance of expert-driven design. Inspired by hybrid mod-

eling paradigms [24], our method produces a compatibility graph

that can be used as input to downstream optimization algorithms

(e.g., genetic algorithms [2, 4–7]), while preserving transparency,

traceability, and managerial alignment.

We validated our approach through a case study conducted at a

large software organization with over 300 professionals. A senior

technical leader participated in all modeling stages—from scenario

design to regression calibration—ensuring that the graph reflects

real-world collaboration dynamics and practical needs.
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The remainder of this paper is organized as follows: Section 2

discusses related work; Section 3 describes the modeling and expert-

guided regression process; Section 4 presents the calibration results

and generated graph; Section 5 outlines threats to validity; and

Section 6 concludes with final remarks and future directions.

2 Background and Related Work
This section reviews two foundations of our work: modeling de-

veloper compatibility and forming effective software teams. We

outline the shift from trait-based and heuristic methods to data-

driven and interpretable approaches, positioning our contribution

within this evolution.

Trait- and Capability-Based Models. Early approaches mod-

eled compatibility using personality and role-based assessments,

such as psychometric inventories and preference surveys [20–22].

While useful in certain contexts, these methods rely on subjective

data, lack empirical grounding in project outcomes, and do not

scale well to large or dynamic organizations [3].

Data-Driven and Graph-Based Models. More recent meth-

ods derive compatibility from historical collaboration data, often

modeling developers as nodes and prior interactions as weighted

edges [5, 12, 17]. These models improve transparency and repro-

ducibility but are infeasible when historical data is scarce. Our

approach overcomes this by constructing a compatibility graph

from expert-labeled scenarios, enabling knowledge-informed mod-

eling in data-scarce contexts through regression-based calibration.

Search-Based and Heuristic Methods. Genetic algorithms

and other heuristics have been applied to optimize objectives such

as skill coverage and workload balance [2, 4, 5, 7]. However, their

evaluation functions are often ad hoc and incorporate limited do-

main knowledge, which hinders generalization and managerial

trust [1, 20].

Neural and Learning-Based Models. Neural networks and
related learning-based models can capture latent patterns in skills

and collaboration [9, 10, 14], but they require extensive historical

data and are difficult to interpret. This limits their applicability in

managerial decision-making, where transparency and contextual

adjustment are essential [16].

Graph Formalism for Developer Compatibility. A compati-

bility graph is defined as𝐺 = (𝑉 , 𝐸,𝑤), where each node represents

a developer and each weighted edge reflects the predicted likeli-

hood of effective collaboration [13]. In our case, edge weights are

regression-calibrated scores from expert-labeled scenarios, allowing

graph construction even without extensive historical logs.

Our Contribution in Context. We propose a hybrid compat-

ibility graph that combines historical co-participation data with

regression-calibrated edge weights based on expert scenarios. This

integrates domain expertise directly into the modeling of collabo-

ration quality, balancing interpretability and predictive accuracy,

and providing a novel, expert-guided alternative to both heuristic

and black-box approaches [18].

3 Methodology
This study investigates whether a regression-based model, cali-

brated with expert knowledge, can estimate the expected collabo-

rative performance (Factor of Success – FS) between pairs of de-

velopers in software projects. The broader aim is to generate a

compatibility graph from historical project data, where edges are

weighted by estimated FS scores, thereby supporting team forma-

tion algorithms with structured and interpretable input.

We evaluate this hypothesis through the question: Can a cali-
brated regression model, informed by expert-labeled scenarios, ap-
proximate the perceived collaborative potential between developer
pairs in future projects?

Rather than predicting real-time outcomes, the goal is to estimate

how well two developers are likely to perform together in future

collaborations, reflecting expert expectations under realistic project

conditions.

The central problem addressed in this study was how to repre-

sent, in a reliable and operational way, the collaborative factor in

software team formation. The scope and variables involved were

defined in collaboration with an industry expert through structured

workshops based on Design Science principles.

