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 This research investigates the fundamental challenges inherent in 

traditional performance appraisal systems, such as human cognitive 

biases and a lack of scalability, and analyzes the application of 

artificial intelligence (AI) as a solution to optimize these processes. 

The primary objective is to present a practical framework for the 

responsible implementation of AI, aimed at establishing more 

objective, equitable, and effective appraisal systems. This study 

employs an integrative review methodology (searching the Scopus 

database from 2019 onwards) combined with qualitative thematic 

analysis. Based on specific inclusion criteria (i.e., a focus on socio-

technical challenges), 9 specialized articles were selected for final 

analysis. The analysis of this corpus achieved thematic saturation. 

The thematic analysis led to the identification of four primary 

themes: (1) limitations of traditional systems; (2) key AI-driven 

opportunities, such as enhanced objectivity and continuous 

feedback; (3) critical risks (e.g., Algorithmic Bias and the Black Box 

Problem); and (4) implementation imperatives (e.g., the necessity of 

Human-in-the-Loop (HITL) Oversight and transparency). 

Ultimately, the study concludes that success is contingent upon 

human-machine synergy and proposes a three-stage Integrated 

Socio-Technical Systems (ISTS) Framework. This framework 

emphasizes Explainable AI (XAI) (XAI) and the preservation of 

human judgment. This study is conceptual in nature. The proposed 

framework offers a pathway for the sustainable and human-centric 

utilization of this technology, which necessitates empirical 

validation in future research. 
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Introduction 

The Strategic Importance of Performance Management 

Organizations subsist and grow not through their buildings and equipment, but through the 

performance of the people who operate within them (B. E. Becker & Huselid, 1998). In this 

context, performance management, as a strategic system, plays a role that exceeds simple 

evaluation, becoming the backbone of key decision-making in the human resources domain. 

The precise and continuous appraisal of performance provides the basis for the equitable 

allocation of rewards, the identification of suitable candidates for promotion, and the design of 

targeted training and development programs (Bankar & Shukla, 2023). Empirical evidence 

corroborates this importance; for instance, a report from Gallup, Inc. indicates that 

organizations with effective performance management systems and continuous feedback 

experience up to 21% higher productivity and 22% greater profitability compared to their 

industry average (Gallup, Inc., 2019). Such data reveals that performance management is not 

merely a tool for assessing the past, but rather serves as the engine for the future and provides 

a sustainable competitive advantage for the organization. 

Challenges of the Traditional System 

Despite the strategic importance of performance management, traditional appraisal methods 

continue to face fundamental challenges that threaten the efficacy and validity of their results 

(Tong et al., 2021). First, human biases, as one of the primary obstacles, are rooted in the 

excessive reliance of these processes on the managers individual judgments. Cognitive errors, 

such as the halo effect, leniency and strictness errors, and personal affinities, can divert 

appraisals from the path of objectivity and fairness, leading to consequences such as reduced 

motivation, distrust, and inequality in opportunities (Nayem & Uddin, 2024; Shanmugam & 

Garg, 2015). Second, the difficulties of large-scale assessment are far more prominent in 

expansive and complex organizations. In these organizations, managing a high volume of 

employees, a wide diversity of tasks, and geographical dispersion is challenging. These factors 

make the collection and analysis of standardized performance data a time-consuming, costly, 

and error-prone process (Cappelli et al., 2018; Chang, 2020; Venugopal et al., 2024). These two 

challenges, in conjunction, make the necessity of rethinking performance appraisal approaches 

more apparent than ever. 

Consequences of Inaccurate Appraisals 

The consequences arising from inaccurate and biased appraisals extend beyond a simple 

administrative error and can weaken the organization's foundation of human capital (Popa et 
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al., 2024). When employees feel their performance is not being measured fairly and is not based 

on evidence, their intrinsic motivation and trust in management sharply decline. This situation, 

particularly among key personnel, can lead to an increased turnover rate (Pohlan & Steffes, 

2025). These individual consequences translate into substantial organizational costs on the 

organization; for example, according to the Society for Human Resource Management, 

replacing a specialized employee may cost between six to nine months of their annual salary 

(Gallup, 2024). Furthermore, managerial decisions based on flawed or biased data, such as 

promoting unsuitable individuals or overlooking real talent, not only reduce productivity but 

also gradually erode the organizational culture (Iqbal et al., 2015). In such conditions, the 

organization faces a vicious cycle of distrust, performance decline, and diminished competitive 

advantage. Therefore, reforming and improving the performance appraisal system is not only 

an optional choice but also a vital necessity for the organization's survival and sustainable 

growth. 

The Emergence of AI and the Research Gap 

Despite significant technological advancements in recent decades, a considerable portion of 

organizations still relies on traditional and largely manual methods for performance appraisal; 

approaches that are not only vulnerable to human biases but also operate inefficiently at large 

scales (Schleicher et al., 2019). In this landscape, artificial intelligence (AI) emerges as a novel 

approach, providing the capacity to analyze vast volumes of performance data with high speed, 

accuracy, and objectivity. It can significantly enhance the quality of human resource decision-

making by eliminating or reducing cognitive biases. This technology is capable of identifying 

hidden patterns in data and delivering evidence-based, replicable assessments—a strategic 

advantage in complex and dynamic environments (Basalamah & Carda, 2025; Ncube et al., 

2025). 

 However, a significant research gap exists. Although the application of AI in various HR 

domains is increasing, comprehensive research specifically addressing how to use it to 

simultaneously tackle the challenges of human bias and scalability issues in performance 

appraisal remains limited. This void highlights the need for more in-depth research and the 

development of scientific frameworks for the effective utilization of AI in this field. 

