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Abstract

This study discusses how artificial intelligence (Al) is transforming the practice of human resources
management (HRM) amidst the digital transformation efforts by organizations. This study conducted a
mixed-methods descriptive analysis of 184 organizations (quantified survey) and 8 detailed case studies
(qualitative analysis) across a wide range of industries to determine the key factors of adoption and
readiness indicators. Findings show that Al integration within the HRM functions has a strong positive
influence on the digital transformation readiness of the organization with the largest effect of time-to-hire
(improved by 63% in particular, 74% on average across all talent acquisition KPIs), performance
management (improved by 68% on average), and learning and development (improved by 61% on
average). Among the essential implementation barriers, one could single out data quality issues (78%),
skill deficiencies (65%), and resistance to change (59%). The study advances DTRAF, a fresh theory that
determines the functional preparedness of organizational HRM to digital change. This study not only
broadens the existing theory of Al-enhanced HRM use, but it is also valuable in offering useful guidance
to organizations regarding the use of Al technology in accelerating the digital transformation.
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1. Introduction
The modern technological environment demands digital transformation as an essential tool of

organizational sustainability. The existing competitive forces compel human resources
management (HRM) functions to move out of their usual administrative role, by becoming
strategic sources of organizational change (Marler and Parry, 2016). Human resource management
through the use of artificial intelligence technologies established new standards of functional
change in connection with the digital transformation efforts (Tambe et al., 2019).
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The HRM functions related to the implementation of Al include separate applications, including
Al-recruiting applications, machine-learning evaluation tools, Al-based learning systems, and
workforce forecast analysis. The technologies put in place enable organizations to improve their
decision-making functions and their operational performance and provide higher levels of
personal interaction to the employees (Tambe et al., 2019). Despite the numerous benefits of Al
in organizations, it is a problematic technology since organizations encounter various challenges,
including the difficulty in understanding technology, lack of skills, and resistance to change
(Jatoba et al., 2019).

The study contributes to the current body of literature in that it dwells on the role of the
implementation of Al in the HRM functions in increasing the level of organizational preparedness
to digital transformation. Even though the use of Al in a specific segment of HRM has been
addressed in some studies (Strohmeier and Piazza, 2015; van Esch et al., 2019), not much
information can be found regarding the impact of Al within the entire HRM value chain and its
relation to other digitalization activities.

According to the above-scheduled objectives, the following research questions will be applied in
the study:

1. What is the overall impact of the introduction of Al in HRM operations on the overall
organizational readiness to digital transformation (ODT)?

2. Which are the critical success factors and barriers to the use of Al in Human Resource
Management?

3. What do organizations do to determine their readiness to embrace Al in the transformation
of human resource management?

Quantitative surveys on 184 organizations and in-depth interviews with a selected sample of
organizations in various levels of Al maturity were employed to answer these questions. The
Research resulted in developing DTRAF, which companies may apply to determine their
readiness to adopt Al in HRM processes.

The remaining sections of this paper will be structured in the following manner: Section 2 will
provide a literature review of Al in HRM and digital transformation readiness. Section 3
elaborates on the method of research. The discussion of results and findings is presented in Section
4. The analysis of the findings and the conclusion of the study are divided into Section 5. The fifth
part is the final part, namely section 6, which contains implications and recommendations,
limitations of the research, and the ways the research can be furthered.

2. Related Works
2.1 Al Applications.

The use of Intelligent Systems in HRM has gained popularity in the recent past. Strohmeier and
Piazza (2015) provided one of the initial surveys of Al applications in the HRM environment and
outlined a few applications cases aimed at recruitment, selection, development, and retention.
Recently, Tambe et al. (2019) were interested in discussing how machine learning is transforming
the workforce intelligence and decision-making within the Human Resource departments.
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Applications of Al in the recruitment and selection processes involve screening resumes and
matching candidates and the application of automatic interview system. The study carried out by
Van Esch et al. (2019) reported that using Al in the recruitment led to a reduction in the average
time to hire by up to 59 percent and improvement in the quality of recruits. Similarly, Dastin
(2018) wrote about the artificial intelligence-driven tool Amazon has created to choose the
appropriate candidates, and the good sides of the existing practice, and the issue of algorithmic
prejudice when the program is applied to the data proving that the hiring process is discriminatory.

The other fields that have been incorporated with Al are the performance management as
continuous feedbacks and prediction of performance. Cheng et al. (2021) presented the way the
Al-based performance assessment tools are able to identify the features of the employee
productivity and their engagement to the level that would be hard to achieve through other
methods. However, according to more recent studies, by Kampkotter et al. (2019), the issue of the
Al-based performance monitoring system can result in increased stress levels of the employees
and reduced autonomy in case not properly designed.

In the learning and development process, adaptive learning systems based on artificial intelligence
have emerged as an effective tool to use in the training process that is bespoke. According to a
study by Hameed et al. (2021), Al-based learning systems improved learning by a factor of 43
higher than traditional e-learning plans by ensuring that the level of difficulty and the style of the
delivered information were constantly changed.

2.2 Digital Transformation Readiness.

Digital transformation readiness could be referred to as the condition of the organization regarding
its competencies to design and effectively execute digital transformation projects, which
presuppose the radical change of business strategies, business processes, and value propositions
focused on its customers (Schumacher et al., 2016). According to the definitions of the three key
dimensions of digital transformation developed by Warner and Wéger (2019), technological,
structural, and cultural perspectives were the three key dimensions of readiness to digital
transformation.

