An International Multidisciplinary Journal AN ANY A S ASTRAM .

y ) =S
An International Multidisciplinary Journal

(A Unique Treatise of Knowledge) \\

(A Unique Treatise of Knowledge)
Peer-Reviewed | Refereed | Open Access Journal
DOI: https://doi.org/10.64328/aimjv01i030050

1 SSN:3049-3927 (Online)

Volume: 01 | Issue: 03 | December: 2025

» Eaon

Impact of AI Adoption Intention in Performance Appraisal Process
on Actual Usage and Its Effect on Perceived Accuracy and

Satisfaction: An Empirical Study

Sharath Nag Rahula’

Abstract

The present study aims to investigate the impact of the willingness of HR Managers to adopt Al, and how this
willingness creates greater levels of actual usage of Al in performance appraisals. The study also explores how
using Al affects how one perceives the accuracy of the results, and overall satisfaction with appraisal results.
A cross-sectional, quantitative survey of HR managers in the Indian IT services sector was the research design
adopted in this study. Using a non-probability snowball sampling procedure, an experienced HR manager
recruited further participants who provided a broad and adequately representative sample of HR managers.
The analysis of the data collected from the questionnaires was done using Partial Least Squares Structural
Equation Modelling (PLS-SEM) to examine the direct relationships between the key variables of interest in
this study. Results show there is a strong correlation between the adoption intention and actual use by HR
Managers of Al Technology. As more HR managers began to actively use Al Technology, their perceived
accuracy and satisfaction level with their performance appraisals also increased. Additionally, the results of
the study show that the Human Agency factor moderated the relationship between Intention and Actual Use
of Al Technology, thereby strengthening the movement from Intention to Action. Organizations looking to
leverage the benefits associated with an effective, transparent and satisfying use of HR Technology that utilizes

Al will find the findings of this study valuable.
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Introduction

Nowadays, artificial intelligence (Al) is leading the way in technological innovation, and its use is growing.
The most recent research report from McKinsey (2025) and Netguru (2025) states that by 2025, almost 78%
of multinational corporations will use Al in at least one aspect of their operations. This is regarded as one of
the technologies that has been embraced the quickest during the past few decades. The impact of technology
disruption in a variety of industries and business models is reflected in the expected growth of the global Al
industry from roughly $391 billion in 2025 to almost $1.8 trillion by the end of 2030. Stanford HAI (2025).
Its promise to improve decision-making and productivity is the reason for its growing popularity. Al is
regarded as one of the most important tools for gaining a competitive edge in a variety of industries, including
manufacturing, healthcare, finance, customer service, human resources, and even internal personnel
management. Increasing performance, automating tedious operations, and offering data-driven insights are
ways to accomplish this. The use of Al is growing in both personal and professional contexts, with millions
of people use technologies like generative Al on a daily basis (Exploding Topics, 2025). Although the adoption
of Al has significant importance and benefits, there are still numerous issues related to transparency, ethical
use, potential bias and impacts on individual job opportunity thereby remaining difficult to implementation it
in general (PwC, 2024; McKinsey, 2025). Even though Al has grown crucial, people and businesses may
object to its imprecise algorithms and ambiguous decision-making (Anthropic, 2025). The digital divide and
differences in infrastructures also inhibit Al globally (OECD, 2025). In a recent study by Stanford HAI, (2025)
highlighted the scientific capabilities that Al brings with the social, organizational, and human factors
significantly affect adoption and overall use. In order to fully realize the benefits of Al and minimize the
negative effects, it is necessary to educate ourselves on these factors and ensure that the technology continues
to be diffused in our workplace. Fear of losing one's job or fear of the Al may inhibit the individual from using
it, and on the other hand, having confidence in interaction with Al would help to create acceptance. The social
impact is another important influencer in determining adoption, as the attitudes and behaviors of peers or other
individuals in social and organizational networks may drive the decisions in adoption (Grover et al., 2022;
Horani et al., 2025). It is key that organizational elements like leadership endorsement, necessary
infrastructure, and readiness for training would enable Al adoption greatly. Kar et al. (2021) discovered that
individuals working in an organization with stronger innovation management processes and adequate technical
resources are more likely to use Al productively because employees have better access to support and
resources for integrating Al into their work. Alternatively, leadership not committed to utilizing Al in the

organization or regulatory requirements not being clear would clearly influence its use.