 This research aims to fill the existing gap in the scientific literature. Utilizing an 

integrative review methodology and qualitative thematic analysis, the study seeks to provide a 

practical solution for implementing such a system. The primary innovation of this study is the 

presentation of an Integrated Socio-Technical Systems (ISTS) framework. Unlike previous 

models that either focused solely on the technical aspects of AI or lacked an operational 

strategy, this framework simultaneously emphasizes two critical principles: (1) Explainable AI 

(XAI), to directly counter the Black Box Problem and increase transparency, and (2) the 

Human-in-the-Loop (HITL) oversight mechanism, to ensure the preservation of human 

judgment and prevent the dehumanization of the appraisal process. This framework bridges the 

gap between the technical potential of AI and the necessity of its ethical and responsible 

implementation. With a special focus on fairness, transparency (via XAI), and the retention of 

final judgment (via HITL oversight), this model is an endeavor to respond concurrently to the 

scientific requirements, operational needs, and ethical considerations in managing human 

capital. 

Research Objectives and Questions 

This research was conducted with the aim of comprehensively analyzing the applications of 

artificial intelligence in the performance appraisal and management of employees in large 

organizations. The primary objectives are: 
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1. To identify and analyze the key applications and tools of artificial intelligence in the 

various stages of the performance appraisal process. 

2. To conduct a balanced assessment of the benefits and opportunities arising from AI 

implementation (e.g., increased accuracy and fairness) against its challenges and 

limitations (e.g., Algorithmic Bias and the Black Box Problem). 

3. To present a practical and proposed ISTS framework for the effective, equitable, and 

human-centric implementation of artificial intelligence in organizational performance 

management. 

The present study seeks to answer the following key questions: 

1. How can artificial intelligence be leveraged for effective and fair performance 

management?  

2. What are the primary applications of AI in different stages of the performance appraisal 

process?  

3. What benefits and opportunities result from implementing AI in performance 

management?  

4. What are the most significant challenges and limitations of using AI in performance 

appraisal, particularly in reducing human biases and managing at a large scale?  

5. How can an efficient and practical framework for implementing AI in performance 

management (ISTS) be designed and effectively applied within organizations? 

Literature Review 

The research literature reviewed in this section was selected based on a systematic search 

process. The details of this process, including the search strategy, the database used (Scopus), 

and the precise inclusion and exclusion criteria, are comprehensively provided in the Research 

Methodology Section. 

The Evolution of Performance Management: From Mechanical Control to Human 

Development 

The genesis of modern performance management can be traced to the paradigm of scientific 

management; an approach where the ultimate goal was controlling output and standardizing 

tasks to achieve maximum efficiency, and employees were viewed as components of a large 

machine (Taylor, 2004). In this initial paradigm, employees were seen as replaceable parts of a 

large machine, and appraisal was considered a tool to ensure their compliance with 

predetermined standards. This mechanistic view, although effective in the nascent industries of 

that time, overlooked the complex human and motivational dimensions of the workforce 

(Copland & Fowler, 1966). 

 With the passage of time and the emergence of the human relations schools and, 

subsequently, strategic human resource management, this paradigm underwent a fundamental 

transformation. Researchers such as B. Becker (1998) demonstrated that organizations grow 

through human performance and that high performance work systems lead directly to improved 

company performance. In this new perspective, performance management evolved from a 

control tool into a strategic process for aligning individual and organizational goals, identifying 

talent, and fostering a sustainable competitive advantage through human capital. 

 This paradigmatic shift also exhibits deep congruence with the foundations of motivation 

theories. For example, goal setting theory posits that challenging and clear goals, contingent 
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upon receiving regular feedback, lead to higher performance (Locke & Latham, 2002). 

Similarly, expectancy theory emphasizes that employee motivation increases when they believe 

their effort will lead to desired performance, that performance will result in a valued reward, 

and that reward will satisfy personal needs (House, 1971). An effective performance 

management system, by clarifying these relationships and providing continuous feedback, 

significantly aids in strengthening these motivational linkages. 

 These human biases directly strike at the theoretical foundations of management. For 

instance, organizational justice theory, which emphasizes procedural and distributive justice, is 

rendered completely ineffective in practice due to managers' personal judgments, thereby 

reinforcing a sense of injustice within the organization (Greenberg, 1990). This theory stresses 

employees' perceptions of the fairness of processes (procedural justice), outcomes (distributive 

justice), and interactions (interactional justice). When employees feel that the appraisal process 

is ambiguous, biased, or non-transparent, even if the outcome is positive, a sense of procedural 

injustice can severely undermine their trust and commitment (Colquitt et al., 2001). Hence, any 

effort to improve performance appraisal must, at its core, seek to strengthen these three 

dimensions of justice. 

 In recent years, in response to the inefficiency of traditional annual models, the paradigm 

of Continuous Performance Management (CPM) has emerged (Pulakos et al., 2015). This 

approach, which is more compatible with the dynamic nature of modern work environments, 

emphasizes ongoing dialogues, coaching, and immediate feedback instead of formal, annual 

ratings. This model seeks to transform appraisal from a stressful event into a dynamic, 

development-oriented process that flows within the context of daily work (Lake & Luong, 

2016). This evolution toward continuous feedback necessitates technological tools capable of 

processing data in real-time and moving the process away from manual methods—a need 

directly addressed by AI-based frameworks (Tong et al., 2021). 

Pathology of the Traditional System: Roots of Inefficiency in Performance Appraisal 

It can be argued that the primary source of inefficiency in traditional appraisals is not the 

weakness of the tools, but the inescapable cognitive limitations and mental errors of the 

assessors. Despite all efforts at standardization, assessors' cognitive biases perennially threaten 

fairness and objectivity. These biases, rooted in the brain's unconscious effort to simplify 

complex information via mental shortcuts, and errors such as the halo effect, leniency and 

strictness, as well as personal affinities, are not merely inadvertent mistakes (Andersen & 

Hjortskov, 2016). They distort the fairness and objectivity of the process and can lead to 

incorrect decisions regarding promotions and rewards. The proposed ISTS framework, with its 

emphasis on data-driven analysis and reduced reliance on intuitive judgments, is designed to 

directly mitigate these very cognitive biases (Nayem & Uddin, 2024). 