Literature includes a number of models to assess the extent of DT preparedness of the
organization. The model in question is the Digital Maturity Model created by Kane et al. (2017)
that investigates organizations through the Technology, Operations, Organizational, and
Leadership prism. In similar vein, Westerman et al. (2014) offer a digital capability framework
based on customer, operation and business models.

Nevertheless, there is not much information on the role of HRM in the digital transformation
processes in the existing frameworks. Bondarouk and Brewster (2016) note that HRM is not only
a part of the digital readiness, but also a variable that must be reshaped and serve as a source of
change.

2.3 Al and HRM Intersection and Digital Transformation.

The connection between Al in HRM and the overall issue of digital business transformation has
been examined to a small range. According to Marler and Parry (2016) application of technology
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in the HRM functions may assist in enhancing the organizational digital capability and this
connection has not been researched.

Benitez et al. (2022) established that companies that were digitally HRM strategically
sophisticated exhibited an overall success of digital transformation of 2.6 times relative to
companies that were conventional in their HRM processes. Although their research was conducted
to establish the connections among online purchasing and consumer satisfaction, the developers
did not touch upon the application of Al technologies in the given process.

Stone et al. (2015) regarded this crossroads as having various threats to organizations: ethical
concerns regarding algorithm implementation, privacy concerns regarding workers, and the new
governance framework implications. Leicht-Deobald et al. (2019) also maintained the discussion
of incompatibility between algorithmic management and human judgment when it comes to HR
decisions.

These gaps would be addressed by this research on how the integration of Al into the HRM
functions serves the positive effect on the readiness of organizations towards digital
transformation to contribute knowledge in the development of a framework of assessment and
implementation.

3. Methodology

3.1 Research Design

This paper employed a sequential mixed methods design to determine the relationship between
the adoption of Al in HRM functions and the preparedness of an organization to digitize its
operations. This research utilized a cross-sectional survey, case study technique, and use of expert
panels. During the initial stage, an online survey of organisations in various industries was carried
out.

The study used a uniform sample across the entire research: 184 organizations participated in the
quantitative survey phase, and 8 purposely chosen organizations took part in the in-depth
qualitative case studies due to the difference in the level of Al maturity and success of its
implementation.

The mixed-methods design utilized supplementary sources of information to obtain the breadth
and depth of the intended knowledge regarding the implementation and implementation processes
and contextual variables (184 survey organizations and 8 case studies). Such a triangulation
strategy contributed to the validity and credibility of the results, which were particularly necessary
under the conditions of the implementation of Al in the context of HRM. The sequential
integration design provided the quantitative phase to spearhead the cases under study and the
interview guidelines to get qualitative results that subsequently informed and clarified the
statistical relationship observed in the results of the survey, therefore, offering a methodological
framework that signified the broad parameters and narrow relationships in the implementation of
Al development in human resource management.
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This contributed to methodological triangulation in a manner that made data gathered and
analyzed on the basis of various sources and perspectives more credible and dependable (Creswell
and Creswell, 2018). Figure 1 below is the research design map of the study.
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(n = 184)
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Qualitative Case Studies
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. —
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Framework Development
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Figure 1. Research Design Overview.

The strategy of mixed methods integration used was the advanced sequential design and consisted of three
distinct points of data convergence and methodological triangulation in which the data accumulation
process was mixed to offer higher combination validity and completeness of the results. Integration was
initiated with pilot interviews with 15 HR executives to support the design of survey devices, where
qualitative knowledge of the implementation questions of Al, elements of organizational preparedness, and
the priorities of measurements directly impacted the quantitative survey, such that quantitative data
measures were founded on praxis-relevant constructs and contextual variables. The second mixing
occurred during the selection of the case studies, whereby the quantitative survey results of the
identification of the 30 organizations of various levels of maturity and implementation success rates,
including their profiles of barriers, were factored into the purposive selection of the 8 organizations that
comprised the case studies to reach the maximum variation sampling of the spectrum of the AI-HRM
implementation experiences. The intervention of results continued to make the third point of integration,
where qualitative evidence was taken as the preliminary background to clarify the character of statistical
relationships, primarily, the clarification of the causes as to why certain organizational attributes were
related to implementation success, as well as the nature of quantitative relationships was moderated by
contextual variables. This kind of systematic combination may be exemplified by Table 1, according to
which a cumulative display table is offered to demonstrate how the mixed-method approach outperformed
either approach in terms of generating more nuanced and practically significant results, along with the
preservation of methodological rigor through clear integration provisions and open procedures of analysis.
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Table 1: Convergence and Divergence Analysis of Quantitative and Qualitative Results.

Key Theme %?l?l?;g:tlve Qualitative Findings gllticg;:;:;on Status
Organizational  67% of Leadership commitment  Quantitative Convergent
Readiness organizations and cultural readiness readiness scores
scored >3.0 on the emerged as critical validated by
readiness scale success factors qualitative
Strong Organizations with leadership and
correlation between  proactive change culture themes
readiness and management showed Mutual
implementation higher readiness reinforcement of
success (r=0.74, findings
p<0.001)
Implementation 59% reported Employee fear of job Qualitative insights ~ Expansion
Barriers resistance to change  displacement dominated = explain the
47% cited data resistance narratives underlying
privacy concerns Technical challenges mechanisms behind
41% faced technical = often stemmed from quantitative barrier
integration legacy system frequencies
challenges incompatibility Enhanced
understanding of
barrier contexts
Success Factors  82% of successful Cross-functional Quantitative success Convergent
implementations collaboration and predictors align
had dedicated Al iterative implementation ~ with qualitative
teams approaches were crucial ~ implementation best
76% invested in Success required practices
employee training sustained executive Consistent
programs support evidence across
methods
Outcome 78% reported Benefits Qualitative findings =~ Complementary
Benefits improved efficiency = emerged gradually over reveal temporal
71% enhanced 12-18 months dynamics not
decision-making Initial productivity dips captured in the
capabilities during the adaptation quantitative
65% increased period snapshot
digital Long-term cultural Provides
transformation transformation occurred ~ implementation
readiness timeline insights
Technology 45% adopted Organizations Qualitative insights ~ Convergent
Adoption recruitment Al first prioritized low-risk, explain the
Patterns 38% implemented high- strategic
performance visibility applications rationale behind
analytics initially adoption sequences
29% deployed Strategic sequencing Validates
predictive based on data quantitative
workforce planning  availability and ROI adoption patterns
potential
Organizational  Large organizations  Small organizations Contradictory Divergent

