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Abstract

Soft skills remain fundamental for employability and sustainable human develop-
ment in an increasingly technology-driven society. These interpersonal and cognitive
competencies—such as communication, adaptability, and critical thinking—represent
uniquely human capabilities that current Artificial Intelligence (AI) systems cannot repli-
cate. However, assessing and developing these skills consistently remains a challenge
due to the lack of standardized evaluation frameworks. This study explores the potential
of commercial video games as engaging environments for soft skills enhancement and
introduces an AI-based assessment methodology to quantify such improvement. Using
player data collected from the Steam platform, we designed and validated an AI model
based on Gradient Boosting Regressor (GBR) to estimate participants’ soft skill progression.
The model achieved high predictive performance (R2 ≈ 0.9; MAE/RMSE ≈ 1), demon-
strating strong alignment between gameplay behavior and soft skill improvement. The
results highlight that video game-based data analysis can provide a reliable, non-intrusive
alternative to traditional testing methods, reducing test-related anxiety while maintaining
assessment validity. This approach supports the integration of video games into educa-
tional and professional training frameworks as a scalable and data-driven tool for soft
skills development.

Keywords: artificial intelligence; assessment; soft skills; video games

1. Introduction
Soft skills are increasingly recognized as crucial for success in both academic and

professional contexts [1–5]. These skills encompass personal attributes, interpersonal
abilities, and social competencies that complement technical knowledge [6,7], and as global
competition intensifies, employees must continuously upgrade both their hard and soft
skills to remain competitive and adaptable [8]. They encompass a range of competencies,
including communication, teamwork, problem solving, and emotional intelligence, which
are essential for effective interaction and collaboration in the workplace and are essential
for future career success [5,8–10].

Furthermore, improving soft skills is fundamental to advancing sustainability across
education, employment, and organizational practices. These skills empower individuals
and teams to effectively address complex sustainability challenges, making them essential
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for building a more sustainable future [11–13]. As society continues to grapple with
complex sustainability challenges, the human capabilities represented by soft skills will only
grow in importance. By recognizing and intentionally developing these skills alongside
technical knowledge, we can enhance our collective capacity to create a more sustainable
future for all.

In today’s rapidly evolving work and educational environments, the relevance of
soft skills in enhancing employability is underscored by various studies. Seetha indicated
that employers prioritize soft skills alongside technical competencies, as these skills are
often indicative of an employee’s ability to adapt, innovate, and thrive in dynamic work
settings [14]. This dual emphasis on hard and soft skills reflects a broader understanding
of employability, where technical knowledge alone is insufficient for long-term career
success [15,16]. Basir et al. highlighted that graduates who equip themselves with soft
skills significantly improve their employability prospects, aligning with findings from
previous research that emphasizes the necessity of these skills for entering the job market
and succeeding in self-employment ventures [17]. In this context, institutions are urged
to integrate soft skills training into their programs to better prepare students for the
demands of the labor market [18]. Consequently, educational institutions and job seekers
are increasingly focusing on the cultivation and assessment of these skills to ensure a
well-rounded and capable workforce [19].

However, the development of soft skills faces several significant gaps, primarily related
to educational frameworks, assessment methods, and societal perceptions, which often
lead to inconsistent development and undervaluation of these essential competencies [20].
The lack of standardized definitions or assessment frameworks means these skills are
often developed through non-formal education channels, potentially limiting access and
effectiveness [6,21]. The definition and scope of soft skills vary considerably across both
academic literature and professional practice, highlighting the multidimensional nature of
soft skills and their context-dependent interpretations [22]. Furthermore, many educational
institutions lack structured programs that effectively integrate soft skills training into their
curricula. For instance, Kutz and Stiltner emphasize the necessity of incorporating soft
skill assessment within clinical education to enhance leadership and clinical practice [23].
Developing reliable measurement tools for soft skills is crucial, as these skills vary across
disciplines and organizational contexts [24].

However, emerging opportunities, driven by advances in digital learning, gamification,
and personalized coaching, have been implemented to enhance soft skills in response to
the evolving demands of modern professional environments [25,26]. Examples include
integrating traditional training with technological innovations [27], such as, for instance,
gamification techniques [28], or experiential learning projects, such as the use of virtual
reality and AI technologies like ChatGPT [29].

In this context and according to a report published by the European Commission, the
number of European gamers has increased significantly over the COVID-19 pandemic, and
now over half of the European population regularly plays video games [30]. This prevalent
engagement offers a distinctive opportunity for educational interventions that capitalize on
established behavioral patterns to enhance learning and employment outcomes. Notably,
video games have been associated with improvements in a range of cognitive abilities and
soft skills, further supporting their potential as effective educational tools [31–33].

This article shows how video games can be leveraged as an accessible educational
tool to develop crucial soft skills, and describes the study carried out within the European
project MEGASKILLS, with the aim of improving soft skills using commercial video games.
With this objective, we selected four soft skills to train and evaluate (complex problem
solving (CPS), critical thinking (CT), cognitive flexibility/adaptability (F/A), and time
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management (TM)), and several games from the Steamplatform. Steam, available at
https://store.steampowered.com/ (accessed on 30 May 2025), is a digital distribution
platform developed by Valve, offering a vast library of video games, integrated community
features, and cross-platform compatibility. For this purpose, we used the game data of the
participants to design an Artificial Intelligence (AI)-based solution to obtain an indicator of
the progress achieved at the soft skill level.

We sought to respond to the following research question: Is it possible to measure
whether there has been an improvement in soft skills using players’ gaming data?

To comprehensively address the complexities of soft skill development through gam-
ing, our research further investigates the following:

• The specific in-game mechanics and player behavioral patterns that correlate with and
contribute to the development of targeted soft skills.

• How player characteristics, such as prior gaming experience and engagement levels,
influence the effectiveness of AI-driven soft skill enhancement and assessment within
video game environments.

The key contributions of this paper are as follows:

• The development of a novel AI-based stealth assessment methodology that leverages
commercial video game data for non-intrusive soft skill measurement addresses a
significant gap in standardized evaluation methods. Note that stealth assessment
refers to the integration of assessment mechanisms into the game in a discreet and
fluid manner.

• The empirical validation of the AI model’s (Gradient Boosting Regressor) high efficacy
in predicting soft skill improvement, demonstrating a Coefficient of Determination
(R2) value of approximately 0.9 and low Root Mean Squared Error (RMSE) values
near 1.

• The practical application of this methodology using real player data from the Steam
platform showcases a scalable and engaging approach for integrating game-based soft
skill enhancement into traditional training programs.

This research explores the development of a novel approach to soft skill enhancement,
leveraging video game-based technological engagement to bridge the gap between edu-
cation and employment. This paper begins by discussing, in Section 2, the background
of the use of video games for soft skills development, the associated positive impact, and
their potential as educational tools. In Section 3, we introduce stealth assessment, which
is an evaluation approach that integrates assessment seamlessly into interactive and dig-
ital environments, such as educational games or simulations, allowing for continuous
measurement of skills and competencies without interrupting the learning experience.
Section 4 outlines the experimental methodology carried out, focused on gathering game
data of the participants and designing an AI-based solution to calculate an indicator of the
improvement acquired regarding soft skills while playing. Section 5 presents the results,
followed by a conclusion and a discussion of future directions.

2. Video Games for Soft Skill Development
Numerous studies suggest that video games and gamification offer promising strate-

gies for the development and assessment of soft skills [28]. These competencies are in-
creasingly valued in the job market yet often underemphasized in formal education [34].
However, much of the existing literature highlights the potential of such approaches with-
out adequately comparing them to established methods. As noted, “a comparison with
existing state-of-the-art methods for soft skill assessment or training. Without benchmark-
ing, it’s difficult to judge the effectiveness of the proposed solution relative to existing

https://store.steampowered.com/


Information 2025, 16, 918 4 of 30

literature.” This observation underscores the importance of rigorous benchmarking to eval-
uate the real contribution of game-based interventions. In fact, Bezanilla et al. (2014) warn
that serious games “may be excellent tools for supporting the development and assess-
ment of generic competencies, but not as a stand-alone solution.” [35]. Therefore, scholars
advocate for the integration of video games within broader methodological frameworks,
accompanied by comparative metrics that can validate their relative effectiveness.

