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ABSTRACT

Effective team composition is essential for workplace productivity, collaboration,
and innovation. We introduce an exploratory study with the aim to develop a novel
Al-supported e-tool for team-building that matches candidates to teams based on
psychometric personality structures and role-based affinity analysis. The methodology
leverages a limbic-inspired personality model (Hausl, 2009) and combines it with a
machine learning-based affinity matrix to assess interpersonal collaboration potential.
Our system applies explainable Al to rate pairwise cooperation scores and uses
expectation-maximization for synthetic data generation. Initial results from 110
personality profiles and 83 dyadic evaluations indicate promising predictive accuracy
(MAE: 0.93). Fairness metrics were implemented to detect and mitigate bias related to
gender. Target users include SMEs and freelancers facing post-pandemic challenges
of human resources. The proposed tool offers scalable solutions for recruitment
and team development, from individual evaluations to enterprise-level white-label
services. Our findings highlight the potential of Al in enhancing human-centered team
formation processes.
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INTRODUCTION

Research into the matching of employees in teams is crucial, as the success of a
team depends heavily on the right composition. Individual skills, personalities
and working styles can have a significant impact on team dynamics,
collaboration and productivity. Targeted matching strategies can reduce
conflicts, strengthen synergies and increase employee satisfaction, which
ultimately promotes a company’s innovative strength and competitiveness.
Our research aims at the development of an e-tool that systemically matches
people into existing teams based on their personality structure, professional
role, and an algorithm for affinity mapping processes.

We developed a novel methodology and decision support for recruitment
being based on Al-based matching of personality profiles. We firstly

© 2025. Published by AHFE Open Access. All rights reserved. 158


https://doi.org/10.54941/ahfe1006099

Al-Driven Team Matching 159

apply a novel psychometric profile of personality structure being inspired
by Hausl (2009), focusing on limbic-aligned dimensions: security and
socialization, dominance and autonomy, stimulant and curiosity, challenge
and risk, empathy and team, discipline and control. Furthermore, a
quantitative collaboration assessment integrates features of communication,
operation, relationship, and emotion, from the analysis of the interaction of
personalities, defining unconscious and controlling patterns of thought and
behavior and their impact on collaboration.

The core components of our self-learning evaluation model include an
algorithm that records and processes the relationships between personality
and role system in the form of individual data and, derived from this,
creates recommendations in the form of affinity matrices for the successful
composition of teams. We define Al-driven assessment functions to determine
the entries of an affinity matrix to be based on personality matching between
a recruited and a given superior. In a first step we apply a machine learning
with explainable decision making that scores a cooperation potential based
on the pairing of two personality profiles between 1 and 10 (maximum).
We then seek for an optimal pairing based on a given team, starting with
dyadic relation with team leaders, given a space of possible recruited that
is developed with real and synthetic data. The affinity matrix is determined
based on the recruited and compared to the optimally sampled individual.

We present first results of the novel profile- and Al-based methodology.
We collected 110 personality profiles as well as 83 mutual collaboration
ratings from superior-employee pairings, determined the cooperation score
and applied expectation-maximization method (Dempster et al., 1977) to
generate synthetic data to find optimally recruited. Fairness-based measures
were applied in order to monitor potential bias in the distribution in the
context of gender, such as, sex, or age. Applying an ensemble of bagged trees
(Breimann, 1996) to estimate collaboration performance achieved a mean
absolute error of 0.93 score points, using cross-correlation for training and
test set data separation.

Entrepreneurs and managing directors are facing complex challenges in
human resources (HR) management; the pandemic has changed working
morale and working models. Recruitment is time-consuming and becoming
increasingly complex. The future target group are self-employed people
and small and medium-sized enterprises. The application would range from
individual tests or packages for the self-employed and small companies to a
white-label service for large companies.