Size Impact

(>5000 employees)

demonstrated greater

findings reveal
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Key Theme l%l::;il:lg:twe Qualitative Findings glltlifzzltlon Status
showed 23% higher  agility in trade-offs between
implementation implementation resources and
success rates Faster decision-making agility
Resource and less bureaucratic Size effects are
availability resistance context-dependent
significantly
correlated with
success

Regulatory 34% reported Regulatory Qualitative findings  Expansion

Compliance regulatory concerns  uncertainty, rather than  clarify the nature
as barriers specific requirements, of regulatory
GDPR compliance posed challenges barriers
is mentioned Proactive compliance Uncertainty vs.
by 42% of EU strategies reduced specific
organizations implementation delays requirements

distinction
Employee 52% reported initial Communication and Qualitative insights ~ Complementary
Engagement employee resistance  involvement in the provide change

Integration Notes:

post-implementation
satisfaction scores

design process reduced
resistance

management
strategies to

averaged 3.8/5.0 Transparent change address quantitative
management was crucial  resistance patterns
Actionable
recommendations
emerge

*  The congruent results enhance the reliability of the findings because it is methodologically triangulated.

*  Contrasting findings indicate complex relationships which need to be researched.
*  Findings of expansion offer more insight into mechanisms and contexts.

o Complementary findings are providing opposite but complementary views on complex phenomena.
»  Crossover points: (a) Survey design based on pilot interviews, (b) Case selection based on quantitative

findings, (c) Co-interpretation of findings.

3.2 Participants and Data Collection
3.2.1 Quantitative Survey

To conduct the quantitative stage, we have surveyed HR executives, the heads of digital
transformation, and top management of enterprises of various sectors. The participants were
recruited by using professional HR associations, business networks, and direct organizational
recruitments. There were 184 organizations that responded to the survey, which corresponded to
38.7% response rate. The demographics of the participants are broken down in Table 2. Measures
of improvement (measured during the period of this study) have been computed as the percentage
change of baseline (12 months before the implementation) to the current status (12-18 months
after the implementation). In the case of multiple key performance indicators (KPIs) of a function,
individual metrics and aggregate averages are reported to ensure the availability of comprehensive
information.
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The survey tool had 42 questions, five dimensions, which included: (1) the current Al use in the
HR practices, (2) the perceived advantages and difficulties, (3) the maturity of digital
transformation of the organization, (4) the readiness variables, and (5) the implementation plans.
The majority of the items were measured on a 5-point Likert scale, with the items having a strong
disagree and a strong agreement. The survey was tested on 12 experts on HR technology, and the
wording and the structure of the questions were modified to be finally deployed.

Table 2. Survey Participant Demographics.

Industry Sector Count Percentage  Organization Size  Count Percentage
Technology 47 25.5% <500 employees 52 28.3%
Manufacturing 32 17.4% 500-1,999 63 34.2%
Financial Services 29 15.8% 2,000-9,999 48 26.1%
Healthcare 26 14.1% 10,000+ 21 11.4%
Retail 19 10.3%

Professional Services 18 9.8%

Other 13 7.1%

Total 184 100% Total 184 100%

3.2.2 Qualitative Case Studies

After the quantitative stage, we performed a comprehensive case study analysis of eight
organizations that have been chosen with respect to different levels of maturity of Al adoption and
digital transformation advancement. The selection criteria were diversity in the industry and the
size of an organization, as well as readiness to engage in a prolonged research process. The case
study organizations have been outlined in Table 3.

Case study data collection involved semi-structured interviews with key stakeholders (HR
directors, CIOs/CTOs, leaders of the transformation), document analysis (strategy documents,
implementation plans, performance metrics), and on-site observations when feasible. In every
case study, a total of 5 to 8 interviews were conducted, with a total of 53 interviews across all
eight organizations. Interviews were taped, transcribed, and authenticated by interviewees.

Table 3. Case Study Organizations.

Organization Industry Size Al Adoption Digital Transformation

ID (Employees) Maturity Stage

Org-A Technology 12,500 Advanced Transformed

Org-B Financial Services 8,200 Advanced Transforming

Org-C Healthcare 5,700 Intermediate Transforming

Org-D Manufacturing 3,250 Intermediate Initial

Org-E Retail 7,800 Basic Transforming

Org-F Professional 950 Basic Initial
Services

Org-G Energy 4,300 Advanced Initial

Org-H Education 2,100 Emerging Emerging
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3.3 Data Analysis
3.3.1 Quantitative Analysis

SPSS 27.0 was used to analyze the survey data. All variables were calculated using descriptive
statistics. The methodology used was principal component analysis, where hidden dimensions of
Al adoption and digital transformation readiness were determined. To test the associations
between the Al implementation in particular HRM functions and the general scores of digital
transformation preparedness, multiple regression analyses were conducted. To test the proposed
research model, structural equation modelling was applied with the use of AMOS 26.0.

