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Engineers’ team collaboration skills are among software development’s most important success factors. Existing
Artificial Intelligence practices for the engineers’ soft skills assessment mainly rely on evaluations of subjective
data gathered through surveys, interviews, or observations. As a result, the insights gained by these methods are
biased because of the subjective data people report. To overcome the challenge of subjectivity, we offer a novel
objectivity-by-design approach for continuous Al-driven team collaboration skills analytics. The method analyzes
the data from workstreams gathered from data repositories like Jira. Based on the study results, we conclude that
this approach enables a continuous assessment of employees’ team collaboration skills, provides more accurate
insights, eliminates subjective biases, and helps uncover trends and deficits on individual and team levels. Un-
derstanding and recognizing employees’ strengths and weaknesses can foster an organizational culture of growth
and development. An improved organizational climate is expected to result in work satisfaction, engagement,
and motivation, thus positively impacting employees, businesses, and society.

1. Introduction

Soft skills are recognized as essential factors for success in today’s
businesses. Whether in hiring, career advancement, corporate develop-
ment, or any other aspect of professional life, the study of soft skills has
received much attention [15,33]. While there is an ongoing discussion in
the literature about the scope and definition of soft skills, the consensus
is that they incorporate elements of emotional, behavioral, and cogni-
tive components [24]. According to predictions by the World Economic
Forum [77], there will be a significant rise in demand for workers with a
particular set of skills by the year 2025. These skills include analytical
and critical thinking, the ability to effectively collaborate and solve
complex issues, generate new ideas and approaches, the capacity for
active learning, a proactive attitude and initiative, and effective
decision-making. Employers across many sectors are projected to
significantly value these abilities, as they are required for success in
today’s fast-changing and technologically advanced labor market.

In software engineering, soft skills have been acknowledged as an
essential component of an employee’s skill set alongside technical
aptitude and knowledge. In particular, collaboration and teamwork are

frequently mentioned as the most crucial for software development
success [31,66]. While effective collaboration inside and across devel-
opment teams affects software quality, certain aspects of teamwork,
such as communication skills, are challenging to track, and their eval-
uation takes time.

Soft skill evaluations of employees in the software industry are
traditionally conducted throughout their careers by the employees’
direct managers, with some assistance from Human Resources (HR)
specialists, using a series of predetermined questions in surveys, obser-
vations, or group simulations [32,81]. Traditional methods for evalu-
ating soft skills manually are time-consuming, ineffective, and cannot be
applied to large organizations [71]. Furthermore, most HR and manager
evaluations are subjective, complicating the difficult by itself process
[62]. Recent research reveals significant limitations in assessing and
developing the social skills of software engineers. Without accurate and
dependable assessments of soft skills, it can be challenging to identify
the precise areas in which software engineers need to improve their
skills. Accordingly, developing training programs to close the skill gaps
remains problematic.

Assessing the soft skills of software engineers has proven
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complicated for many organizations, primarily because soft skills are
difficult to measure and quantify, and assessments are frequently sub-
jective, based on the opinions and perspectives of managers, co-workers,
or other stakeholders [71]. It can lead to inconsistent or unreliable
evaluations and complicates developing individualized training pro-
grams for software engineers based on their assessment and skill sets.
Current methods for assessing the soft skills of software engineers rely
on subjective evaluations, which can introduce bias and reduce preci-
sion. Using psychometric tests or role-playing exercises is an alternative
method for measuring soft skills objectively. Still, these methodologies
rely on collecting and analyzing data extracted from use-case simula-
tions rather than actual workstreams.

In response to the gap in existing knowledge, this paper presents the
results of a novel Al approach that is data science driven for objectively
evaluating employees’ soft skills by assessing the data collected from
several real-world projects’ repositories. At the core of the study is the
method to assess collaboration soft skills, such as Participation, Social
Impact, Responsivity, Internal Cohesion, and Communication Density
within a team. This approach eliminates the subjective biases of tradi-
tional evaluation methods, enables objective assessment, and provides
recommendations at personal and team levels. While our method
initially assesses team-level dynamics, the granularity of the data and
the sophistication of our analytical techniques allow for the accurate
derivation of individual engineers’ soft skills. This dual focus on group
and individual assessments is crucial for a comprehensive understanding
of team functionality and individual professional development. Our
study’s findings underscore the immense potential of Al in not just
assessing but also enhancing the soft skill landscape in engineering
teams. Embracing this potential can lead to significant improvements in
team dynamics, process efficiencies, and ultimately, the success of en-
gineering projects in the industry.

This paper is organized as follows. First, we review the literature on
the topics of soft skills, Artificial Intelligence (AI), and Machine Learning
(ML) for soft skills analytics, along with the group communication
analysis methods and software platforms for team communication.
Then, the research methodology is presented in section three. The re-
sults are described in section four, and the discussion in section five.
Finally, we provide conclusions, address limitations, and offer directions
for future research.

2. Related work
2.1. Soft skills in the software development process

The importance of soft skills in software development is no longer
arguable and has been broadly discussed in industry and academic
literature. Since the introduction of Agile software development meth-
odologies, which emphasize the human-centric process, soft skills have
been considered one of the factors influencing the project’s outcomes
[11,26]. Soft skills contribute significantly to individual learning, team
performance, client relations, and business context awareness [69]. The
ability of software engineers to collaborate, communicate, manage time,
negotiate, solve problems, and make decisions are sometimes more
critical skills than knowledge of new technologies [4,28,55]. Some
employers even treat soft skills as more critical for first-job candidates
than technical skills [46]. Moreover, a software project’s success is
affected by communication, teamwork, analysis, organization, and
human relations [11,66]. While the list of soft skills focusing on the
human aspects of the software development process varies, the most
referred soft skills in the academic literature are communication and
teamwork skills [55,66].

Some studies raise doubts regarding the ability to train soft skills in
the workplace [69] and discuss the need to develop those skills during
undergraduate studies [1]. However, while soft skills are difficult to
teach, assessing them is even more challenging [12,66]. HR observa-
tions, peers, and managers’ subjective reports constitute the primary
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sources of soft skill assessments. Those assessments are not synchronized
with project phases, could come late in the development process, and
often could not impact the project results [66,76]. As a scalable alter-
native, an emerging stream of research discusses the potential of
assessing soft skills by applying multimodal technology using Al tech-
niques for automatic retrieval and analysis of behavioral signals [3,34].
While Alis widely employed in fields like bioinformatics, medicine, data
mining, marketing, and consumer behavior research, it is still underu-
tilized when developing and evaluating employees’ soft skills during
software development.

