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ABSTRACT

The visual arts organizations are moving toward a more complicated, project-driven
ecosystem in which it is challenging to quantify creativity, collaboration, and
performance through more traditional management strategies. The paper explores how
artificial intelligence may be used as a tool to analyze the creative workforce, in this case,
how talent management and performance optimization in visual arts institutions could
be boosted through the use of data-driven approaches. The suggested model combines
diverse information sources such as digital portfolios, project history, peer ratings, and
audience engagement indicators to form multidimensional creative professional profiles.
Clustering, predictive modeling, and sentiment analysis are some of the machine learning
methods used to facilitate the segmentation of talent, alignment of roles, and prediction
of the creative performance outcomes. Al-aided recruitment processes can improve
portfolio analysis because it helps to detect hidden competencies, stylistic coherence and
innovation potential that cannot be evaluated through subjective human judgment.
Parallel to it, performance analytics models integrate quantitative metrics with
qualitative feedback in order to determine creative productivity, collaborative and
emotional reactions to critique. The evidence provided by the experiment, which is based
on simulated institutional datasets, shows that the efficiency of talent utilization, the
quality of project outcomes and transparency of the decision made significantly improve
in comparison with the conventional workforce management techniques. The results
emphasize the ability of Al to strike a balance between creative subjectivity and analytical
rigor that allows to make an evidence-based decision and retain the autonomy of the
creativity.

Keywords: Artificial Intelligence, Creative Workforce Analytics, Talent Management,
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Artificial Intelligence in Creative Workforce Analytics: Managing Talent and Performance in Visual Arts Organizations

1. INTRODUCTION

The creative industries have recently taken a unique niche in the modern economies with their ability to generate
cultural values and growing expectations of efficiency, accountability and sustainability in the organization. Visual arts
organizations, such as studio, galleries, museums, design firms, and creative groups, rely fundamentally on talent of
human beings, with individual talent and skills, aesthetic judgment, emotional intelligence and collaborative ability being
the direct determinants of artistic and institutional product. Talent management and performance evaluation is
especially complicated because creative work is not always linear and objective and is usually project-oriented, unlike
traditional industries. The conventional methods of managing the workforce, which are mostly based on industrial or
corporate relationships, often fail to bring into focus the intricate nature of creative workforce, resulting in the
underutilization of talents, biased decision making, and lack of fit between the creative potential and the organizational
objectives. Over the last several years, the intensive digitalization of creative processes has altered the manner of the
production, sharing and evaluation of the artistic work Shi et al. (2019). Online portfolios, online exhibitions,
collaborative platforms, and analytics of interaction with the audience become sources of huge volumes of data about
creative behavior, productivity, and acceptance. Meanwhile, organizations in the field of visual arts experience increased
competition, fundraising limits, and demands on quantifiable outcomes, which forces them to embrace more structured
and open management. In this backdrop, the concept of artificial intelligence has become one of the potential facilitators
of the creative workforce analytics, which implies the sophisticated computational approaches to multidimensional and
heterogeneous data on talent and performance. The analytics that is led by artificial intelligence opens new opportunities
in perception of creative work that was previously evaluated only having anecdotal or even solely qualitative results
Chang (2021).

Machine learning algorithms have the ability to detect trends in creative output, history of collaboration, trend in
skill acquisition and audience preferences that human assessors can hardly recognize consistently. Al systems can
complement more holistic and context-based insights about creative performance by combining quantitative metrics
(e.g. user ratings) with qualitative ones (e.g. peer reviews, critiques, emotional reactions). Notably, these systems are not
designed to eliminate curatorial knowledge or artistic intuition, but usually serve to support decision-making processes
with evidence-based views that do not limit the autonomy and subjectivity of creative practice Barath et al. (2023).
Creative talent management is quite a complex task to deal with because it implies handling various aspects that are
linked to each other, such as recruiting and assigning candidates roles, building teams, evaluating performance, and
developing a long-term professional path. Informal networks and subjective judgments in the selection of artists or in
assembling project teams are common in visual arts organizations, particularly contributing to bias and lack of diversity
Zhang and Aslan (2021). Measuring performance is also not an easy task to perform since creativity cannot be limited to
the amount of output or financial gain. Al-based workforce analytics provides the means of handling such issues by
providing a way of fairer portfolio appraisals, systematizing skill mapping, predictive optimization of project-teams, and
continuous performance that considers both process and outcome aspects. Regardless of its promise, the use of artificial
intelligence in creative workforce management poses some important concerns associated with ethics, transparency,
and cultural sensitivity Kong (2020).