3.3.2 Qualitative Analysis

Thematic analysis was employed to analyze data found in case studies in accordance with the six-
step model of Braun and Clarke (2006). NVivo 14 software was used to code and develop themes.
Initial coding was done by two researchers, and subsequently, they were refined together to reach
a consensus. Quantitative findings were compared to emerging themes to find convergence and
divergence.

The cross-case analysis was made to find out patterns and differences between organizations at
various maturity levels. Within-case analysis was an analysis of processes and situational factors
that impacted Al implementation and the development of digital transformation.

3.4 Framework Development

The Digital Transformation Readiness Assessment Framework (DTRAF) is a creation that builds
on the combined results of the quantitative and qualitative stages. The framework has been
repeatedly tested three times:

1. Expert review (n=7) of HR technology experts, digital transformation advisors, and
academic scholars. The panel came to an agreement regarding the dimensions and weight
distribution of the framework with an average score of 4.57 on a 5-point scale.

2. Pilot application in three organizations that were not part of the original sample, which
demonstrated predictive validity regarding implementation success.

3. Comparison with the current digital maturity frameworks.

The framework was refined after every round of validation to make it more transparent, useful,
and comprehensive.

3.5 Ethical Considerations

The study was given institutional ethics committee approval (approval code: HREC-2023-0715).
Every participant gave informed consent. During the data collection, analysis, and reporting,
organization and participant identities were anonymized. The data from the survey were saved in
a secure way by means of encrypted database systems, and only the research team could access
them.

4. Results

4.1 The Al adoption status in HRM Functions.
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The survey findings indicated that there were differences in the degree of Al integration in the
HRM functions. Figure 2 displays the adoption rates by functions, with talent acquisition having
the highest rate of implementation at 78.3, with learning and development and performance
management coming in at 62.5 and 56.5, respectively.

Al Adoption Rates across HRM Functions

Talent Acquisition 78.3%

Learning & Development 62.5%

Performance Management 56.5%
Workforce Planning 42.3%
Employee Engagement 38.7%
Compensation & Benefits 27.2%
0 20 a0 60 80 100

Al Adoption Rate (%)

Figure 2. Al Adoption Rates across HRM Functions.

Resume screening (84.2% of organizations using Al in recruitment) and performance analytics
dashboards (76.8% of organizations using Al in performance management) and recommendation-
based learning systems (69.4% of organizations using Al in learning and development) are the
most used Al applications.

Table 4 indicates the key reasons behind the use of Al in HRM functions based on the feedback
of the respondents surveyed.

Table 4. Primary Motivations for Al Adoption in HRM (n=184).

Motivation Percentage of Respondents
Improved operational efficiency 87.5%
Enhanced decision-making quality 76.1%
Cost reduction 69.6%
Competitive advantage 65.2%
Employees experience enhancement  58.7%
Strategic workforce planning 52.2%

Increased agility and responsiveness ~ 50.0%

4.2 Al Implementation Challenges and Success Factors

The respondents of this survey mentioned a number of pitfalls in implementing Al as part of HRM
functions. The most important barrier (78.3%), as well as skills gaps (65.2), and
employee/management resistance (59.2), occurred. The entire range of implementation challenges
is shown in Figure 3.
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Al Implementation Challenges in HRM

78.3%

Data quality and availability issues

Skills gaps in HR department

Employee/management resistance

Integration with existing systems 56.5%

Unclear ROI or business case

Privacy and ethical concerns

Budget constraints

Vendor selection difficulties

T T T
60 70 80

Percentage (%)

Figure 3. Al Implementation Challenges in HRM.

The case studies were conducted qualitatively to shed more light on these issues. Indicatively, the
introduction of an Al-based workforce planning tool in Organization D (manufacturing) also
created serious problems with data quality:

We found out that our historical employee data was not consistent throughout the departments,
and it was not standardized in terms of job titles. This needed 6 months of data cleaning efforts
before the Al system would make good predictions. (HR Director, Org-D)

Organization F (professional services) was met with opposition by middle managers:

First, managers perceived the Al performance system to be threatening their authority to evaluate.
We needed to redefine it as a decision support tool, but not necessarily a substitute for human
judgment. (Transformation Lead, Org-F)

On the other hand, our analysis identified a number of key success factors related to successful
Al application in HRM functions (Table 5).

4.3 Al and Human Resource Management Effectiveness.

Our comparison showed that HRM functional effectiveness had greatly improved after the
application of Al. The results of the measured improvements on key performance indicators by
the HRM function are summarized in Table 6.

These improvements were supported by case studies. In an example of Organization A
(technology), the report stated:

Our talent acquisition application, which uses Al to hire technical candidates, cut time-to-hire of
45 days to 12 days and increased scoring on hiring manager satisfaction scale by 3.2 to 4.5 on a
5-point scale.
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Table 5. Critical Success Factors for Al Implementation in HRM.

