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were analyzed using principal component analysis 
(PCA) to identify usage patterns and to cluster users 
based on their behaviors. Utilizing these insights, 
customized change management strategies were 
proposed for each user group. The study highlights that 
aligning data-driven insights with structured change 
management methodologies can significantly enhance 
the adoption of digital tools and improve operational 
data quality within semiconductor manufacturing 
environments.  
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1. Introduction

The semiconductor industry is a critical driver of 
the global economy and technological advancement, 
playing a vital role in modern society through 
applications in smartphones, computing, and defense 
systems [1]. The industry reached approximately USD 
600 billion in 2021 and is projected to grow to USD 1 
trillion by 2030 [2]. To maintain competitiveness, 
semiconductor manufacturers have increasingly 
adopted digital innovation tools as part of smart 
manufacturing initiatives. Notably, a 10-percentage 
point increase in digital adoption is associated with a 
3.5% improvement in productivity [3]. Leading firms 
such as Samsung and Siemens utilize technologies 
like 5G, AI, AGVs, and AR to streamline operations 
and enhance decision-making efficiency [4], [5]. 

Despite these advancements, technological 
implementation alone is insufficient for successful 
transformation. Organizational resistance often 
hampers innovation, with around 70% of change 
initiatives failing to meet their goals due to ineffective 
change management [6]. Conversely, projects with 
strong change management practices are seven times 
more likely to succeed [7]. 

This study investigates the case of Company A, 
focusing on the introduction of a digital checklist 
system for semiconductor equipment installation. The 
research analyzes resistance factors and evaluates the 
effectiveness of change management strategies based 
on the ADKAR model. A mixed-method approach 
was applied, combining qualitative insights and 
quantitative performance assessments through PCA. 

The structure of this paper includes a review of 
change management theories (Section 2), an empirical 
case study (Section 3), performance evaluation pre- 
and post-intervention (Section 4), and implications for 
broader application and future research (Section 5). 
The study aims to provide practical guidelines for 
fostering successful digital transformation in the 
semiconductor sector and beyond.  

https://doi.org/10.18421/TEM152-89
mailto:bhc095@gmail.com
https://www.temjournal.com/
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2. Literature Review 
 
This section presents the key concepts and prior 

studies that support this research. In particular, it 
reviews digital transformation in the semiconductor 
industry, change management frameworks, and 
analytical methods used to classify patterns of tool 
usage and data quality. 
 
2.1. Digital Transformation and the Semiconductor 

Industry 
 

Digital transformation refers to the fundamental 
reshaping of business models, operational processes, 
and customer value through the adoption of digital 
technologies [8]. Digital transformation extends 
beyond the mere adoption of new technologies; it 
necessitates a fundamental shift in business models, 
organizational structures, and operational processes 
[9]. Digital transformation is widely recognized for its 
positive impact across industries, including enhanced 
operational efficiency, improved customer 
experiences, and the creation of new revenue models 
[10]. 

Digital innovation serves as the technological and 
strategic foundation enabling such transformation. It 
involves the development of new digital technologies 
or the creative use of existing ones to produce novel 
products, services, or business processes [11], [12]. In 
this study, the digital tools used in empirical analysis 
are defined not simply as IT systems, but as digital 
innovation tools that drive change and adaptation 
within the organization. These tools act as catalysts for 
transformation, closely tied to organizational 
capabilities, data quality, and real-time decision-
making systems. 

Despite its critical role in supporting digital 
transformation across industries, the semiconductor 
industry, characterized by high-precision processes 
and global supply chains, has shown relatively slow 
adoption [13]. The focus on short-term productivity 
gains often delays long-term system upgrades. 
Additional constraints include data silos, lack of cross-
departmental integration, high perceived upfront 
investment costs, and the inherent complexity of 
semiconductor manufacturing processes. 

Nevertheless, leading companies such as TSMC, 
Samsung Electronics, Intel, SK hynix, and ASML are 
actively pursuing digital transformation through the 
integration of AI, digital twins, and collaborative 
platforms. Examples include TSMC’s SmartGO 
system, SK hynix’s Panoptes VM, and ASML’s 
deployment of the ServiceNow platform—
demonstrating that digital tools can yield substantial 
improvements in productivity, quality, and 
operational control.  