 Another dilemma is the constant tension between using objective and subjective criteria. 

While objective criteria, such as sales volume or units produced, are measurable and 

comparable, they may not provide a complete picture of qualitative performance aspects such 

as innovation, teamwork, and organizational citizenship behavior. Conversely, subjective 

criteria used to measure these qualitative dimensions are highly susceptible to the assessor's 

cognitive biases. This dichotomy makes designing a comprehensive yet objective appraisal 

system extremely difficult (DeNisi & Murphy, 2017). 

 The effectiveness of feedback itself, as a cornerstone of performance management, has 

also been debated and critiqued in the literature. Research indicates that feedback, especially 

negative feedback, if delivered improperly or perceived by the individual as a personal attack, 

can lead to defensiveness, reduced self-efficacy, and even a decline in performance. Therefore, 
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merely providing feedback does not guarantee improvement; its quality, timing, and delivery 

method play a vital role (Kluger & DeNisi, 1996). 

 The challenge of scalability in large organizations can also be analyzed as an information 

processing problem (Eppler & Mengis, 2004). In vast organizations with hundreds or thousands 

of employees, managers face an enormous volume of performance data that exceeds their 

cognitive capacity for accurate and fair processing. This information overload pushes managers 

toward greater use of mental shortcuts and stereotypes, increasing the likelihood of errors and 

inconsistencies in appraisals across the organization. The ISTS framework, by leveraging the 

analytical power of AI, precisely targets this scalability and information overload challenge to 

ensure that the data is processed in an efficient and standardized manner. 

 Finally, the impact of cultural context must not be overlooked. The effectiveness of a 

performance management system is heavily influenced by national and organizational culture 

(Taras et al., 2010). For example, a direct individualistic feedback approach that might be 

effective in an individualistic culture (like the United States) may be deemed inappropriate or 

even destructive in a collectivistic culture that emphasizes group harmony. This cultural 

sensitivity further complicates the design of a standardized appraisal system for multinational 

corporations. Consequently, any intelligent framework that is designed must, while solving the 

technical challenges of bias and scalability, also possess the adaptability for cultural and 

organizational contexts. 

The Dawn of a New Era in Appraisal: AI as a Transformative Paradigm 

In response to the profound challenges mentioned, artificial intelligence (AI) has emerged as a 

novel approach with the capacity to create a paradigmatic shift (Beatrice & Joanes, 2025). AI 

in this domain encompasses a spectrum of technologies, from the automation of repetitive 

processes to complex Machine Learning (ML) algorithms capable of analyzing hidden patterns 

in data and providing evidence-based appraisals. The key potential of AI in this field is to 

liberate the appraisal process from the shackles of error-prone human judgment and restore 

objectivity and accuracy to its core (Tambe et al., 2019). 

 In response to the challenge of scalability and imprecision, AI, with its ability to gather 

data from diverse sources such as CRM and project management tools, provides an objective 

and comprehensive picture that was previously impossible for managers to obtain. Unlike 

traditional methods, which are largely confined to a manager's observations, smart systems can 

continuously extract data from project management tools, communication platforms, code 

repositories, and Customer Relationship Management (CRM) systems. This capability to gather 

data from multiple sources allows AI to provide a more objective, richer, and more 

comprehensive picture of employees' actual performance over time. This data-driven approach 

provides a level of precision that was previously unattainable to managers (Jarrahi, 2018). 

 The beating heart of AI application in this domain is the capability for pattern analysis 

and prediction using Machine Learning (ML). ML algorithms can analyze collected data to 

identify patterns that remain hidden from human view (Hezam et al., 2025); for example, they 

can identify common characteristics of high-performing employees or predict the turnover risk 

of a key employee by analyzing performance trends. This analytical capability shifts talent 

management decisions from a reactive to a proactive and strategic mode (Plevris et al., 2022). 

 Beyond appraisal, AI plays a key role in personalizing feedback and development 

processes. Smart systems can provide immediate, constructive, and personalized feedback 

based on an analysis of each individual's performance. Furthermore, by accurately identifying 

strengths and weaknesses, they can recommend unique learning paths and training courses that 

directly address the individual's developmental needs, thereby maximizing the effectiveness of 
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training programs (Chamorro-Premuzic et al., 2017; Mwita & Kitole, 2025; Venugopal et al., 

2024). 

 Within this, Natural Language Processing (NLP), as a key subfield of AI, plays a pivotal 

role. NLP algorithms are capable of analyzing massive volumes of unstructured text data. This 

data includes items such as self-appraisals, 360-degree feedback, and peer reviews (Gallegos et 

al., 2024). This technology goes beyond simple analysis; it can extract the main themes raised 

in feedback. Moreover, NLP can gauge the tone and sentiment (positive, negative, neutral) 

present in the text and even identify linguistic patterns that may be indicative of bias. 

 Numerous studies have pointed to the potential of AI-based tools in improving 

performance management. By automating data collection, providing real-time analytics, and 

reducing the administrative burden on managers, these tools allow them to dedicate more time 

to qualitative interactions, coaching, and leading their teams. This shift transforms the nature 

of the manager's role from that of a judge to that of a coach (Berrah et al., 2024). This 

transformative potential of AI, in increasing objectivity, providing immediate feedback, and 

changing the managerial role, forms the core of the opportunities that the proposed ISTS 

framework seeks to systematically leverage. 