2. CONCEPTUAL FOUNDATIONS AND RELATED WORK
2.1. CREATIVE WORKFORCE CHARACTERISTICS AND ORGANIZATIONAL DYNAMICS

The visual art organizations have unique features in their creative workforce which are set apart with the traditional
patterns of labor. The creative professionals work in environments which are characterised by autonomy, intrinsic
motivation, aesthetic evaluation and emotional involvement in which the results are mostly subjective and contextual.
The work processes are generally non-linear, reiterative and explorative where there is an experimentation, feedback
and refinement cycle but not a uniform workflow. Consequently, creativity within work environments can hardly be
measured in the traditional efficiency metrics Chatterjee (2022). Visual arts institutions are often project-driven, fluid in
team structure, temporary in collaboration, and cross-disciplinary, which influences the output of their organizations.
Such dynamics necessitate loose governance frameworks which ensure experimentation, coordination and
accountability. Social capital and informal networks as well as peer recognition are also vital in creative organizations.
Formal hierarchies are frequently less important than reputation, visibility and cultural legitimacy in career progression
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Yang (2020). In turn, leadership in creative environments is more likely to be based on facilitation, curatorial decision,
and orchestration of resources instead of the direct control.

2.2. TALENT MANAGEMENT THEORIES IN VISUAL ARTS INSTITUTIONS

Theories of human capital, creative capital and creation of cultural values have long been the guiding principles of
talent management in visual arts institutions. In contrast to the corporate talent models which emphasize on a set of
standardized competencies and quantifiable results, the context of visual arts values originality, artistic vision, and long-
term creative potential. The human capital theory emphasizes on skills, training and experience whereas the creative
capital views focus on imagination, aesthetic sense and cultural knowledge as the essential resources. Talent is
frequently developed in a museum, gallery, design studio, or other context where it is nurtured by mentorship,
residencies, apprenticeships, and work on collaborative projects instead of an actual performance appraisal system
Tahiru (2021). The modern theory of talent management is also inclined to resource-based and capability-based
perspectives, according to which creative professionals are viewed as strategic resources leading to the realization of
the prolonged competitive and cultural advantage. Empirical research however records that in visual institutions of arts
talent identification and development is often done through subjectivity, informal and haphazard assessment processes.
Though these methods do not compromise artistic integrity, they may not be consistent and inclusive Chen et al. (2020).
Newer scholarship suggests models that combine both qualitative and structured evaluation systems to allow making
decisions in a balanced manner. With this dynamic environment, Al-based talent management proposes a data-based
addition to the existing theories.

2.3. WORKFORCE ANALYTICS AND PERFORMANCE MEASUREMENT FRAMEWORKS

The frameworks of workforce analytics and performance measurement have shifted their directions into descriptive
reporting and become predictive and prescriptive decision-support systems. Traditional organizational analytics is
centered on productivity, efficiency, and turnover (among other measures) and typically based on formal data on
operations. There are however problems when applying these models to creative industries because the creative work
is intangible, qualitative and emotionally driven. When visual arts performance is concerned, it is more than the amount
of output that is important, but rather originality, cultural relevance, audience reaction, and collaboration quality, which
are hard to formulate about using standard measures Hwang et al. (2020). New frameworks suggest multidimensional
performance frameworks that combine quantitative and qualitative analysis. These are balanced scorecard that are
designed to fit in creative organizations, which are inclusive of financial sustainability, process efficiency, learning, and
cultural impact. The development of data science has also made it possible to add unstructured sources of data, including
textual feedback, visual artifacts, and social media communications, to performance analytics. Such methods as the
natural language processing, computer vision, and sentiment analysis provide an opportunity to better understand the
creative processes and reception Zheng et al. (2021). Table 1 provides a recap of major developments and shortcomings
in creative workforce Al analytics. Al-powered workforce analytics expands them both by providing a platform to
conduct real-time monitoring of performance and predictive modeling.