RELATED WORK

Understanding human decision-making in real-world contexts, such as
marketing and team formation, increasingly requires integrating findings
from neuroscience and behavioral science. Affective neuroscience has
revealed that emotions are not peripheral but central to cognition and
behavior. Panksepp (1998) identified primary emotional systems, such as,
related to seeking, fearing and caring, rooted in subcortical structures,
which serve as evolutionary blueprints for motivation and affect. These
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insights laid the groundwork for psychometric approaches that seek to
capture the emotional-motivational basis of human interaction. Damasio
(1994) further emphasized that emotion is fundamental to rational decision-
making, challenging the traditional dichotomy between reason and feeling.
His somatic marker hypothesis posits that bodily-based emotional signals are
integral to evaluating complex options, especially under uncertainty. These
perspectives are reflected in the Limbic® model developed by Hausl (2009),
which structures personality and consumer behavior around limbic-aligned
emotional dimensions such as dominance, curiosity, and social bonding.
Kahneman’s (2011) dual-system theory complements this framework by
distinguishing between fast, intuitive (System 1) and slow, deliberative
(System 2) thinking. In most everyday decisions, especially those involving
trust, preference, or interpersonal fit, System 1 prevails—driven largely by
unconscious emotional cues.

Building on these interdisciplinary foundations, this paper presents an
Al-assisted method for optimizing team composition and recruitment. It
leverages a novel psychometric profile aligned with the limbic structure of
motivation, and matches between individuals using explainable machine
learning models. This approach aims to enhance collaboration by identifying
affective compatibilities at the intersection of personality, role, and emotional
dynamics.

PERSONALITY AND COOPERATION PROFILE

The aim is to depict a personality structure based on motives, values and
emotional systems. In the project, personality dimensions consist of two
components:

(i) The SACRED code that is inspired from the limbic instructions
according to Hausl (2009). Consequently, the dimensions of the SACRED
code are, as follows:

. security/socialization,
. dominance/autonomy,
. stimulation/curiosity,
o challenge/risk,

. empathy/team and

. discipline/control.

(ii) The second part of the personality profile consists of meta programs
taken from neurolinguistic programming (NLP).

The test subjects assess their collaboration independently of each other
and in secret. This is the only way to learn which relationships work well.
The assessment takes place in the areas of ¢_ommunication, o_peration,
r_elationship, and e_motions — briefly: CORE - using several parameters
on a scale of 1-10, such as, productivity (achieving goals), communication
(understanding), efficiency (quality of success), personal development
(encouraging personal growth), appreciation (valuing the contribution), trust
(trusting openly), motivation (motivating to work and progress), enjoyment
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(enjoying working together). The average value results in the CORE index.
The tool finally learns which values are most promising in the cooperation.

When analyzing the interaction of people in a professional context,
personality profiles and the role to be held or filled are considered in
interaction in an existing system (team), which an algorithm records, extracts
patterns of successful cooperation and uses them to create affinity matrices
for new positions/roles to be filled. This complex analysis is unique on
the market to the best of knowledge of the authors, and, thanks to the
[T-supported implementation, ultimately requires appropriate technologies
in its application.

COOPERATION EVALUATION SYSTEM

The key idea of applying a cooperation evaluation system was to implement
the following use cases that have direct impact for human resources, in
particular, for small and medium enterprises that would find an assisting
tool very useful that empowers them to validate certain personality aspects
in the job application process. The system sketch in Figure 1 is based on the
requirement to enable to apply the following key use cases:

rating model G gender-sensible management matching process
u affinity matrix
|| input CO,RE 4> optimisation [ ot > afflnlfy
vector rating LN matching
.
score | }QJ el >80
e index
o
e = B olicaikl
2 | team member M
database LLATIE. ) g
model
9 human digital shadow development of affinity matrix

Figure 1: Schematic sketch of the cooperation evaluation system that includes typical
use cases of human resources: evaluating potential cooperation using a learned
function approximation ¢() (1), understanding realistic human potential for application
(2), considering an optimal complement (4) for a given team configuration (3). Finally,
the differences between the profile of a real applicant and the optimal applicant’s
profile are identified and weighed (5).