The Double-Edged Sword: Promises and Perils of AI in Performance Appraisal 

Despite its impressive potential, the deployment of artificial intelligence in performance appraisal 

is not without challenges and risks, and it necessitates a critical perspective. In fact, empirical 

evidence has not always aligned with this optimism, indicating that AI implementation does not 

necessarily lead to improved performance and can yield contradictory results (Chun et al., 2024). 

If an AI system is trained on an organization's historical performance data—which is itself the 

product of human decisions and existing biases—the algorithm will learn these biases and 

reproduce them on a massive scale. In such a state, AI not only fails to increase fairness but also 

becomes a tool for entrenching and legitimizing existing inequalities (Obermeyer et al., 2019). 

Furthermore, the disclosure of AI use in providing feedback can negatively impact its acceptance 

and the ultimate performance of employees. This indicates that success is not merely contingent 

on the technology; human and contextual factors play a vital role. 

 Another fundamental challenge is the Black Box Problem and the lack of transparency in 

the decision-making of many complex algorithms (Govea et al., 2024). If an intelligent system 

appraises an employee's performance as poor, but managers and employees cannot understand 

the logic and reasons behind this decision, it can severely damage the sense of procedural justice 

and trust in the system. A lack of explainability can lead to employee resistance and distrust in 

the entire performance management process (Crook et al., 2023; Naveed et al., 2024). 

 Moreover, the ethical implications of continuous performance data collection are 

considerable. This process may be perceived by employees as constant surveillance and an 

invasion of privacy, leading to an erosion of trust and individual autonomy (Mirishli, 2024). 

The excessive quantification of all aspects of work and the reduction of human performance to 

an algorithmic score pose the risk of dehumanizing the work environment and weakening social 

relationships as well as spontaneous cooperation. 

 Considering all aspects, the existing research gap can be defined more precisely. The 

current literature has, on one hand, deeply explored the pathology of traditional systems and, 

on the other, addressed the immense potential and simultaneous serious risks of AI-based 

systems. Therefore, the primary gap is the lack of a comprehensive socio-technical framework 

that can, while leveraging the analytical power of AI to increase objectivity and scalability, also 

integrate clear mechanisms to ensure transparency, explainability, countermeasures against 

algorithmic bias, and the preservation of meaningful human oversight (Xu & Gao, 2024). The 
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present research, by focusing on this gap, seeks to take a step toward designing such a 

framework. 

Research Methodology 

This research was conducted using an integrative review approach. The purpose of this method 

is to comprehensively analyze and synthesize prior studies to identify key themes, understand 

existing gaps, and present a novel conceptual framework in the domain of AI application in 

performance appraisal (Torraco, 2005). 

 However, it must be noted that the exclusive reliance on Scopus, despite its strengths, is 

considered a methodological limitation. This choice may have led to the omission of some 

relevant articles from other databases (such as Web of Science or IEEE Xplore). This limitation 

and its implications are also discussed in detail in the Discussion and Conclusion Section: 
TITLE-ABS-KEY ( ( "Artificial Intelligence" OR "Machine Learning" ) AND ( "Performance Management" 

OR "Performance Appraisal" OR "Performance Evaluation" ) AND ( "Bias" OR "Fairness" OR "Ethical" OR 

"Transparency" OR "Explainability" OR "XAI" OR "Trust" ) )  
As seen in the search string above, an effort was made to include key synonyms for the 

main concepts (e.g., "Performance Management" and "AI" subfields) using the "OR" operator 

to ensure comprehensive coverage of the literature. 

 The execution of this strategy in the initial phase led to the retrieval of 763 documents. 

Subsequently, to refine the results and ensure the high quality and relevance of the sources, this 

set was modified by applying a series of logical constraints. First, the timeframe was limited to 

articles published from the beginning of 2019 onwards. Since this is an emerging research area, 

this action ensured a focus on the most recent scientific advancements and findings. Next, the 

search was restricted solely to "Articles" to ensure that all selected sources had undergone a 

peer-review process and possessed high scientific validity. The next criterion was the selection 

of articles in English as the primary and international language of research in this field. Finally, 

to maintain focus on the managerial and organizational dimensions of the topic, the search was 

limited to the subject areas of "Business, Management and Accounting" (BUSI) and "Social 

Sciences" (SOCI). After applying these filters, the final set was reduced to 59 highly specialized 

and relevant articles for in-depth analysis. 

 To ensure the coherence and focus of the final analysis, precise inclusion and exclusion 

criteria were established for screening the articles. The primary inclusion criterion was that the 

article directly and deeply addressed the application of artificial intelligence in the employee 

performance appraisal process within an organizational context, and discussed related socio-

technical challenges, such as bias, fairness, and transparency. Accordingly, articles addressing 

unrelated fields, such as student academic performance or corporate financial performance, 

were excluded. Likewise, studies that focus purely on technical aspects, lacking an analysis of 

managerial and organizational implications, as well as articles in which the topic was covered 

superficially or peripherally, were excluded from the final set. 

 The resulting set of 59 articles subsequently underwent a two-stage manual screening 

process. In the first stage, the titles and abstracts of all articles were reviewed based on the 

inclusion and exclusion criteria, resulting in 14 articles being selected for further review. Then, 

the full texts of these 14 articles were read meticulously, and in this in-depth review, five more 

articles were removed due to incomplete alignment with the research objectives. Ultimately, 

this rigorous refinement process led to the selection of a final set of nine highly specialized and 

relevant articles for thematic analysis. Figure 1 illustrates the PRISMA 2020 flow diagram, 

which visually depicts all stages of source selection, from the initial search to the final set (Page 

et al., 2021). 
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 Although this number may seem like a small sample, this limitation itself is indicative of 

the highly nascent nature and specialized focus of this research area (the intersection of AI, 

performance appraisal, and socio-technical frameworks). During the thematic analysis process 

of these nine articles, it was observed that key themes (such as algorithmic bias, the black box 

problem, and human-in-the-loop oversight) were repeatedly mentioned in the sources, 

indicating the achievement of thematic saturation. Therefore, this set was deemed sufficient for 

fulfilling the conceptual objectives and developing the framework for this research. 