2.2. Artificial intelligence and machine learning for soft skills assessment

Since the turn of the 21st century, Al has established a solid scientific
basis and developed several applications contributing to technical and
societal advancement. Al allows automated decision-making even in
sectors requiring complicated decisions based on various elements and
non-predetermined criteria. Since Al systems are immune to the delu-
sion typical of human psychology, automated predictions and decisions
can be cheaper, more accurate, and more impartial than those made by
humans [5,30,48].

Among the prospective uses of Al is a novel Human Resource Man-
agement (HRM) approach that may foresee or prescribe future events
[14,58]. In the field of HRM, Al is enticing because it implies the ability
to reliably comprehend and predict human behavior within an organi-
zation, which has great appeal for managing productivity. HR analytics
is characterized as a ‘'must have’ capability for the HR profession, serves
as an instrument for creating value from people, and facilitates the
expansion of the HR functions’ strategic influence [10]. However,
human resource analytics has yet to be widely operationalized. The
absence of trustworthy outcomes and the approach’s measurability are
two of the most significant impediments [50,58]. Existing research in-
dicates that despite the interest above and claims regarding the appli-
cations, benefits, and impact of Al in HRM, many companies still need to
experience the anticipated benefits [10]. Al-powered HR analytics en-
ables organizations to reimagine how they manage their workforce,
mainly to ensure they have a proficient workforce, such as the skills,
knowledge, and experience required for organizational success [54].

A recent study on the implementation of Al-powered solutions in
HRM revealed that in the area of employee skills development, Al an-
alyses executed on data collected from the employee and managers
while also taking into account the employee’s job function, past learning
history, and business team [10]. However, the data gained from people
may create a subjective bias for several reasons. While individuals
provide information about themselves, they may inadvertently or
deliberately provide inaccurate or insufficient data. This may result
from memory errors, social desirability bias, or misunderstanding of the
query [65]. Data collectors may interpret the data based on precon-
ceived notions or hypotheses. They may subconsciously search for pat-
terns that support their beliefs while ignoring evidence to the contrary
[40]. Participants may respond differently to extrinsic variables like
survey formats, question contents, and interviewer presence. For
instance, individuals may be more likely to concur with a statement if
presented positively rather than negatively [73].

People analytics may promise to provide an accurate and objective
picture of employees’ performance based on the premise that digital
data can correctly reflect the reality of individuals’ characteristics, ex-
periences, and talents [30,75]. Nonetheless, algorithmic conclusions
may sometimes be erroneous or biased, repeating and creating new
human prejudices. Moreover, even if fair and accurate, computerized
evaluations of persons may harm those individuals [14,30,56]. Conse-
quently, AI produces significant risks, including unemployment,
inequality, discrimination, social isolation, monitoring, and manipula-
tion [9,30,48]. The uncertainties associated with the newness,
complexity, and breadth of the technologies’ personal and societal
consequences underlined the urgent need for a regulatory framework to
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guarantee that Al systems are safe and comply with current laws on
fundamental rights and societal values.

To address employees’ privacy concerns, limit the misuse of
employee personal information, and standardize how employee data is
utilized, businesses apply legislation such as the General Data Protection
Regulation (GDPR) [41,57]. Although Al is not explicitly referenced in
the GDPR, its concepts nonetheless apply. Al-based systems leverage
collecting and analyzing vast data about persons and their social re-
lationships. When designing and implementing Al systems, conventional
data security concepts such as purpose restriction, data minimization,
handling sensitive data, and limiting automated choices should be
considered [48]. However, the GDPR gives scant direction on how to
accomplish this objective. In addition, the GDPR places the burden on
determining how to manage risk and develop appropriate solutions for
controllers, which may be difficult and expensive [41]. Consequently,
the effective implementation of GDPR to Al applications highly depends
on data protection agencies and other competent authorities’ advice to
controllers and data subjects [35,48].

Many Al systems depend on ML approaches for detecting data con-
nections and developing predictive models, using algorithms for pro-
cessing collective data such as hidden Markov models [53], social
network analysis [79], and process mining [72]. Using ML, different
types of personal data may be utilized to study, predict, and affect
human behavior. Scholars and practitioners have recently begun uti-
lizing advanced automated ML approaches for recruitment and appli-
cant selection [10]. ML algorithms extract patterns from social media
activity, resumes, and interview reactions. For example, the Support
Vector Machine (SVM) type classification approach has been applied in
pattern identification, face detection, and spam filtering [44,61]. ML
algorithms can also help gain insights from group interactions that result
in high-quality outcomes in conflict resolution and cooperation in
collaborative environments [42,72,74].

2.3. The use of software management platforms for communication
among teams

Software developers use collaborative environments incorporating
comprehensive data repositories that host all communications among
the team, including development assignments, new features, bug fixes,
task progress updates, comments to discuss progress, and additional
information. Asana, Jira, and Trello are popular product and project
management software tools containing data repositories that allow
teams to store and organize various information related to their projects.
Jira facilitates tracking team progress, managing backlogs, and planning
sprints [59]. It serves as a collaborative problem-solving discussion
platform and can be used to conduct group communication analysis,
detect patterns of contributor interaction, and improve soft skills. Jira’s
issue-tracking system allows team members to create, assign, and
comment on tasks. It enables them to engage in ongoing discussions and
provide relevant arguments and responses related to the subject matter
[43]. Additionally, Jira’s customizable dashboards and reporting tools
enable real-time monitoring of project progress, ensuring that team
members are aware of each other’s work and can provide timely feed-
back [39].

2.4. Collaborative problem solving and group communication analysis

Learning Sciences and Psychology have long studied Collaborative
Problem Solving (CPS) as a social-cognitive process in which people
work together to achieve a common objective. CPS is emphasized as one
of the critical skills of the 21st century that should be studied, taught,
and evaluated according to Al-based skills evaluation [78]. As an
example, in several recent studies, deep neural networks and other su-
pervised ML algorithms were utilized to predict the various stages of
student collaboration automatically [20,51]. Although most of the
research was done with students, the results may be extended to
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employees at business organizations. Recent publications shed light on
how people can learn via CPS by externalizing ideas, negotiating to
reach an agreement, and engaging in a worthwhile task that serves so-
ciety [38,60,80]. Given the collaborative partnerships’ dynamic and
complex nature, investigating how different CPS abilities may improve
or worsen collaboration results is crucial.