While they are primarily designed for entertainment, research indicates that video
games can also contribute to soft skill development, especially those with cooperative,
strategic, or role-playing elements, which naturally encourage skills that are valuable in
both personal and professional contexts, offering immersive environments that enhance
teamwork, communication, and problem solving through real-time strategy coordination
and decision-making [36–39]. Video games have emerged as innovative tools for fostering
soft skills, including intrapersonal, interpersonal, personal social responsibility, and organi-
zational sustainability [32,33]. These skills are crucial for future employees, and structured
programs using video games have shown measurable improvements in soft skills among
university and vocational students [40]. Indeed, Clark et al. in their meta-analyses provided
additional evidence that digital game design is effective in fostering learning outcomes
comparable to those obtained through conventional educational approaches [41].

Video games provide interactive environments where players often require them to
assume leadership roles, negotiate conflicts, and collaboratively navigate complex scenarios,
thereby mirroring the challenges found in real-world professional contexts [42–44]. In
addition, digital game-based learning has been shown to significantly boost motivation and
cognitive engagement [45]. Additionally, immersive gaming experiences offer a low-risk
environment in which learners can experiment with decision-making and build resilience,
skills that are increasingly critical in dynamic work environments [32].

Regarding the soft skills focused on the present investigation, recent research provides
robust evidence that gaming environments accomplish the following:

• Foster a wide range of complex problem-solving skills: improving abilities in problem
decomposition, systems thinking, and causal analysis [46]; enhancing spatial reason-
ing, sequential processing, and overall solution optimization [47]; enhancing strategic
planning and analytical reasoning [48]; and improving specific cognitive areas like
attention and reasoning [49].

• Enhance critical thinking skills: improving evidence evaluation and strategic decision-
making [50] as well as developing stronger analytical reasoning and fostering sophisti-
cated information synthesis [51].

• Improve adaptability, flexibility, and resilience skills: bolstering emotional intelligence
and resilient thinking [52] as well as improving task-switching abilities, environmental
adaptation, and adapting more efficiently to novel situations and exhibiting enhanced
strategic versatility [53].

• Enhance time management skills: improving task prioritization, time estimation and
project planning skills, and improving executive control skills [54].

Overall, these studies underscore the multifaceted impact of gaming on cognitive
development, suggesting that interactive digital environments can serve as effective plat-
forms for cultivating critical thinking, time management, adaptive reasoning, and strategic
problem-solving skills.

3. Stealth Assessment in Video Games
Stealth assessment (SA) in the context of video games refers to the integration of

assessment mechanisms into the gameplay in a way that is unobtrusive and seamless [55].
SA allows for the evaluation of players’ skills, knowledge, and behaviors without in-
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terrupting the gaming experience or making the assessment explicitly apparent to the
player [56]. Furthermore, SA not only mitigates the anxiety associated with traditional test-
ing but also promotes a more engaging learning environment conducive to skill acquisition
and retention [55].

The evolution of stealth gameplay is closely tied to advancements in AI and game
design [57]. However, while existing AI approaches partially address the weaknesses
identified in the current assessment paradigm, such as, for example, the difficulty in the
design and implementation of assessments by educators, there is still much to be done [58].
By focusing on the process rather than solely the outcome, educators can leverage such data
to foster tailored learning experiences, underscoring the transformative power of video
games in contemporary education.

In the realm of stealth gameplay assessment, traditional metrics often fall short in
capturing nuanced player behaviors that define successful stealth mechanics. Consequently,
researchers are exploring advanced metrics to measure and analyze player performance,
such as

• Player behavior and action logs: Data from players’ actions, such as movement,
interaction with objects, and decision-making, provide insights into skills development.
These action logs can be analyzed to infer critical soft skills [59]. This information
has been applied to profile player behavior and categorize players [60], to perform
skill and performance analysis [61], and to visualize and cluster players with similar
behaviors [62].

• Response time and decision speed: In games with time-sensitive challenges, response
time is a critical metric. These metrics not only reflect the cognitive and perceptual
benefits of gaming but also highlight potential areas for training and improvement:
reaction times [63], sensorimotor decision-making capabilities [64], balance between
speed and precision [65], and processing speed [66].

• Player interaction data: Interaction data, such as chat logs, cooperative task completion,
and social dynamics, are important indicators of collaboration and communication
skills [67]. Metrics such as interaction frequency, leadership role assumption, and
conflict resolution strategies can be tracked.

• Success rates and achievement tracking: These metrics provide valuable insights into
player behavior, game content consumption, and performance dynamics, which can in-
form game development, enhance player retention, and optimize gaming experiences
across various genres [68]. Genres include the following: developing performance
prediction models to analyze player actions, such as predicting hits or misses [69];
tracking individual performance to understand dynamics within ad hoc teams in
team-based games [70]; reporting how cognitive skills are linked to gaming perfor-
mance [71]; and analyzing player retention by modeling motivations, progression, and
churn to predict dropout rates and improve retention strategies [72].

• Behavioral patterns: These are used to measure and enhance player performance by
understanding their actions, strategies, and engagement levels [73,74]. This approach
not only aids in improving game design and player satisfaction but also provides
insights into broader social behaviors that reveal the development of soft skills, such
as adaptability or leadership [75,76].

Apart from the previously listed metrics of interest for the objectives of this study,
other advanced metrics have also been studied such as social network analysis, by pro-
viding insights into player interactions, engagement and retention, researchers can gain
insights into players’ collaboration, leadership, and influence [77]; similarity-based metrics,
designed to differentiate novice from expert performance by comparing player actions to
multiple expert solutions, or to rank players based on their competency levels [78]; and
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audiovisual and feedback-based metrics, to analyze audiovisual streams to quantify player
experiences and performance [79].

From the methodological point of view, several approaches have been employed to
implement SA in video games [80]:

• In-game analytics: Games are often designed with built-in systems that automatically
collect and analyze data from players’ in-game behaviors. These analytics are used to
enhance game design, improve player engagement, and tailor experiences to different
player profiles [81,82]. The integration of machine learning and predictive models
further enhances the ability to analyze and predict player actions, making in-game
analytics an essential tool for developers and researchers [83].

• AI and machine learning models: provide tools for performance assessment [83],
behavior prediction [84,85], and player engagement analysis [86].

Apart from the previously listed approaches of interest for the objectives of this study,
other approaches have been employed such as observational assessment, where human
observers track player behavior in multiplayer environments, paying attention to social
interactions, leadership roles, and collaboration dynamic to supplement in-game data [87],
in addition to player surveys and self-reports, by providing self-reflection from players
about their perceived progress in developing soft skills. For instance, they were used to
evaluate aspects like immersion, competence, and satisfaction [88], as well as longitudinal
tracking, which, by leveraging spatio-temporal data and self-tracking techniques, players
and analysts can gain deeper insights into gameplay, leading to improved strategies and
skill development [89].

In conclusion, SA in video games is a viable and innovative approach for enhancing
soft skills. It provides a dynamic, engaging, and effective means of assessing and devel-
oping competencies. While challenges remain in design and implementation, ongoing
research and technological advancements continue to improve its efficacy and applicability.
SA leverages in-game data to unobtrusively evaluate players’ cognitive and interpersonal
skills, providing a dynamic and adaptive means of fostering soft skills development. This
approach allows for real-time assessment without disrupting the immersive experience,
offering a more authentic and context-sensitive measure of competencies. Furthermore,
by tailoring feedback and learning opportunities based on in-game behaviors, SA enables
personalized skill development, reinforcing the potential of video games as powerful tools
for education and professional growth.

4. Materials and Methods
4.1. Methodology

To test the hypotheses selected, we began selecting the soft skills for the study con-
sidering two different aspects: (1) the perceived importance in the academic and work
contexts analyzed in the initial stages of the project, and (2) the hypothetical feasibility of
measuring and training these soft skills, with both video games and standard tests (for this
reason, important skills such as collaboration and communication have been left out of the
scope of this study). The soft skills selected were CPS, CT, F/A, and TM.

Furthermore, since the measurement was carried out both outside and inside video
games, both sources of data must be valid, objective, and accessible. Then, measurement
vectors/elements (scales and subscales of standardized tests) were extracted in order to
identify them in commercial video games. Eventually, 4 specific video games available
on the Steam platform (Bellevue, WA, USA) were also chosen in that regard, associated
with each soft skill, thus building a theoretical bridge between the soft skills standard
measurement and how these specific video games could improve them, as an innovative
justification element, in a pre–post phase method with a control group.
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From October 2023 to January 2024, the recruitment of participants was carried out.
The different entities contacted potential participants from all European universities and
companies, and even from outside Europe, introducing them to the project, the objectives,
and inviting them to participate. Once the participants were registered, the different groups
were randomly generated in early February 2024, when the experimental playing period
officially began.