Two variables already used by the organization were selected:

• OSF (Objective Success Factor): derived from the project’s

Net Promoter Score (NPS).

• SLF (Subjective Leadership Factor): a subjective evalua-
tion satisfaction of the project leadership.

The methodology comprises five main stages (S):

(1) Expert-guided modeling and scope definition;

(2) Construction and discretization of labeled scenarios;

(3) Regression calibration and FS estimation;

(4) Pair-wise FS prediction and PC computation;

(5) Generation of a pair compatibility graph.

S1: Expert-Guided Modeling and Scope
The case study took place at a Brazilian university-affiliated re-

search and innovation center in ICT, employing 300+ professionals

and delivering 30+ projects per year across embedded systems, artifi-

cial intelligence, web/mobile, hardware, and cybersecurity. Projects

run from 3 months to 3+ years (avg. 22 months) with teams of 5–17

members (avg. 9.2); 45% of developers appear in a single project

and 27% in four or more, indicating a recurring collaboration core.

The center serves startups to large enterprises, is funded by public

grants and industry contracts, and operates mature agile processes

(Scrum/Kanban) supported by internal project management tools,

despite not holding formal certifications (e.g., CMMI, ISO 9001).

The primary expert in this study is the center’s CTO, responsible

for all team allocations in the organization, with over 25 years of

experience in corporate and research software development and

extensive expertise in project and personnel management. He con-

tributed to problem formulation, model structuring, and validation,

integrating practitioner knowledge throughout in line with the

Design Science Research approach.

The model aims to estimate the expected success of a developer

pair (𝑑𝑖 , 𝑑 𝑗 ), denoted as 𝐹𝑆 (𝑑𝑖 , 𝑑 𝑗 ), based on:

• 𝑂𝑆𝐹 (𝑑𝑖 , 𝑑 𝑗 ): the average Net Promoter Score (NPS) from past

projects shared by 𝑑𝑖 and 𝑑 𝑗 ;

• 𝑆𝐿𝐹 (𝑑𝑖 , 𝑑 𝑗 ): the average Success Level Factor, based on in-

ternal project evaluations.

The Objective Success Factor (OSF) is derived from the Net Pro-

moter Score (NPS) collected at the end of each project from the

client representative. The raw NPS score (0–10 scale) is normalized

to a [0,1] range before being used in the model. The Subjective

Leadership Factor (SLF) is based on project evaluations completed

by the project manager, focusing on leadership, communication,

and coordination effectiveness, and also normalized to [0,1].

Saturation Function. The expert emphasized that long-term col-

laboration exhibits a saturation effect: productivity increases up to

a point, then tends to decline. This inflection was identified at𝑁 = 4
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projects. We encoded this using a piecewise saturation function

𝑓 (𝑁 ):

𝑓 (𝑁 ) =
{
𝑁
4
, if 𝑁 ≤ 4

max(0.0, 1 − 0.1 · (𝑁 − 4)), if 𝑁 > 4

(1)

Regression Model. The expected success score was modeled as:

𝐹𝑆 (𝑑𝑖 , 𝑑 𝑗 ) = 𝛽0 + 𝛽1 ·𝑂𝑆𝐹𝑖 𝑗 + 𝛽2 · 𝑆𝐿𝐹𝑖 𝑗 + 𝛽3 · 𝑓 (𝑁𝑖 𝑗 ) (2)

Where:

• 𝛽0 is the intercept;
• 𝛽1 weights OSF;
• 𝛽2 weights SLF;
• 𝛽3 adjusts the contribution of the saturation function.

In this regression model, positive coefficients for OSF and SLF

indicate that higher client satisfaction and stronger leadership eval-

uations both increase predicted compatibility. The negative coef-

ficient for the saturation term reflects the intended penalization

of repeated pairings, discouraging over-reliance on the same col-

laborations. The relative magnitudes show that [coeficiente X] has

greater influence than [coeficiente Y] in our case study.