Group communication analysis (GCA) is one of the core subskills of
CPS [27]. GCA builds on cohesion and contingency studies to define
individual CPS processes using automated computational linguistics and
the study of sequential interactions. GCA reveals people’s coherent be-
haviors in CPS circumstances by integrating various socio-cognitive
factors, including engagement, internal coherence, responsivity, social
impact, newness, and communication density [19]. Five metrics of GCA
measures [18] for data classification, categorization, and clustering, as
presented in Table 1.

Participation is a critical component of successful team collaboration
in software engineering projects. It involves the extent to which team
members actively engage in discussions, contribute ideas, and assume
responsibilities [13,23]. High levels of participation and engagement
enhance a team’s communication, problem-solving, and productivity.
Team members who actively participate in team meetings, discussions,
and other collaborative activities are more likely to be involved in the
team’s success and contribute to accomplishing the team’s objectives. In
turn, the indication of limited participation may impede cooperation
and inhibit progress toward team objectives. Research has shown that
effective participation within a team can lead to improved communi-
cation, problem-solving, and overall project outcomes [47]. In the
context of Jira, the tool’s features, such as issue tracking, commenting,
and notifications, can help foster and maintain high levels of partici-
pation among team members [39]. Software engineers’ willingness to
actively contribute to group communication is crucial for effective
teamwork. Studies have highlighted the importance of open and trans-
parent communication in software engineering projects, especially using
agile development methodologies [47]. Engineers actively contributing
to discussions and providing ideas can facilitate decision-making,
improve overall team dynamics, and improve project outcomes [23].
Engineers can use various communication channels of the Jira platform,
such as commenting on issues, sharing project updates, and partici-
pating in sprint reviews, to actively contribute to group communication
[43].

The employee’s social impact refers to the impact of the employee’s
activities on society or the team [23]. In a team environment, each

Table 1
Group Communication Analysis Measures description [adopted from Dowell
et al. [18]].

GCA Measure

Psychological and
Discursive Process

Description

Participation Engagement An employee’s willingness to
actively contribute to group
communication by providing ideas
on an ongoing topic.

Social Impact Productive An employee’s willingness to spark

communication debate by providing ideas that
engage other participants to
continue the discussion and evolve
the proposed viewpoint.

Responsivity Uptake and An employee’s willingness to

transactivity respond coherently to the

conversation subject.

Internal ohesion Monitoring and An employee’s willingness to keep a

reflecting continuous discourse while
presenting their views.
Communication Consistent An employee’s willingness to
Density communication continue a debate by delivering

arguments and replies that are
consistent with the subject of the
important discussion.
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employee’s activities may add to the work’s societal influence. For
instance, employees committed to sustainability and environmental
preservation may endeavor to lower the team’s carbon footprint or
advocate for eco-friendly methods. The high levels of commitment to
social impact within the group may indicate that teamwork is productive
and successful. A team’s commitment to having a sound social effect
may provide new views, ideas, and motivation to a team’s work, which
can assist the team in achieving its objectives and positively influencing
society or the community. In software engineering, team members with
high levels of social impact contribute positively to the team’s dynamics
and the project’s overall success. These team members often bring fresh
perspectives and innovative ideas and foster a sense of shared purpose
[70]. Jira platform features such as issue tracking, commenting, and
notifications can promote transparency and encourage team members to
contribute to discussions, thus enabling social impact within the team
[39]. Team members can use features like sharing updates, participating
in sprint reviews, providing new viewpoints, and stimulating debate
[43]. Besides, Jira’s communication channels, such as comments on is-
sues, real-time messaging, and video conferencing integrations, can
spark debate and lead to meaningful discussions [39]. The willingness to
engage in discussions is essential to effective teamwork, as it promotes
critical thinking, innovation, and shared understanding among team
members [23]. Jira facilitates these aspects by providing a range of
features that promote transparency, communication, and active
engagement in discussions. Software engineers who actively participate
in discussions and offer ideas that challenge conventional thinking
contribute to improved problem-solving and decision-making processes
[47].

Responsivity refers to the ability of team members to react promptly,
efficiently, and coherently to requests, comments, and changes,
contributing to the team’s overall effectiveness [52]. High responsive-
ness indicates an employee’s ability to solve problems, provide the
necessary information, and make timely decisions. Responsiveness is
crucial in a team context because it enables the team to move ahead and
achieve progress on tasks and projects. Team members can rapidly make
choices and handle issues, thus enhancing efficiency and effectiveness.
In software engineering, responsiveness is vital for addressing issues,
providing information, and making timely decisions that help advance
tasks and projects. Jira’s features can promote responsivity among
software engineering team members. For instance, Jira’s issue tracking
system allows for comments, updates, and the assignment of tasks,
ensuring that team members are aware of the ongoing discussion and
their responsibilities [43]. Jira’s customizable notifications and in-
tegrations with communication tools like Slack or Microsoft Teams can
help keep team members informed and engaged, promoting timely re-
sponses to ongoing conversations [39]. By promoting -effective
communication, Jira can help team members respond coherently to the
conversation subject and contribute to the overall success of their
projects.

Employee internal cohesion within team cooperation refers to the
extent to which team members work well together, get along, and have a
feeling of oneness inside the team [23]. The team’s connection or link
allows them to cooperate toward a shared objective. A team with high
internal cohesiveness may boost communication, problem-solving, and
production. Team members with good ties and mutual trust are more
inclined to communicate openly and honestly, which may aid in dispute
resolution and enhance team performance. For software engineering
teams, internal cohesion is a vital aspect of collaboration. It refers to the
extent to which team members work well together, get along with one
another, and maintain a sense of unity within the team [70]. Strong
internal cohesion is characterized by team members willing to engage in
continuous discourse, openly and honestly present their views, and
maintain a supportive and respectful atmosphere [52]. Jira’s features
help promote internal cohesion by facilitating communication and
collaboration within software engineering teams. For instance, Jira’s
issue-tracking system allows team members to create, assign, and
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comment on tasks, enabling them to engage in continuous discourse and
share their perspectives [43]. Jira’s customizable dashboards and
reporting tools provide real-time insights into the project’s progress,
promoting transparency and a shared understanding of the team’s ob-
jectives [39]. Furthermore, Jira’s integrations with communication
tools, such as Slack or Microsoft Teams, can help foster internal cohesion
by streamlining communication channels and enabling team members
to collaborate more effectively [39]. These tools enable more informal
and spontaneous conversations, which can contribute to building trust
and rapport among team members [70].