Artificial intelligence is rapidly transforming enterprises by improving and automating a wide range of jobs
across multiple departments. For instance, in order to expedite hiring and boost talent acquisition
effectiveness, HR departments are increasingly using Al-powered tools like HireVue and Pymetrics to screen

applicants, evaluate video interviews, and integrate new hires. Chatbots and virtual assistants, such as IBM
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Watson Assistant and Zendesk Answer Bot, are increasingly being utilized in customer service to answer
simple questions and offer prompt assistance, freeing up human agents to concentrate on more complex
problems. Accelerating the adoption of these tools will not only replace repetitive, data-heavy work but also
support better strategic decision-making. Regardless of the function, these intelligent tools will change the
organizational landscape. The increased usage of Al tools and technologies in organizational processes has
created significant changes in how work is done and evaluated. More specifically, the relationships between
employees' intention to adopt Al and their actual use of Al systems have become a topic of increased academic
interest. Intention to adopt Al implies the capability or willingness of managers and employees to utilize Al
tools at work, which is shaped by perceived usefulness, ease of use, organizational support, and trust in the
technology. However, even if individuals have a positive intention, it does not necessarily imply that Al
systems will be used in practice. The conversion of intention to actual use, i.e., usage behaviour, is determined
by a better understanding of the interaction between individual motivation, organizational context, and the

availability and use of Al tools accessible at work.

This understanding is key because it is the actual use of Al that will, in part, dictate the extent to which Al can
provide benefits as promised, e.g., more objectivity, data-driven feedback, personalized recommendations,
etc. When managers and employees transition from just creating an intention to use an appraisal system that
enables Al use, those systems can provide more thoughtful and refined evaluations that are better represented.
This does not just inform employees' beliefs that their performance appraisal was accurate, but also if
individuals experience feedback that is timely, relevant, and derived from information and analysis, they are
also more likely to believe their review was fair, linked to individual experiences and contributions. The

present study attempts to study the same.
Rationale behind the study:

Examining how employees' confidence in using technology affects their intention to implement Al in the
workplace is one of the study's main goals. Employees are more inclined to think about the benefits of utilizing
the Al system and are more receptive to implementing the new system, even in the face of difficulties, when
they feel proficient with technology (Chang et al., 2024). On the other hand, workers may quit utilizing Al
entirely if they are overwhelmed by the complexity of a new system or do not comprehend it. Additionally, Al
has made workers more adaptable, self-assured, and independent, which boosts their well-being and
engagement at work (Soulami, 2024). Although the role of Al is to enhance processes within organizations is
well recognized, a fundamental question remains unaddressed about how a manager's intention to use Al will
ultimately lead to the actual adoption of Al-based tools for evaluating their employees' performance. The
transition from positive intention to actual usage may not be straightforward. Instead, it gets impacted by a
multifaceted interaction of individual, organizational, and technological variables. This represents a significant
challenge for developers and designers of Al-based performance evaluation systems, more than simply

ensuring their technology works. If the end-users of the systems do not perceive the systems as matching their
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expectations, characteristics of work habits, or evaluation goals, then their actual usage will lag behind their
positive intentions for Al-based appraisals. This risk contributes to diminished potential for Al to improve the
fairness, accuracy, and quality of evaluations of employees' performance. Therefore, it is vital to identify and
analyze the determinants that motivate managers to move from intention to using these tools within the

performance evaluations process.
Theoretical Background:

A robust theoretical framework is crucial for academic inquiry, providing a structured lens for comprehending
and scrutinizing phenomena. Integrating theory into research is crucial, since it guides the formulation of
research questions and hypotheses, and also affects the design, methodologies, and interpretation of findings
(Kerlinger, 1966). Theoretical frameworks link novel studies to existing data, fostering cumulative knowledge
advancement and facilitating substantial comparisons among investigations (Eisenhardt, 1989). Established
theories in technology innovation and adoption are essential for understanding user behaviors, intentions and
outcomes ensuring that research is grounded in existing knowledge while promoting the development of new

insights.
The Unified Theory of Acceptance and Use of Technology (UTAUT):