During the registration, we asked the participants to introduce their Steam ID (a
unique identifier used to identify a Steam account) and to make their profile in Steam
public. This action was necessary since we designed an automatic task to gather the game
data of the participants from the Steam platform and register it in our database. This
automatic task was developed using the API (application programming interface) provided
by Valve Corporation (Bellevue, WA, USA) and integrated into a web platform that was
designed to be used during the piloting for participant registration and test data collection.
Then, we carried out the piloting based on a pre-test post-test design with a control group.
We created five groups of participants, with four of them associated with four separate soft
skills and video games, and a last group, as a control, that only completed the pre-test and
post-test without playing video games. During this period, the participants played video
games at their own pace, with no timetables or minimum time restrictions per day. The
piloting ended by the middle of April. Once the data was collected, the methodology we
followed to design the AI-based model is as shown in Figure 1.

Figure 1. Methodology followed in the study.

Besides the data gathered during the experiments designed above, an achievement
value database has been generated with expert knowledge. This database establishes a set
of difficulty levels of each target soft skill for a given game. Then, the general difficulty of
the soft skill is translated to a specific difficulty level per achievement and soft skill, which
in turn allows for obtaining an index of the player’s advancement on such skill, provided
that the player has attained a given achievement. This mapping allows for relating the level
of a player and the achievements the player has unlocked, and can be used to gauge the
output of tests. A research flowchart showing the different steps followed in this study is
shown in Figure 2.

It is important to note that, in the present study, statistical analyses have been con-
ducted primarily on the relationships between gameplay behavior and the development
of selected soft skills, specifically CPS, CT, F/A, and TM. At this stage, the analyses do
not account for potential differences among participants based on demographic variables
such as age, cultural background, or geographic region. These aspects remain outside the
scope of the current statistical evaluation and will be addressed in future supplementary
research aimed at identifying how such factors may influence soft skill acquisition through
gaming. This clarification is intended to ensure transparency regarding the boundaries of
the present findings and to prevent potential misinterpretations of the results.
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Figure 2. Research flowchart applied in the study.

4.2. Sample

In this phase, 437 email addresses from interested participants were gathered. How-
ever, only 120 participants completed all the steps required in the investigation for per-
forming the comparison between the pre-test and the post-test. For the objectives of this
study, we removed 2 participants from the control group, and, finally, 97 participants
were considered. The details of the sample selected are shown in Table 1 and in the
following paragraphs.

Table 1. Gender sample distribution.

Gender
Complex
Problem
Solving

Critical
Thinking Flexibility/Adaptability Time

Management Control

Male 14 9 16 17 19
Female 11 5 5 9 10
Other 1 2 0 0 0

Prefer not 1 1 0 0 0
Total 27 17 21 26 29

The gender of the participants or the country of origin was not considered when
selecting the groups. The distribution was random. Despite there being more males than
other genders in each group, we can assume that equality is oscillating between 51% and
76% depending on the group, being that males make up 62.5% of the total sample. Most
of the participants are considered young (around 80% of the sample are 35 years old or
younger). They also present high educational levels, with a master’s degree in first place
(38.3%), followed by a bachelor’s (30.8%) and doctorate or postdoc (15%). Regarding the
video game experience, we can assume that most of the sample is somehow in touch
with video games daily (49.1%) or at least weekly (78.3%), presenting a total of 14.2% of
participants who play occasionally between months, and 7.5% of the sample that never
plays video games.
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As a summary, the final sample of 120 participants is made up mostly of young people,
both men and women, with an university degree or higher education, most of them being
students with previous experience in video games and having played a wide variety of
video game genres.

4.3. Materials

To analyze the measurements obtained outside and inside the video games, we se-
lected the following standardized tests, which were mapped in accordance with the video
games selected.

4.3.1. Standardized Tests

To select the specific soft skill assessment tools, we carried out a short review of the
current methodologies of soft skill assessments, identifying several standardized tests.
Then, we analyzed them in depth to choose the best fit for the investigation, according to
the feasibility of accessing, digitizing, and autocorrecting the tests, since their use had to be
free and available online. We also considered other aspects, such as the age of the tests, the
target group tested with, or the length of the tests, to avoid possible dropouts and biased
answers due to boredom or frustration. The final standardized tests chosen were

• CPS: The Reflective Thinking Skill Scale for Problem Solving (RTSSPS) [90].
• CT: Two tests were selected, the Critical Thinking Assessment Scale Short Form [91]

and the Test of Critical Thinking [92].
• F/A: Two tests were selected, the I-ADAPT-M [93] and the CAMBIOS test [94].
• TM: The Time Management Questionnaire [95].

4.3.2. Video Games

To select the video games, the main criterion followed was that they should have
some kind of connection with each of the soft skills. First, we analyzed the indicators or
measurement elements of the soft skills measurement tools, with the aim of being able
to extract these elements and be able to identify them in the video games. In this way,
a theoretical bridge is built between the measurement with standardized tests and the
stimulation of skills through the use of already-existing commercial video games. Then,
we conducted a search for video games that fit this criterion, thus generating a range of
video game possibilities that presented from 1 to several soft skill indicators. Moreover,
other aspects were also considered, such as price, inclusion of gender, existence of offensive
language or violence, low technical requirements, and the duration of the video game
itself, since the training period was set at a minimum of 15 h of play. Indeed, prior studies,
e.g., [96], indicate that a minimum of 12–15 h of video game play is necessary to produce
significant improvements in skill development.

Specifically, we selected the Steam video game distribution platform developed by
Valve Corporation in 2003 for several reasons. First, Steam provides an open API, which
allows the gathering of player information, such as their performance in the video games
played on Steam. In addition, Steam video games also present achievements as milestones
to be achieved within each video game, which could be associated with the different soft
skill levels. Finally, Steam presents the largest range of commercial video games in the
personal computer (PC) market. Considering all the mentioned criteria, the final selection
of video games was

• Train Valley 2: This video game fits perfectly in a complex problem-solving experiment
context since the video game presents different types of problems and variables to
consider. The user must learn to manage several train stations, from building the
tracks and ways for the trains to circulate (having a limited budget for this task) and



Information 2025, 16, 918 10 of 30

managing the departures of said trains. The difficulty, in addition to increasing as
the levels progress, lies in the anticipation and planning of the different train routes,
having to either prevent problems or solve them in the event of an accident.

• Lightseekers: As a card video game, it meets many of the requirements to stimulate
and train critical thinking. Players will have to plan and analyze the different possible
compositions of cards or decks to find out which one has the best performance,
depending on the environment or context of each game.

• Relic Hunters Zero: It is a very friendly and entertaining top-down shooting roguelike
game. This video game genre is perfect in the flexibility experimentation context, since
the rules of each game change once the player dies and resets the progress. Thus,
it allows the use of different weapons and strategies that encourage paradigm and
variable shifts, as a main flexibility indicator, and the parallel learning of each of the
elements that may be present in the game.

• Minion Masters: It is a dual management game. On the one hand, the player must
manage time, both macro and micro, during the games. This means that users must
consider the countdown present in each game as well as the different deployment
times, movement speed, and attack speed of each unit. On the other hand, outside
of games, the player can manage the deck and the collection of units that he collects
and improves. The gameplay mainly consists of attacking enemy turrets and bases
while defending your own in 1vs1 battles, where all types of units with different
characteristics are deployed to achieve this objective.

Table 2 shows the relationship between the soft skills trained, the scales and subscales
of standardized tests used, and the video games selected.

Table 2. Soft skills selected, scales and subscales of standardized tests, and video games.

Soft Skill Test Video Games

CPS Reflective Thinking Skill Scale for Problem
Solving (RTSSPS) (onwards CPS) Train Valley 2

CT
Critical Thinking Assessment Scale Short

Form (onwards CTS)
Test of Critical Thinking (onwards CTO)

Lightseekers

F/A I-ADAPT-M (onwards F/AS)
CAMBIOS (onwards F/AO) Relic Hunters Zero: Remix

TM Time Management Questionnaire
(onwards TM) Minion Masters

4.3.3. MEGASKILLS Platform

An online web platform was used and provided all the functionalities required in
this phase, such as registration and identification on the platform, linking the registration
with the Steam ID, integration of the standard tests (pre-test and post-test), a catalog of
selected games, and details of the soft skills addressed. All the standard tests selected were
digitized and integrated into the web platform. An example of one of the tests integrated
on the platform is shown in Figure 3.
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Figure 3. I-ADAPT-M Short Version [93].