Employees’ communication density refers to the frequency and ef-
ficacy of communication between team members. It includes the quality,
quantity, and communication routes [23]. Team members who
communicate regularly and effectively can remain abreast of the group’s
progress and resolve difficulties expeditiously. This ensures that team
members work toward a unified objective and that tasks are accom-
plished on time. In software engineering, communication density refers
to the frequency and efficacy of communication between team members
encompassing the quality, quantity, and communication channels [52].
Effective communication is critical for the success of software engi-
neering teams because it ensures that team members work toward a
unified objective and that tasks are accomplished on time. High
communication density within a team can lead to enhanced cooperation,
productivity, and problem-solving capabilities, while poor communi-
cation can hinder teamwork and impede progress toward team objec-
tives [70]. Jira’s features promote communication density within
software engineering teams by providing a centralized platform for
managing tasks, tracking issues, and facilitating collaboration [39].GCA
uses cross-correlation measures at various lag values to ascertain how
closely social participation and cognitive levels defined by latent se-
mantic analysis interactions of individual coworkers are connected. To
analyze the skills of software developers, previous studies have used the
GCA framework [19] and a computational linguistics approach to group
communication analysis [8]. This approach identifies socio-cognitive
positions within multiparty interactions and extracts socio-cognitive
functions from group communication using linguistic characteristics.
The researchers used a combination of lexical, syntactic, and
cohesion-based characteristics to create a model that classifies the re-
sponsibilities of individuals in group discussions. The analysis was
applied to various datasets, including online conversations and
face-to-face interactions, to assess the generalizability of the method.
The results of the study show that the computational linguistics
approach effectively identifies socio-cognitive roles in group in-
teractions. The model accurately detects roles across multiple datasets,
which contributes to understanding group dynamics and has potential
applications in fields such as education, teamwork, and social science
research. By providing a dependable and scalable method for analyzing
group communication, the approach can aid researchers and practi-
tioners in gaining a deeper understanding of and facilitating effective
group interactions.

3. Methodology

In this study, the GCA assessment method is implemented using AI-
based data analysis to overcome the subjective biases of traditional
evaluation methods and enable objective assessment and recommen-
dations at personal and team levels. For the purpose of the study, we
adopt five metrics of GCA measures [18] for data classification, cate-
gorization, and clustering, as presented in Table 1. The study is based on
the analyses of three different software teams working on the Lynx
Foundation software project using the Jira management platform. The
method was empirically evaluated using LSA application algorithms for
GCA soft skill categorization from three open-source projects. JIRA was
chosen for this study because it provides a centralized repository for
managing and reporting project-related stuff [59]. Utilizing the Jira
platform as the primary data source enabled the collection of a vast
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amount of information whose analysis sheds light on the soft skills of
individual team members and the posture of the entire software team.
The initial phase of the research was dedicated to collecting data from
Jira. The second phase involved developing and implementing a pro-
tocol for data processing and semantic analysis that was used for data
analytics. The outcome of this step is the GCA measures of participation,
responsivity, internal cohesion, and communication density. In the last
step, we clustered contributors into 5 clusters according to the GCA
measures. In the following subsections, we provide additional details on
each one of the study stages.

3.1. Data collection

The data set was obtained from the JIRA platform of three prominent
and popular open-source projects: Moodle, Apache Zookeeper, and
Hyperledge. The data acquired from JIRA included ticket descriptions,
comments, assignees, status, and more, which were used for analysis and
reporting purposes. In addition to the ticket information in JIRA, com-
ments were extracted to capture dialogues about individual issues and
were used for calculating GCA measures. Moreover, user stories, sprints,
and distributed tasks were tracked in JIRA to account for all cooperation
performed during a project’s lifecycle and delivery criteria.

3.2. Data processing and semantic analysis

A content analytics protocol was followed in the data science pro-
tocol used for Jira data analytics [8]. The foremost step involved data
preparation, where Jira ticket information was processed to be ready for
analysis. Each ticket is a conversation topic, with descriptions and
comments converted into vectors representing word occurrences.
Comments from single-ticket discussions were isolated, and tickets with
minimal dialog were filtered out, leaving only those with at least ten
substantial comments. We exported relevant data from Jira, such as
ticket information, comments, labels, and timestamps, and
pre-processed the data by cleaning, filtering, and transforming it into a
suitable format for analysis. Next, we pre-processed the text data by
removing any stop words, punctuation, or irrelevant characters. We
normalized the text by converting it to lowercase and performed stem-
ming or lemmatization to reduce the words to their base form. This
process resulted in a word-by-document matrix that shows term
co-occurrence patterns within Jira tickets, which is crucial for subse-
quent stages. Each ticket is considered a discussion content and we
consider the ticket’s description and its following comments as docu-
ments. Whenever the user opens a ticket or comments in response, we
consider such a contribution as a single document for the sake of LSA
computation. Therefore, each row in the matrix represents a single
document.

In the next phase, Term-Frequency Inverse-Document-Frequency
(TF-IDF) [36] was used to measure the significance of each term in the
document corpus. This method balances the frequency of a term in a
document against its inverse frequency across all documents. TF-IDF
assigns weights to the words in the dataset and identifies the most
important terms and phrases by considering both the frequency of the
term in a particular document and its inverse frequency across the entire
dataset. Next, the model applies Log Entropy Transformation (LET) [22]
to further refine the term weighting by considering the overall distri-
bution of terms in the dataset. The TF-IDF scores are based on the dis-
tribution of term occurrences across documents in Jira. This approach
reduces the impact of common terms and emphasizes more meaningful
ones. As the next step, Latent Semantic Analysis (LSA) is performed to
uncover hidden semantic connections between words and documents in
the dataset [22]. LSA enhances search and retrieval performance and
identifies underlying patterns and concepts. LSA employs singular value
decomposition (SVD) to reduce the dimensionality of the
term-document matrix, making it easier to uncover relationships be-
tween terms and documents. Following LSA, Topic Modeling (TM) is
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used as a probabilistic modeling approach to identify latent topics
within the document corpus and their associated word probabilities
within the Jira tickets. TM groups Jira data into distinct topics to
identify common themes and patterns within the dataset. Next, Principal
Component Analysis (PCA) is employed to reduce the feature space’s
dimensionality and pinpoint the principal components explaining data
variance [2]. PCA reduces the dimensionality of data and visualizes the
relationships between various topics and trends in Jira. We kept com-
ponents that explain 80 % variance in the data. Finally, the K-means
technique [68] is utilized to cluster GCA metrics. K-means groups n
employees into k = 5 clusters based on their similarity in the GCA
measures which we calculated as follows.