« Evaluating the potential efficiency in the cooperation between two or
more persons, potentially a team based on the archetypical experience
of numerous previous co-operations. This would be implemented on a
rating model Figure 1, “1”, top left box).

« Receiving knowledge about the true potential of human resources.
This uses a database of persons in application that was experienced
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in known enterprises in the past. A human digital shadow model is
developed from these experienced data samples that would determine
a probability density function which itself weighs theoretically possible
profile quantifications with a risk factor of how realistic it would be to
find such a person in real life (Figure 1, “27).

. Searching for an optimal partner (Figure 1, “4”) for cooperation given
the personality-based configuration of a given team (Figure 1,“3”).
This optimal personality can me matched with the concretely applying
persons. For a given team, the complementary partner would provide an
optimal match in the resulting affinity matrix.

. Identifying and weighing the differences between the profile of a real
applicant and the optimal applicant’s profile.

COOPERATION RATING MODEL

In this work we describe how the cooperation rating model is based on the
evaluation of two profiles, i.e., a superior and its employee. This model
maps two existing profiles to the output in terms of a “CORE” vector (see
above) that describes the value of their cooperation. The CORE vector is
determined from 4 aptitude characteristics. There exist two CORE vectors
for each experienced cooperation, i.e., the estimation of the cooperation that
was (i) defined by the opinion of the superior, as well as (ii) the opinion
defined by the employee. The total score representing the resulting rating of
the cooperation between the two persons was calculated in two alternative
ways: (a) calculated using the mean of the two ratings of the 4 CORE features
(“Mean”); (b) the results of a histogram cut of the 4 features were averaged
from bilateral assessment (“HistDiff”).

The present dataset of profiles including aptitude represented a
training data and test dataset for “supervised learning”; the evaluation
was determined by cross-validation (Arlote & Celisse, 2010). For the
development and the validation of the cooperation rating model, numerous
machine learning models were applied (see Section “Experimental Results”).

MODELLING AND VALIDATION OF SYNTHETIC DATA

For the modelling of the realistic human potential for application we
developed a probability distribution with maximum likelihood on the limited
dataset. Using this probability distribution, we will be able (i) to estimate the
probability of any artificially generated data for being realistic, as well as (ii)
to generate realistic synthetic data.

A simple and effective model to generate synthetic data from a limited set
of data is the Gaussian Mixture Model (GMM; Reynolds, 2009). This model
assumes that the data comes from a mixture of several Gaussian distributions
and can be used to estimate the underlying distribution of the data. Once the
model is fitted to existing data, one can sample new data points from the
learned distribution. The Expectation-Maximization (EM; Dempster et al.,
1977) algorithm was used to determine a Gaussian Mixture Model (GMM)
as a probability distribution.
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The Akaike information criterion (AIC; Akaike, 1974), which avoids
overfitting, was used to evaluate the distribution quality.

OPTIMISATION AND AFFINITY MATRIX

For the optimization of the evaluation based on an existing superior, the
so-called “Warm Start Bayesian Optimization” was used, in which
the optimization is initialized with existing data. The starting point was the
CORE from the given superior and the highest rated real candidates.

The Sequential Model-Based Optimization (SMBO) method was then
applied to stimulate the generation of “better” candidates. Single factor
variation (One-at-a-Time, OAT) was then further applied so that individual
characteristics were systematically changed.

EXPERIMENTAL RESULTS

Database

The data of numerous collaborating teams in Vienna was collected via the
web platform (QUAZR e-Tool). The Ethical Commission of the Medical
University of Graz provided its vote for the data collection by EK Nr:
1035/2024. A total of 110 individual profiles (70 male, 40 female) were
recorded: 29 superiors (20 male, 9 female) and 80 employees (46 male,
34 female), along with 83 evaluations by superiors and 83 evaluations by
employees. Input for the evaluation function was derived from 26 “SACRED-
CODE” items and 28 “PROGRAM” items. The resulting “CORE”
output consisted of four major, distinct dimensions: “Communication,”
“Execution,” “Relationship,” and “Empathy.”