This represents a significant advancement in the study of individual technology use. It synthesizes components
from eight prominent models, including the TAM, the Theory of Reasoned Action, and the TPB, into a single,
integrated framework. In their research work, Venkatesh et al. (2003) developed the UTAUT model as a means
to synthesize the best aspects from previous acceptance models into one single model. The UTAUT model
suggests that four key variables, performance expectancy, effort expectancy, social influences, and facilitating
conditions, can directly influence users’ behavioral intention to use technology. Performance expectancy is
defined as the degree of benefits an individual would expect from using the technology, while effort
expectancy is defined as the degree of ease associated with the use of technology. Social influences are defined
as the degree to which individuals perceive that their friends or family members, or significant others, will use
or accept the new system. Facilitating conditions are defined as the degree of support an individual perceives
as available to complete the behavior. The authors also identified four key moderators that can affect
technology acceptance, which include gender, age, experience, and the individual’s willingness to use
technology. Empirical validation of UTAUT was conducted on data from four firms and over 1,600 customers,
indicating significantly improved explanatory power over earlier models by explaining up to 70% of the
variance in behavioral intention, indicating a significant improvement over prior models (Venkatesh et al.,
2003). This result defined building UTAUT as the leading model for technology adoption research,
particularly in organizational and workplace settings. The strength of the model and predictive reliability has
been continuously validated in a variety of domains, including health care (Kijsanayotin et al., 2009),
education (Sumak et al., 2011), mobile banking (Zhou et al., 2010), and e-Government (AlAwadhi & Morris,

2008), along with technology initiatives in government. Since its inception, UTAUT has initiated a number of
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substantial model developments and applications. Venkatesh et al. (2012) introduced UTAUT?2 to account for
consumption settings and included items like hedonic motivation, price value, and habit. This expanded the
model's utility for understanding how individuals adopt new technologies. UTAUT2 has emerged as a
frequently cited framework for studies related to mobile applications, e-commerce, and other newly adopted
digital services. UTAUT was first introduced by Venkatesh et al. (2003), and research was subsequently

conducted on its use across multiple settings and cultural backgrounds.

The studies validated the robustness of UTAUT in quantitative methods, providing opportunities for context-
specific modifications. As is a common theme with all the early studies, context-specific considerations of
constructs for specific technologies, contexts, and user communities were urged. The ongoing significance of
UTAUT lies in its highly accessible, empirically grounded, coherent, flexible framework accounting for
technology adoption and use among individuals, whether social or commercial. The work done with UTAUT
has been pivotal for academic study and practical approach for technology adoption or implementation, thus

reaffirming its prominence as a primary framework of study for information systems.

Figure 1 below shows the UTAUT model.
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Figure 1: Unified theory of acceptance and use of technology

Source: Venkatesh et al. (2003)
Literature Review

Al Adoption Intention and Al Usage Behaviour during Performance Evaluation Process:

The significance of behavioral intention as a direct and powerful predictor of actual usage behavior in
businesses is shown by larger studies on technology adoption. The most direct precursor to real system use is
an individual's intention to utilize new technology, which is based on an individual's judgments of the
technology's value and simplicity of use, according to early theories like TAM (Davis, 1989). The UTAUT

paradigm reiterates and reinforces the fundamental concept of behavioral intention. Behavioral intention is
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demonstrated to be a substantial and direct predictor of technology utilization across a broad range of
information systems and organizational settings in this synthesis of many theoretical streams (Venkatesh et
al., 2003). According to Jarrahi (2018), managers' readiness and willingness to adopt Al-informed
technologies affect not only their own preferences but also the depth, willingness, and extent of Al use across
the firm. This link is highlighted in the context of performance appraisals when Al is incorporated into the
review process since it will impact the form of appraisal through improved objectivity, data-driven insights,

and process efficiency.

In recent research situated in human resources and in the specific appraisals context, similar and additional
evidence continues to support the intention to use. For example, in a study of Al for appraisals in organizations,
Shahid et al. (2024) determined that managers who reported an intent to adopt an Al tool for appraisals also
reported actual high use of the Al tool to evaluate an employee during the appraisal period. This research lends
credibility to the hypothesized relationship of behaviour intention as a precursor of observed changes in actual
usage behaviour for Al-mediated appraisals. The literature recognizes a number of intervening variables which
may either inhibit or facilitate this transition, including promoting workplace policies, access and usability of
Al systems, and consideration for Al functionality which relates to the manager's actual job processes
(Frankiewicz & Chamorro-Premuzic, 2020). It makes sense that managers' intentions to use Al are directly
and significantly correlated with their use of Al technologies in performance reviews. In this particular
instance, the manager can be anticipated to see this as a task-oriented work function with organized application
of the Al tools used to apply Al to the performance time if they are able to express their purpose to adopt Al
(Al- Mamary, 2025; Emon et al.,2023). The following positive alternative hypothesis is proposed based on

extensive documentation of evidence in the literature:
H1: Al adoption intention of managers has a significant positive impact on actual Al usage.