Success Factor Survey Representative Case Study Evidence
Score (1-5)

Clear strategic  4.63 "Our Al initiatives in HR were explicitly linked to broader

alignment digital transformation objectives from day one." (CHRO, Org-
A)

Executive sponsorship  4.51 "Having the CEO actively champion our Al recruitment
platform was crucial for organization-wide buy-in." (HR Tech
Lead, Org-B)

Cross-functional 4.38 "The partnership between HR, IT, and Analytics was the single

collaboration most important factor in successful implementation." (CIO,
Org-C)

Data governance 4.25 "Establishing clear data standards and ownership before

frameworks implementation saved us countless headaches later." (Data
Officer, Org-G)

Employee involvement 4.17 "Our employee advisory council provided critical feedback on

Al learning systems that substantially improved adoption."
(L&D Director, Org-E)

Phased 4.09 "Starting with a limited pilot in one division allowed us to refine

implementation our approach before scaling." (Project Lead, Org-H)

approach

Continuous evaluation 3.96 "Regular assessment of both technical performance and user

mechanisms satisfaction helped us course-correct quickly." (HR Analytics
Lead, Org-A)

Table 6. Measured Improvements in HRM Effectiveness Post-Al Implementation

HRM Function Key Performance Indicators Average Improvement
Talent Acquisition Time-to-hire 63%
Cost-per-hire 54%
Quality of hire (manager satisfaction) 42%
Candidates experience ratings 38%
Aggregate improvement across all KPIs 74%
Performance Management  Assessment completion rates 67%
Time spent on evaluations 66%
Goal achievement rates 31%
Employee satisfaction with feedback 27%
Aggregate improvement across all KPIs 68%
Learning & Development  Training completion rates 58%
Knowledge retention scores 43%
Time to proficiency 37%
Employee satisfaction with learning 65%
Aggregate improvement across all KPIs  61%
Workforce Planning Forecasting accuracy 47%
Resource utilization 39%
Labor cost optimization 28%
Employee Engagement Response rates to surveys 72%
Predictive accuracy of retention risks 61%
Action implementation rates 46%

*Note: The improvement percentages represent median figures for organizations that applied Al in each
specific function. Baseline measurements were conducted 12 months prior to implementation, and outcome
measurements were taken 12—18 months after implementation. Aggregate improvements were calculated
as the arithmetic mean of all KPIs within each function.
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Likewise, Organization C (healthcare) recorded high gains in learning outcomes:

The adaptive learning system was able to dynamically change training material depending on the
performance of an individual leading to a 43 percent increase in knowledge retention and a 37
percent decrease in time to proficiency with new clinical procedures. (Chief Learning Officer,
Org-C)

The correlation between Al in HRM and Digital Transformation Readiness is presented below
(4.4).

Regression analysis showed that the implementation of Al in the HRM functions was strongly
positively correlated with the scores of the readiness of the organization to the digital
transformation (Table 7).

Table 7. Regression Results — Impact of Al in HRM Functions on Digital Transformation Readiness.

HRM Function Standardized Coefficient () p-value R?

Talent Acquisition 0.418 <0.001  0.174
Learning & Development ~ 0.396 <0.001  0.157
Performance Management  (0.381 <0.001 0.145
Workforce Planning 0.353 <0.001  0.125
Employee Engagement 0.329 <0.001  0.108
Compensation & Benefits  0.287 <0.001  0.082

These relations were verified by structural equation modeling with the content of organizing size,
industry, and previous digital maturity being controlled (y*> = 287.42, p = 0.001, CFI = 0.923,
RMSEA = 0.059, SRMR = 0.046).

Additional discussion has established that Al represents a function of HRM that increases
readiness to digital transformation in three ways:

1. Digital capability development: Al use in the HRM functions, especially learning and
development, has expedited the creation of digital capabilities within the organization (path
coefficient = 0.473, p <0.001).

2. Cultivation of change readiness: The use of Al-powered engagement tools tracking and
responding to the resistance factors improved changes readiness in general at the organization
(path coefficient =0.412, p <0.001).

3. Leadership consistency: Al-enhanced performance management systems that had digital
transformation measures enhanced leadership consistency in transformation goals (path
coefficient = 0.389, p <0.001).

These mechanisms were supported by qualitative evidence, based on case studies. The CIO of
Organization B was quoted to say:

The Al-driven learning software has helped us to quickly upskill our employees on digital skills,
cutting our overall digital transformation efforts by around 18 months of our initial schedule.
(CIO, Org-B)
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In the same way, the CHRO of Organization G stated:

"We added a digital transformation contribution metrics into our Al performance system, which
resulted in the development of explicit incentives to promote and endorse digital efforts by leaders
within their departments. (CHRO, Org-G)

4.5 Digital Transformation Readiness Assessment Framework (DTRAF).

On the basis of our results, we have come up with Digital Transformation Readiness Assessment
Framework (DTRAF) to assist organizations to assess and improve their readiness to Al-driven
digital transformation in HRM. The framework includes five dimensions, each having certain
assessment criteria and maturity level (Figure 4).

Framework Dimensions that are Empirically Justified:

1. Strategic Alignment (Weight: 25) - Verifies the match of Al efforts and corporate
objectives. The sub-components are executive sponsorship, compatibility of resources
assignment, and long-term strategic plans. It is measured through leadership commitment scores,
percentages of budget allocation as well as the thoroughness of strategic roadmap. Weight
rationale: Regression analysis revealed the talent acquisition alignment (=0.418) to have the best
relationship with the digital transformation readiness. Executive sponsorship was regarded as
paramount in all eight case studies and Organizations A, B, and G directly linked the success to
strategic alignment.

2. Technological Readiness (Weight: 20%) - Measures the level of technical infrastructure
and the presence of technical facilities available, measures of data quality, integration-capability
of a system and the presence of technical expertise. The measurement criteria are the rate of
completeness of data, the factors of the API connectivity rating, and determination of the technical
competence of staff. Rationale weight: Data quality was the most common barrier (78.3 percent),
although its statistical change was moderately high ( 0.287- 0.353) when compared to the strategic
and cultural factors.