In addition to registering on the MEGASKILLS platform, all participants had to
register on Steam, available at https://store.steampowered.com/ (or use their account
if they already had one). Furthermore, to play the selected games, it was necessary to
have the Steam client installed on the participants’ computers. Through the platform,
participants were able to see where they were in the study, helping them to know what
steps they needed to take to move forward in the study.

To collect the game data from the participants, we developed an automatic task that
was integrated into the MEGASKILLS platform, which launched a series of queries once
a day, making use of the Steam API. Through these queries, the platform’s database was
updated once a day. Table 3 presents the list of queries launched and the description of the
information gathered.

Table 3. Description of the queries provided by the Steam API.

Query Description

GetPlayerSummaries

Returns basic profile information. Some data associated
with a Steam account may be hidden if the user has

their profile visibility set to “Friends Only” or “Private”.
In that case, only public data will be returned.

GetFriendList Returns the friend list of any Steam user, provided their
Steam community profile visibility is set to “Public”.

GetOwnedGames Returns a list of games a player owns along with some
playtime information.

GetRecentlyPlayedGames Returns a list of games a player has played in the last
two weeks.

GetPlayerAchievements Returns a list of achievements for this user by the game
identifier (app ID).

GetGlobalAchievement
PercentagesForApp

Returns on global achievements overview of a specific
game in percentages.

To streamline the pilot process on our platform, we introduced automated checks to
confirm participants met key requirements, including Steam ID registration, public profile
settings, minimum gameplay hours, and evaluation form completion.

https://store.steampowered.com/
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4.3.4. Procedure

Between October 2023 and January 2024, participant recruitment was conducted via
email. After providing informed consent, individuals were invited to register on a dedi-
cated online platform designed for this study. This platform facilitated the collection of
socio-demographic information and responses to soft skill assessments administered at
both the pre-intervention and post-intervention phases. All the participants had to fill
out the pre-intervention and post-intervention tests. In early February 2024, following
registration, participants were randomly assigned to groups, marking the official start of
the experimental phase. The groups were as follows: group1, Train Valley 2; group2: Light-
seekers; group3, Relic Hunters Zero: Remix; group4: Minion Masters; and group5, control.
During registration, participants completed baseline soft skills tests and received detailed
instructions regarding their participation. Specifically, individuals in the experimental
groups were required to play a minimum of 15 h on one of four designated video games
during February and March 2024. In contrast, control group participants were instructed
not to engage with any of these games to maintain the objectivity of the collected data. At
the conclusion of the gaming period in late March 2024, a post-test phase was administered,
and the collected data were subsequently analyzed.

The data gathered during the gaming phase were used to train an AI model that
ultimately could operate in the place of the standardized tests designed to measure the level
of a given soft skill. The main rationale establishes that at any given moment, an individual
has a measurable level of a certain soft skill, developed through past life experience; gaming
lies within this experience, and a period devoted to gaming can potentially increase the
level of some of the soft skills, if they are part of the game mechanics. In principle, the soft
skill level of experiment participants is measured before and after the gaming period, so
the soft skill increment can be measured.

Thus, a machine learning model (M1) can be trained to receive an initial soft skill value
and a set of variables that represent the playing time within a period and relate these two
inputs to an output that reflects the increment in the soft skill value. However, if the model
is intended to take the place of the tests, the variables related to the soft skill level prior to
the gaming period would not be available to feed the input of the trained model, and, in
fact, it would not be possible to estimate this initial level. For this reason, the model needs
to be able to work without this information. To do so, two main changes are applied to the
scheme above: on one hand, the initial soft skill value is allowed be 0 if unknown (normally
no person would have a null soft skill, so 0 means unknown), and the model will also be
trained with samples of unknown initial level; on the other hand, an additional piece of
information, based on the features of the player is computed into an embedding, i.e., a way
of converting different things like words or images into a list of numbers, where items with
similar meanings are given similar numbers. This information is easy to obtain (provided
that the player has a playing background) and gives an insight into the kind of soft skills
that the player practices the most, so even if there is no soft skill information, the model
has a profile of the individual and a measurement of the time played within a period.

In addition, in order to deal with the cases in which there is an unknown initial level
of soft skill, a second model (M2) is trained to infer this value (which is known for the
cases of the participants in the study). The second model receives the soft skill increment
computed in the first model and the playtime within the gaming period and is trained to
predict the initial level. Thus, this estimated initial level can be used as new input for the
previous model to adjust the initial level to the one estimated by the second model.

The interactions of these two models are depicted in Figure 4, and their training
involves using the data gathered during the experimental phase, for which the soft skill
initial value and increment, as well as the playtime and player profiles, are known. In
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addition, two ways of data augmentation are used: first, to train the model for the cases
where no initial soft skill value is provided, new data analogous to existing ones but
with this value initialized to 0 are created and added to the dataset; second, noise-based
variations in actual data are included, in order to deal with their scarcity.

 

Figure 4. Overall AI methodology. Model 1 (M1) computes users’ soft skill deltas (or increment in
soft skill values) and improvement percentage. Model 2 (M2) is used as support for M1 to derive a
baseline for users without initial soft skills.

The machine learning scheme presented above is trained for each target soft skill
(e.g., there will be a model for TM increment estimation and a different one for CT). Once
each model is trained, they are used for the estimation of the soft skill value increment for
any new individual for whom playtime is measured, and a profile is created through the
user embedding. These increments are therefore used to assess the impact of the gaming
sessions on soft skill development.

The models described above rely on the definition of a user embedding U that
describes the relation of the user’s gaming profile with the soft skills. The user embedding is
a 1-dimensional array with 4 elements that correspond to the values of soft skills attributed
to a user, given his/her gaming profile. To generate this embedding, we have considered
the user’s previous experience playing games, this being the only available information
that can be extracted from users who have not completed the soft skill evaluation tests. For
each game that the user has played in his/her Steam profile, a game embedding G is used
and weighted according to the time spent playing this game (at least 10 h of gameplay are
required to compute the skills provided by a game). The values provided by all games in
the user profile are aggregated to obtain each of the soft skill values that compose U .

This system requires a way to compute a game embedding G for each game. Analo-
gously to the user embedding, G is a 1-dimensional array with 4 elements that represent
the level of soft skills provided by a game. This value is represented with a float number
between 0 and 1, and it is computed considering the main tags of the game, information
that is publicly available. The computation of this value is based on the 10 most relevant
community-labeled tags of each game and their relevance for each soft skill based on expert
knowledge. For example, co-op games are considered to be relevant to assess the cognitive
flexibility of a player as they require reactivity to the actions of your teammates; similar logic
can be extended to the other soft skills. Hence, given that each game in Steam comes with a
set of labels that developers and even the community have designated for that game, which
are known to be somehow representative of the game mechanics, storytelling, art, or mood,
among others, expert knowledge can be applied to compute the percentage of the game that
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could be represented by each soft skill. The Steam Games Dataset (Steam Games Dataset
available at: https://www.kaggle.com/datasets/fronkongames/steam-games-dataset (ac-
cessed on 15 October 2025)) data used to compute the preliminary soft skills per game
provides information about more than 100 k games. Even if the dataset includes diverse
information, from game descriptions to images, the most valuable data fragments for the
soft skill computation task are the tags and the number of clicks the community has given
to each of them. This can be considered a useful and representative way of measuring the
relevance of each tag for a given game, which will be used later in this same section. For
the 4 soft skills that have been tackled within this paper, the assignment of tags to soft skills
is performed according to Figure 5.

Figure 5. Assignment of Steam tags to soft skills.

These tags are a subset of the whole Steam tag set. In order to reduce the whole set of
tags to those that are relevant to the target soft skills, the following procedure is performed:

• Remove all games that contain tags suggesting the game does not contribute to the de-
velopment of soft skills, e.g., “SEXUAL CONTENT”, “NUDITY”, “MATURE”, “NSFW”.

• Remove all tags that belong to groups that do not contribute to the development of
soft skills, e.g., “Uncategorized”, “Franchises”, “Hardware”, “Tools”.

After having a curated tag list, the games are labeled into an embedding following the
next steps:

• If a game has more than 10 tags, the embedding will only consider the first 10. This is
performed by a function F(T) which also removes and filters tags, defined hereafter as
T, and returns a curated list of tags T’.

• If the total amount of clicks in a game is less than 200 clicks, it is penalized. This is con-
ducted when the total amount of clicks is computed. Given the function C(t) ∀ t ∈ T′,
returning the number of clicks for a tag, the total click amount is computed as
K = max

(
1

|T′ | ∑t∈T′ C(t), 200
)

. This simple consideration will identify games with

https://www.kaggle.com/datasets/fronkongames/steam-games-dataset
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fewer than 200 clicks in their total amount of clicks, in contrast with those having
fewer tags with many clicks.