Table 1 summarizes representative cases of digital 
transformation initiatives implemented by major 
semiconductor companies, highlighting their strategic 
objectives and the resulting outcomes. 

 
Table 1. Cases of digital transformation in major 
semiconductor companies 
 

Company Case Description Outcome 

TSMC 

AI-driven risk 
detection and 

inspection system 
with SmartGO 

vehicle registration 
and Blue Book code 

updates 

Achieved “Zero 
Accidents” through 
process and safety 
improvements [14] 

Samsung 

Application of 
digital twin 

technology in 
semiconductor 

manufacturing lines 

Increased 
production 

efficiency and 
strengthened global 

competitiveness 
[15] 

Intel 
AI-based customer 
segmentation using 

web analysis 

Expanded customer 
base and partnership 

opportunities 
[16] 

ASML 

Use of ServiceNow 
to optimize global 
collaboration and 

workflow 
automation 

Improved data-
driven decision-

making and 
productivity across 
32,000 employees 

[17] 

SK hynix 

Implementation of 
ePanoptes VM’ for 
predictive quality 

control using sensor 
data 

Reduced process 
variability by 21.5% 
and improved yield 

[18] 

 
Company A, the subject of this study, also 

introduced a digital tool aimed at enabling real-time 
monitoring of engineering tasks and supporting data-
driven decision-making in semiconductor equipment 
installation. However, the initiative faced several 
challenges, including user resistance, low adoption 
rates, data quality issues, and ineffective change 
management efforts. Poor data quality, particularly 
inaccurate data entries resulting from human and 
organizational factors, has been identified as a major 
barrier to realizing the benefits of digital initiatives in 
production environments [19]. Despite its technical 
success, the project demonstrated the critical gap 
between technological implementation and 
organizational integration, underscoring the 
importance of a structured change management 
strategy for successful digital transformation. 
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2.2. Change Management Theory and the ADKAR 
Model 

 
Technological implementation alone does not 

ensure successful organizational change. 
Psychological acceptance and behavioral shifts among 
employees are equally important [20], [21]. To 
address this, various change management theories 
have been developed, including the 3-stage change 
model [22], [23], the 8-step change process [24], [25], 
the 7S model [26]. Other notable approaches include 
the transition model [27], the change curve [28], and 
the nudge theory [29]. Table 2 provides a comparative 
overview of major change management models, 
summarizing their key characteristics, strengths, and 
limitations. 

While effective for large-scale restructuring or 
mergers, these models often fall short in managing the 
micro-level changes associated with digital innovation 
in daily operations [30]. 
 
Table 2. Comparison of change management models 
 

Model  Key 
Characteristics Strengths Limitations 

Lewin 
(3-Stage) 

 
Unfreeze - 
Change - 
Refreeze 

Simple and 
intuitive, 
useful for 
managing 
resistance 

Lacks 
detailed 

implementati
on guidance 

Kotter 
(8-Step) 

 
Structured 

phases, strong 
emphasis on 
leadership 

Effective 
for large-

scale 
changes 

Time-
consuming 

and complex 

McKinse
y 7S 

 Aligns strategy, 
structure, 

systems, style, 
staff, skills, and 
shared values 

Holistic 
organizatio

nal 
diagnostics 

Complex 
implementati

on 

Kübler-
Ross 

 Five emotional 
stages: Denial, 

Anger, 
Bargaining, 
Depression, 
Acceptance 

Helps 
understand 
psychologi

cal 
reactions 

Lacks 
actionable 

guidance for 
organizations 

Bridges 
Model 

 Focuses on 
personal 

transition: 
Ending, Neutral 

Zone, New 
Beginning 

Supports 
psychologi

cal 
adjustment 

Lacks 
process-level 

structure 

Nudge 
Theory 

 Encourages 
voluntary 
behavior 

change through 
subtle cues 

Minimizes 
resistance 

Limited in 
scope for 
complex 

organizationa
l change 

 

This study adopts Prosci’s ADKAR model as its 
theoretical foundation. ADKAR offers a structured 
framework that supports individual change, making it 
particularly effective for embedding digital tools in 
daily workflows [20], [21]. The model outlines five 
sequential elements that guide the change process: 
First, Awareness involves helping individuals 
understand the need for change. Second, Desire 
focuses on fostering motivation and willingness to 
participate in the change. Third, Knowledge entails 
equipping individuals with the necessary skills and 
information to implement the change effectively. 
Fourth, Ability refers to the application of acquired 
knowledge and skills in actual work tasks. Finally, 
Reinforcement ensures that the change is sustained 
over time through continuous feedback, recognition, 
and support. 