Actual Al Usage Behaviour on Perceived Accuracy of Work and Perceived Satisfaction over

Performance Appraisal:

The way employees approach and assess their work has drastically changed as a result of the integration of Al
technologies into organizational operations. Constructs that have emerged as part of this technological
transformation include the link between real Al usage behavior—that is, the experience and intensity with
which employees engage with Al technologies—and perceptions of output correctness. Employees who utilize
Al systems more frequently report doing their tasks more accurately, according to research. This is believed
to be due to the superior analytical ability and data handling capacity of Al, which has been demonstrated to
decrease human error and improve decisions around quality and accuracy (Jarrahi, 2018). Employees
performing tasks like data analysis, forecasting, and quality assurance who depend on Al benefit from
consistency and precision of computation, which enables them to feel greater confidence in the correctness of
their output (Brougham & Haar, 2018). Employees who regularly employ Al for routinized tasks are likely to

view their work as more accurate and less prone to oversight simply because Al can alert them to anomalies,
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can verify computations, or can provide recommendations based on evidence (Shrestha et al., 2019). A positive
correlation between actual Al use and perceived accuracy has also been shown to occur in knowledge-
intensive domains. For instance, in healthcare, research has indicated that clinicians using diagnostic Al
applications perceive their diagnostics to be more accurate and evidence-based thanks to the decision support
capabilities of Al technology. Within finance and audit sectors, employees who more regularly employ Al-
fuelled analytics indicate enhanced levels of accuracy and objectivity in their assessments (Lee & Tajudeen,
2020). Al systems' built-in feedback mechanisms are also crucial. According to Jarrahi et al. (2021), Al
solutions that offer clear feedback with an actionable reaction can help users see the precise benefits of Al

advice on the accuracy of their work.

Additionally, employees expressed greater levels of satisfaction when there is transparency, explainability,
and clarity on how assessments are made in Al systems and how managers defend their choices that
incorporate Al in the evaluation process (Binns et al., 2018). When a manager or boss is ethically using Al
tools and is digitally educated, employees generally express higher levels of satisfaction (Siau & Wang, 2018;
Wang et al., 2025; Meijerink et al., 2021). Based on the above claims, the following hypotheses are proposed:

H2: Managers’ Al usage has a significant positive impact on managers’ perception of the accuracy of the

evaluation process

H3: Al usage has a significant positive impact on managers’ perception of employees’ satisfaction with the

evaluation process
Research Methodology

Research Design:

The study uses a quantitative, cross-sectional research methodology within a post-positivist framework to
methodically investigate the connections between HR managers' intentions to adopt Al and their actual use of
it during employee performance reviews, which ultimately results in employees' perceptions of the accuracy
of their work and their level of satisfaction. Because it addresses potentially complicated interactions between
variables while being largely faithful to the normative working situation, the correlational design is suitable
for the study (Creswell & Creswell, 2017). Further, using Structural Equation Modeling (SEM) allows the
researchers to simultaneously investigate direct and moderated relationships as structural relationships

suggested in the proposed conceptual model (Kline, 2023).
Instrument design:

The data for this research were collected using a structured questionnaire that incorporated scales adopted
from established and validated instruments used in previous research studies (Table 1). The questionnaire

evaluated key constructs relating to Al adoption and use in performance appraisal within the Indian IT services
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sector. Each of the scales was measured using a seven-point Likert scale of agreement (1=Strongly Disagree,

5=Strongly Agree).

Table 1 Construct and their literature source:

Construct Literature Source

Al adoption intention Venkatesh et al. (2003), Baumsteiger & Siegel, 2018

Carlsson et al. (2006), Attuquayefio & Addo, 2014,

Al usage in performance appraisal
seimp PP Oh & Yoon, 2013

Performance appraisal accuracy Sharma et al. (2015)
Performance appraisal satisfaction Jawahar,2007
Sampling Design

Population and Sample:

Senior and mid-level HR managers with at least a year of experience managing and/or implementing
performance appraisal systems who are currently working as HRM professionals within the Indian IT services
sector companies like Tata Consultancy Services (TCS), Infosys, Wipro, HCL Technologies, and Tech
Mabhindra will make up the study's sample. In order to guarantee that every member of the sample has current
and pertinent experience with the recent and ongoing usage of Al technologies in HRM, particularly in the
area of performance management systems, which has been implementing new models over the past year, one
year was chosen. HRM professionals who are not currently employed as HRM professionals or who lack

direct appraisal experience will not be included in the sample.
Sampling Technique:

To gather relevant and accurate data and information from an expansive and highly relevant population, this
study adopts the non-probability-snowball sampling design that is recognized for its effectiveness in
identifying specialized and networked professional communities (Noy 2008). Using a snowball sample was
particularly suitable for this study, which focused on a specialized occupational manager group whose

participants may not be easily reached via standard probability sampling methods (Sadler et al., 2010).
Sample Size:

With respect to the sample size determination, this study relied on established statistical formulas and
methodological guidelines. For populations where the exact size is unknown, the minimum required sample

size (n) can be calculated using the following formula:
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The sample size calculation formula is
S=Z2NP (1-P) / d2 (M-1) + Z* P (1-P)

By considering variables such as the population size, confidence level, and expected margin of error, around
385 is the right sample size required for their study (Cochran, 1977). Based on the above criteria and data

collection procedure resulted in the final usable sample of 573 responses for the final analysis.
Data Collection Procedure:

Snowball sampling was the first method used in this study's data gathering process since it is an effective way
to reach a certain group of people, such as HR managers. In order to participate in the study based on purposive
sampling, which requires that they have been utilizing Al for performance evaluation for at least a year, the
HR managers within the known contact were first provided a link to the online questionnaire. The survey was
conducted using Google Forms, a secure online data collection technology that was selected due to its
accessibility for participants in various organizational contexts, geographical locations, and personal and
professional devices. In addition to known contacts, the HR managers were also encouraged to forward the
questionnaire link to their professional networks using a variety of communication platforms such as LinkedIn
groups and other social media platforms. This process also encouraged receiving more responses. The

snowball sampling strategy allowed the sample to grow and develop over a period of time.
Pilot Study:

A pilot study was started by qualitative validation of the questionnaire items by academicians and industry
experts. A few changes were suggested by the experts, and accordingly, some items were modified, and others
were added. This was followed by a reliability analysis to confirm the consistency of the instrument. Table 2

below shows the results of the reliability analysis.

Table 2 Reliability
Initial No Final Cronbach’s
Construct
of Items Items Retained Alpha (o)
Al Adoption
) 3 (1 3 0.910
Intention
modified)
Al Usage in
_ 6 6 0.879
Performance Appraisal
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Perceived
4 0.885
Accuracy 3 (1 added)
Perceived A 0.888
Satisfaction 3 (1 added '
and 1 modified)
Total 17
15
Analysis
Estimated Model for Reliability and Validity:
Table 3 Reliability and Validity
All
Lowest
Composite Values
Construct AVE Outer
Reliability Meet
Loading
Threshold?
Al
Adoption 0.854 0.661 0.723 Yes
Intention
Al Usage
in  Performance 0.890 0.575 0.723 Yes
Appraisal
Perceived
0.862 0.610 0.739 Yes
Accuracy
Perceived
) ] 0.868 0.622 0.741 Yes
Satisfaction
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Composite reliability is a way to remedy this problem by using the individual indicator loadings to calculate
the reliability of each scale. Composite reliability provides a more precise and comprehensive view of a scale's
reliability than Cronbach's alpha, especially when used in SEM. Values greater than or equal to 0.7 are
considered reliable, with values over 0.8 or 0.9 representing a high degree of reliability. The construct validity
measures the extent to which a measurement tool accurately measures the theoretical construct it claims to
measure and not some other variable. Construct validity is usually determined through empirical testing,
including convergent validity, i.e., how strongly items measured by a particular construct correlate with each
other, and discriminant validity, i.e., how well measures of different constructs remain distinct. The primary
analyses conducted to establish construct validity include confirmatory factor analysis (CFA), which involves
an evaluation of the factor loading, average variance extracted (AVE), and fit indices (Hair et al., 2019). From
Table 3, it could be understood that the psychometric properties were found to be strong for all ten constructs,
demonstrating the reliability and validity of the measurement model. The lowest outer loading (0.723) was
above the recommended minimum of 0.7, and the composite reliability of all constructs is also above the
acceptable threshold. Similarly Average Variance Extracted (AVE) of all constructs is above the threshold limit
of 0.5. All the outer loadings that depict the relationship between the indicators and their latent constructs are
above 0.7, thus establishing convergent validity. This was followed by establishing discriminant validity

through the Fornell-Larcker criterion.