 For an in-depth analysis of the qualitative content of the final sources, the thematic analysis 

method was used. This choice was prioritized over alternative methods, such as meta-analysis, 

given the research objective of "developing a conceptual framework." Meta-analysis requires 

numerous empirical studies with homogeneous quantitative data to estimate effect sizes; however, 

the literature in this emerging field is predominantly qualitative, conceptual, and diverse. Therefore, 

this method (thematic analysis) was chosen for its flexibility and, simultaneously, for its systematic 

approach to identifying, analyzing, and reporting patterns (themes) in qualitative data. In this study, 

an inductive or "data-driven" approach was adopted, implying that themes were extracted directly 

from the data without a preconceived theoretical framework. 

 The analysis was conducted according to the six-phase framework developed by Braun and 

Clarke (2006). The process began with familiarization with the data through repeated and active 

reading of the selected texts. Then, in the stage of generating initial codes, the data was reviewed 

line-by-line, and sections relevant to the research objectives were identified and labeled. 

Subsequently, similar codes were categorized into potential themes based on semantic relationships. 

These initial themes were reviewed and refined several times to ensure their internal coherence and 

distinction from one another. Finally, a precise definition and an illustrative name were developed 

for each final theme, and an analytical narrative based on them, supported by evidence from the 

articles, was formed for presentation in the findings section. 

 To enhance the validity and reliability of the analysis, although the initial coding was 

performed by the primary researcher, the extracted themes and the final categorical structure 

were reviewed by a collaborating researcher specializing in human resource management (peer 

debriefing). This review process significantly contributed to validating and refining the theme 

definitions and ensuring the absence of individual bias in the analysis. 
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Figure 1 

PRISMA Flowchart Illustrating the Scientific Resource Search and Selection Process 

Findings 

It should be noted that the findings in this section are the result of a thematic analysis of nine 

specialized articles. Although this number may seem to be a small sample, this is indicative of 

the highly nascent nature of this research domain (the intersection of AI, performance appraisal, 

and socio-technical frameworks). As mentioned in the methodology section, it was observed 

during the analysis process that key themes (such as algorithmic bias, the black box problem, 

and human oversight) were repeatedly mirrored in the sources, indicating the achievement of 

thematic saturation. Therefore, this corpus was deemed sufficient for achieving the conceptual 

objectives of the research. 

 This section presents the results derived from the in-depth thematic analysis of the nine 

final articles selected from the systematic review process. This analysis led to the identification 

of four primary categories that represent the key dimensions of the discourse surrounding AI in 

performance appraisal: (1) Antecedents and the necessity for transformation, (2) Key 

opportunities and advantages, (3) Risks and challenges, and (4) Implementation requirements 

and solutions. These categories, along with fourteen sub-themes and their frequency in the 

sources, are presented in detail in Table 1. Hereafter, each of these categories will be discussed 

separately. 

Table 1 

Results of the Thematic Analysis of Selected Articles 

Main Category Sub Category Theme Source 

Article IDs 

Frequency 

Context & Need for 

Transformation 

Limitations of the 

Traditional System 

Cognitive biases and human errors 

(halo effect, leniency/severity) 

1, 2, 3, 6, 8 5 

  
Time consuming and costly nature 

of traditional processes 

2, 6, 7 3 

  
Inability to provide continuous and 

timely feedback 

1, 4, 7, 9 4 

Key Opportunities & 

Benefits 

Transformative 

Capabilities of AI 

Increased objectivity and reduced 

bias in decision making 

1, 2, 4, 5, 8, 

9 

6 

  
Ability to provide instant and 

continuous feedback 

3, 4, 7, 9 4 

  
Personalization of employee 

development paths based on data 

4, 5, 9 3 

Reports assessed for eligibility 
(n =14 ) 

Reports excluded: 

Reports excluded (n = 5) 

 

Studies included in review 
(n =9 ) 
Reports of included studies 
(n =9 ) In

c
lu

d
e
d
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Enhancing 

Organizational Justice 

Increased procedural justice 

through standardization 

1, 2, 3, 8 4 

  
Improved employee perception of 

distributive justice 

2, 8 2 

Risks & Challenges Technical & 

Algorithmic 

Challenges 

The black box problem and lack of 

explainability 

1, 2, 3, 5, 6, 

7, 9 

7 

  
Algorithmic bias due to flawed 

training data 

1, 2, 3, 5, 6, 

8, 9 

7 

 
Human & 

Organizational 

Challenges 

Employee resistance and lack of 

acceptance of intelligent systems 

3, 4, 7 3 

  
Concerns related to data privacy 2, 6, 7 3 

Main Category  Sub Category Theme Source 

Article IDs 

Frequency 

  
Reduction in human interaction and 

the role of managers 

4, 9 2 

Implementation 

Requirements & Solutions 

Managerial & 

Technical Frameworks 

The necessity of Human in the Loop 

oversight 

1, 2, 5, 6, 7, 

9 

6 

  
The need for transparency and 

explainability of algorithms (XAI) 

2, 3, 5, 6 4 

  
Data governance and ensuring the 

quality of input data 

2, 6, 8 3 

 

The thematic analysis of the findings portrays a complex and at times contradictory picture 

of AI application. As is evident in Table 1, a fundamental tension exists throughout the 

literature: on one hand, the limitations of the traditional system, particularly "human cognitive 

biases" (with five mentions), are identified as a key necessity for moving towards AI. On the 

other hand, the most frequently identified risk is precisely "algorithmic bias" (with seven 

mentions). This finding indicates that AI is not merely a solution but can reproduce the very 

same problem of bias in a new, technical, and scalable form. 