ADKAR is especially useful in the early phases of 
digital transformation, where user resistance and low 
engagement are common. In Company A’s case, the 
limited utilization of digital tools was largely due to 
failures in the Awareness and Desire stages, where the 
need for change and its potential benefits were not 
effectively communicated. Implementing a change 
strategy based on ADKAR can significantly increase 
the likelihood of successful digital integration. 

Although ADKAR effectively structures the 
process of individual adoption, it lacks mechanisms to 
quantitatively evaluate progress. To address this, the 
study introduces data analytics techniques that assess 
the degree of adoption at each stage. By integrating 
data collection and principal component analysis 
(PCA), the change process becomes more measurable 
and responsive, allowing for evidence-based feedback 
and continual improvement.  

Recent studies have attempted to overcome this 
limitation by integrating ADKAR with machine 
learning approaches. For instance, [31] applied 
XGBoost and SHAP to quantify the influence of each 
ADKAR factor on e-learning readiness, identifying 
“Ability” and “Desire” as the most critical 
determinants. This integration of explainable AI and 
change management provides actionable insights and 
enables targeted interventions, illustrating the 
potential of data-driven strategies in facilitating digital 
adoption. 

 
2.3. Determination of the Number of Clusters 
 

The number of clusters was determined using a 
combination of the Scree Plot and the Silhouette 
Coefficient. 

First, a Scree Plot was used to determine the 
number of principal components to retain in the 
principal component analysis (PCA). The Scree Plot 
arranges eigenvalues (𝜆𝜆λ) in descending order and 
visualizes them as a curve.  
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According to the scree test, the “elbow point,” 
where the eigenvalue decline becomes less steep, 
indicates the appropriate number of principal 
components to retain [32], [33]. 

Second, the Silhouette Coefficient was applied to 
determine the optimal number of clusters. The 
silhouette value 𝑠𝑠(𝑖𝑖) for each data point 𝑖𝑖 is defined as: 

 

𝑠𝑠(𝑖𝑖) =  𝑏𝑏(𝑖𝑖)−𝑎𝑎(𝑖𝑖)
max (𝑎𝑎(𝑖𝑖),𝑏𝑏(𝑖𝑖))

                       (1) 
 

where: 
 

- 𝑎𝑎(𝑖𝑖) is the mean distance between 𝑖𝑖 and all 
other points in the same cluster, 

- 𝑏𝑏(𝑖𝑖) is the minimum mean distance between 𝑖𝑖 
and all points in any other cluster. 
 

The interpretation of 𝑠𝑠(𝑖𝑖) is as follows: 
 

- 𝑠𝑠(𝑖𝑖) close to 1 indicates that the data point is 
appropriately clustered. 

- 𝑠𝑠(𝑖𝑖) close to 0 suggests that the data point is 
located near the decision boundary between 
clusters. 

- 𝑠𝑠(𝑖𝑖) close to -1 indicates that the data point 
may have been incorrectly assigned to a 
cluster [32]. 
 

In this study, the optimal number of principal 
components and clusters was determined by jointly 
analyzing the results of the Scree Plot and the 
Silhouette Coefficient. 
  
2.4. Data Analysis Technique: Principal Component 

Analysis (PCA) 
 

Principal component analysis (PCA) is a 
multivariate statistical method used for data 
visualization, dimensionality reduction, and 
identifying key sources of variation in complex 
datasets [34], [35]. It transforms correlated variables 
into a smaller number of uncorrelated components, 
preserving as much variance as possible. PCA is 
especially effective when dealing with large datasets 
that contain redundant or highly correlated variables 
[34]. 

The process of PCA calculation is as follows. 
First, the covariance matrix Σ of the data matrix 𝑋𝑋 

is computed. The covariance matrix is calculated as: 
 

∑ = 1
𝑛𝑛
𝑋𝑋𝑇𝑇𝑋𝑋                                 (2) 

 

where 𝑛𝑛 represents the number of samples.  