Table 4 Discriminant Validity

Al
Usage Al
Perceived Perceived
during adoption
Accuracy Satisfaction
Performance Intention
Constructs Appraisal
Al Usage
during
Performance
Appraisal 0.759
Al
adoption
Intention 0.197 0.813
Perceived
Accuracy 0.176 0.195 0.781
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Perceived

Satisfaction 0.138 0.138 0.188 0.789

For constructs to meet the Fornell-Larcker criterion, each diagonal element must be greater than the
highest off-diagonal correlation coefficient for any of the other constructs. This shows that for each construct,
its indicators account for more variance than that shared with the indicators of any other construct, and
therefore, each construct measures independently from the other constructs. Examining Table 4 above

establishes discriminant validity.
Path Analysis:

Smart PLS 4 was used to evaluate the path model of the study based on PLS-SEM methodology. SmartPLS
4 is particularly advantageous for complex models that are examined with smaller sample sizes or non-normal
distributions. Exploratory, as well as predictive research, works the best with PLS-SEM as it was developed
to maximise the variance explained on dependent variables. Prior to investigating the structural model, a
measurement model had to be examined, which resulted in valid and reliable measures for the latent constructs
under consideration and any relationships between them. Statistical significance was determined by

researchers estimating p-value, and path coefficients (B) using bootstrapping techniques with 5000 resamples.

In the context of PLS-SEM, R-square (R?) indicates what proportion of variance in the dependent variable can
be explained by the independent variable(s) within the structural model. Thus, R? ranges from 0-1 for the
predictive capability of a given model, with a greater R? indicating greater predictive capability. In behavioural
research, however, there is no standard for defining R2. In addition to indicating the model's predictive power,
R? also indicates how Q? Predictive Relevance was used to further validate the model and R? Adjusted as
applied to the researchers' complex models (Hair et al., 2022). The bootstrapping function included with
SmartPLS 4 has provided evidence of the presence of probable mediation and/or moderation relationships in
the data analysed because statistical analysis can produce reliable results for investigating these aspects of
mediation and moderation. Furthermore, when used in combination with other methodologies, PLS-SEM
provides statistical evidence of the methods that can be applied in technology adoption, organisation behaviour

and human resource management studies.

Table 5 Quality Criteria: Total Variation Explained

Model R-square Adjusted R-square
Adoption
0.45 0.44
Intention
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0.30

0.31

0.28

Table 5 above shows that when HR managers intend to adopt Al they are likely to utilize Al to a

greater degree in their performance evaluation of employees (adjusted R?= 0.30). Additionally, the high R?

value indicates that Al Adoption Intention is an excellent indicator of how much Al will be used by an

individual during the performance appraisal process.

Direct Effects:

Table 6 Estimated Path Coefficient and Statistical Significance of Direct Effect

T
Standa
Pat Origin Samp statistics P
rd deviation
h al sample (O) le mean (M) (O/STDEV values
(STDEYV)
)
Al
Adoption
Intention
— Al 5.25 0.00
) 0.210 0.211 0.040
Usage in 0
Performan
ce
Appraisal
Table 7 Estimated Path Coefficient and Statistical Significance of Direct Effect
T
Standa
Pat Origin Samp statistics P
rd deviation
h al sample (O) le mean (M) (O/STDEV values

(STDEV)

)
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Al
Usage in
Performan
ce
Appraisal
N
Perceived

Accuracy

Al
Usage in
Performan
ce
Appraisal
N
Perceived
Satisfactio

n

0.185

0.145

0.187

0.147

4.86 0.00
0.038

3.53 0.00
0.041

Results in Tables 6 and 7 support the hypotheses H2 & H3 of the study. The results for Al intention as a

predictor of Al actual usage during the performance appraisal process by HR managers are also highly

significant ( =0.21,t=5.25, p <0.001). Further, it is clearly brought out that Al usage during the performance

appraisals process has a substantial positive influence on perceived accuracy (f = 0.19, t = 4.87, p <.001).