This challenge is exacerbated by the second most frequent theme: the "black box problem" 

(with seven mentions). This finding shows that even if an AI system claims to be objective, a 

lack of transparency in its decision-making process can directly undermine "procedural justice" 

and employee trust, leading to "employee resistance" (with 3 mentions). 

 Meanwhile, the significance of themes should not be gauged solely by their frequency. 

For example, the theme "reduction of human interactions and the role of managers," although 

mentioned only twice, holds critical practical importance. This finding highlights a strategic 

risk: if AI implementation comes at the cost of weakening the coaching role of managers and 

dehumanizing the work environment, the entire performance management process—whose 

goal is human development—will fail. 

 Ultimately, the findings indicate that the scientific literature converges on a solution: "the 

necessity of human-in-the-loop (HITL) Oversight" (with six mentions). This high-frequency 

theme acts as a direct response to both the technical risks (bias and the black box) and the human 

challenges (reduced interactions). This consensus suggests that success is contingent upon 

human-machine synergy, not the complete replacement of humans—a principle that leads 

directly to the integrated socio-technical systems (ISTS) framework proposed in this research. 

 Table 2 provides the complete bibliographic information for the nine articles that were 

selected as the final sources after the systematic screening process and which formed the basis 

of the thematic analysis for this study. This table includes details such as author names, the 

exact title of each article, publication year, and the digital object identifier (DOI). Presenting 

this information allows the reader to validate the sources, easily access the primary research 

analyzed in this study, and ensures the transparency of the process. 
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Table 2 

Bibliographic Information of Articles 

NO Authors Title Year DOI 

1 Mwita & 

Kitole 

Potential benefits and challenges of 

artificial intelligence in human resource 

management in public institutions 

2025 https://doi.org/10.1007/s44282 025 00175 8 

2 Ncube et al. The impact of artificial intelligence on 

human resource management practices: 

An investigation 

2025 https://doi.org/10.4102/sajhrm.v2310.2960  

3 Hawashin 

et al. 

Using machine learning and blockchain 

for trusted detection and monitoring of 

excessive working hours in factories 

2025 https://doi.org/10.1016/j.techsoc.2025.102959  

4 Venugopal 

et al. 

Transformative AI in human resource 

management: Enhancing workforce 

planning with topic modeling 

2024 https://doi.org/10.1080/23311975.2024.2432550  

5 Socoliuc et 

al. 

EU maritime industry blue collar 

recruitment: Sustainable digitalization 

2024 https://doi.org/10.3390/su16208887  

6 Voronin et 

al. 

Comparative analysis of communication 

strategies impact on the effectiveness of 

interaction with an AI chatbot 

2024 https://doi.org/10.32744/pse.2024.5.40  

7 Nayem & 

Uddin 

Unbiased employee performance 

evaluation using machine learning 

2024 https://doi.org/10.1016/j.joitmc.2024.100243  

8 Arslan et 

al. 

Artificial intelligence and human 

workers interaction at team level: A 

conceptual assessment of the challenges 

and potential HRM strategies 

2022 https://doi.org/10.1108/IJM 01 2021 0052  

9 Tong et al. The Janus face of artificial intelligence 

feedback: Deployment versus disclosure 

effects on employee performance 

2021 https://doi.org/10.1002/smj.3322  

 

These four primary categories identified from the thematic analysis are not merely discrete 

findings; rather, they directly form the foundation and basis for the design of the integrated 

socio-technical systems (ISTS) framework proposed in this research. 

• The "antecedents" category specified the necessity for transformation. 

• The "opportunities" category identified the primary objectives of the system (e.g., 

objectivity and continuous feedback). 

• The "risks" category (e.g., bias and the black box) shaped the critical oversight and 

control components of the framework. 

• The "requirements" category (e.g., XAI and human-in-the-loop) were integrated into 

the framework as key operational mechanisms. 

Table 3 succinctly demonstrates how the key themes extracted from the literature (Table 1) 

are directly mapped to the three components of the ISTS framework (Figure 2). 

Table 3 

 Mapping of Thematic Analysis Findings to the Components of the Proposed ISTS Framework 

Corresponding Components in the ISTS Framework 

(Figure 2) 

Key Findings from Thematic Analysis (Table 1) 

Stage 1 (Design): Data Preparation & Cleansing (Data 

Governance & Bias Cleansing) 

Risk of 'Algorithmic Bias' and the need for 'Data 

Governance' 

Stage 1 (Design): Technology Selection (Prioritizing 

Explainable AI (XAI)) 

Risk of 'Black Box Problem' and the need for 'XAI' 

Stage 2 (Operation): Analytical Core & Human Factor 

(Manager's role as coach) 

Risk of 'Reduced Human Interaction' and the need for 

'Human-in-the-Loop' 

https://doi.org/10.4102/sajhrm.v2310.2960
https://doi.org/10.1016/j.techsoc.2025.102959
https://doi.org/10.1080/23311975.2024.2432550
https://doi.org/10.3390/su16208887
https://doi.org/10.32744/pse.2024.5.40
https://doi.org/10.1016/j.joitmc.2024.100243
https://doi.org/10.1108/IJM-01-2021-0052
https://doi.org/10.1002/smj.3322
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Stage 2 (Operation): Providing Continuous & Dynamic 

Feedback 

Opportunity for 'Continuous Feedback' and limitation of 

'Lack of Timely Feedback' 

Stage 3 (Monitoring): Bias Auditing & User Feedback 

Collection 

Risk of 'Algorithmic Bias' (Bias reproduction) and Risk of 

'Employee Resistance' 

Proposed Framework: The Integrated Socio-Technical Systems (ISTS) Framework 

Based on the analysis of the gap identified in the literature, which underscores the lack of a 

comprehensive socio-technical framework, this research presents an integrated model for 

implementing artificial intelligence in performance appraisal processes. This framework 

(Figure 2) endeavors to leverage the analytical capabilities of AI while simultaneously 

providing the necessary mechanisms to preserve fairness, transparency, and human oversight. 