It should be noted that 𝑋𝑋 must be mean-centered 
prior to this calculation, meaning that the mean of each 
column is subtracted to ensure that each variable has a 
mean of zero. 

Second, the eigenvalues (𝜆𝜆𝜆𝜆) and corresponding 
eigenvectors (𝑣𝑣𝑣𝑣) of the covariance matrix Σ are 
computed. 

 

                                  ∑𝑣𝑣𝑖𝑖 = 𝜆𝜆𝑖𝑖𝑣𝑣𝑖𝑖                                 (3) 
 

- 𝜆𝜆𝜆𝜆 represent the amount of variance explained 
by each principal component. 

- 𝑣𝑣𝑣𝑣 are the eigenvectors indicating the 
directions of the principal components. 

 

This study uses PCA to reduce the dimensionality 
of eight data quality indicators associated with digital 
tool data quality and usage. The goal is to extract 
latent dimensions that explain variance in adoption 
behavior and visualize cluster characteristics in a 
structured manner. These components are then linked 
to stages of the ADKAR model, enabling a more 
targeted analysis of resistance factors within specific 
groups. 

Ultimately, PCA provides a data-driven foundation 
for identifying obstacles to change and formulating 
improvement strategies. It serves not only as a 
statistical tool but also as a strategic instrument for 
enhancing change management efforts in digital 
transformation. 
 
3. Methods 
 

This section describes the case context, the 
checklist design, the data collection process, and the 
analytical procedures used in this study. 

This study aims to empirically analyze the 
challenges encountered in the digital transformation 
process within the semiconductor industry, 
specifically focusing on the failure of digital 
innovation tools to achieve operational adoption. The 
research diagnoses data quality issues arising after 
tool implementation and quantitatively measures them 
using a checklist linked to the ADKAR change 
management model. Subsequently, the collected data 
were analyzed using PCA to identify user group 
characteristics and problem types, based on which 
customized change management strategies were 
proposed. The overall research procedure is illustrated 
in Figure 1. 

 
 

 
 

Figure 1. Procedure for deriving change management strategies for digital innovation tools 
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3.1. Case Description and Overview of the Digital Tool 
 

The subject of analysis is a digital innovation tool 
developed and operated by Company A, designed to 
manage the installation and operation of front-end 
semiconductor equipment. The tool’s primary 
functions include real-time tracking and management 
of forecasted and actual facility completion dates, task 
status updates, and the causes and durations of delays. 
Data are primarily entered by field engineers via 
laptops, with some data points collected automatically 
through integrated systems.  

 

The collected data are categorized into three 
domains: 

 

(1) Facility data: Forecasted completion dates, 
actual completion dates, and schedule deviations, 

(2) Task data: Task initiation dates and labor hours, 
(3) Delay data: Cause of delay, start date, and 

duration. 
 

These data sets are critical for project scheduling, 
equipment utilization analysis, and operational 
optimization decisions. The conceptual structure of 
the digital innovation tool and sample data examples 
are presented in Figure 2 and Table 3, respectively. 
 

 
 

Figure 2. Conceptual structure of the digital innovation tool 
 
Table 3. Digital innovation tool data examples 
 

Equipment Facility 

Equipment A 

Scheduled 
completion 

Actual 
completion Gap 

2023-10-01 2023-10-05 4days 
Task 
Item Start Duration 
1: Equipment 
move-in 2023-09-25 10days 

2: Equipment 
docking 2023-09-27 5days 

… … … 
Delay 
Reason Start Duration 
Manpower 
shortage 2023-09-28 10days 

Wafer 
shortage 2023-10-11 5days 

Equipment B 

Facility …   

Task …   

Delay …   
 
 
 
 

 
3.2. Design of the Data Quality Checklist 

 
The core problem identified after digital tool 

deployment was the degradation of data quality. Based 
on the taxonomy of dirty data [36], a data quality 
checklist was developed.  

Error types were classified into seven categories: 
Missing, inconsistent, integrity violation, non-
standard format, ambiguity, and others. Using these 
categories, eight specific evaluation items were 
derived for the checklist. 