Gender-Sensitive Data Management

Figure 2 shows the data distribution with regard to “gender”. Women
recruited for the survey (Figure 2; top side distributions) were younger than
men (Figure 2; bottom side distributions), more educated, more visually
and auditory oriented, women felt (Figure 2b) less cognitively oriented, less
assertive, more disciplined, more sensitive, and less confident in making
decisions. Other gender aspects could be investigated (e.g., “ethnicity”), but
not enough data was available.

Fairness definitions have been linked to machine learning (Binns, 2018;
Verma & Rubin, 2018): Equalized Odds (equal distribution of positive
ratings), Statistical Parity (equal probabilities for positive ratings), Fairness
Through Awareness (similar outcomes for similar individuals), etc. Test
methods assess the degree of fairness; Aequitas (Saliero et al., 2018) tests
models against fairness metrics for population groups.

Cooperation Rating Model

The database of profiles that were associated with CORE outputs which
themselves were integrated into CORE scores provided then the basis for
the application of machine learning models.
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Figure 2: Data distribution with regard to “gender” (sex).

A reduction of the input with originally 114 features (PROGRAM plus
SACRED) to 42 features was carried out while maintaining 95% total
variance by means of the principal component analysis.

Table 1 shows the results of the application of different machine learning-
based cooperation rating models. The best method “ensemble of bagged
trees” shows a mean absolute error of 1.14 points in the rating of the
cooperation.

Table 1: Results of machine learning models for the cooperation rating function.

Model Ranking RMSE MSE MAE
Mean Std Mean Std  Mean Std  Mean Std

Ensemble (bagged trees) 3,6 2,6 1,496 0,229 2,278 0,618 1,141 0,160
Least Sqares Kernel Regression 26 0,9 1,500 0,188 2,277 0,518 1,168 0,130
SVM (quadric kernel) 46 54 1,510 0,153 2,298 0,432 1,142 0,089
SVM (cubic kernel) 50 48 1,517 0,167 2,324 0,474 1,172 0,098
SVM (RBF kernel medium) 44 0,5 1,519 0,190 2,336 0,528 1,142 0,129
Kernel Regression (SVM) 6,2 1,3 1,542 0,192 2,408 0,543 1,146 0,131
SVM (linear kernel) 8,0 42 1,547 0,187 2,420 0,532 1,162 0,127
Gauss. Process Regr. (squared exp.) 8,6 1,5 1,553 0,192 2,441 0,546 1,201 0,140
Gauss. Process Regr. (rational quadric) 9,2 3,1 1,554 0,197 2,446 0,563 1,200 0,141
Gauss. Process Regr. (matern 5/2) 9,2 2,7 1,555 0,194 2,448 0,553 1,209 0,146
Gauss. Process Regr. (exp.) 10,0 1,6 1,560 0,193 2,464 0,553 1,204 0,142
Tree (coarse tree) 10,4 1,7 1,561 0,192 2,467 0,550 1,211 0,141
SVM (RBF kernel fine) 12,0 1,4 1,569 0,195 2,492 0,561 1,181 0,139
Tree (medium tree) 12,0 5,8 1,590 0,263 2,584 0,757 1,217 0,202
SVM (RBF kernel coarse) 15,8 0,8 1,607 0,200 2,614 0,590 1,154 0,136
Ensemble (boosted trees) 17,0 1,2 1,674 0,218 2,842 0,676 1,346 0,158
Efficient Linear SVM 17,4 2,1 1,753 0,223 3,113 0,744 1,342 0,162

Continued
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Table 1: Continued