To determine the GCA Participation measure, the model analyzes the
frequency and content of each team member’s comments, mainly
focusing on their contributions to new ideas or solutions to ongoing
topics. Additionally, the model calculates metrics reflecting their levels
of engagement, such as the number of tickets they actively participate
in, the number of original ideas they propose, and their involvement in
decision-making processes. The model assesses team members’ will-
ingness to contribute, allowing the identification of patterns, proactive
individuals, and potential areas for improvement in team dynamics and
communication. To calculate the GCA Social Impact measure, the model
analyzes the content and context of each team member’s comments,
mainly focusing on their contributions that generate further discussions,
challenge existing viewpoints, or inspire new perspectives, considering
the number of replies or follow-up comments generated by their initial
input to indicate their ability to engage others in the conversation. To
compute the GCA Responsivity measure, the model analyzes the rele-
vance and coherence of each team member’s comments concerning the
ongoing discussion topic. This can be done by measuring the semantic
similarity between a team member’s comments and the main subject or
by evaluating the degree to which their input advances the conversation
meaningfully. To calculate the GCA Internal Cohesion measure, the
model analyzes the consistency and flow of each team member’s com-
ments within the context of the ongoing discussion. This is performed by
examining the logical progression of ideas in their input, the frequency
of their contributions, and the extent to which they address previous
comments or build upon existing ideas. To evaluate the GCA Commu-
nication Density measure, the model analyzes the quality and relevance
of each team member’s comments with the ongoing discussion topic.
This is done by evaluating the logical coherence of their arguments, the
extent to which they address counterpoints or opposing views, and the
degree to which their input advances the conversation meaningfully.

4. Results

In accordance with the GCA framework, the data science protocol
was applied to a Jira dataset of software teams to cluster, identified and
provide the following socially engaged roles for participants: Followers,
Influential Actors, Lurkers, and Socially Detached Drivers. Each
employee was categorized based on his or her performance across the
GCA measures. These clusters were derived and identified by the GCA
measures as follows. Drivers rated among the highest in all GCA mea-
sures except internal cohesion. Followers are characterized by low
participation but high internal cohesion, responsiveness, and social
impact. Influential Actors provide slightly more than the average, they
evaluated reasonably positively in terms of societal impact, respon-
siveness, and newness. Lurkers have some of the lowest values Among
all GCA measures. And finally, Socially Detached have the highest
involvement rate, as well as high communication density and newness
scores. They do, however, score poorly on responsivity, implying that
their discourse is more in response to themselves than to others because
they have a more robust internal cohesion than overall responsivity.

The experiment was conducted on three distinct software projects,
and the results revealed that all three projects displayed comparable
clustering tendencies. This consistency across projects suggests that the
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identified social behavior categories are not project-specific but reflect
general patterns in employee collaboration and group dynamics. The
clustering results for Hyperledger Fabric, Moodle, and Apache
Zookeeper, are presented in Fig. 1 (ordered from left to right).

Due to the nature of software development work, which requires
communication, problem-solving, and coordinated efforts among team
members, we determine that there are likely universal collaboration
patterns and group dynamics that apply to all software teams. Based on
these patterns, the K-means clustering algorithm may identify similar
tendencies. Moreover, software development teams adhere to compa-
rable organizational structures and Agile methodologies, such as Scrum.
These structures can result in similar team dynamics and collaboration
styles, which also may be reflected in the K-means clustering outcomes.
In addition, the software development discipline has a shared profes-
sional culture, which may influence how team members collaborate and
interact. This shared culture may contribute to comparable collabora-
tion and behavior patterns among software development teams.

Moreover, software development teams typically include members
with specialized skill sets and duties, such as programmers, testers, and
project managers. As team members must collaborate to accomplish
shared objectives, combining these roles within a team can result in
similar collaboration patterns and group dynamics. Group behavior
tends to manifest certain similarities regardless of the specific domain or
industry. When applying the K-means clustering algorithm to various
software teams, the behaviors, such as communication styles, problem-
solving approaches, and interpersonal dynamics, may result in similar
clustering tendencies.

The method used for validating the cluster results by discussing them
with the managers of the clustered people can be described as expert
validation or qualitative validation [37]. Expert validation involves
seeking feedback from knowledgeable individuals - in this case, the
managers, who deeply understand the people and their roles in group
collaboration. In our study, team managers were conferred to validate
the accuracy of the Al clustering by evaluating the model’s output. This
approach helped to assess the accuracy and relevance of the clustering
results by comparing them with the insights and observations of these
experts [17]. The managers’ evaluation of the clustering results revealed
high accuracy, indicating that the model captured the underlying pat-
terns of intrapersonal socio-cognitive parameters within team
interactions.

5. Discussion

The Al model presented in this paper has provided a way to objec-
tively evaluate employee soft skills, group dynamics, and problem-
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solving skills derived from the collected data, also known as the Data
Science approach. In the following paragraphs, we discuss how the soft
skills evaluation may affect the organization’s individuals, teams, and
organizations and recommend how to improve them over time.

5.1. Individual level impact

Our methodology, while initially focused on team dynamics, inher-
ently captures individual contributions and interactions that collectively
form the group’s communication pattern. The Al-driven approach ana-
lyzes individual contributions within the group context by examining
metrics like participation frequency, nature of communication, and
responsiveness. By quantifying these aspects, we can discern each en-
gineer’s role and interaction style within the group, thereby shedding
light on individual soft skills such as teamwork, communication, and
adaptability.

The method considers the context in which individual interactions
occur. For instance, an engineer’s ability to influence group decisions, or
their responsiveness to queries, is directly indicative of leadership and
collaborative skills. By analyzing these interactions within the group’s
dynamics, we gain insights into individual competencies.

Through K-means clustering, individuals are categorized based on
their communication patterns and contributions. This clustering not
only helps in understanding group dynamics but also highlights indi-
vidual skill sets, as each cluster can be indicative of certain soft skill
traits.

We correlate individual behaviors and contributions with overall
group performance. By understanding how individual actions impact
group outcomes, we can infer specific soft skills. For example, a team’s
success in meeting project milestones can be partially attributed to in-
dividuals’ problem-solving and time-management skills. Our approach
allows for continuous monitoring of group and individual performance.
This ongoing assessment enables us to track the development of indi-
vidual skills over time, providing a dynamic rather than static view of
each engineer’s abilities. The alignment of our Al-driven assessments
with expert evaluations further substantiates the accuracy of individual
skill assessments. Experts can validate the inferred individual skills by
comparing them with their observations and interactions.