• The tags of a game are weighted depending on their position on the list (which depends

on the clicks). This weighting process is applied for each soft skill as P(t) = C(t)
K ,

where t ∈ T′ and K is the total amount of clicks as introduced previously.
• Finally, a value between 0 and 1 that represents the contribution of the game to a

soft skill is computed, considering the number of clicks and the ranking of tags, and
the soft skill. For that, a function that returns the weight of a tag (t) for a soft skill is
defined as W(t, ss) | t ∈ T ′ and ss ∈ S, further defined as S = {(u, Lu) | u ∈ U},
where U is a list of soft skills and Lu is the list of tags under that category, for this
study of those described in Figure 4. Finally, the sum of all the values for each soft
skill is computed as Hss = ∑ss ∈S ∑t ∈ T′ W(t, ss).

With these criteria, a preliminary labeling of games has been carried out considering
the available data (a database of a selection of games generated by experts that attributes a
level for each soft skill), and a deep learning model was trained using the whole tag set for
each game (i.e., nor filtering nor weighting tags) and the soft skill levels as the predicted
value. This model is now able to estimate soft skill levels for games given their associated
tags, thus creating a game embedding G for each game, which can be used for the models
presented above. As a means to elucidate how this method can capture experts’ logic to
assign soft skills to each game and even help them in future game selection decisions, as
a value for each soft skill is computed. Table 4 compares the assignations made by the
experts with those made by the AI model introduced in this section.

Table 4. Contrasting experts’ decisions with an AI-based solution. Numbers in the “AI embedding”
column are ordered from more representative to less representative.

Name Tags (Top 12) Expert Assigned
Soft Skill AI Embedding

Lightseekers Free to Play, Strategy, Card Game CT

CT-0.2
TM-0.0
CPS-0.0
F/A-0.0

Minion Masters
PvE, Trading Card Game, Stylized, Turn-Based Tactics,

Free to Play, Multiplayer, Card Battler, Tactical RPG, PvP,
Strategy, Deckbuilding, Card Game

TM

CT-0.5
TM-0.3
CPS-0.2
F/A-0.0

Relic Hunters Zero:
Remix

Looter Shooter, Twin Stick Shooter, Action, Top-Down
Shooter, Action Roguelike, Adventure Co-Op Multiplayer,

Free to Play, Bullet Hell, Pixel Graphics, Local Co-Op
F/A

F/A-0.4
CT-0.0
TM-0.0
CPS-0.0

Train Valley 2
Quick-Time Events, Multiple Endings, Trains, Relaxing,
Simulation, Strategy, Singleplayer, Management, Level

Editor, Indie, Building, Puzzle
CPS

CT-0.2
TM-0.2
CPS-0.1
F/A-0.0

5. Results
The average time played by the participants was 18.1 h (SD = 7.59), and the average

of achievements was 14.18 (SD = 8.74). Table 5 presents the average time played and the
average achievements by the participants in each of the video games.
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Table 5. Average time played and achievements obtained per game.

Video Game Average Time Played (h) (SD) Average nº Achievements (SD)

Lightseekers (n = 15) 16.63 (SD = 1.89) 10.93 (SD = 4.69)

Minion Masters (n = 27) 18.20 (SD = 5.15) 13.27 (SD = 6.41)

Relic Hunters Zero: Remix (n = 19) 15.6 (SD = 1.14) 7.19 (SD = 6.54)

Train Valley 2 (n = 26) 20.34 (SD = 12.10) 21.45 (SD = 8.45)

The average of the results obtained in the pre-intervention and post-intervention tests
is shown in Table 6. The different ranges of scores established for each test can be consulted
in Appendix A.

Table 6. Average of results obtained in the pre-intervention (PRE) and post-intervention (PRO) tests.

Group Pre CPS Pre CTO Pre CTS Pre
F/AO Pre F/AS Pre TM Post CPS Post

CTO
Post
CTS

Post
F/AO

Post
F/AS Post TM

Lightseekers
(n = 15)

42.2 (SD
= 5.25)

32 (SD =
8.41)

235.26
(SD =
67.03)

18.86 (SD
= 6.71)

126.73
(SD =
11.32)

56.26 (SD
= 8.48)

42.06 (SD
= 6.85)

31.53 (SD
= 8.36)

246.93
(SD =
49.02)

20.13 (SD
= 6.78)

128.46
(SD =
11.07)

55.13 (SD
= 7.16)

Minion
Masters
(n = 27)

41.29 (SD
= 4.85)

32.07 (SD
= 4.67)

247.81
(SD =
41.41)

20.29 (SD
= 5.80)

127.18
(SD =
8.52)

56.66 (SD
= 8.41)

42.81 (SD
= 5.09)

33.03(SD
= 6.09)

256.88(SD
= 39.77)

21.88(SD
= 4.61)

131.81
(SD =
11.37)

57.81 (SD
= 9.81)

Relic
Hunters

Zero:
Remix (n

= 19)

41.05 (SD
= 5.32)

34.52 (SD
= 3.53)

232.73
(SD =
44.54)

17.47 (SD
= 7.11)

129 (SD
= 12.45)

57.94 (SD
= 7.74)

41.52 (SD
= 7.23)

34.05 (SD
= 3.59)

249.89
(SD =
50.01)

19.42 (SD
= 6.51)

131.15
(SD =
10.95)

58 (SD =
8.47)

Train
Valley 2
(n = 26)

41.65 (SD
= 5.48)

32.34 (SD
= 7.00)

245.42
(SD =
48.89)

18.30 (SD
= 5.94)

129.84
(SD =
11.10)

61 (SD =
6.82)

43 (SD =
4.40)

33.88 (SD
= 5.53)

256.07
(SD =
45.50)

19.44 (SD
= 6.80)

133.30
(SD =
9.51)

61.42 (SD
= 7.34)

Control
Group (n

= 29)

42.17 (SD
= 6.39)

32.31 (SD
= 5.49)

252.48
(SD =
54.34

18.10 (SD
= 6.69

129.89
(SD =
11.75

59.10 (SD
= 8.67

42.13 (SD
= 5.78

33.27 (SD
= 5.60

252.20
(SD =
47.64

19.24 (SD
= 6.18

134.79
(SD =
11.06

58.82 (SD
= 7.62

For each of the five groups, we performed a statistical validation to support that the
observed improvements are significant. So, we conducted non-parametric tests, specifically
the Mann–Whitney test, to compare the average scores of each game group to the control
for both post scores and Change (post−pre) with Bootstrap Confidence Intervals (CIs)
for median differences and attempted mixed-effects models (some show convergence
warnings, likely due to small sample sizes and separation). We fitted mixed-effects models
for each test to assess the impact of pre-scores and game type (see Table 7). For each
comparison between a game group and a control group, we defined H0 (null hypothesis),
i.e., the distributions of improvement scores are identical between the game group and
control group (no difference in central tendency), and H1 (alternative hypothesis), i.e., the
distributions differ in location (there is a difference in central tendency). We also considered
the following assumptions: independence (observations within and between groups are
independent), ordinal data (improvement scores can be ranked), and similar distribution
shapes. Groups have similar distribution shapes, which allows interpretation in terms of
medians. Each row corresponds to a specific soft skill test (see Table 2) assessed for each
game. The U Statistic indicates the test value; the p-value shows the statistical significance
(p < 0.05 typically considered significant); and the effect size indicates the magnitude and
direction of the observed difference (positive values suggest improvement, negative values
suggest decline).



Information 2025, 16, 918 17 of 30

Table 7. Average of results obtained in the Mann–Whitney test (ML = Median Diff CI low;
MH = Median Diff CI high).