The above analysis result supports H2, as it indicates that the usage of Al technology will indeed enhance the

accuracy of the performance evaluation outcomes. Finally, the use of Al tools within the appraisal process

appears to help managers assess how satisfied employees are with their evaluations higher than if they were

not using Al technology (B = 0.15,t = 3.54, p <.001, r = 0.15), thus supporting H3. Figure 2 below depicts

the conceptual model.
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Performance
0.19 appraisal accuracy
AT adoption Intention i Al Usage in .
Performance Appraisal
Performance
0.15 appraisal satisfaction

Figure 2 Proposed Conceptual Model
Source: Authors owns creation
Discussion and Conclusion:

The results of the study showed a strong, positive correlation between Al adoption intention and the
application of Al tools when performing performance appraisals of an employee. In particular, the higher the
degree of Al adoption intention by the HR manager(s), the greater the frequency at which they use Al tools to
perform evaluations of employees’ performance. This finding is consistent with existing models of technology
acceptance, which state that the most immediate predictor of actual behaviour will ultimately be behavioural
intention (Davis, 1989; Venkatesh et al., 2003). The UTAUT and its various related studies have identified
that intention to use technology as one of the most powerful and reliable indicators of whether or not it will
be adopted for use in an organisational environment (Venkatesh et al., 2012; Sun & Zhang, 2006). Similar
other studies have also shown that this relationship is supported by the psychological theory of intention,
which suggests that intention is indicative of both the willingness and preparedness of an individual to take
action, given the influence of individual attitudes, perceived usefulness, perceived ease of use, support from

organisations and social contacts (Ajzen, 1991; Oliveira et al., 2014).

A number of contextual elements present in the Indian IT services sector may be connected to the positive
connection found in this study. There are fewer obstacles between purpose and action when there is a high rate
of technology use, an innovative culture, and a highly digitally savvy workforce. This relatively smooth
transition from intention to actual use is caused by a number of factors, including the sector's intense focus on
competition, growing demands for HR functions to be effective and equitable, and ongoing investment in
technology infrastructure (Khan et al., 2024; Noerman et al., 2025). Furthermore, the data shows that
organizational policy and leadership support, which are generally strong in this industry, are crucial in
converting intention to real implementation (Baabdullah, 2024; Rathnayake et al., 2025). As a result, the
findings' generalizability is reinforced not only by comments in this industry but also by comparable outcomes
in other technology-driven businesses and international contexts. For instance, studies in the finance industry
have found that the degree to which Al is really used to evaluate credit and detect fraud is directly correlated

with the goal to apply Al-based analytics (Baabdullah, 2024; Camilleri, 2024).
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The results of this study also demonstrate that employee satisfaction with the process's outcomes and the
perceived accuracy of the assessment process both rise with the degree to which Al technologies are used in
performance reviews. More precisely, the data shows that managers feel more trust in the objectivity,
dependability, and correctness of their performance reviews when they use Al tools frequently and extensively.
Additionally, these managers believe that because of perceived improvements in fairness, transparency, and
the speed at which performance feedback was received, employees expressed higher levels of satisfaction with
the appraisal process. This lends credence to the body of research showing that the application of Al and digital
tools in HRM enhances performance evaluation satisfaction and perceived accuracy (Jarrahi, 2018; Kochling
et al. 2021). Veliz et al. (2021) claim that Al solutions for HR managers boost people's confidence in the
accuracy of assessments by lessening the impact of subjectivity and creating a more consistent, data-driven
review process. Similarly, Sharma et al. (2020) and Bianchini et al. (2025) discovered that integrating Al into
the HR process increases employee and appraiser satisfaction due to improved process transparency and fast
and useful feedback.

The results presented in this study can be applied to most nations and areas that have embraced Al applications
connected to human resource management (HRM) and, to a much lesser degree, to nations and areas that
employ HRM technology less often. Regarding the use of an Al-based tool to enhance perceptions about the
quality of appraisals and overall satisfaction with the appraisal results, the financial and healthcare services
industries exhibit data trends that are comparable to those shown above by this study (Baabdullah, 2024;
Camilleri, 2024). These results are consistent with international research and industry standards/guidelines.
They also show that varying degrees of preparedness, industry standards, and geographic circumstances will
affect how much each organization benefits (Jarrahi, 2018; Kochling et al., 2021; Bianchini et al., 2025). The
fundamental factors identified in this study will probably help businesses develop more effective, reliable,
transparent, and fulfilling performance management procedures as they continue to invest in digital HR

systems across all sectors and regions of the globe.
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