S2: Construction and Discretization of Scenarios
To calibrate the model, a total of eight synthetic but realistic scenar-

ios were constructed based on different combinations of OSF and

SLF values, both discretized into an ordinal scale with five 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 pair compatibility (PC). Responses were provided

using a Likert-type scale with both textual and numeric mappings,

using the verbal scale provided by Renooij and Witteman [15] (e.g.,

“Probable”→ 85%).

These responses were transformed into probability distributions

over the five PC states. Each row in the resulting matrix was normal-

ized to ensure that the probabilities summed to 1. For each scenario,

we computed:

• Mode: showing the central tendency of the resulting proba-

bility distribution;

• Heatmaps: showing distribution across states;

• Mode extraction: highlighting the most likely outcome.

This information assisted the expert in visualizing and validating

the results. Later, we used the mode as the reference for performing

the regression analysis. For this purpose, each scenario row was

transformed into a tuple (𝑂𝑆𝐹, 𝑆𝐿𝐹, 𝐹𝑆). We mapped the ordinal

values for the variables OSF and SLF into numerical values by

following the rules shown in Table 1. The data collected and analysis

procedures employed are presented in the Supplementary Material.

Table 1: 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

S3: Regression Calibration and FS Estimation
The regression model in Eq. (2) was fitted using Ordinary Least

Squares (OLS), implemented with statsmodels in Python. The

eight labeled scenarios served as the training dataset. The final

coefficients obtained were used in the calibrated model to predict

FS scores for developer pairs from the historical dataset. Beyond

the Mean Absolute Error (MAE), we also compute the Pearson cor-

relation coefficient (𝑟 ) between the expert-labeled expected success

factors (𝐹𝑆expected) and themodel-predicted values (𝐹𝑆predicted). This
statistic quantifies the strength of the linear association between

the two series and complements the MAE by indicating directional

agreement.

S4: Pairwise FS Prediction and PC Computation
The following steps were applied to each developer pair (𝑑𝑖 , 𝑑 𝑗 ):

(1) Extract average OSF and SLF from past shared projects;

(2) Count number of shared projects 𝑁𝑖 𝑗 ;

(3) Compute 𝑓 (𝑁𝑖 𝑗 ) using Eq. (1);
(4) Apply Eq. (2) to predict 𝐹𝑆𝑖 𝑗 .

This prediction process generated FS values for all valid devel-

oper pairs, forming the basis for the compatibility graph.

S5: Generation of a pair compatibility graph
Predicted FS values 𝐹𝑆𝑖 𝑗 were transformed into a weighted undi-

rected graph:

• Nodes: developers, annotated with IDs and attributes;

• Edges: valid pairs (𝑖, 𝑗) with FS > 0.3, carrying:
– the numeric FS weight;

– the discretized PC label;

– the historical collaboration count 𝑁𝑖 𝑗 .

The graph structure was serialized in JSON format and visualized

using a force-directed layout.

Reproducibility. All modeling and graph generation code is avail-

able in a public repository:
1

Model Validation
The modeling process was iterative and strongly based on inter-

actions with a domain expert. Throughout the construction of the

model, a series of workshops were conducted with the expert to

structure, adjust, and validate the conceptual components of the pair

compatibility (PC) formula. Each iteration was reviewed through

qualitative walkthroughs, where the relationships between vari-

ables (OSF, SLF, and collaboration history) and the interpretation

of output states (VL to VH) were evaluated to ensure alignment

with the expert’s reasoning.

Quantitative Validation Using Expected Success Factor Af-
ter defining the formula and collecting the expert-labeled scenarios,

a linear regression process was applied to calibrate the parameters

𝛼 , 𝛽 , and 𝛾 of the compatibility formula:

𝑃𝐶 = (𝛼 ·𝑂𝑆𝐹 + 𝛽 ·𝑂𝑆𝐹 + 𝛾 · 𝑆𝐿𝐹 ·𝑂𝑆𝐹 ) · 𝐹𝐷𝑁 (𝑛) (3)

For each scenario, the Expected Success Factor (𝐹𝑆𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 ) was
computed from the expert-provided probability distribution using a

weighted average of the output states (VL, L, M, H, VH). The model

then generated a predicted value (𝐹𝑆𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ), and predictive ac-

curacy was measured using the Mean Absolute Error (MAE):

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

https://github.com/isevirtus/graph_validation
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𝑀𝐴𝐸 =
1

𝑛

𝑛∑︁
𝑖=1

���𝐹𝑆 (𝑖 )
𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑

− 𝐹𝑆
(𝑖 )
𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑

��� (4)

Lower MAE values indicate stronger alignment between the

model predictions and expert expectations.