Test Game Group p
Post

U
Post

R
Post

Post
ML

Post
MH

U
Change

p
Change

R
Change

Change
ML

Change
MH

Effect
Size

CPS Lightseekers 0.7380 263 0.0497 −3 6 243.5 0.9377 −0.0128 −6 4 0.0161

CPS Minion
Masters 0.4650 495 0.0949 −3 4 514.5 0.3067 0.1323 −2 4 −0.1548

CPS Relic Hunters
Zero: Remix 0.8044 300 −0.0355 −4 4 331.0 0.7457 0.0461 −5 5 −0.0558

CPS Train Valley 2 0.3086 496 0.1331 −2 5 487.0 0.3788 0.1152 −2.5 4 −0.1351

CTO Lightseekers 0.8062 236 −0.0369 −4 5 200.0 0.2941 −0.1524 −5 2 0.1919

CTO Minion
Masters 0.9169 453 0.0143 −3 3 519.5 0.2718 0.1419 −1 3 −0.1661

CTO Relic Hunters
Zero: Remix 0.6749 336 0.0592 −3 4 260.0 0.3119 −0.1409 −3 2 0.1706

CTO Train Valley 2 0.5502 468.5 0.0785 −2 4 462.5 0.6129 0.0665 −2 3 −0.0780

CTS Lightseekers 0.8674 239.5 −0.0256 −48 50 295.0 0.2957 0.1524 −16 52 −0.1919

CTS Minion
Masters 0.5131 490 0.0853 −19 38 538.5 0.1692 0.1783 −11 37 −0.2087

CTS Relic Hunters
Zero: Remix 0.9772 315.5 0.0052 −37 44 416.5 0.0513 0.2714 3 42 −0.3285

CTS Train Valley 2 0.5720 466.5 0.0745 −18.5 45 545.5 0.0764 0.2315 −1 42 −0.2715

F/AO Lightseekers 0.3548 289.5 0.1348 −2 7 259.5 0.7967 0.0385 −2 3 −0.0484

F/AO Minion
Masters 0.0283 593 0.2829 −1 8 501.5 0.4074 0.1074 −2 3 −0.1257

F/AO Relic Hunters
Zero: Remix 0.7029 334 0.0540 −2 6 349.5 0.4970 0.0948 −2 3 −0.1148

F/AO Train Valley 2 0.4449 461.5 0.1010 −5 7 434.0 0.7400 0.0443 −1 2 −0.0521

F/AS Lightseekers 0.0885 170.5 −0.2472 −13 0 212.0 0.4356 −0.1139 −8 4 0.1434

F/AS Minion
Masters 0.1956 358 −0.1678 −10 2 509.5 0.3447 0.1227 −1 7 −0.1436

F/AS Relic Hunters
Zero: Remix 0.2820 256.5 −0.1502 −11 3 291.0 0.6754 −0.0592 −7 9 0.0717

F/AS Train Valley 2 0.5769 392 −0.0735 −9 5 430.0 0.9939 0.0019 −4.5 6 −0.0023

TM Lightseekers 0.2003 183.5 −0.1880 −8 1.5 223.5 0.7142 −0.0549 −6 4 0.0687

TM Minion
Masters 0.8789 421.5 −0.0207 −7 6 537.0 0.1106 0.2079 −1 5 −0.2430

TM Relic Hunters
Zero: Remix 0.9844 302.5 −0.0040 −6 6 289.5 0.7843 −0.0395 −4 4 0.0476

TM Train Valley 2 0.1249 514.5 0.2022 −0.5 7.5 448.0 0.6213 0.0656 −2 4 −0.0769

We found no statistically significant differences, i.e., none of the game groups showed
statistically significant improvements compared to the control group (all p-values > 0.05).
However, some cases were closed to significance, such as Relic Hunters Zero: Remix for
CT SUB (p = 0.051) or Train Valley 2 for CT SUB (p = 0.076). Furthermore, most effect
sizes were small, ranging from −0.33 to +0.19, indicating minimal practical differences
between groups. Concerning the sample sizes, the groups had reasonable sample sizes
(control: 32–33 and game groups: 15–27 participants). However, the results showed that
the differences are not statistically significant at the conventional α = 0.05 level.
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While participants averaged 18.1 h, skill gains might require more extended exposure.
So, we conducted an analysis of dose–response effects (skill gain vs. total playtime) to
provide deeper insight. So, we calculated skill gains for each participant across multiple
tests. We performed Spearman and Kendall correlation analyses on skill gains versus
hours played, and generated scatter plots with linear regression lines for overall and test-
specific data (see Figures 6 and 7). If available, we added LOWESS trend lines to visualize
relationships by test (see Figure 8).

Figure 6. Skill gain vs. hours played (all tests).

Figure 7. Skill gain vs. hours played by test.

Figure 8. LOWESS trends by test.
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In summary, the overall dose–response is weak. There is a small positive association
across all tests combined, with borderline significance. Individual tests are mostly non-
significant, except a hint for CT SUB. Furthermore, visuals show shallow trends and
substantial spread. For most skill measures, extra hours did not reliably translate into
bigger improvements. The one partial exception is CT SUB, where there is a slight hint that
more hours might help, but even there, the relationship is modest and uncertain.

About efficiency these results imply several things: low marginal return, i.e., each
additional hour buys very little average improvement, especially beyond the first dozen-
or-so hours; diminishing predictability, i.e., the figures show that even if there is a small
average effect, it is not consistent (some participants improve with more time, many do
not); and opportunity cost, i.e., if the goal is to maximize skill gains per time invested,
“more hours” is not an efficient strategy by itself.

For the design of the AI-based solution, we only chose the participants who played
video games, not including participants in the control group. Participants who did not play
for at least 10 h or who did not fill in the pre-test or post-test surveys were also excluded.
Finally, 70 participants were considered to meet all the requirements.

The performance of AI models has been evaluated under different configurations
to obtain a precise knowledge of the advantages and disadvantages of each model and
the generalization capabilities. These evaluations have been accomplished by testing
three models (Random Forest (RF), Gradient Boosting Regressor (GBR), Linear Regression
(LR)) with five different arbitrary seeds that provide a description of the sensitivity of
the initialization of each model and their generalization capabilities. The reason behind
these seeds, instead of applying cross-validation or other techniques, is the low availability
of data.

Derived from the scarcity of input data (approx. 30 users per game), a data aug-
mentation technique is used to improve the model’s stability and performance. This data
augmentation technique consists of subtracting the “pre_test” values (i.e., Test-based user
scores before playing) from the “post_test” and “pre_test” values, making the augmented
samples start at zero but preserving the same delta (i.e., post_test-pre_test) value. This
method also assumes a linear scale improvement when users play a video game, even if
a linear scale might not faithfully represent a typical human learning curve; the scarcity
and distribution of the data allow for generating more diverse samples through the data
augmentation proposed in this section. Nevertheless, a thorough study of the learning
curves for each soft skill will provide more accurate results in the future, once more data
is available. However, even if the data augmentation technique employed evidence that
increasing the number of samples will improve models’ performance, there are some re-
markable drawbacks, such as the data redundancy and the bias introduced to the models,
that should be highlighted and carefully considered during the analysis of the results.

After the data augmentation has been applied to the dataset to meet the required
minimum data, the models have then been trained with a train-test split of 20%. The
performance metrics used for posterior analysis and validation are

• Coefficient of Determination (R2): Indicates the proportion of variance in the observed

data that is explained by the model, reflecting how good it fits. 1 − ∑n
i=1(yi−ŷi)

2

∑n
i=1(yi−yi)

2 where

yi are the observed values, ŷi are the predicted values, y is the mean of the observed
values, and n is the number of samples.

• Root Mean Squared Error (RMSE): Quantifies the standard deviation of the prediction
errors, giving more weight to large deviations and highlighting models with big

individual errors.
√

1
n ∑n

i=1(yi − ŷi)
2
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• Mean Absolute Error (MAE): Measures the average magnitude of the prediction
errors, providing guidance on how close the predictions are to the observed values.
1
n ∑n

i=1|yi − ŷi|

The configuration for each model included 100 estimators for both RF and GBR,
which were selected to avoid overfitting, as more than 100 estimators could result in more
estimators than data samples, which will be highly probable given the limited amount of
data available, making overfitting a significant concern. The results of this performance
evaluation can be observed in Figure 9.

Figure 9. Performance of the model that predicts the improvement of soft skills. Evaluation includes
the R2 score, RMSE, and MAE metrics for train, test, and different seeds. The regression models are
Linear Regressor (linear), Random Forest Regressor (rf), Gradient Boosting Regressor (gbr), Extreme
Gradient Boosting (xgb), Extra Tree Regressor (extratree), and Support Vector Regressor (svr).

Figure 9 visualizes the performances of the three models in terms of R2, MAE, and
RMSE. R2 reflects the ability to capture the improvement of soft skills given the user profile,
and, ideally, should reach near 1. Meanwhile, both MAE and RMSE indicate the deviation
of prediction from the real improvement in the same magnitude, as the data MAE is an
indicator of the performance “on average” and RMSE, demonstrating the cases where the
differences between predicted and real values are further apart. These, on the other hand,
in the best case, are closer to 0.