To enhance the practical applicability and 
diagnostic precision of the checklist, eight checklist 
items were carefully defined according to specific data 
error types and operational contexts. Particularly, the 
second item was subdivided into two detailed 
categories due to its high occurrence frequency and 
complex root causes. This structured categorization 
enhanced the specificity and effectiveness of data 
quality assessments and provided a systematic basis 
for improvement measures. The definitions of the 
eight items are summarized as follows: 
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- Missing updates: Occurs when data updates are 
omitted, significantly lowering system data quality. 
This issue is associated with missing data where no 
null-not-allowed constraint is applied. 

- Missing delay: Evaluates the accuracy and 
sustainability of delay reporting mechanisms, 
related to missing data where a null-not-allowed 
constraint should be enforced. 

- Missing tool completion: Measures the 
completeness of task reporting and verifies users’ 
technical ability to perform reporting tasks, also 
related to missing data requiring null-not-allowed 
constraints. 

- Facility forecast: Assesses the importance of 
accurate forecast entry at the planning stage and the 
users’ understanding of its impact on the system. It 
falls under the non-enforceability of automatically 
enforceable integrity constraints. 

- Tool start: Highlights the necessity of recording 
task start dates for accurate management and 
tracking, associated with non-enforceability of 
integrity constraints within a single table or file. 

- Data inconsistency: Occurs when entered data 
lacks consistency across systems, commonly 
arising from users’ insufficient knowledge of data 
structure and design. It corresponds to different 
data for the same entry across multiple databases. 

- Work management experience: Evaluates users’ 
practical skills and experience in maintaining data 
quality, linked to ambiguous data caused by 
incomplete context or excessive abbreviation use. 

- Open tasks: Focuses on reinforcing the accuracy 
and consistency of task completion reports and on 
users’ ability to retain learning through feedback 
mechanisms. It relates to different representations 
of non-compound data. 
 

Figure 3 and Table 4 illustrate the selection and 
classification process of data errors for the 
development of the checklist. 
 
 
 
 
 
 

 
 

Figure 3. Selection of errors for the checklist 
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Table 4. Mapping of data errors and data quality checklist 
items 
 

Taxonomy of dirty data Data Quality Checklist 
Missing data where there is 
no null-not-allowed 
constraint 

Missing updates 

Missing data where null-
not-allowed constraint 
should be enforced 

Missing delay /  
Missing tool completion 

None-enforceability of 
automatically enforceable 
integrity constraints 

Facility forecast  

Non-enforceability of 
integrity constraints Tool start 

Different data for the same 
entry across multiple 
databases 

Data Inconsistency 

Ambiguous data Work management 
experience  

Non-standard conforming 
data Open tasks 

 
Each checklist item was designed to align with the 

ADKAR model stages (Awareness, Desire, 
Knowledge, Ability, Reinforcement), allowing for the 
analysis of psychological and behavioral factors 
underlying data quality issues. For example, Facility 
forecast is associated with Awareness (recognition of 
change necessity), Missing Updates is linked to Desire 
(willingness to engage), Data Inconsistency relates to 
Knowledge (understanding system structure). Table 5 
summarizes the mapping between each checklist item 
and the corresponding ADKAR stage.  

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

Table 5. Alignment of data quality checklist, and ADKAR 
elements 
 

Step Definition Data Quality Checklist 

Aware- 
ness 

Awareness of 
the Need for 
Change 

•Facility Forecast - As the first 
step of data entry and work 
preparation, it is a critical 
element for users to understand 
and prepare for their tasks. 
Through this process, users 
recognize the impact of the data 
on the overall system. 

Desire 

Desire to 
Participate in 
and Support 
the Change 

•Missing Updates – The desire 
for change plays a vital role in 
maintaining the consistency of 
data updates. If users lack the 
desire to change, they are more 
likely to neglect or overlook the 
data updating process. 

Knowl- 
edge 

Knowledge of 
How to 
Change 

•Data Inconsistency – 
Resolving data inconsistency 
and anomaly issues requires 
users to have sufficient 
knowledge of the data structure 
and system design. 
•Tool Start - Accurate entry and 
management of start dates 
demand essential knowledge. If 
users do not fully understand 
the importance of start dates 
and the correct method of 
entering them, data omissions 
or inaccurate entries may occur. 