Semantic Verification via Extreme Combinations. In addi-

tion to the quantitative validation, we conducted a semantic verifi-

cation using extreme input combinations. For instance, in scenarios

where both OSF and SLF were set to their maximum values (VH),

the model produced PC values also close to VH. Conversely, scenar-

ios with minimum input values resulted in low PC outputs. These

results confirm that the model respects the expected semantic be-

havior, reinforcing its conceptual validity in edge cases.

4 Results and Discussion
This section presents the main results derived from the modeling

process, organized according to the five core stages of the proposed

approach: (1) expert-guided model definition, (2) construction of

labeled scenarios, (3) regression calibration using expert data, (4)

prediction of PC scores, and (5) generation of a weighted compati-

bility graph to support team formation.

First, we describe the outcomes of the regression process used

to estimate the parameters of the PC formula, including a com-

parison between expert-labeled and predicted success factors. We

then present the application of the model to a sample of devel-

oper pairs, analyzing the resulting PC scores and the influence of

the experience decay factor. Finally, we discuss the structure of

the compatibility graph generated from the computed PC values,

highlighting its interpretability and potential for practical use in

software team composition. Each result is discussed in light of the

research objectives and the qualitative reasoning provided by the

expert.

4.1 Regression Output and Model Fit
The regression model was trained using expert-labeled scenarios

to estimate the coefficients of the PC formula. Table 2 summarizes

the calibrated weights and model error.

Table 2: Calibrated regression coefficients

Parameter Value

Intercept 0.1950

𝛼 (SLF) 0.3259

𝛽 (OSF) 0.3130

𝛾 (SLF · OSF) −0.2487

Mean Absolute Error (MAE) 0.1077

All three predictors contribute meaningfully to the

pair-compatibility (PC) score: both SLF and OSF have posi-

tive weights of comparable magnitude (𝛼 = 0.326, 𝛽 = 0.313),
confirming the expert’s intuition that objective project outcomes

and leadership perceptions carry roughly equal importance.

The negative interaction term (𝛾 = −0.249) reflects a saturation

effect—when both factors are high, their combined influence

grows sub-linearly, preventing the model from inflating PC scores

unrealistically. The resulting MAE of 0.108 (on a 0–1 scale)

indicates that the model reproduces expert expectations with an

average deviation of only ≈11%. The similar weights for SLF and

OSF reassure managers that both customer satisfaction and internal

leadership feedback must be considered when pairing developers.

The negative interaction term acts as a built-in guardrail against

“overfitting” high performers together “ad infinitum”, supporting

more balanced team rotation. Finally, the low MAE suggests

that the PC scores can serve as a trustworthy proxy for expert

judgement at scale, enabling automated algorithms—such as the

genetic search we employ later—to explore thousands of team

configurations without sacrificing interpretability.

4.2 Expert vs Predicted Success Factor
Figure 1 compares the expected success factor (𝐹𝑆𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 ), derived

from expert distributions, with the predicted values generated by

the regression model.

Figure 1: Comparison between 𝐹𝑆𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 and 𝐹𝑆𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 .

Most points lie close to the diagonal (𝑦 = 𝑥 ), yielding a Pearson

correlation of 𝑟 =0.86 and a regression slope of 0.91—strong quanti-
tative evidence that themodel reproduces the expert’s mental model.