What can be observed in Figure 9 is that the Linear Regressor model has poor per-
formance with low R2 values and high MAE and RMSE. This might suggest that the data
that is being predicted is hard to grasp with simple linearity, and a more complex method
might be required. That hypothesis contrasts greatly with the evidence of the performance
of RF, GBR, XGB, and the supervised machine learning method for assembly ExtraTree, as
all of them show high R2 values and lower MAEs and RMSEs.

Figure 9 also visualizes the deviation of results given the initialization of different
seeds, which can help to analyze the generalization capabilities of the model and the
dependency on the data. Focusing on the best models (i.e., RF, GBR, XGB, and ExtraTree),
RF and GBR, a deviation of around 0.1 to 0.2 in R2 values can be observed, which prompts
the idea of a high dependency on initialization. These deviations of R2 values also reinforce
the idea of a bigger training dataset, as more data can narrow down the deviation of
R2 given random initialization. With the aim of guaranteeing statistical significance of
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the models conforming to this experimentation, a new set of experiments is conducted,
now considering 60 seeds, which allows us to assess the stability and performance of the
models. Table 8 shows the results of the conducted Wilcoxon statistical test for each pair
of algorithms.

Table 8. Wilcoxon metric applied to each algorithm pair. Each cell is divided into four columns,
one per soft skill (i.e., CT = critical thinking, FA = flexibility/adaptability, PS = complex problem
solving, and TM = time management). Green dots represent p < 0.005 (significant differences), red
crossesrepresent p > 0.005 (no significant differences).

RF GBR XGB EXTRATREE SVR

CT FA PS TM CT FA PS TM CT FA PS TM CT FA PS TM CT FA PS TM

LINEAR
RF - - - -

GBR - - - - - - - -

As can be concluded from the analysis of the table, almost every pair of algorithms
checks the null hypothesis, which makes them independent. However, ExtraTree and GBR
models did not pass the test, which also showed very similar performances in terms of R2.
To help figure out how stable these models are, Table 9 presents the mean R2 and standard
deviation for each algorithm and soft skill.

Table 9. Mean R2 and standard deviation for the 60-seed experiment (i.e., CT = critical thinking,
FA = flexibility/adaptability, PS = complex problem solving, and TM = time management).

LINEAR RF GBR XGB EXTRATREE SVR

CT 0.055 ± 0.12 0.842 ± 0.07 0.914 ± 0.06 0.937 ± 0.08 0.905 ± 0.09 0.002 ± 0.06
FA 0.045 ± 0.13 0.640 ± 0.12 0.778 ± 0.11 0.847 ± 0.14 0.761 ± 0.14 −0.036 ± 0.04
PS 0.116 ± 0.17 0.770 ± 0.12 0.826 ± 0.14 0.911 ± 0.14 0.901 ± 0.09 −0.002 ± 0.04
TM −0.066 ± 0.18 0.710 ± 0.14 0.747 ± 0.14 0.851 ± 0.15 0.851 ± 0.13 0.008 ± 0.06

Table 9 reinforces the previous conclusions: Linear and SVR models fail to capture
the relationships in the data, whereas the other models do. Moreover, the small differ-
ences among them and the high R2 values indicate low data variability—caused by data
augmentation—and highlight the need for additional data to improve the generalization of
the developed models.

Overall, Figure 8 and Tables 8 and 9 help to illustrate the complexity of the problem
and the importance of the data, and, comparing the different models, either of the best
models has resulted in acceptable performances, with EXTRATREE and XGB being the
best-scoring models; R2 is around 0.9, and both best MAE and best RMSE are around 1.
Mean values for each metric are provided in Appendix B.

Finally, as an illustrative example, we present how the designed model was applied to
two users who engaged with MEGASKILLS after its implementation. The different ranges
of scores established for each test can be consulted in Appendix A.

One of these users was a beginner who had never played on the Steam platform, mean-
ing no prior gameplay data was available. After registering on MEGASKILLS, this user
played only one of the available games. Table 10 presents the model’s output across several
weeks and highlights the improvement in the soft skills of FA and time management, TM.
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Table 10. Application of the model to a “novel” user, i.e., a user without previous data on Steam.

Nº Games Game Playtime
(min)

Total Playtime
(min)

Nº
Achievements CPS CT FA TM

Start 1 0 0 0 0 0 0 0
Week1 1 726 726 6 44.08 32.02 21.89 57.59
Week2 1 982 982 9 44.08 32.02 23.34 59.04

The second case corresponds to a user with a prior Steam account who had logged over
1.500 h of gameplay (Steam level = 11) before engaging with the selected MEGASKILLS
game. For this user, we started with baseline data, allowing the model to estimate their
initial level of soft skills. Table 11 presents the model’s output across several weeks, showing
how the user’s levels in FA and TM evolved and improved over time.

Table 11. Application of the model to an “experienced” user, i.e., a user with previous data on Steam.

Nº Games Game Playtime
(min)

Total Playtime
(min)

Nº
Achievements CPS CT FA TM

Start 9 0 108,784 1528 40.40 31.48 21.43 55.20
Week1 10 605 109,289 1537 40.40 31.48 26.10 59.87
Week2 10 850 109,634 1538 40.40 31.48 28.81 62.57
Week3 10 921 109,705 1538 40.40 31.48 28.89 62.71

6. Discussion
Traditional approaches to soft skill assessment typically rely on standardized psy-

chometric tests, self-report questionnaires, or observational evaluations conducted by
educators or supervisors. While these methods provide structured and validated instru-
ments, they often suffer from subjectivity, test-related anxiety, and limited ecological
validity, as they capture performance in artificial or static contexts rather than in dynamic,
behavior-rich environments. In contrast, the proposed AI-based assessment leverages
real-time gameplay data to infer soft skill progression continuously and unobtrusively.
The core research question, regarding the feasibility of measuring soft skill improvement
through player gaming data, is affirmed by our findings. Compared to conventional
tests, our AI-based solution, particularly the GBR model, demonstrated high efficacy
(R2 ≈ 0.9, MAE/RMSE ≈ 1) in predicting soft skill increments from gaming data, validat-
ing this non-intrusive assessment approach. Moreover, the game-based approach offers a
more engaging and scalable alternative, reducing participant fatigue and enabling longitu-
dinal monitoring of skill development. Although traditional instruments remain useful
for benchmarking and validation, the AI-driven video game assessment provides a com-
plementary method that enhances measurement precision and learner motivation while
maintaining methodological rigor.

Given that over half of the European population regularly plays video games, this
medium offers a scalable, engaging, and non-intrusive alternative to traditional methods,
effectively mitigating test-related anxiety. Their immersive environments mirror real-
world professional challenges, fostering skills like problem solving and teamwork, with
prior studies indicating measurable improvements after a minimum of 12–15 h of play.
Our AI-based solution further validates this approach by effectively measuring these soft
skill increments.

Our study reveals both promising directions and important nuances in the use of
video games for soft skills development. Although our results partially corroborate ear-
lier findings on the beneficial impact of video game engagement, they also highlight
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the inherent challenges in accurately measuring and attributing these effects to specific
gaming interventions.

The study aimed to explore the potential of commercial video games to enhance
specific soft skills (CPS, CT, F/A, and TM) and to determine if an AI-based solution could
measure improvement using player gaming data. Participants in the experimental groups
played designated Steam games for a minimum of 15 h. The average time played by
participants was 18.1 h, aligning with previous studies suggesting that 12–15 h may be
necessary for significant improvement [95].

Despite observed trends toward improvement in mean pre- and post-intervention test
scores, statistical analysis revealed no significant differences between the gaming groups
and the control group (all p-values > 0.05), with most effect sizes being small.

In addition, we found that adding a few more hours is unlikely to move the needle
much for most skills. Even larger increases in hours may yield only small average gains,
and results vary a lot between people. If the goal is to boost skills meaningfully, simply
telling participants to “play more” probably is not enough. More targeted practice (specific
tasks/modes aligned to the skill), structured progression or feedback, or longer programs
coupled with quality of practice might be necessary, not just quantity.

After internal discussions among the members of the MEGASKILLS project consor-
tium, we concluded that the reasons for these results also could be caused by sample size
limitations, and what we thought was the most critical issue, that the scales and subscales of
standardized tests used required a lot of time and effort from the participants, who showed
signs of fatigue, affecting the results, especially in the POST tests. We should think of ways
of reducing the effort required from participants. Apart from the possible improvements
identified in terms of study design, this highlights the complexity of measuring these skills
with traditional methods and the potential need for further research to evaluate the impact
of video games on soft skill development.