Table 1

Table 1 Comparative Analysis of Related Work on Al in Creative Workforce Analytics

Domain / Context Data Sources Used Al / Analytical Key Focus Area Limitations
Techniques
Creative industries HR records, surveys Descriptive analytics Creative productivity Lacked Al modeling
Design studios Portfolios, project logs Clustering, regression ili Small dataset
Cultural organizations Performance reports Statistical analysis Workforce efficiency No predictive analysis
Digital art platforms Deng and User interaction data Machine learning Engagement analytics Ignored internal
Wang (2023) workforce

Media organizations Employee reviews NLP, sentiment Feedback analysis Context sensitivity

analysis issues

Museums Project archives Predictive modeling Team performance Limited explainability
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Creative agencies Skill databases Recommendation Role alignment Domain-specific tuning
systems
Visual arts firms Mixed creative data Hybrid Al models Talent management Ethical concerns noted
Performing Workflow logs Time-series analysis g ici Focused on operations
Art and design teams He and Portfolios, peer reviews Deep learning Talent evaluation High data requirements
Sun (2021)

Creative startups HR + engagement data Explainable Al Fair decision-making Scalability issues
ML + NLP + CV

Visual arts organizations Portfolios, logs, reviews, Integrated Al Talent and performance Requires longitudinal

Cultural institutions Multimodal datasets Workforce analytics Governance complexit

engagement framework management validation

3. AI-ENABLED CREATIVE WORKFORCE ANALYTICS FRAMEWORK
3.1. CONCEPTUAL ARCHITECTURE FOR AI-BASED TALENT ANALYTICS

The Al-based talent analytics conceptual architecture is tailored to visual arts organizations and it aims to combine
the heterogeneous creative data and sophisticated analytical intelligence with maintaining the artistic autonomy. At the
bottom layer, there is a data ingestion module that receives structured and unstructured data ingestion of various
organizational systems and provides interoperability and security in the data governance. This layer enables various
artistic artifacts, textual analysis and records of interaction created during project lifecycles. On top of this, there exists
a data preprocessing and feature engineering layer that converts the raw inputs into useful representations, derives
stylistic features, thematic patterns, collaboration indicators, and temporal productivity features Fan and Zhong (2022).
The analytical kernel will consist of machine learning and artificial intelligence engines that will model creative behavior
and performance. Some of the tasks that are carried out by these engines include talent profiling, role alignment,
collaboration analysis and performance prediction. As a solution to the subjectivity of creative work, the hybrid models
of quantitative indicators and qualitative embeddings are used. Figure 1 demonstrates a graphical architecture of an
integrated Al that will improve the decision intelligence of creative workforce. This is needed to create trust between
artists, curators and administrators. Lastly, the decision-support layer converts analytical knowledge into
recommendations that can be taken, e.g. recruitment shortlists, team building approaches, and career development
opportunities.

Figure 1

Al-Based Talent Analytics Architecture

Decision Support & Recommendations

Role Alignment Team Insights Development Plans
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Result Visualization Explainable Al |
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Figure 1 Al-Based Talent Analytics Architecture for Creative Workforce Management
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The feedback loops enable human experts to test, refine and contextualise Al output, so that the process of
continuous learning and adaptation can take place. In general, this architecture focuses on the principles of modularity,
ethical governance, and human-in-the-loop design, and it presents Al as an enhancing system that complements strategic
talent management without degrading the values of creativity Tang et al. (2022).

3.2. DATA SOURCES: PORTFOLIOS, PROJECT LOGS, PEER REVIEWS, AUDIENCE ENGAGEMENT
METRICS

The ability to use various forms of data, which are indicative of creative processes and results, is the core of an
effective creative workforce analytics. Digital portfolios represent a major source, which contains visual artifacts, stylistic
development, thematic variety, and technical skill over time. The portfolios are rich unstructured data that can be
processed through the use of computer vision and metadata extraction methods. Another important source is project
logs that capture task assignments, task schedule, teamwork intensity level, and workflow relationships, thus providing
creative productivity and process efficiency insights. There are the qualitative views provided by peer reviews and
curatorial critique that are added to the analytics framework. These written analyses grasp subjective assessment of
originality, conceptual richness, and aesthetic consistency, which are the key areas of artistic judgment. Such feedback
can be used to obtain sentiment, thematic emphasis, and evaluative consistency, using techniques of natural language
processing. In addition to internal measurements, the audience participation feedback metrics, including visiting
exhibition, web interactions, social media feedback, and sales indicators, are the external reflection and cultural effects.
Having these heterogeneous sources of data integrated allows one to have a unitary observation of creative talent, with
internal process-based indicators and external outcome-based signals.

