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Abstract. Microservice architectures are commonly organized around
small service-owning teams, making team composition a relevant archi-
tectural and human-factor concern. We propose an algorithmic approach
for composing microservice teams by combining developers’ Big Five per-
sonality traits, inferred from GitHub communication, with programming-
language expertise extracted from contribution histories. The approach
evaluates candidate assignments through a personality composition score
grounded in organizational-psychology evidence and a technical-alignment
score based on language coverage. A study on Spinnaker, HMDA-Platform,
and Taskcluster shows that the method identifies higher-scoring candi-
date configurations and, more importantly, makes explicit how team size,
contributor overlap, and technological diversity condition the feasible im-
provement space.
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1 Introduction

Microservices decompose systems into small, independently deployable services
that are often owned by autonomous teams responsible for the full service life-
cycle [7]. Because such teams are usually small, individual differences among
developers may have stronger effects on coordination, communication, and con-
flict than in larger teams. Organizational psychology provides relevant evidence:
high team-level Conscientiousness and Agreeableness are consistently associated
with better team outcomes, while high Neuroticism is associated with poorer col-
laboration [1,13,3]; lower dispersion in key traits can also support coordination,
although mean trait levels are usually more predictive than variance [13,15].
These findings have rarely been operationalized in microservice-oriented OSS
settings, where membership emerges from contribution patterns rather than de-
liberate staffing. Li et al. [10] proposed personality-based collaboration optimiza-
tion for microservice projects, but empirical evidence on real projects remained
limited. We address this gap by proposing and evaluating a team-composition
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approach that combines personality and programming-language expertise. We
ask: RQ1 whether algorithmic composition improves personality composition
scores compared with existing configurations; RQ2 how structural characteris-
tics such as team size and developer distribution affect optimization; and RQ3
how much technical alignment contributes to the combined score.

2 Background

This section summarizes the theoretical basis used to define the scoring function.
The Big Five model describes personality through Openness, Conscientious-
ness, Extraversion, Agreeableness, and Neuroticism [8,6]. In software engineer-
ing, prior work has shown that Big Five traits can be estimated from textual
traces such as mailing-list messages, issue comments, and pull-request discus-
sions [16,2,5,4]. In team-performance research, meta-analyses identify Conscien-
tiousness as the most robust predictor of team effectiveness and Agreeableness as
the second most relevant trait for cooperation and cohesion [1,13,3,9]. Minimum
Agreeableness is also relevant because one uncooperative member can disrupt
group processes [1,15]. Effects for Extraversion, Openness, and Neuroticism are
more context-dependent: Extraversion may support communication [12,3], Open-
ness may support complex problem solving [13], and low Neuroticism may sup-
port emotional stability [1,14]. We operationalize these findings into an evidence-
based composition quality score that allows alternative service-team assignments
to be compared consistently.

3 Empirical Study Design

We evaluate the approach on three public GitHub microservice projects with
different structures: HMDA-Platform (39 developers, 15 microservices, 2—4 de-
velopers per service, mean = 2.6), Taskcluster (27 developers, 12 microservices,
1-3 developers per service, mean = 2.25), and Spinnaker (273 developers, 12
microservices, 3-44 developers per service, mean = 22.75). This ordering is also
used in the results to improve readability.

3.1 Data Collection and Personality Inference

For each microservice, we identified core developers from commit histories as
the smallest contributor subset accounting for at least 80% of commits. If this
produced too small a candidate pool, we added developers until reaching 3 X k
candidates, where k is the number of microservices. For each selected developer,
we collected GitHub issues, issue comments, pull-request descriptions, and pull-
request comments, and aggregated them into a developer-level textual corpus.
Personality was inferred using seven pre-trained Big Five/OCEAN text models
applied to three text variants: original text, regex-cleaned text with code/log
artifacts removed, and grammar-corrected cleaned text. Rather than relying on
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a single classifier, the inference step explicitly tests cross-model stability: for each
model, we compute the mean pairwise prediction difference against the others,
retain the three most stable models, and use majority voting to assign the final
OCEAN label for each trait. This makes the subsequent optimization depend on
consensus personality labels rather than on one model’s isolated prediction.

Technical expertise was estimated from contribution histories. For each de-
veloper, language skill skill(d,l) € [0,1] was computed from the proportion
of contributions in language [. For each microservice, language requirements
were extracted from repository structure and file extensions, producing language
weights w; that sum to one.

3.2 Team Composition Algorithm

Let D = {dy,...,d,} be the developers and M S = {msy, ..., ms;} the microser-
vices. A configuration ¢ = {T1,...,T}} assigns a team T; to each microservice
ms;. The generator first guarantees at least two developers per microservice by
shuffling the candidate pool and assigning the first 2k developers across services.
Remaining developers are then assigned randomly. When the candidate pool
is smaller than required, the implementation allows developer overlap across
multiple microservice teams to keep the configuration feasible. Duplicate config-
urations are removed using a canonical key based on sorted team memberships.
Candidate configurations are evaluated by the scores below, and local search with
random restarts improves assignments by swapping developers between teams; a
swap is accepted when it improves the tuple (minScore, meanScore, — stdScore).

Traits are encoded as LOW=0, MEDIUM=1, HIGH=2. For each team, the
personality score is:

Scorepers(Ti) = 3uc(Ty) — 0&(T;) + 2.5p4(T;) — 0.50% (T5)
+ mjn(Ti) —2un(T3) + pe(T) + no(Ty).