Using collaborative problem-solving skills assessment may have two-
fold implications for individuals. On the one hand, it can increase em-
ployees’ awareness of their teamwork performance and contribution to
the shared aim. On the other hand, such monitoring may make em-
ployees defensive, resulting in an unnatural change in their behavior
and undue stress [45]. Prior research [29] found that voluntary
knowledge sharing, such as participation and contribution to user’s
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generated content, is triggered by extrinsic motivation like reciprocity,
prestige, or awards (either tangible or virtual), especially if they are
aware of the possible acknowledge and reward [25]. Thus, employees
may deceive the system by contributing irrelevant or ineffective
communication to get their extrinsic reward, causing the tool to score
their performance higher.

This research demonstrated that methods of statistical learning
implemented on operational data could clean the noise and minimize
subjective bias. The results reveal that continuous ML-based clustering
enables real-time monitoring of employees’ soft skills. Understanding of
the current solution’s incompleteness must be communicated to
everyone using this assessment tool. One of the benefits of the Data
Science-based solution is its objectivity, as it is based solely on data
analysis, with no prejudices or emotional or other ties. However, it also
has a flaw in that the tool doesn’t know what caused the employee to
behave in a specific way. The metadata, which can shed some light on
employee performance, is not included in the data analysis. Further-
more, after the tool input is received, there is currently no possibility to
provide feedback to calibrate outcomes based on metadata that is not
part of the tool’s algorithm decision-making.

In the discussion of the effectiveness of our Al-driven approach for
assessing soft skills in software engineering teams, a critical aspect is its
comparison with other prevalent Al methodologies in terms of reliability
and trust. Our approach stands distinct in its utilization of data derived
from real-world project management tools like Jira. This choice of data
source is pivotal, as it relates directly to work performance and team
interactions, thus providing a robust and relevant dataset for assessing
soft skills. In contrast, other AI methods may rely on data from surveys,
psychometric tests, or observational data, which, while useful, can be
subjective and influenced by personal biases, potentially affecting their
reliability. In terms of analytical techniques, our method employs
advanced NLP techniques like LSA and TF-IDF, coupled with K-means
clustering. These sophisticated techniques enable a deep and nuanced
analysis of communication patterns, enhancing our understanding of
soft skills. This is in comparison to other Al methods that often resort to
simpler NLP or basic machine learning models, which, although effec-
tive, might not capture the complexity of soft skills as comprehensively.

A crucial factor in our approach is the focus on objective metrics
derived from actual work-related activities and communications. This
emphasis significantly reduces subjective bias and increases trust in the
results. Conversely, Al methods based on self-reported data or obser-
vational analysis might exhibit a higher degree of subjectivity, poten-
tially diminishing the trustworthiness of the assessment. Another
distinguishing feature of our approach is its capability for continuous
and dynamic assessment. This allows for ongoing monitoring of soft
skills over time, providing a dynamic view of an individual’s or team’s
development. Many other AI methods, however, might offer a more
static perspective based on one-time assessments or periodic evalua-
tions, which may not accurately reflect changes over time. The approach
also aligns well with expert evaluations, as detailed in the manuscript,
enhancing trust in our Al-driven method. This alignment is not always
evident in other Al methodologies, where the degree of trust can vary,
especially in methods that heavily rely on algorithmic predictions
without expert validation. Furthermore, by using well-defined metrics
and clear analytical techniques, our method likely offers greater trans-
parency, a crucial factor for trust. In comparison, methods using more
opaque or complex models, like deep learning, can struggle with inter-
pretability, which might affect trust, particularly among non-technical
stakeholders. Our method is designed to analyze work-related data
while respecting privacy, a key factor in building trust. This is in contrast
to some Al approaches that use more invasive data, like emotion
recognition from video feeds, which might raise ethical concerns and
affect their trustworthiness.

Applying ML to measure workers’ soft skills may favor their skill
development. By giving an objective and reliable evaluation of workers’
soft skills, an assessment based on ML may assist in identifying
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particular areas in which employees need to develop. This insight may
be utilized to create individualized training regimens targeting these
regions, resulting in more efficient and successful training. In addition,
using ML to measure soft skills may give near real-time feedback to
workers, allowing them to better comprehend their performance. Em-
ployees may see the consequences of their work and understand how
they contribute to the organization’s objectives as an acknowledgement
or reward, which can enhance motivation and engagement [29].

Evaluating soft skills based on ML also enables firms to work on
improving individuals over time. This may aid in identifying skill
development trends and provide training resources where needed. Based
on understanding the individual’s strengths and shortcomings, organi-
zations may develop individualized training programs that target
particular areas for growth. However, it is essential to stress that the
influence of ML-based soft skills evaluation on the development of em-
ployees’ abilities relies on the data quality, the accuracy of the models,
and the execution of the assessment. In addition, one must ensure that
the evaluation process matches the organization’s objectives and
personnel demands. Finally, it is crucial to remember that soft skills are
complex and multifaceted. To receive a complete presentation of an
individual’s soft skills, it is necessary to use numerous data sources and
evaluation methodologies.

5.2. Team level impact

Using a Data Science-based solution may lead to prioritizing
communication tools (e.g., JIRA) as the recommended collaboration
mode on a team level. For example, conversations may be held primarily
through JIRA comments rather than in frontal or remote meetings [66].
Such a shift in communication style has both advantages and disad-
vantages. On the one hand, the team receives a well-documented,
traceable history of conversations and decision-making. This makes
maintenance and retrospective activities more accessible and more
efficient. However, the social components of communication are being
impacted, resulting in a less personal touch, which might influence
teamwork.

On the other hand, verbal or face-to-face communication is more
efficient as a process, with the ability to clarify issues quickly, challenge
assumptions, and reach decisions quickly. Face-to-face communication
enables updating the tool with the final decision without flooding it with
intermediate and unnecessary clarifications. Another consideration is
that the Data Science-based solution provides employees with an indi-
rect and anonymous method to affect peer evaluation. Once employees
understand how evaluation is done and what influences their score, they
can project the same onto others and potentially use the tool in unin-
tended ways. Hence, it is recommended that the method be considered
as a complementary assessment.

In addition, using Al-based solutions to analyze soft skills may
positively affect team equilibrium. By providing an objective and reli-
able evaluation of team members’ soft skills, an assessment based on Al
may assist in discovering particular areas in which team members thrive
and those in which they need to be improved. This knowledge may be
utilized to establish balanced teams whose strengths and weaknesses
complement one another, resulting in more efficient and successful team
interactions. Team members may see the outcomes of their work and
know how they contribute to the team’s objectives, which can enhance
their motivation and engagement. Finally, recognizing and correcting
any difficulties related to communication, collaboration, and additional
soft skills may contribute to a more pleasant and productive work
environment by enhancing the overall team dynamics. The influence of
Al-based soft skills evaluation on team balance relies on the quality of
the data, the precision of the models, and the execution of the assess-
ment. One should verify that the evaluation process matches the orga-
nizational objectives and that team requirements are also essential.
Additionally, it is necessary to recognize that the team’s dynamic and
culture are significant in its performance and should be considered
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carefully.
5.3. Organizational level impact

Recognizing an employee’s strengths and limitations, anticipating,
and preventing employee defection, and detecting changes in employee
behavior or team interaction can signal problems and help the organi-
zation with in-time intervention. These are just a few notable benefits of
using this technology for the organization. However, such oversight
might be considered overly intrusive, stressing the employees, and
making them defensive. Changing the culture of the organization is
necessary to overcome this obstacle. Employees are expected to appre-
ciate the importance of soft skills through personal and professional
development.