The success of this framework is not contingent solely on technology; rather, it depends on 

organizational acceptance, a culture rooted in trust, and leadership commitment. This 

framework is designed in three primary stages, functioning as a continuous improvement cycle: 

(1) Foundation and Design, (2) Implementation and Operation, and (3) Monitoring and 

Refinement. 

  

Figure 2 

The Proposed Socio-Technical Framework for Implementing Artificial Intelligence in Performance Appraisal 

Elucidation of Framework Components 

Stage 1: Foundation & Design 

This stage constitutes the foundation for the system's successful deployment and focuses on 

preparing the organization from technical, human, and ethical dimensions. Success in this step 

is a prerequisite for the subsequent stages. 

• Defining Objectives and Ethical Governance: Prior to any action, the organization 

must clearly specify its strategic objectives for implementing artificial intelligence and 

define key performance indicators. Concurrently, a steering committee must formulate 

the ethical principles for AI use, privacy policies, and regulatory compliance. This 

action is critical for earning employee trust and managing ethical risks. 

• Data Preparation and Technology Selection: The quality of the input data determines 

the accuracy of algorithm. In this step, diverse data sources are identified and integrated. 

Fuoundation & 
Design

Implementation 
& Operation

Monitoring & 
Refinement
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More importantly, historical data must be cleansed of potential biases to prevent the 

algorithm from reproducing inequality. When selecting an AI tool, priority must be 

given to platforms possessing Explainable AI (XAI) capabilities to prevent the black 

box problem, which leads to mistrust. 

Stage 2: Implementation & Operation 

In this stage, the framework is put into practice, and the intelligent appraisal cycle is activated, 

emphasizing the interaction between human and machine. 

• Analytical Core and Human Factor in the Loop: The system's central engine 

analyzes data using machine learning (ML) and natural language processing (NLP) 

algorithms. The output of this analysis is a draft of feedback and personalized 

development suggestions. These outputs are not final decisions; rather, they are 

provided for the manager as input. The manager, using their contextual knowledge, 

complements and validates these analyses. This human-in-the-loop (HITL) oversight 

approach shifts the manager's role from that of a judge to a coach and prevents the 

process from becoming dehumanized. 

• Providing Continuous and Dynamic Feedback: This system, in lieu of annual 

appraisals, enables the provision of short-term, continuous feedback. This approach 

aligns with the continuous performance management (CPM) paradigm and helps 

employees engage in a dynamic development process, rapidly improving their 

performance. 

Stage 3: Monitoring & Refinement 

An intelligent system must continuously learn and improve. This stage ensures that the 

framework remains effective, fair, and relevant over time. 

• Bias Auditing and Feedback Collection: Periodically, the system's outputs must be 

audited to ensure the algorithm is not reproducing any systemic biases. Furthermore, 

collecting feedback from managers and employees regarding the system's efficacy and 

fairness is essential. This feedback helps reinforce procedural justice and provides 

valuable input for improving algorithms. 

• Adaptation and Framework Update: Based on audit results and user feedback, the AI 

frameworks and associated work processes must be regularly updated. This approach 

ensures that the system remains aligned with changing organizational goals and 

employee needs, maintaining its effectiveness over time. 

This integrated framework offers a practical path for building a new generation of 

performance management systems that are not only more objective but also more humane and 

equitable. 

 In sum, the thematic analysis of the research literature indicates that traditional 

performance appraisal systems face deep structural challenges, such as human biases, 

inefficiency at large scales, and a lack of transparency, which severely diminish their 

effectiveness. Artificial intelligence, with its advanced capabilities in data collection, analysis, 

and integration (including predictive analytics and natural language processing), provides an 

unparalleled opportunity for transformation in these processes and for enhancing accuracy, 

fairness, and efficiency. However, the use of AI without regard for ethical and technical 

considerations can create new risks, such as algorithmic bias, a lack of transparency, and 
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privacy concerns. Therefore, the research findings emphasize the necessity of a comprehensive 

socio-technical framework that, while maximizing the potential of AI, provides the necessary 

mechanisms to guarantee human oversight, transparency, and justice. The integrated socio-

technical systems (ISTS) framework proposed in this research is designed precisely to address 

this gap and offer a structured approach for implementing AI in performance appraisal. 

Discussion and Conclusion 

This research was conducted with the aim of investigating the application of artificial 

intelligence (AI) for optimizing performance appraisal processes and presenting a practical 

framework for its responsible implementation. Findings from the literature review indicate that 

traditional performance appraisal systems face fundamental challenges, such as human 

cognitive biases and a lack of scalability, which undermine their validity and efficacy. In 

contrast, AI, with its advanced analytical capabilities, offers an opportunity for a transition to a 

new, data-driven, and objective paradigm in performance management. 

 However, this transformative potential should not lead to excessive optimism. As also 

indicated in the findings, the successful implementation of AI is not merely a technical 

challenge but a profound organizational transformation (Garcia-Arroyo & Osca, 2021; Shen & 

Joseph, 2021). Many organizations may face serious practical challenges, such as a lack of 

organizational readiness, limited resources for investing in expensive XAI technologies, and 

managerial resistance (Adams, 1965; Greenberg, 1987). Managers might perceive these tools 

not as assistants, but as threats to their decision-making autonomy. Ignoring these real 

implementation barriers can completely nullify the potential benefits of AI (Pulakos & O’Leary, 

2011). 