The weighting reflects the relative support found in the literature: strong support
for high average Conscientiousness and Agreeableness, moderate support for low
variance in Conscientiousness and Agreeableness, explicit reward for minimum
Agreeableness, negative weight for Neuroticism, and smaller positive weights for
Ezxtraversion and Openness. The support column indicates the strength of the
literature evidence used to guide weighting; it is not a multiplicative factor in
the formula. We normalize the raw score to [0, 1] as

— Scorepers(T;) — (—4

Technical alignment is computed as the best language coverage inside a team:

Scorejang(Ti, ms;) = g w; - max skill(d, 1),
€T;
leL(ms;)
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Table 1. How literature-supported rules are encoded in Scorepers. Support indicates
the strength of the literature evidence used to guide weighting; it is not a multiplicative
factor in the formula.

Rule Encoded term Support
High average Conscientiousness +3uc 5/5
Low variance in Conscientiousness -0 4/5
High average Agreeableness +2.5u4 5/5
Low variance in Agreeableness —0.50% 3/5
High minimum Agreeableness + ming 4/5
Low average Neuroticism —2uN 3/5
Moderate/high Extraversion and Openness +ug,+po 3/5

Table 2. Baseline and generated-configuration results. “mean pers.” is the normalized

mean personality score; ranges summarize the ten generated configurations.

Project Baseline  Baseline Gen. team Gen. mean Mean lang Mean comb.
mean pers. min. pers. size pers. range range range
HMDA 0.505 0.436 2-4 0.485-0.547 0.004-0.012 0.489-0.554
Taskcluster 0.520 0.395 2-4 0.429-0.566 0.620-0.662 1.066-1.227
Spinnaker 0.512 0.455 2-7 0.520-0.550 0.333-0.418 0.872-0.964

and the combined score is
Scorecomp(T;) = Szo\repers(Ti) + AScorejang (T;, ms;).

At configuration level, we report the minimum, mean, and standard deviation
of team scores.

4 Results

Table 2 summarizes the main results. In HMDA-Platform, most generated
configurations improve the normalized mean personality score over the baseline
of 0.505, with the best reaching 0.547. Because baseline and generated teams
have comparable size (2—4 developers per microservice), the improvement is at-
tributable mainly to developer reassignment rather than to a team-size artifact.
The best optimized minimum personality score is 0.441, slightly above the base-
line minimum of 0.436. Language scores are close to zero (0.004-0.012), so the
combined score mostly mirrors personality composition; this suggests a homo-
geneous technology stack rather than poor technical fit.

In Taskcluster, only the top configurations exceed the baseline mean of
0.520, with the best reaching 0.566. The project has the most constrained struc-
ture: original teams contain only 1-3 developers and the generated configurations
use 2—4. Hence, improvements depend on specific reassignment decisions rather
than on averaging. The low baseline minimum (0.395) confirms that very small
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service teams are highly sensitive to individual profiles; the observed spread in
generated mean scores (0.429-0.566) shows that the algorithm is useful for sur-
facing viable high-scoring alternatives even when the search space is narrow.

In Spinnaker, all generated configurations improve the mean personality
score over the baseline (0.512 to 0.520-0.550), but the baseline minimum (0.455)
remains slightly above the best optimized minimum available in the detailed re-
sults (0.453). This reflects the effect of large-team averaging: the original project
has up to 44 contributors per service, which naturally stabilizes scores, while
generated teams are much smaller (2-7 developers). Language alignment differ-
entiates Spinnaker configurations more than HMDA, suggesting that technical
alignment becomes informative when the ecosystem is technologically diverse.

5 Discussion and Threats to Validity

The results answer RQ1 positively at the level targeted by the paper: the algo-
rithm identifies candidate configurations with higher average personality compo-
sition scores than the existing configuration in each project. This contribution
is a decision-support mechanism for comparing alternative assignments under
explicit personality and technical criteria. The result is strongest in HMDA,
where baseline and generated team sizes are comparable, and more constrained
in Taskcluster and Spinnaker, where structure respectively limits redistribution
or creates strong averaging effects.

For RQ2, project structure strongly moderates the results. HMDA provides
the cleanest case because baseline and generated team sizes are similar. Taskclus-
ter shows that very small teams leave little room for redistribution. Spinnaker
shows the opposite issue: large existing teams produce stable baseline scores
through averaging, making optimized small-team configurations more variable.
For RQ3, language alignment is project-dependent: it is negligible in HMDA,
more discriminative in Spinnaker, and constrained by the small-team setting in
Taskcluster.

Construct validity is mainly affected by indirect measurement. We miti-
gate personality-inference instability by combining multiple models, preprocess-
ing variants, stability-based model selection, and majority voting; nevertheless,
GitHub text primarily represents professional communication, and direct survey
validation would further strengthen future studies. Language expertise is ap-
proximated through contribution proportions, which captures observed technical
exposure but not necessarily depth of proficiency. Internal validity is limited by
randomized generation and local search: the reported configurations are locally
optimized candidates rather than guaranteed optima.

6 Conclusions

We proposed an algorithmic approach for composing microservice teams by com-
bining Big Five personality composition and programming-language expertise.
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Across three OSS microservice projects, the approach identifies candidate con-
figurations with improved average personality composition scores and explains
when such improvements are feasible: they are clearest when teams are small
enough for individual profiles to matter but flexible enough to allow reassign-
ment. The study therefore turns personality-aware team composition from a con-
ceptual proposal into an operational, auditable optimization procedure. Future
work can extend this procedure by validating inferred traits against self-reported
measures, relating composition scores to observable development outcomes, and
adding explicit objectives for worst-case team quality.
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