Continuous evaluation of soft skills may assist in enhancing a com-
pany’s environment by fostering a culture of growth and development.
Additionally, it may help employers monitor their staff’s development
over time. This may aid in identifying skill development trends and areas
where more resources or assistance may be required. Evaluation of soft
skills may also help firms make better people management and devel-
opment choices. By offering consistent feedback and chances for growth,
employees may feel that their talents and contributions are appreciated
and that progression prospects exist within the organization. This may
result in improved work satisfaction, engagement, and motivation.

Ongoing evaluation of soft skills may help firms make better choices
about people management and development. With a thorough aware-
ness of their workers’ strengths and shortcomings, employers may make
more informed judgments about promotions, transfers, and other career
advancement options. Continuous evaluation of soft skills enables firms
to track the growth of employees’ soft skills over time. By frequently
measuring workers’ soft skills, such as communication, cooperation, and
problem-solving, employers may monitor employee growth and uncover
trends of skill acquisition. Besides, continuous evaluation of soft skills
may also allow firms to discover skill gaps across the workforce, which
can aid in determining training and development priorities.

Finally, utilizing soft skills assessments may have a favorable effect
on employee retention. Continuous evaluation of soft skills might help
prevent voluntary resignations by offering frequent feedback and
development chances. This may make workers feel appreciated and
invested in their work, leading to greater job satisfaction and a more
profound commitment to the firm. In addition, detecting and fixing skill
weaknesses early on helps avoid them from becoming severe difficulties
that may drive an employee to quit the organization. This may increase
employee happiness and engagement, which can result in a rise in staff
retention rates. Nevertheless, it is crucial to emphasize that the effect of
continuous evaluation of soft skills will rely on the quality of the
assessment technique, the execution of the assessment, and the organi-
zation’s subsequent actions. Furthermore, it is essential to recognize that
other elements, such as remuneration, perks, and general work satis-
faction, influence employee retention.

In considering the broader context of our study’s findings, particu-
larly in the realm of engineering team collaboration, it is imperative to
acknowledge the role of organizational culture, a factor prominently
identified in the literature. Organizational culture, with its unique set of
values, norms, and practices, has a profound impact on team collabo-
ration and interactions. This influence extends to the realm of our Al-
driven approach to assessing soft skills within engineering teams. The
integration of organizational culture into the assessment of soft skills is
not just a theoretical expansion but a practical necessity. Organizational
culture shapes the ways in which team members communicate, collab-
orate, and resolve conflicts. These cultural elements, often subtle and
ingrained, can significantly sway the manifestation of soft skills within a
team. For instance, a culture that fosters open communication and
collaborative problem-solving will naturally encourage the display of
these soft skills among its members. Conversely, a culture that prioritizes
individual achievement and competitiveness might yield a different set
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of soft skill dynamics. The implications of this for our approach are
multifaceted. Firstly, the ability of our ML model to predict the degree of
soft skills must be contextualized within the framework of the prevailing
organizational culture. The model, trained on data reflective of certain
cultural norms, may exhibit biases or limitations when applied to a
different cultural setting. This suggests a potential variability in the
predictive accuracy of the ML model depending on the organizational
culture within which it is deployed. Moreover, this cultural aspect un-
derscores the need for our ML approach to be adaptive and sensitive to
the nuances of different organizational cultures. Incorporating cultural
variables or adapting the model to recognize and adjust to different
cultural contexts could enhance its predictive accuracy and applica-
bility. This adaptation could be achieved through the analysis of addi-
tional data sources that capture cultural indicators or by implementing
methodologies that account for cultural differences in team dynamics.

6. Conclusions

Although Data Science applications in the HR sector are still in their
infancy, they necessitate cooperation between HR professionals and
Data Science specialists for intricate organizational procedures
involving hundreds or thousands of individuals. Based on the study’s
results, the conclusion is that Data Science is an acceptable and relevant
approach for automatically evaluating employees’ soft skills. Moreover,
we argue that the demonstrated approach allows us to claim to intro-
duce the "objectivity by design" term concerning the chosen design of
the assessment methodology based on the objective data sources.

However, it is vital to note that while using Data Science-based soft
skills assessment as a decision-making tool for HR and leadership teams,
HR professionals must carefully evaluate the algorithm findings. Algo-
rithms cannot make autonomous judgments, such as selecting whether
to promote an employee or establishing an employee’s development
program based on Al-based soft skills evaluations. The conceptual and
practical insights offered in this study are anticipated to contribute to
advancing Data Science-based HR and leadership management.

Using Al to assess soft skills may have beneficial and harmful effects
on organizations. An Al-based soft skills assessment may give a more
objective and accurate evaluation of employee abilities, resulting in
improved knowledge of each employee’s strengths and weaknesses. This
may aid in identifying personnel improvement areas, resulting in more
efficient and successful training and development programs. In addition,
providing employees with objective feedback may help them compre-
hend their performance and growth, thus boosting their motivation and
engagement. Conversely, Al-based assessments of soft skills might have
a potentially detrimental effect if not applied appropriately. It may lead
to employee alienation and distrust, resulting in poor morale and higher
turnover. In addition, Al-based assessments of soft skills may not be able
to completely capture the complexity of human behavior, resulting in
erroneous or incomplete employee evaluations, which may lead to poor
personnel management and development choices. Considering poten-
tially positive and negative impacts, one should understand that the
influence of Al-based soft skills evaluation will rely on the data quality,
the models’ precision, and the execution of the assessment. In addition
to ensuring that the evaluation technique matches the organization’s
objectives and employees’ requirements, it is essential to evaluate any
negative consequences and make efforts to prevent them.