3. Organizational Capability (Weight: 15%) - It examines structural and human resource
factors of Al implementation, such as change management capacity, talent development programs,
and governance structures. Evaluated on the criteria of readiness to change, training completion,
and the completeness of policy framework. Rationale of weight: The skills gaps (65.2%), and the
training programs (76% of successful implementations) were found to have a consistent but
moderate level of importance in both the quantitative and qualitative data.

4. Process Adaptability (Weight: 15%) - Measures agility and productivity of existing HR-
related processes to accommodate Al integration, such as workflow enhancements, level of
standardization, and automation capability. Assessed in terms of process maturity ratings,
standardization ratings, and automation potential ratings. Rationale: Process improvement was
highly significant (Table 6) but statistically as important (beta=0.329-0.381) as organizational
capability.

5. Cultural Orientation (Weight: 25%) Helps to verify the organization culture receptiveness
to Al use, such as how employees respond to technology, attitude towards innovations, and
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teamwork. The measurement of these is the employee attitude survey, index of innovation and the
cross-functional collaboration index. Justification: The second barrier was resistance to change
(59.2%). Cultural preparedness made the difference between a successful and an unsuccessful
implementation, as was shown in case studies (particularly Org-F). Strong culture orientation in
organizations led to 73% less rates of resistance.

The AI-HRM Maturity Framework consists of five overlapping dimensions gauging the
preparedness of a particular organization to take up the challenge of integrating Al in human
resource management. Strategic Alignment ensures the compatibility of Al initiatives and
corporate objectives; its sub-elements are executive sponsorship, compatibility of resource
allocation, long-term strategic plans, and measurement, which is premised on the evaluation of
such factors as score on leadership commitment, percentage of budget allocation, and
completeness of a strategic roadmap. Technological Preparedness measures the level of technical
infrastructure and the presence and potential technical facilities and opportunities, the quality of
the data, the capabilities of the system integration, accessibility of the technical expertise, and
measurements of the ratios of the data completeness rates, API connectivity rating, and the
identification of the staff's technical competence. Organizational Capability examines the
structural and human resource feature of Al implementation that involves change management
capability, talent development schemes, and governance forms, and is measured by the change
readiness metric, training retention rates, and the sparsity of policy frameworks. Process
Adaptability measures the flexibility (in terms of adaptability and efficiency) of the existing HR
procedures to evolve to Al integration in terms of the possible enhancement of the workflow, the
level of standardization, and the extent of automation with the help of process maturity scores,
standardization measures, and automation possibility ratings. Cultural Orientation helps to test the
openness of the organizational culture to using Al, such as how the employees react to the
technology, how they feel about innovations, and how they work in a team by using employee
attitude surveys, the index of innovation, and collaboration in the overall cross-trading.

The scoring algorithm is rather elaborate and assigns the scores as weighted values on each
dimension with references to its relative importance to the successful implementation of AI-HRM,
with Strategic Alignment and Cultural Orientation being assigned higher weight (25% each)
because they are more of a fundamental nature, the Technological Readiness one has been
assigned 20%, and Organizational Capability and Process Adaptability have been assigned 15%
each of the total maturity. Individual component measurement utilizes a Likert system of five
points with averaging weights in the attempt to give dimension-specific scores on between 1.0
and 5.0 with rating decisions being made at maturity levels of Nascent (1.0-2.0), Developing (2.1-
3.0), Intermediate (3.1-4.0), Advanced (4.1-4.5), and Optimized (4.6-5.0). Implementation
guidance provides a systematic implementation process consisting of an initial assessment of the
organization by interviewing stakeholders, reviewing documents, and then gathering the data
based on the standardized surveys and observation forms, calculating the scores with the help of
the automated assessment tool, analyzing and interpreting the results based on benchmarking and
gap analysis, and formulating the recommendations concerning the specific improvements, which
should be taken by the organizations in the form of action plans with prioritization and
specification of the time during which it is possible to take the systematic maturity steps and
concentrate on the critical success factors.
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Figure 4. Digital Transformation Readiness Assessment Framework (DTRAF)

DTRAF Core Dimensions:

Strategic Alignment (Vision Integration, Leadership Commitment, Roadmap Development)
Infrastructure Capability (Technology Readiness, Data Quality, System Integration)
Organizational Potential (Skills Presence, Receptivity to Change, Governance Structures)
Process Standardization (Level of Standardization, Automation, Redesigning)

nhk W=

Cultural Orientation (Innovation Propensity, Risk Tolerance, Collaborative Tendency)

The dimensions are measured based on the maturity scale of five levels, giving each level distinct
indicators. As an illustration, Table 8 displays the maturity indicators of the dimension of
Technology Ready.

Expert review and pilot testing of the DTRAF provided an average of 4.57 (out of 5 points) in
usability rating, and a 0.82 inter-rater reliability coefficient, which demonstrates the high level of
consistency of the results of the assessment by the different evaluators.

The DTRAF weighting scheme was obtained using several sources of evidence:

. Outputs of regression analysis (Table 7) with the relative statistical contribution of each
dimension.

. Delphi method (3 rounds) by the expert panel on validity of practical relevance and
significance.

Case study analysis: Critical success factors and their impact relative to each other.
. Sensitivity analysis showing that it is robust in various organizational settings.
5. Evaluation and Discussion

5.1 Synthesis of Key Findings
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The findings of our study are based on empirical evidence of the catalytic role of the
implementation of Al in HRM functions to improve the readiness of the organization to digital
transformation. Several significant lessons can be gained based on the combined review of
quantitative and qualitative data.