Ability 

Ability to 
Implement the 
Required 
Skills and 
Behaviors 

• Work Management 
Experience - Practical abilities 
to manage data and meet system 
requirements are essential. This 
involves developing concrete 
skills through learning and 
experience to maintain data 
quality effectively. 
• Missing Tool Completion - 
Installation completion 
reporting requires users to have 
the ability to accurately 
complete data reporting. This 
stage emphasizes the technical 
capability to transform acquired 
knowledge into actual 
execution. 

Reinforce 
-ment 

Reinforcement 
to Sustain the 
Change 

•Open Task – Open task 
reporting supports continuous 
reinforcement through repeated 
learning and training. Regular 
feedback and reinforcement 
mechanisms are necessary to 
ensure the sustainability of data 
and task management 
• Missing Delay - Delay 
reporting is crucial for 
maintaining data accuracy, 
supported by continuous 
feedback and reinforcement 
mechanisms. 
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3.3. Scoring System and Data Collection Approach 
 

To empirically analyze data quality issues 
following the adoption of the digital tool, data 
collected from approximately 5,000 equipment units 
operated across 20 countries were utilized. The system 
involved approximately 2,000 active users, and data 
were gathered over an 18-month period (from June 1, 
2023, to December 31, 2024). 

The data were aggregated weekly by averaging 
daily entries (Monday through Friday) per equipment 
unit. For example, if data were accurately entered on 
four out of five working days, the resulting weekly 
quality score would be 0.8. This approach enabled 
quantification of weekly variability in data quality and 
provided a foundation for subsequent time-series 
analysis and clustering. The data quality evaluation 
was based on the eight-item checklist, with each item 
scored as follows:  

 

- 1 point for correct data entry, 
- 0 points for errors or missing entries. 

 

Furthermore, each checklist item was interpreted 
through the lens of the ADKAR model to diagnose the 
underlying change management challenges. For 
instance: 

 

- Facility forecast correlates with Awareness 
(recognition of the necessity of change), 

- Missing updates with Desire (commitment to 
change), 

- Missing tool completion with Ability (execution 
capability), 

- Task completion with Reinforcement 
(sustainability of change). 

 

Table 5 presents a sample dataset illustrating the 
application of the data quality checklist. 

The checklist thus functioned as an integrated tool 
for simultaneously measuring change adoption and 
data quality. Through itemized scores, localized and 
equipment-specific problems could be diagnosed, 
enabling the development of targeted change 
management strategies. 
 
3.4. Data Analysis 
 

Before conducting PCA, the optimal number of 
clusters was determined using both the scree plot and 
the silhouette score plot shown in Figure 4.  

 

 
 

Figure 4. (a) Scree plot showing the eigenvalues for 
principal component selection; (b) Silhouette score plot 

used to identify the optimal number of clusters 
 

Although the scree plot suggested an elbow point 
around three clusters, the PCA visualization and the 
observed separation patterns indicated that four groups 
provided a more meaningful interpretation of user 
behavior. Therefore, four clusters were adopted for the 
final analysis and subsequent strategy development. 

PCA was utilized to visualize the data structure and 
to intuitively explore the distribution, separation, and 
internal characteristics of the clusters. Figure 5 
presents a two-dimensional PCA projection, where 
Principal Component 1 (PC1) and Principal 
Component 2 (PC2) represent the major components 
of variance within the dataset. Each data point 
corresponds to an individual equipment unit, and 
colors and markers indicate the results of subsequent 
clustering analysis. 
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Figure 5. PCA visualization result example 
 
The PCA visualization provided critical insights 

into the overall data distribution and structure. It 
enabled the identification of whether data points were 
concentrated or evenly dispersed across the principal 
component space, facilitating the analysis of major 
distributional trends. In addition, the visualization 
allowed for the detection of potential outliers, as data 
points located at the periphery of the distribution often 
indicated anomalies requiring further investigation to 
improve data quality. Furthermore, the PCA results 
served as a guide for refining future analyses by 
suggesting whether adjustments to the number of 
clusters or alternative analytical directions might be 
necessary based on the observed patterns. 
 
4. Results 

 
This section presents the main findings of the study 

based on the collected checklist data. It reports the 
results of the PCA and clustering analyses and 
explains how the identified user groups were linked to 
tailored change management strategies. 
 
4.1. Analysis of Data Quality through Principal 

Component Analysis (PCA) 
 

This study conducted a PCA to evaluate data 
quality following the implementation of a digital 
checklist in the semiconductor equipment installation 
process. PCA was employed to reveal underlying data 
structures, distinguish user groups, and identify 
patterns of data inconsistencies. 