Crucially, this research developed and evaluated an AI-based approach using stealth
assessment to measure soft skill improvement from game data. The core research question
explored the feasibility of measuring soft skill improvement through players’ gaming data.
The results from training machine learning models (specifically RF and GBR) demonstrated
a promising ability to predict the delta or increment in soft skill values based on user
profiles (derived from their overall gaming history) and playtime. The GBR model showed
particularly strong performance with an R2 value around 0.9, along with low MAE and
RMSE values, indicating it can effectively capture the relationship between gaming activity
and soft skill improvement, even if this relationship is non-linear, as suggested by the poor
performance of the LR model. However, it is worth highlighting once more that the scarcity
of data, combined with data augmentation techniques, may cause overfitting, an issue that
would be resolved when more real data becomes available.

This capability to predict skill improvement from game data directly supports the
study’s hypothesis regarding the measurability of soft skill development through video
games. It offers a novel method for stealth assessment, which allows for the unobtrusive
evaluation of skills integrated seamlessly into the gaming experience. This approach
addresses a significant gap in soft skills assessment, which often suffers from a lack of
standardized evaluation methods and inconsistent development. By leveraging game data
like player behavior logs, response times, interaction data, success rates, achievements, and
behavioral patterns, coupled with AI/machine learning models trained on this data, we can
move towards more dynamic and context-sensitive measures of competency development.

The implications of these findings are broad, reaching across education, employment,
and sustainability. Integrating video games with AI-powered stealth assessment into tradi-
tional training programs can offer a more engaging and effective method for enhancing
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soft skills. Given that a significant portion of the European population plays video games
regularly, this approach is highly scalable and can capitalize on established behavioral pat-
terns. Strengthening soft skills is crucial for improving employability in a rapidly changing
work environment where these skills are increasingly prioritized by employers alongside
technical competencies. Furthermore, enhancing human capabilities like problem solving,
critical thinking, and adaptability through such innovative methods is fundamental for
addressing complex societal challenges and navigating sustainable development centered
on the human being. Stealth assessment, by allowing continuous measurement without in-
terrupting the learning or gaming experience, is conducive to skill acquisition and retention
in engaging environments.

However, several limitations should be considered when interpreting these results.
The AI model training was constrained by the scarcity of input data (approximately 30
users per game), necessitating data augmentation, which introduces potential drawbacks
like redundancy and bias. The observed dependency of the AI model performance on
initialization seeds also underscores the need for larger datasets to ensure robustness and
generalization capabilities. Furthermore, while the application of the model to two illustra-
tive user examples (novice and experienced) demonstrated its functionality, these limited
cases are not intended to establish the overall generalization of the findings, which, as pre-
viously noted, is reliant on acquiring significantly larger datasets for future research. The
challenge of precisely quantifying soft skill development remains, echoing the assessment
challenges noted in our literature review. While the AI model can predict improvement,
validating the scale and significance of this improvement against real-world applications
requires further study. A significant limitation is that participants were not in a controlled
environment and continued to engage in other activities where soft skills could be devel-
oped. Therefore, definitively attributing the observed soft skill improvements solely to
video game play during the intervention period presents a challenge.

Future research should address the limitations identified in this study by

• Implementing longer intervention periods to better understand the temporal aspects
of skill development and allow for potentially greater skill gains.

• Collecting significantly larger datasets to improve the robustness and generalization
of the AI models used for stealth assessment.

• Conducting more detailed analyses of specific game mechanics within the selected
or other commercial games and their relationship to the development of targeted
soft skills.

• Developing more sophisticated measures and validation methods for assessing the
transfer of soft skills developed in gaming environments to real-world professional
and personal contexts.

• Investigating the role of player engagement, motivation, and individual differences in
skill development through game-based learning.

• Further refining the AI methodology, including exploring different architectures or
input features for the user and game embeddings to better capture nuanced gaming
behaviors and their links to soft skills.

In conclusion, while our study supports the potential of commercial video games as
tools for soft skills development and demonstrates the feasibility of using AI-based stealth
assessment on game data to measure this improvement, it also emphasizes the need for a
more nuanced understanding of how this development occurs and the conditions necessary
to optimize it. The AI approach shows promise as a scalable, non-obtrusive method for soft
skill assessment, paving the way for innovative educational and training interventions that
leverage the widespread popularity of video games.
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7. Conclusions
Our study yields crucial insights into the intricate relationship between commercial

video games and soft skill development. Our findings could not confirm the positive impact
of video games on soft skill enhancement, finding no statistically significant differences
among the soft skills of gamers and non-gamers. Even more, the presented AI models
showed limited reliability. The underlying mechanisms and contextual conditions are
complex and require further research on how this development occurs and the conditions
necessary to optimize it.

Our research successfully developed and evaluated an AI-based approach using
stealth assessment to measure soft skill improvement directly from player gaming data.
The results, particularly from the GBR model, demonstrated a promising ability to predict
the increment in soft skill values. This capability supports the feasibility of measuring
soft skill development through video games and presents the AI-based stealth assessment
as a scalable, non-obtrusive, and dynamic method for skill evaluation integrated into the
gaming experience.
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Abbreviations
The following abbreviations are used in this manuscript:

PRE Pre-intervention
POST Post-intervention
Obj Objective
Sub Subjective

Appendix A

Table A1. Ranges of scores established for each test.

Soft Skill Test Very Low Low Moderate High Very High

CPS Reflective Thinking Skill Scale for
Problem Solving 14–27 28–41 42–55 56–63 64–70

CT Critical Thinking Assessment (SUB) 60–159 160–259 260–360

CT Test of Critical Thinking (OBJ) 0–15 16–25 26–45

F/A I-ADAPT-M (SUB) 55–128 129–202 203–275

F/A CAMBIOS (OBJ) 0–11 12–18 19–27

TM Time Management
Questionnaire 18–41 42–65 66–90

Appendix B

Table A2. Critical thinking performance metrics—mean across seeds (Lightseekers).

Model Train_R2 Test_R2 Train_RMSE Test_RMSE Train_MAE Test_MAE

extratree 1.0 0.9051 0.0 1.2716 0.0 0.6673
gbr 0.9806 0.9141 0.614 1.2145 0.4543 0.8483

linear 0.2097 0.0549 3.956 4.3111 2.6747 3.0102
rf 0.9735 0.8424 0.7079 1.7153 0.4392 1.1583

svr 0.0514 0.0018 4.3317 4.4261 2.9084 3.0472
xgb 1.0 0.9375 0.0014 0.9176 0.0009 0.4411

Table A3. Time management performance metrics—mean across seeds (Minion Masters).

Model Train_R2 Test_R2 Train_RMSE Test_RMSE Train_MAE Test_MAE

extratree 1.0 0.8505 0.0 2.0174 0.0 0.9537
gbr 0.9464 0.7473 1.3323 2.7669 0.9861 1.9595

linear 0.1626 −0.0662 5.2848 5.8661 4.0393 4.5063
rf 0.9603 0.7098 1.144 2.9992 0.7653 2.0933

svr 0.065 0.0078 5.5839 5.6846 4.1561 4.3284
xgb 1.0 0.851 0.0019 1.9605 0.0012 0.9859
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Table A4. Flexibility/adaptability performance metrics—mean across seeds (Relic Hunters
Zero Remix).

Model Train_R2 Test_R2 Train_RMSE Test_RMSE Train_MAE Test_MAE

extratree 1.0 0.761 0.0003 4.0102 0.0 2.2805
gbr 0.9499 0.7783 1.9313 3.9277 1.4679 2.911

linear 0.2412 0.0454 7.5258 8.4144 6.1603 6.8591
rf 0.9499 0.6401 1.9279 5.1109 1.4221 3.8847

svr 0.008 −0.0362 8.607 8.8023 6.7411 6.9645
xgb 1.0 0.8474 0.004 3.0861 0.0026 2.0641

Table A5. Complex problem-solving performance metrics—mean across seeds (Train Valley 2).

Model Train_R2 Test_R2 Train_RMSE Test_RMSE Train_MAE Test_MAE

extratree 1.0 0.9015 0.0 1.3417 0.0 0.6102
gbr 0.9582 0.8262 0.9646 1.8605 0.7309 1.2738

linear 0.2777 0.1158 4.0275 4.44 3.1751 3.5527
rf 0.9689 0.7702 0.8302 2.2213 0.5761 1.5885

svr 0.037 −0.0016 4.6521 4.7545 3.4996 3.643
xgb 1.0 0.9108 0.0016 1.0959 0.001 0.5137
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