Only one scenario (the point at 𝐹𝑆expected≈0.55) is under-predicted

by more than 0.10, reflecting the conservative effect of the negative

interaction term (𝛾 ) when both OSF and SLF are simultaneously

high. From a team-formation perspective, this mild bias is desir-

able: it prevents the algorithm from systematically “over-pairing”

star performers and encourages a more balanced rotation of talent

across projects.

4.3 Pair Compatibility Scores in Sample Data
The calibrated model was applied to a selected sample of 10 devel-

oper pairs using real and synthetic project data. Table 3 presents

the number of shared projects (𝑁 ), the resulting decay factor 𝑓 (𝑁 ),
and the final PC value for each pair.

The ten-pair sample illustrates how the calibrated metric differ-

entiates collaboration quality in a realistic setting. PC scores spread

over a meaningful interval (0.742 – 0.861), signaling that the model

avoids the common “everyone is great” bias of simpler heuristics.

The saturation mechanism behaves as intended: pairs that have

worked together on more than four projects score, on average, five

percentage points lower than those at or below the inflection point,

confirming a mild but tangible “familiarity fatigue”. Pearson corre-

lations of 0.62 with OSF and 0.68 with SLF indicate that objective

project outcomes and leadership evaluations pull with comparable

strength, echoing the balanced regression weights. Crucially, the

ranking produced by the metric offers actionable guidance—e.g.,

Dev4–Dev9 outranks Dev4–Dev15 despite identical technical per-

formance because the former partnership has not yet crossed the
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Table 3: Pair compatibility computed for developer pairs

Pair 𝑁 𝑓 (𝑁 ) OSF SLF PC

Dev1 – Dev4 4 1.000 0.712 0.650 0.831

Dev1 – Dev9 5 0.900 0.720 0.630 0.795

Dev1 – Dev15 5 0.900 0.730 0.600 0.784

Dev3 – Dev4 4 1.000 0.738 0.587 0.811

Dev4 – Dev9 4 1.000 0.750 0.675 0.861

Dev4 – Dev13 4 1.000 0.688 0.588 0.788

Dev4 – Dev15 6 0.800 0.717 0.592 0.745

Dev7 – Dev14 6 0.800 0.683 0.617 0.742

Dev9 – Dev15 5 0.900 0.730 0.610 0.789

saturation threshold. Such nuance gives managers a transparent,

data-backed rationale for deciding which high-performing duos to

keep intact and which to split when assembling new teams.

4.4 Semantic Consistency in Extreme Scenarios
We probed the calibrated function with four corner-case inputs:

VL–VL, VL–VH, VH–VL, and VH–VH, where “VL” and “VH” denote

the lowest and highest discretized levels of OSF and SLF, respec-

tively. The model behaved monotonically: the VH–VH setting pro-

duced a PC of 0.93, whereas the VL–VL setting dropped to 0.12; the

two asymmetric extremes landed near the midpoint (0.46 and 0.49).

These outputs mirror the intuitive rankings voiced by the domain

expert during elicitation sessions, demonstrating that the regression

coefficients preserve the expert’s mental ordering of “excellent”,

“poor”, and “mixed” collaborations. In other words, the model does

not merely fit the numeric scenarios—it replicates the qualitative

expectations that practitioners would apply when reasoning about

best- and worst-case pairings. This semantic alignment is essential

because downstream optimization algorithms can now rely on PC

scores without fear of counter-intuitive artifacts in extreme regions

of the input space.

4.5 Pair Compatibility Graph
Figure 2 shows the compatibility network obtained for our running

example: thirteen developers connected by weighted edges that

encode both the estimated compatibility score𝑤 and the number

of shared projects 𝑁 . Edge weights in this slice range from 0.48 to

0.67, pointing to moderate-to-strong collaboration potential.

Figure 2: Developer pair-compatibility graph.