(1) Determination of principal components and 
clustering logic:  

The initial determination of dimensionality was 
based on the Scree Plot and Silhouette Score, where 
the eigenvalues showed a marked elbow at two 
components. Two principal components were retained 
for interpretation. 

Additionally, following a similar methodological 
approach to [37], the cumulative explained variance 
by the first two principal components was calculated 
to validate the dimensionality reduction.  

The two principal components together explained 
approximately 56.77% of the total variance, which is 
considered sufficient for identifying major patterns in 
operational data quality. This dimensionality choice is 
further supported by observations in [38], where it is 
noted that in real-world data sets, achieving around 
50–60% cumulative explained variance with the first 
few principal components is fairly common, 
especially when the original variables exhibit 
moderate correlations. Principal Component 1 
(PCA1) primarily captured the overall data quality 
level, driven by variables related to task completion, 
data consistency, and management reporting.  

- PCA1 = -0.0378⋅X1 -0.1569⋅X2 +0.0106⋅X3 -
0.2583⋅X4 -0.0249⋅X5 -0.1826⋅X6 -0.9002⋅X7 -
0.2506⋅X8 (X1: Missing delay, X2: Facility forecast, 
X3: Missing tool completion, X4: Data inconsistency, 
X5: Tool start, X6: Missing updates, X7: Work 
management experience, X8: Open tasks) 

Principal Component 2 (PCA2) represented error-
specific variations, particularly inconsistencies across 
multiple databases. 

- PCA2 = -0.1312⋅X1 -0.0857⋅X2 +0.0017⋅X3 -
0.9094⋅X4 +0.0162⋅X5 -0.1539⋅X6 -0.3392⋅X7 -
0.0968⋅X8 

Visualizing the two principal components showed 
that the user data could be meaningfully interpreted as 
four distinct groups. Clear separation boundaries were 
observed in the PCA space, supporting the decision to 
categorize the users into four clusters for tailored 
strategy development. 

(2) Interpretation of principal components: 
 PCA1 (overall data quality dimension): Heavily 

influenced by attributes such as timely task 
completion, accurate report submissions, and 
consistent data entry. Users with lower PCA1 scores 
exhibited superior data quality, with high precision 
and consistency across operational reporting metrics. 

PCA2 (error-specific variability dimension): 
Dominated by data mismatches between systems, 
PCA2 differentiated users based on their propensity to 
cause database inconsistencies. Higher PCA2 values 
indicated greater deviations and inconsistencies in 
task documentation across platforms. 

Through PCA, it was possible to categorize users 
not only based on general quality levels but also on the 
nature of the errors they were prone to commit. 

(3) Summary of cluster characteristics based on 
PCA mapping: 

Cluster 0 (high data quality): Lowest PCA1 and 
PCA2 scores, indicating excellent overall quality and 
minimal inconsistency. Users demonstrated strong 
adherence to reporting standards and system usage 
protocols. 

Cluster 1 (moderate data quality with minor 
deviations): Slightly higher PCA1 values, with 
localized issues in updating tasks and maintaining 
consistency, although most operational metrics 
remained stable. 
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Cluster 2 (low data quality and system resistance): 
Highest PCA1 scores, reflecting significant issues 

in timely task updates, missing reports, and reluctance 
or failure to fully adopt the digital tools. 

Cluster 3 (data consistency issues): Elevated PCA2 
values, suggesting that while basic task tracking was 
adequate, database synchronization and consistency 
between systems were frequent sources of error. 
 
 

4.2. Development of Change Management Strategies 
Based on Clustering Results 

 
Using the PCA-based group distinctions, change 

management strategies were crafted according to the 
ADKAR model, addressing the specific needs and 
maturity levels of each group. Figure 6 illustrates the 
mapping between each cluster, the corresponding 
ADKAR element, diagnosed issues, and targeted 
actions. Group-specific strategies are as follows: 

 

 
 

Figure 6. Derivation of change management strategies by cluster 
 

Cluster 0 (Reinforcement Stage): 
Emphasis was placed on maintaining high 

performance through continuous feedback, 
recognition programs, and best practice 
dissemination. These users were identified as role 
models to promote excellence throughout the 
organization. 