 Furthermore, the findings of this research emphasize significant risks that have been 

increasingly highlighted in recent literature (Doshi-Velez & Kim, 2017). Algorithmic bias, the 

black box problem and the lack of explainability, and privacy concerns are challenges that can 

undermine the potential benefits of AI. This finding makes the primary research gap—the lack 

of a comprehensive socio-technical framework—even more salient. 

 The ISTS framework proposed in this study is a direct attempt to fill this very gap (Floridi 

& Cowls, 2019) and offers a distinct theoretical contribution. The innovation of this framework 

lies in its extension of existing theories for the age of AI: 

1. Extension of Organizational Justice Theory: Procedural justice theory emphasizes 

the importance of transparency in processes. The ISTS framework, by centering on 

Explainable AI (XAI), operationalizes this theory in the face of the AI "black box 

problem." In other words, XAI becomes the new technical mechanism for achieving 

procedural justice in algorithmic systems. 

2. Updating Socio-Technical Systems (STS) Theory: This framework updates classic 

STS theory by explicitly integrating ethical and algorithmic dimensions. Unlike 

traditional models, the ISTS framework, by institutionalizing the "human-in-the-loop" 

mechanism and "bias auditing," specifically defines how human-machine synergy must 

be managed in the AI era to preserve human agency and ensure fairness. 

By emphasizing the three stages of design, implementation, and monitoring, this framework 

provides a practical solution for the responsible utilization of this technology in organizational 

environments. 

 It is noteworthy that the design of this framework is directly based on the evidence 

extracted from the thematic analysis. Every component of the ISTS framework is a direct 

response to the key research findings (as summarized in Table 3). For example, the high 
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frequency of the "algorithmic bias" and "black box problem" risks in the findings directly led 

to the inclusion of "data cleansing" and the emphasis on "XAI" as cornerstones of "Stage 1 

(Design)." similarly, the fact that "human-in-the-loop (HITL) oversight" was the most 

frequently identified requirement in the literature made it the central core of "Stage 2 

(Operation)." Finally, the identification of human challenges such as "employee resistance" 

revealed the necessity of "Stage 3 (Monitoring)," namely "bias auditing" and "user feedback 

collection," to ensure the system's acceptance and sustainability. This direct linkage ensures 

that the proposed framework is not merely conceptual but is evidence-based and responsive to 

the practical issues identified in the literature. 

Managerial and Practical Implications 

This research holds tangible implications for human resource managers and organizational 

leaders in the era of digital transformation: 

1. The Transition from Judgment to Data-Driven Analysis: Managers must accept that 

the future of performance appraisal is less dependent on intuitive judgments and more 

reliant on the analysis of objective, comprehensive data. The adoption and deployment 

of smart tools require the development of data literacy and analytical thinking at the 

organizational level, especially among managers. 

2. Emphasis on Ethical Principles and Transparency: AI implementation must not be 

treated as a purely technical project. Establishing ethical steering committees, 

formulating transparent policies for data protection and employee privacy, and 

communicating continuously about how the systems operate are essential for building 

and maintaining employee trust. 

3. The Vital Role of the Human in the Loop: The most critical message of this 

framework is that AI is not a replacement for managers but rather an intelligent assistant 

and enabler for them. The final decision regarding performance, development, and 

compensation must always be accompanied by the oversight, human judgment, and 

contextual understanding of a manager to prevent the dehumanization of the workplace 

and the erosion of trust. 

Furthermore, it must be noted that the implementation and acceptance of the proposed ISTS 

framework will be heavily influenced by the cultural context. As mentioned in the literature 

review, cultural norms (at both national and organizational levels) affect employees' 

perceptions of fairness, transparency, and oversight. For example, in high power-distance 

cultures, there may be less resistance to algorithmic decision-making while, in individualistic 

cultures, concerns related to privacy and continuous monitoring (also identified in the findings) 

could be more challenging. Therefore, although this framework provides a universal structure, 

the localization and execution of each stage (especially the nature of the "human-in-the-loop" 

interaction) must be carried out with high cultural sensitivity. This topic is one of the key 

avenues for future research. 

Limitations 

This research is based on a literature review and is naturally accompanied by some limitations. 

First, the reliance on the Scopus database, although justified by its extensive coverage in 

management sciences, is a limitation and may have led to the omission of some relevant articles 

from other databases (such as Web of Science). Second, the proposed framework is conceptual 

in nature, and its practical effectiveness requires testing in real organizational environments. 
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Future Research 

1. Case Studies and Empirical Research: Implementing and evaluating the proposed framework 

in one or more organizations and measuring its impact on indices such as procedural justice, 

employee motivation, feedback effectiveness, and overall organizational productivity. 

2. Quantitative and Survey Research: Designing measurement tools to assess the 

acceptance of AI-based appraisal systems by employees and managers and identifying 

the factors influencing it (e.g., trust in the algorithm, perceived transparency, and user 

experience). 

3. Focus on Explainable AI (XAI): Conducting further technical and applied research to 

develop algorithms that not only have high accuracy but can also explain the logic of 

their decisions in a language understandable to non-expert users, thereby mitigating the 

black box problem (Rahwan et al., 2019). 

4. Cultural and International Dimensions: Investigating how different organizational 

and national cultures influence the acceptance and implementation of AI-based 

performance appraisal systems (Calzada Prado & Marzal, 2013). 

Artificial intelligence has the potential to provide an effective answer to one of the greatest 

challenges in human resource management: objective, fair, and development-oriented 

performance appraisal. However, success on this path lies not in the complete replacement of 

humans with machines, but in the creation of an intelligent, ethics-driven synergy between the 

two (Shen & Joseph, 2021). The socio-technical framework presented in this research, by taking 

an integrated view of the technical, human, and ethical dimensions, illustrates a practical course 

for organizations to benefit from this powerful technology in a responsible, sustainable, and 

human-centric manner, thereby moving toward a new generation of performance management 

systems that are both more objective and more humane. 
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