In aligning with the conclusions of our study, it is pertinent to extend
our discussion to include an additional significant outcome: the poten-
tial of our Al-driven approach to identify specific soft skill shortcomings
in highly technically skilled engineers and the opportunity to work with
them for improvement. In the industry, it is a recognized phenomenon
that team cohesion and process efficiency often evolve organically over
time and experience. However, this natural progression can be signifi-
cantly augmented by intentionally focusing on strengthening the soft
skills of individual team members, especially those who excel techni-
cally but may lag in areas such as communication, teamwork, or
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leadership.

The advantage of our Al-driven method lies in its ability to provide
precise and objective insights into these softer aspects of team dynamics.
By identifying specific areas where an engineer might need develop-
ment, our approach opens the door to targeted interventions and
tailored skill enhancement programs. This is particularly valuable in the
industry, where the balance between technical prowess and soft skills is
crucial for overall team performance and project success. For instance,
an engineer who is exceptional in technical problem-solving but strug-
gles with effective communication could benefit from tailored training
programs focused on communication strategies. Similarly, an engineer
who excels in individual tasks but shows limitations in teamwork could
be supported through collaborative workshops or mentorship programs
aimed at enhancing team participation and interpersonal skills.

The potential of this approach extends beyond individual develop-
ment; it has implications for team dynamics and organizational pro-
ductivity as well. By proactively working to enhance the soft skills of
essential engineers, organizations can foster a more cohesive, adaptable,
and effective workforce. This proactive stance contrasts with the tradi-
tional reactive approach and represents a paradigm shift in how soft
skills are valued and developed in technical fields. Incorporating Al-
based assessments to identify and address soft skill gaps ensures a
data-driven, objective approach to personal and professional develop-
ment. This strategy not only benefits individual engineers by rounding
out their skill sets but also contributes to the creation of well-balanced
teams capable of handling complex, multifaceted challenges in today’s
dynamic work environments.

Limitations and future research

This study’s limitations follow the AI explainability, ethics, and
privacy concerns. In April 2021, after years of preliminary work, the
European Commission [21] released the Al regulatory framework,
commonly known as the Harmonized Rules on AI or the AI Act as
follows.

a. Ensuring that AI systems are safe and respect existing laws on
fundamental rights and Union values.

b. Ensuring legal certainty to facilitate investment and innovation in Al

c. Enhancing governance and effective enforcement of existing law on
fundamental rights and safety requirements applicable to Al systems.

d. Facilitating the development of a single market for lawful, safe, and
trustworthy Al applications and preventing market failures.

The AI Act creates a legislative framework and regulatory strategy to
manage risks and issues associated with AI. Although the legislative
framework does not restrict technical advancements, it specifies the
principle-based standards that Al systems must meet. In addition, the
framework incorporates flexible methods to facilitate future techno-
logical progress and the emergence of new applications. Among the
manifest accomplishments of the AI Act are the laws governing the
creation, distribution, and use of Al systems. The AI Act defines and
distinguishes illegal and high-risk Al activities. According to the AI Act,
an Al system is defined as software produced using one or more of the
following methods and approaches capable of producing outputs such as
content, forecasts, suggestions, or judgments that affect the environ-
ments in which they interact.

The AI Act lists a variety of Al systems in employment, workers
management, and access to self-employment as high-risk Al systems.
Specifically, the AI Act lists Al systems for recruitment and Al systems
"intended to be used for making decisions on promotion and termination
of work-related contractual relationships, for task allocation, and
monitoring and evaluating the performance and behavior of persons in
such relationships" ([21], Annex III) and specifies the requirements for
these systems. The criteria for high-risk Al systems include risk man-
agement systems, data governance, technical documentation, record
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keeping, transparency and information given to users, human supervi-
sion, precision, robustness, and cybersecurity.

Our Al system meets the Al Act criteria for high-risk Al systems.
Thus, it is crucial that future research address Al explainability concerns.
Given the inherent difficulty and challenges associated with explaining
the outputs of an Al system utilizing classical ML algorithms, we propose
an alternative approach by employing advanced tools derived from
Quantum Cognition. Quantum Cognition is a framework rooted in
Quantum Computing and Quantum Probability (QP), specifically
designed for the evaluation of soft skills. QP offers numerous advantages
over the limited outcomes provided by classical ML algorithms that rely
on classical probability [64]. Traditionally, cognitive studies have relied
on classical probability theory and principles derived from classical
mechanics. However, recent investigations have uncovered that certain
experimental data on human cognition, such as violations of the
sure-thing principle, conjunction fallacies, disjunction fallacies, and
order effects, cannot be adequately explored using classical theory [63,
67]. Furthermore, QP operates within a unique vector space known as
Hilbert space, where all computations and results can be
reverse-engineered as a linear combination of the orthogonal basis
vectors spanning the specific Hilbert space. This capability might enable
one to provide explanations for the calculation process and the outcomes
generated by our prediction model, which will overcome the explain-
ability challenge. Additionally, in order to enhance the reliability and
accuracy of our measurement model beyond measures taken in the
current research, it would be advantageous for future studies to conduct
a comprehensive comparison between our measurement model and
traditional survey measurement methods. Such an approach can help to
identify the strengths and limitations of our proposed model and provide
additional insights for further improvements. Future research should
also examine the impact of organizational culture on teams. Previous
studies have shown that organizational culture influences teams in
various ways (for example, [6,7,16]). When studying teams, it’s
important to consider these cultural differences. However, it’s equally
important to recognize that Al algorithms may have biases towards
certain cultures. Therefore, any Al implementation must follow global
standards, as discussed earlier in this section and emphasized by Leavy
et al. [49]. In future research, exploring ways to reduce cultural biases in
Al implementation and comparing different approaches would be an
interesting avenue for research.

Focusing on organizational culture and its influence on soft skills also
opens additional avenues for future research. Exploring how different
organizational cultures impact the expression and assessment of soft
skills can provide deeper insights and lead to more refined ML models.
This exploration could ultimately lead to the development of Al tools
that are not only technically proficient but also culturally intelligent,
capable of operating effectively across diverse organizational land-
scapes. The influence of organizational culture is a critical factor in the
effective assessment of soft skills in engineering teams. Recognizing and
addressing this influence is vital for the development of ML approaches
that are robust, accurate, and culturally aware, thereby enhancing their
utility and effectiveness in real-world applications.

While our approach has some limitations, we believe that it holds
tremendous potential for advancing the field of team studies. By
enabling more accurate measurements, this approach can help re-
searchers gain a deeper understanding of how teams function and what
factors contribute to their success or failure. In our view, this new
approach can have a significant impact on the field of team studies, and
we are excited to see how it can be further developed and refined in the
future. We believe that this method can help researchers better under-
stand the complexities of team dynamics and ultimately lead to more
effective team-building strategies and better outcomes for teams in
various contexts.
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