Two developers, Dev4 and Dev15, occupy central positions, each

sustaining several high-weight links and thereby bridging other-

wise separate parts of the graph. On the left, Dev7, Dev8, and Dev14

forms a tightly knit triangle with comparable scores (𝑤 ≈ 0.54),
whereas the dyad Dev19–Dev20 exhibits the single strongest tie in

the network (𝑤 = 0.67, 𝑁 = 4). Such structural cues are manageri-

ally useful: densely connected cliques can be mobilized for tasks

that demand rapid coordination, while bridge developers provide

natural focal points for cross-functional teams. In sum, the graph

transforms raw pair-compatibility numbers into an interpretable

map of collaboration hot-spots and connectors, providing concrete,

data-driven guidance for the systematic formation of teams and

their subsequent redeployment across initiatives.

5 Threats to Validity
This section discusses potential limitations that may impact the

robustness, interpretation, and generalizability of our findings, orga-

nized according to the classification proposed by Wohlin et al. [25].

Construct Validity. The calibration process was grounded in

a limited number of expert-labeled scenarios (eight total), which,

although designed to be realistic and diverse, may not fully capture

the variability of real-world developer interactions. Moreover, the

mapping from project performance metrics (OSF and SLF) to per-

ceived collaborative success is a proxy for actual team dynamics and

may overlook latent social or contextual factors. Internal Validity.
The regression model assumes a linear relationship between OSF,

SLF, the saturation function 𝑓 (𝑁 ), and FS. While this assumption

was validated qualitatively and quantitatively, it may not hold in

more complex situations. Additionally, some residual collinearity

or noise may exist due to the synthetic nature of the calibration

data. The saturation function was validated by the expert, but not

cross-validated against real longitudinal collaboration outcomes.

External Validity. The study was conducted in a single organi-

zation with a specific project management culture. While the model

aligns well with this context, its performance in organizations with

different norms, evaluation criteria, or collaboration patterns may

vary. The study was conducted in a single organization, which may

limit generalizability. Different norms, evaluation criteria, or col-

laboration patterns could require recalibration before deployment

elsewhere. Such recalibration may depend on success evaluation

criteria, team structure, collaboration culture, and project domain.

Conclusion Validity. The model’s predictive accuracy was mea-

sured using the MAE between expert-labeled and model-predicted

FS scores. However, no independent dataset with ground-truth team

performance was available, so alignment with real-world outcomes

remains to be empirically confirmed.

6 Final Remarks
This study set out to build an interpretable mechanism for esti-

mating the expected collaborative success between pairs of de-

velopers and, from those estimates, to construct a compatibility

graph that supports team-formation decisions. We combined three

lightweight historical indicators—OSF, SLF, and a project-count

saturation term—with domain expertise gathered through eight

synthetic yet realistic scenarios labeled by a senior technical leader.

The resulting labels were used to train an ordinary-least-squares

linear regression in which the saturation function captures dimin-

ishing returns after four joint projects.

The calibrated model achieved an MAE of 0.11 and a Pearson

correlation of 0.86 against expert expectations, indicating strong

alignment without overfitting. When applied to a real cohort of 13

developers, predicted scores ranged from 0.48 to 0.93, reflecting both

the saturation penalty and the balanced influence of OSF and SLF.

The derived graph exposed cohesive cliques and bridge developers,

offering a fine-grained view of historical collaboration dynamics.
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For researchers, the work demonstrates that scenario-based ex-

pert elicitation can substitute for large volumes of interaction logs

when modeling compatibility, enabling studies in data-scarce con-

texts. For practitioners, the compatibility graph becomes an immedi-

ately actionable artifact: it guides pair rotations, squad composition,

and the identification of potential communication bottlenecks—all

using metrics already collected in routine project workflows.

Future work includes expanding the calibration set beyond the

current eight scenarios, incorporating multiple experts (even retro-

spectively) to improve robustness, testing generalizability in other

organizations, embedding the compatibility graph in search-based

optimizers (e.g., genetic algorithms) for automated team assembly,

and conducting live project studies to verify whether the recom-

mended teams yield higher performance and stakeholder satis-

faction. We also plan to perform statistical testing for potential

collinearity between OSF and SLF, applying transformations or

adding predictors to improve regression reliability.
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