Cluster 1 (Ability Enhancement Stage): 
Strategies focused on improving operational 

capability through targeted training, simplified task 
workflows, and real-time monitoring to correct minor 
inconsistencies and reinforce proper checklist usage. 

Cluster 2 (Awareness and Desire Building Stage): 
For this group, the priority was to raise awareness 

of the digital checklist’s benefits and build intrinsic 
motivation. Leadership-led communications, success 
story sharing, and peer mentoring programs were 
employed to increase engagement. 

 
 
 

Cluster 3 (Knowledge Reinforcement Stage): 
Targeted interventions aimed at strengthening 

users' understanding of proper data handling 
procedures. Regular workshops, automated error-
detection systems, and clarification of standard 
operating procedures were implemented to minimize 
inconsistencies.  
 
4.3. Evaluation of Strategy Effectiveness 
 

The effectiveness of the change management 
strategies was evaluated by tracking shifts in PCA 
space over two quarters following the intervention. 
Figure 7 illustrates the cluster evolution over two 
quarters following the intervention. 
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Figure 7. (a) Initial dispersion of data points; (b) gradual 
formation of cluster structures; (c) convergence of data 

toward stable clusters over time 
 
Initially, users were widely dispersed along the 

PCA1 and PCA2 axes, reflecting significant variation 
in data quality and consistency. However, over time, a 
notable migration toward the origin of the PCA space, 
characterized by lower PCA1 and PCA2 values was 
observed. This convergence toward the center 
indicated improvements in overall data quality and a 
reduction in error-specific variability. 

The observed trajectory in the PCA visualization 
confirmed that users were progressively aligning with 
higher operational standards, and that the adoption of 
the digital tool had strengthened across the 
organization. These findings demonstrated that the 
combination of a data-driven diagnostic approach and 
a structured change management framework was 
effective in driving behavioral change and in 
enhancing the quality and reliability of operational 
data. 
 
5. Conclusion 

 
This study proposed a data-driven methodology for 

diagnosing change processes and resistance patterns 
during the implementation of a digital tool in an 
organizational setting. To achieve this, an eight-item 
data quality checklist was developed to evaluate the 
quality of digital tool usage, and PCA was applied to 
identify major resistance factors and classify user 
groups with different resistance characteristics. In this 
way, the study attempted to move beyond conventional 
qualitative interpretations of change resistance and 
provide a more structured and measurable approach to 
organizational change management. 

The findings suggest that the quality of digital tool 
usage data can serve as a meaningful indicator of both 
change progress and resistance. By analyzing actual 
usage-related data, the proposed framework made it 
possible to distinguish major resistance patterns and to 
identify groups requiring different types of managerial 
attention. This is important because resistance to 
digital transformation is often discussed conceptually, 
while practical organizations need observable signals 
that can support timely diagnosis and intervention. In 
this regard, the study shows that change management 
can be approached not only as an individual 
psychological process but also as an organizational 
phenomenon that can be monitored quantitatively 
through operational data. 

This study offers several implications. From a 
practical perspective, the proposed framework can 
help managers assess the adoption quality of digital 
initiatives, identify weak points in implementation, and 
design more targeted response strategies according to 
the characteristics of resistance. From an academic 
perspective, the study contributes to the change 
management literature by extending traditional 
approaches with a measurable, data-centered 
perspective, particularly in digital transformation 
environments where accurate system usage and data 
input are critical to successful implementation. 

However, this study also has limitations. First, the 
analysis was conducted as a single case in the 
semiconductor industry, which limits the 
generalizability of the findings.  
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Second, resistance was inferred mainly from data 
quality and system usage indicators, meaning that 
psychological, cultural, or contextual dimensions of 
resistance may not have been fully captured. Third, the 
eight-item checklist was developed in relation to a 
specific organizational and operational context, and 
therefore may require refinement before being applied 
to other industries or digital systems. 

Future research should address these limitations by 
testing the proposed framework in broader industrial 
contexts and by incorporating additional qualitative or 
behavioral variables. Further studies may also explore 
longitudinal or time-series approaches to better 
understand how resistance evolves over time and how 
early intervention can be improved. Overall, this study 
provides a meaningful foundation for understanding 
and managing organizational resistance in data-driven 
digital transformation initiatives. 
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