3.3. MACHINE LEARNING MODELS FOR TALENT PROFILING AND SEGMENTATION

Machine learning models are at the core of operationalizing the creative workforce information into usable talent
data. Talent profiling is aimed at building multidimensional characterizations of creative professionals, including
abilities and stylistic patterns, cooperation skills, and career paths. Clustering and dimensionality reduction are
examples of unsupervised learning methods that are commonly used to define latent patterns in creative populations.
The techniques allow dividing artists into stylistically related groups or those working across multiple disciplines or in
a rhythm of productivity, without presupposing any fixed categories. Supervised learning models also assist predictive
analytics and allow forecasting the project performance, role appropriateness and a potential of professional growth.
These models are able to determine the probability of success of particular team structure or creative task based on the
outcomes of historical projects and the feedbacks. A combination of numerical features and embeddings based on visual
and textual data are especially practical as they combine the power of representing the depth of creative work.
Explainable Al methods are combined to define the significant features and decision-making paths to resolve the
interpretability issues of complex models. This is important in creative situations, where non-transparent algorithmic
decisions can be viewed as limiting or discriminative.

4. TALENT ACQUISITION AND ROLE OPTIMIZATION USING Al
4.1. AI-ASSISTED RECRUITMENT AND PORTFOLIO EVALUATION

The historical methods of visual arts organization acquisition of talent usually depend on the experience of the
curator, the reputation portfolio, and individual reviews of the portfolios. Although the approaches maintain artistic
judgment, they are subject to bias or inconsistency, and time-consuming. Recruitment with Al offers analytical assistance
through the use of creative portfolios and applicant data in mass. The Al systems can process images based on computer
vision and pattern recognition techniques to analyze such aspects of visual content as composition, color usage, stylistic
integrity, and thematic variety of an artists portfolio. Such analyses are useful in detecting latent competencies, trends
of originality and technical development that cannot be readily detected using manual inspection. Besides visual analysis,
Al models read and analyze textual data in the form of artist statements, histories of exhibitions, and recommendation
letters based on the idea of natural language processing. This allows understanding creative intent, conceptual framing
and professional experience more comprehensively. Notably, Al-assisted recruitment is not meant to displace human
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curators or artistic directors, but rather, it should be treated as a decision-support tool that will increase transparency
and consistency in shortlisting of candidates.

4.2. SKILL MAPPING AND CREATIVE ROLE ALIGNMENT

The creative potential in visual arts organizations can be applied at maximum level only with the help of skill
mapping and role alignment. Professional creative industries usually have diverse sets of skills that cut across technical,
conceptual, and collaborative factors, which conventional role descriptions cannot meet. The Al-based skill mapping
solves this by building dynamic representations of individual capabilities which are based on data. Through portfolio
analysis, project activities, and commentary, machine learning models can determine explicit abilities as well as implicit
ones (i.e., adaptability, ability to innovate and ability to collaborate across disciplines, etc.). Figure 2 shows skill mapping
based on Al which allows creative role alignment to be done accurately. Such insights will facilitate a better fit between
creative professionals and organizational work, be it in an exhibition design, digital media creation, curatorial research,
or cross-functional works.

Figure 2

Concept Artist
o Skill Evaluation

Sculptor
* Ranking & Clustering Animator
Experience
» Role Matching Photographer

.
.

e Training
.

Graphic Designer

Peer Reviews

Optimal Matches

¢ Optimal Matches
e Creative Fit
& Skill Utilization

* Creative Fit
e Skill Utilization

@ Skills @ Experience @ Style @ Interests

Figure 2 Al-Enabled Skill Mapping and Creative Role Alignment in Visual Arts Organizations

By assigning roles based on personal strengths and skills, Al systems would help in minimizing skill mismatch and
maximizing job satisfaction, because it would be possible to assign individuals roles that they are suited to perform, and
which the project would demand. Moreover, skill mapping is useful to narrow the professional development gap and
growth opportunities so that individual training paths can be developed.

4.3. PREDICTIVE MODELING FOR PROJECT-TEAM COMPOSITION

The composition of project-teams is a decisive factor in the success of creative projects, in which the dynamics of
collaboration, the complementary skills, and the common vision determine the course of action and the final result.
Forecasting modeling helps visual arts organizations to form project teams in a more strategic way on the basis of
historical collaborative statistics and performance records. The machine learning models examine previous project
history, communication structure and feedback indicators to find combinations of people who have exhibited high
creative synergy or effective conflict. These predictive systems take into account various factors such as skill
complementarity, stylistic diversity, workload balance and interpersonal dynamics. Instead of being created to be
uniform, models are created to embrace creative tension and interdisciplinary exchange which are commonly drivers of
innovation. The simulations that are scenario based enable managers and curators to experiment with other types of
teams and evaluate the possible risk or advantage of the project launch. Significantly, the predictive team composition
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models serve only as counseling tool and not as decision-maker. There are contextual and emotional influences on
creative projects, which cannot be totally algorithmically represented.