To begin with, the heterogeneous influence of AI on HRM functions implies the possibilities of
strategic prioritization. The relationships with digital transformation readiness were the strongest
with talent acquisition, learning and development, and performance management, which implies
that these functions can be the best place to start with the introduction of Al into the organizations.

Table 8. Maturity Indicators for Technological Readiness Dimension.

Maturity Infrastructure Capability Data Quality System Integration

Level

Nascent Legacy systems withno Al  Siloed, inconsistent data with Isolated systems with
capability minimal governance manual interfaces

Emerging Basic cloud adoption with Partial data standardization Limited point-to-point
limited Al enablement efforts, but significant quality integrations between key

issues systems

Developing  Scalable infrastructure Established data governance API-based integration
with dedicated Al with moderate quality levels framework covering
environments core systems

Advanced Elastic, cloud-native Comprehensive data Extensive API
environment optimized for governance with high-quality, ecosystem with
Al workloads accessible datasets orchestration

capabilities

Transformed  Self-optimizing Real-time, high-quality data Fully integrated systems
infrastructure with  with automated governance with intelligent
embedded Al capabilities orchestration

Second, the specified implementation difficulties demonstrate the need to conduct preparatory
tasks prior to Al deployment. The fact that the prevalence of data quality issues (78.3% of
respondents) serves as an indicator of the necessity to consider efficient data governance
frameworks as the pre-condition to successful Al initiatives. On the same note, the skills gaps
level (65.2) is high implying that, building capabilities in the HR departments should be laid down
before the technology is put into use.

Third, three processes that connect AI in HRM to the digital transformation preparedness,
including the development of digital capability, cultivation of change preparedness, and alignment
with leaders, present a theoretical structure that one can use to understand the relationships
between Al and digital transformation preparedness. These mechanisms build on earlier research
by Bondar Ouk and Brewster (2016) that views HRM as both a subject and agent of digital
transformation by outlining how the Al technologies allow the latter two to interact in this dual
role.

Dynamics of resistance and preparedness in Time:
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The seemingly contradictory nature of resistance to change as the significant barrier (59.2% of
organizations) and enhanced digital transformation preparedness as the significant outcome can
be explained by the temporal and organizational nature of an AI-HRM implementation, as
illustrated in Figure 5.

The first resistance to change occurs in the implementation barrier stage during the first phase of
adoption (months 0-6) when the employees and the stakeholders are uncertain, facing skill
deficiencies, and disruptions of the process occur. Conversely, better digital transformation
preparedness is an observable result, which is attained when effective implementation has already
taken place (months 12-18+), and organizations have developed Al competencies, enhanced
processes, and created digital competencies.

59.2 percent of organizations that encountered resistance are those that are still starting the process
of adopting Al and have a challenge dealing with change management. In contrast, the reported
readiness benefits are the organizations that have managed to pass through the implementation
process, and they are at operational maturity. Such a time difference sheds light on the dynamics
of the implementation process, as resistance can be effectively addressed through the use of the
following change management strategies: adequate training programs, open communication
practices, rolling-out options, and continuous engagement of stakeholders, and eventually, the
organizational resistance can be changed into the willingness to adopt technology and digital
security.

The resistance-readiness transition indicates that although resistance is an unavoidable obstacle
in the context of the AI-HRM adoption, it cannot be considered a permanent obstacle but a
transitional one. Companies that effectively manage these dynamics with carefully organized
processes of change management can maximize the total experiences of digital transformation
and increase organizational flexibility.

The apparent discrepancy between the absence of the desire to change as one of the key obstacles
(59% of the organizations) and the enhanced readiness to digital transformation as one of the key
benefits can be attributed to the fact that the temporal and organizational dynamics of the AI-HRM
implementation are represented in Figure 5. The two significant types of resistance to change that
could be exhibited are an implementation barrier during the first phase of adoption where
employees and other stakeholders are uncertain about the change, lack of skills and process
disruption and the enhanced state of digital transformation preparedness as a quantifiable result
of the change when successful implementation has taken place and organizations have identified
and developed Al skills, enhanced processes, and workers possessing competencies of technology
savviness. The 59 per cent resistance means that the organizations are at the first stage of the Al
adoption process, and to some degree, are still grappling with the change management aspect, and
the reported advantages are those companies that have successfully overcome the implementation
procedure and instilled operational maturity. This difference in time lends a considerable weight
to the element of the dynamic of the processes, the emergence of which can be effectively opposed
by incorporating the seeds of the requisite change management policies primarily via proper
training courses and open communication policy, stealth roll-out facility, and the continuous
engagement of the stakeholders and ultimately transforming organizational reluctance into the
smoldering willingness to adopt technology and digital protection. The alternation of resistance
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and readiness confirms the necessity to view the resistance barrier as inevitable but not the sole
one to the process of AI-HRM approval, but as the one that can be used to streamline the overall
experience of digital transformation and organizational ability as practiced by organizations
managing these dynamics adequately.

Benefits (59% of organizations) transforms J
80 Enhanced Digital Readiness ss through effective change management
I improved Efficiency
I Better Decision Making
BN Process Optimization

60

BENEFITS

40 1

]
o
L

|
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—60 4
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Data Privacy Concemns
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Figure 5: Temporal Relationship Between Barriers and Benefits in AI-HRM
Implementation.  Line graph  showing two curves over 24 months:
1. Resistance curve: High (70%) at month 0, declining to low (15%) by month 18
2. Digital Readiness curve: Low (25%) at month 0, increasing to high (85%) by month 18
Key phases marked: Initial Resistance (0-6 months), Transition Period (6-12 months),
Maturity Phase (12-18+ months).