Model Ranking RMSE MSE MAE
Mean Std Mean  Std Mean Std Mean  Std

Tree (fine tree) 18,6 1,1 1,826 0,315 3,415 1,051 1,406 0,221
Neural Network (WNN ReLU) 18,6 3,0 1,857 0,184 3,477 0,671 1,464 0,131
Efficient Linear Least Sqaures 18,4 4,3 1,884 0,508 3,754 1,971 1,504 0,447
Neural Network (MNN ReLU) 20,6 0,5 2,021 0,224 4,124 0,848 1,570 0,165
Neural Network (bi 10-10 ReLU) 222 1,5 2,229 0,419 5,110 1,753 1,807 0,322
Neural Network (tri 10-10-10 ReLU) 23,0 0,7 2,310 0,209 5,370 0,939 1,844 0,153
Neural Network (NNN ReLU) 22,6 1,5 2,341 0,154 5,499 0,714 1,869 0,159
Linear Regression (interactions lin.) 25,0 0,0 4,444 0,393 19,876 3,449 3,565 0,309
Linear Regression 26,0 0,0 8,357 1,148 70,892 19,180 6,374 1,020

A bagged tree ensemble (Breiman, 1996) consists of several decision
trees that have been trained independently of each other. Bagging
reduces the variance; the aggregated decision is made by averaging
(regression).

Due to its transparency, this method can be classified as eXplainable
Al (Adadi & Berrada, 2018) and understood as a successful feasibility
study.

Learning the Probability Distribution

The Expectation-Maximization (EM) algorithm was used to determine a
Gaussian Mixture Model (GMM) as a probability distribution. The Akaike
information criterion (AIC), which avoids overfitting, was used to evaluate
the distribution quality. The convergence of the EM algorithm was achieved
by mapping the profiles - using the PCA transformation on 10 dimensions
- using the AIC criterion with k = 8 components (Figure 3a). A threshold
(pe=1.0412e-21) was then developed based on the GMM to reject profile
input data.

The function of the GMM distribution is now (i) to enable a threshold-
based evaluation of “optimal” candidates and (ii) to generate synthetic
data.

Optimization and Affinity Matrix

Optimization was applied using the SBO procedure (see above). The starting
point for the optimization process was the best-rated combination superior-
employee from the database (rating ~8.84). Value paths of numerous
simulations from varied individual characteristics with the increased CORE
values (rating) were then applied; the final optimized CORE score or rating
value was in that case ~9.18.

These in this manner simulated and therefore artificially generated data
(Figure 5a) were further filtered to apply only those that could overcome a
threshold value in the probability (p;> pe, Figure 5b).

Figure 4 shows the case of a matching by comparing various profiles.
Concretely, the personality profile in the individual characteristics of a female
superior (top) is displayed with a comparison between (i) the best real
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profile within the database (middle) and (ii) the optimized-simulated profile
(bottom). Several features are marked (red arrows), i.e., the characteristics
“change”, “emotional” and “will to lead” highlighting that a decrease in
“change” together with an increase in the “will to lead” finally resulted in a
higher rating score.
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Figure 3: (a) Quality criterion AIC with minimum at k = 8 components. (b) Visualization
of the feature space spanned by the 3 highest PCA-relevant features including the
original input profile vectors (blue) as well as the generated optimized profiles (red).
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Figure 4: Comparison between the profiles of a female superior (top), a best guess
of an existing person within the database (middle) and an optimized guess for
highest possible cooperation rating (bottom) that surpassed the probability density
threshold pg.
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Figure 5: (a) The starting point for the optimization process was the best-rated
combination superior-employee from the database. Value paths of numerous
simulations from varied individual characteristics with the increased CORE values
(rating) were then applied and resulted in a higher final CORE score. (b) Comparison
between different predicted CORE values including those that could overcome a
threshold value in the probability (bottom left; with p;> pg).

CONCLUSION AND FUTURE WORK

This study introduced an Al-supported team-matching tool based on a
novel personality profile, explainable machine learning, and fairness metrics.
The approach achieved promising prediction accuracy using a bagged tree
ensemble and synthetic data generation via Gaussian Mixture Models.
Initial results support the system’s potential for improving collaboration and
decision-making in HR processes.

Future work will focus on expanding the dataset, refining group-level
matching beyond dyads, and integrating longitudinal feedback for adaptive
optimization. Further validation in real-world organizational settings is
planned to enhance the tool’s effectiveness and generalizability across diverse
team structures.
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