5. PERFORMANCE ANALYTICS AND CREATIVE PRODUCTIVITY ASSESSMENT
5.1. QUANTITATIVE AND QUALITATIVE PERFORMANCE INDICATORS IN VISUAL ARTS

The assessment of performance in the visual art organization needs the adequate level of the quantitative and
qualitative indicators that denote the outcome of the creative work, as well as the processes. Quantitative metrics give
organized measurements in form of project completion dates, number of exhibitions, number of people reached, sales
turnover and digital metrics. These indicators aid in comparative analysis and operational planning, but only partially
reflect creative value. Creativity productivity cannot be well-defined by the output numbers only, and originality, idea
depth, and cultural significance remain key points of artistic assessment. Qualitative performance indicators would help
overcome this shortcoming by including peer review, curatorial opinion, critical reception and narrative response. These
measures represent subjective opinions concerning the areas of innovation, emotional resonance and aesthetic integrity.
Process-based measures in the context of creative environments include experimentation intensity, quality of
collaboration, and adaptability, which are also process oriented and impact on artistic development in the long run and
organizational learning. The combination of the two types of indicators allows establishing a multidimensional approach
to performance that allows considering the creativity of the work. Al-based analytics systems materialize these
indicators by converting qualitative evaluations into the form of analyses without altering the contextual meaning.

5.2. Al MODELS FOR TRACKING CREATIVE OUTPUT AND PROCESS EFFICIENCY

Creative output and process efficiency Al models will bring performance analytics to move past the passive
examination of performance to actively, dynamically understanding it. These models process a temporal data in the form
of logs of a project, workflow systems, and creative artifacts to determine productivity patterns, iteration patterns, and
patterns of resource usage. Time-series analysis and sequence modeling can be used to analyze the process by which
creative output changes throughout the stages of the project, identify bottlenecks, delays, or innovatively active periods.
The speed or volume is not the only measure of process efficiency in a creative situation, but, more importantly, the ratio
between exploration and execution. By analyzing collaboration networks and task dependencies, Al models are able to
detect over iteration, coordination failures, or lack of skill utilization. These findings are then converted into easily
comprehensible content to the managers and the creative leads through visualization dashboards contributing to
informed intervention rather than micromanagement. Notably, Al-based monitoring systems have to be made such that
they support various creative rhythms and working styles.

6. RESULTS AND DISCUSSION
6.1. QUANTITATIVE OUTCOMES OF AI-DRIVEN WORKFORCE ANALYTICS

The quantitative analysis of the Al-based workforce analytics shows that there were evident positive changes in
various performance parameters of an organization. The accuracy in talent matching also enhanced as a result of the
data-driven recruitment process and role alignment, which led to more productive project allocation and fewer cases of
skills mismatch. The timeframes of projects improved with quantifiable results in terms of improved planning and
coordination with predictive analytics. The indicators of the audience engagement, such as the rates of digital interaction
and the reach of exhibitions also demonstrated consistent improvement, meaning that the creative output and the
expectations of the audience were more consistent. Moreover, workforce analytics allowed a more balanced allocation
of the workload and minimized the project delays and inefficiencies of resources. All these results confirm the usefulness
of Al-based analytics in delivering actionable and data-driven insights to increase operations transparency and to inform
decision-making within visual arts organizations.