General findings of Temporal Analysis:

* Months 0-6 (Initial Resistance Phase): Maximal resistance (59-70%), which is marked by
uncertainty, skills gap, and disruption of the process.

*  Months 6-12 (Transition Period): The response to resistance decreases (40-30%), early gains
start to show as the users develop competency.

e 12-18+ (Maturity Phase): Low resistance (15-20%), extensive improvements in readiness
(75-85%) are evident.

Critical Success Factor: those organizations that invest in change management within the period
of months 0-6 are transitioned to the maturity phase 2.3x faster.

The case studies support this time view. Organization F first recorded 68% middle manager
resistance but made 82% adoption satisfaction in month 16 with restructuring Al as a decision
support tool. Likewise, the six-month data quality initiative of Organization D (a type of breaking
first barriers) also came before successful Al implementation, which resulted in 74% accuracy
increase in their forecasts.
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5.2 Theoretical Implications

This study enhances the available literature in a number of aspects. It builds upon the digital
transformation preparedness literature by defining particular HRM capabilities that can make
organizations better prepared for digital initiatives. Although the previous studies proved the
significance of human factors to digital transformation (Warner and Wéger, 2019), our research
quantifies the relative impact of various functions of HRM. It singles out Al applications that have
the greatest impact.

The discovery of time-related dynamics of the resistance-to-readiness transition can add to the
change management theory by illustrating that the barriers to implementation and transformation
results are time-dependent and that they should be analyzed at different time scales.

Moreover, the research also adds to the knowledge concerning the use of technology to serve
HRM functions to move beyond the measures of implementation success. The previous literature
focused on individual HRM procedures (van Esch et al., 2019) and technologies (Cheng et al.,
2021); the current study includes a general overview of the potential and existing Al
implementation at the HRM value chain and its correspondence with the organizational strategy.

DTRAF, in turn, is a conceptual development that conceptualizes and quantifies the technological,
organizational, and human factors of readiness in digital transformation. Additional models of
digital maturity are more technological and operation-based (Kane et al., 2017), whereas DTRAF
considers the people management in the specific criteria of the HRM operation.

5.3 Practical Implications

The implications of our research for organizations that intend to employ Al in HRM to promote
DT readiness are as follows:

1. This is to attract interest to the fact that Al has different impacts on HRM functions and
that the most impact has been observed in the three functional areas: acquisition of talent,
learning and development, and performance management, we would suggest that
organizations emphasize the most strategic applications of Al to provide digital
transformation readiness.

2. Reinforcement: An appropriate data management system, the presence of the appropriate
skills in the HR department, and the reflection on the possible measures to avoid
opposition to change are all essential before implementing Al technologies.

3. Temporal Planning: It is expected that early resistance (months 0-6) will take place, but
an 18-24 month schedule should be implemented to achieve significant readiness benefits,
and change management resources should be dedicated in the initial months.

5.4 Limitations

A number of limitations can be admitted. First, although we had a heterogeneous sample, some
industries (especially technology and financial services) were overpopulated, which may not be
generalizable to all industries. Second, our quantitative data is cross-sectional, which does not
permit making conclusive causal inferences about the causality between the adoption of Al and
the digital transformation preparedness; longitudinal research is required to be able to make
conclusive causal inferences.

Third, self-reported measures of implementation success can be biased by the respondents but we
tried to address this by triangulation with objective measures where possible in case studies.
Fourth, the retrospective analysis in Figure 5 relies upon retrospective case study data and cross-
sectional survey data in place of actual longitudinal tracking that restricts us in terms of capturing
organizational trajectories at the individual level.

6. Conclusion and Future Work
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6.1 Conclusion

This research will supply with empirical data that the application of Al to the HRM functions
contributes highly to the digital transformation preparedness of an organization. The study found
talent acquisition, learning and development, and performance management as the HRM functions
that have the most significant influence on the readiness to transform digitally when enhanced
with the capabilities of Al.

Notably, this study proves that the opposition to Al implementation and enhanced digital
transformation preparedness are not mutually exclusive but are dissimilar stages of the
implementation process. Any organization can be expected to shift to greater digital preparedness
in 18-24 months when it predicts and manages the resistance at the beginning with established
change management.

This is explained by the following three factors: development of digital capability, cultivation of
change readiness, and alignment of leadership. The research study has suggested Digital
Transformation Readiness Assessment Framework (DTRAF) that can be used to test the
organization’s ability to carry out Al-based digital transformation projects.

The inferences draw a focus to the observation that it is important to treat HRM as a supporting
role but also as an enabler of the digital transformation of the organization. Organizations that
adopt Al technologies in different fields of HRM can promote the creation of digital capabilities
at an accelerated rate, enhance the capacity of an organization to accommodate change, and make
certain that the leadership of an organization is on par as regards organizational transformation.

6.2 Future Work
Further research can follow several directions:

Longitudinal Studies: The pure longitudinal studies that would trace organizations over the
implementation steps, starting with initial adoption and all the way to full maturity (24+ months)
would determine conclusive causal results and test the temporal dynamics hypothesized in Figure
5.

DTRAF Refinement: Continued testing of the DTRAF framework in various organizational
settings, including sensitivity analysis on various weighting schemes as well as testing predictive
validity of long-term outcomes of transformation.
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