Table 2

Table 2 Quantitative Outcomes of AI-Driven Workforce Analytics (%)

Performance Indicator Before Al (%) After Al (%) Improvement (%)
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Workload Balance Index 69.1 88.4 19.3
Audience Engagement Growth

Decision Transparency Score 66.9 91.3 24.4

Table 2 demonstrates the quantifiable effects of the Al-based workforce analytics on the operations of visual art
institutions. Recruitment screening efficiency is the most notable area of improvement, as it has improved by 25.4, which
means that the Al-aid portfolio analysis and candidate shortlisting services saved a lot of manual work and enhance the
quality of selection. Figure 3 shows quantifiable workforce performance improvements that result out of Al deployment.
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Figure 3 Ai-Driven Workforce Performance Improvements

Transparency of decisions also increased significantly by 24.4, and it is indicative of the role explained analytics and
data-driven recommendations played in helping to clearer and more accountable managerial decisions. Figure 4
visualizes the important performance indicators showing the efficiencies of the Al enhanced workforces. Accuracy in
talent-role matching improved by 19.4 showing that skills mapping and role alignment models were effective in
minimizing the difference in skills to project requirements.
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Figure 4 Visualization of Workforce Performance Metrics
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The changes in workload balance (19.3%) signify that there is a more balanced task allocation, which helps to avoid
burnout and easier project implementation. The time of project completion increased by 17.3 meaning that, prediction
planning and team optimization led to an increase in coordination without limiting the creative processes.

6.2. IMPACT ON TALENT UTILIZATION AND CREATIVE PERFORMANCE

The overall workforce analytics driven by Al had a considerable positive effect on the use of talent and overall
creative performance. Through proper mapping of skills and creative strengths, organizations could place talent in a
more strategic manner, so that they could be in an area of expertise and artistic interest. This congruence was a factor in
an increased level of creative involvement, teamwork, and consistency of output. Team composition predation also
contributed more to creative synergy that resulted in better project performance and minimized trial and error of team
composition. Notably, the combination of Al-generated insights and human judgment saved the artistic freedom and
enhanced the managerial performance. The results indicate that Al-based analytics can bring about efficiency and
creative excellence provided that it is introduced as the augmentative and human-oriented system.

Table 3

Table 3 Impact of Al On Talent Utilization and Creative Performance (%)

Creative Performance Metric Traditional Approach (%) Al-Enabled Approach (%) Gain (%)
Talent Utilization Efficiency 70.6 89.1 18.5
Skill-Project Alignment 73.4 92.6 19.2

Creative Output Consistency

Collaboration Effectiveness 71.2 90.4 19.2

As illustrated in Table 3, Al-based workforce analytics have a significant impact on the use of talent and creativity
in visual arts organizations. The efficiency in the use of talent improved with Al-based skill mapping and role
optimization by 18.5, which means that Al-based skill mapping and role optimization helped organizations to use
creative professionals with increased efficiency on projects. Figure 5 illustrates favorable results of creative performance
that Al integration enabled. Such enhancement indicates less exploitation of professional competencies as well as an
increased match between personal abilities and organizational demands.

Figure 5
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Figure 5 Creative Performance Enhancement With Al

Skill project alignment is also increasing by 19.2% and this demonstrates that role assignment based on data-driven
projects are effective in aligning the artistic strengths with the project purpose. This not only increases the quality of
output but also increases the engagement and motivation of the artists. The consistency in creative output was higher
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by 18.9, which indicated that the use of Al in planning and performance monitoring helped achieve more consistent and
predictable creative output across the projects.

7. CONCLUSION

This paper has analyzed the disruptive nature of artificial intelligence in creative workforce analytics and how Al
would improve talent management and performance optimization in visual arts organizations. The Al-supported
structures have the potential to provide a holistic, methodical view of the creative work by incorporating heterogeneous
data streams including portfolios, project logs, peer ratings, and audience activity indicators, that is beyond the
conventional, ethos-based management systems. The results show that Al has the potential to be useful to the main
organizational processes, such as recruitment, role alignment, team composition and performance assessment, without
any disrespect to the subjectivity and the diversity of artistic work. Notably, the study notes that Al is not useful in
creative tasks because it can substitute human judgment, on the contrary, it can supplement it. The explainability and
human-in-the-loop are used to provide transparency, trust, and context sensitivity, the ethical issues associated with
bias, over-quantification, and creative autonomy are addressed. Under proper governance, Al-based workforce analytics
can lead to inclusiveness, minimize inefficiencies, and help make decisions in arts institutions fairer. In strategic terms,
talent analytics powered by Al will help to have more sustainable and dynamic organizational models. Enhanced use of
talents and greater and better collaboration dynamics and plans that are based on data allow visual arts organizations
to react to changing cultural, technological and economic circumstances in an efficient manner. Simultaneously,
performance analytics with a balanced approach between quantitative and qualitative and emotional aspects promote
reflective practice instead of restrictive evaluation. All in all, this study highlights the need to focus on the compatibility
of technological innovation and artistic values.
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