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Abstract

The aim of this study was to develop a machine learning-based framework for predicting the success of digital transformation in organizations by
emphasizing the role of organizational agility and introducing a quantitative index for measuring digital readiness. This study was conducted using a
standard digital transformation dataset containing organizational and technological variables such as company size, adopted digital tools, digital skills
training, customer engagement changes, and organizational performance indicators. First, an Organizational Agility Index (OAI) was developed through
a linear combination of several key organizational variables to quantitatively measure organizational readiness and flexibility toward digital transformation.
Then, the K-Means clustering algorithm was employed to classify organizations into three levels of digital transformation success—low, medium, and
high—based on the impact of digital transformation on revenue and efficiency. During preprocessing, categorical variables were encoded using One-Hot
Encoding, while numerical features were normalized through standardization techniques. Subsequently, a stacking deep learning architecture consisting
of MLP, RNN, LSTM, CNN, and ResMLP models was implemented as base learners, and their outputs were integrated using a Random Forest meta-
learner. Model performance was evaluated using accuracy, sensitivity, precision, F-score, MAE, and RMSE metrics, and the training-testing process was
repeated across 30 independent runs. The findings demonstrated that the proposed stacking deep learning framework significantly outperformed
individual models. The Random Forest meta-learner achieved an accuracy of 96.86%, representing the highest predictive performance among all
compared approaches. Sensitivity, precision, and F-score values were also considerably high, while the variance across repeated executions remained
minimal, indicating strong stability and generalizability of the proposed framework. The results further revealed that integrating the Organizational Agility
Index with advanced deep learning and ensemble meta-learning architectures substantially enhanced the prediction capability of digital transformation
success. Moreover, combining multiple neural architectures enabled the extraction of more complex hidden patterns from organizational data and
reduced prediction errors compared with single-model approaches. The results of this study indicate that stacking deep learning frameworks integrated
with organizational indicators can provide an effective approach for predicting digital transformation success. The proposed Organizational Agility Index
enabled quantitative assessment of digital readiness, while its integration with deep learning models improved prediction accuracy and stability. The
proposed architecture demonstrated a strong capability to identify complex patterns within organizational data and can support managers and
policymakers in strategic decision-making, resource allocation, and evaluating organizational preparedness for digital transformation. Furthermore, the
framework has the potential to be implemented in real-world organizational environments as an intelligent predictive system for assessing digital
transformation outcomes.
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Extended Abstract

Introduction

Digital transformation has become one of the most critical strategic priorities for organizations operating in
increasingly dynamic, uncertain, and technology-driven environments. The rapid expansion of digital
technologies, artificial intelligence, predictive analytics, cloud infrastructures, and data-centric decision
systems has fundamentally transformed organizational structures, business models, operational processes, and
customer interaction mechanisms. In this context, digital transformation is no longer perceived merely as
technological adoption, but rather as a multidimensional organizational transition that reshapes the strategic,
operational, and cultural foundations of institutions. Contemporary organizations are required to continuously
adapt to volatile environments characterized by uncertainty, complexity, and accelerated technological change,
and this necessity has intensified the importance of digital transformation across public, private, industrial,
educational, and governmental sectors (Eom & Lee, 2022; Omol, 2024). Research indicates that organizations
capable of integrating technological capabilities with organizational flexibility, innovation culture, and
strategic responsiveness are more likely to achieve sustainable digital transformation outcomes (Nguyen et
al., 2025; Weritz et al., 2025).

Despite the widespread implementation of digital technologies, organizations exhibit substantial differences
in digital transformation outcomes. While some organizations achieve improvements in operational efficiency,
customer engagement, revenue growth, and strategic adaptability, others encounter resistance, implementation
failures, financial inefficiencies, and limited returns on technological investments. This inconsistency
demonstrates that digital transformation success depends on a broad range of organizational, technological,

managerial, and behavioral variables rather than technology alone. Studies focusing on small and medium



enterprises, public organizations, and higher education institutions have highlighted challenges such as
inadequate infrastructure, insufficient digital competencies, financial limitations, organizational rigidity, and
lack of strategic alignment as major barriers to successful digital transformation (Purnomo et al., 2024; Sagala
& Ori, 2024; Singun, 2025). Consequently, researchers have increasingly emphasized the role of
organizational agility as a key enabling factor in digital transformation success. Organizational agility refers
to an organization’s capability to rapidly sense environmental changes, reconfigure resources, adapt
operational processes, and respond effectively to technological disruptions and market uncertainties.
Integrative reviews have confirmed that organizational agility plays both a mediating and facilitating role in
digital transformation and firm performance relationships (Gong & Ribiere, 2025; Syarkani, 2025).
Furthermore, empirical studies have demonstrated that agile organizations are more capable of leveraging
digital capabilities to improve performance outcomes (Pelletier et al., 2025; Su et al., 2026).

In parallel with the growing importance of organizational agility, machine learning and predictive analytics
have emerged as powerful approaches for modeling digital transformation success. Organizations generate
massive volumes of heterogeneous data related to technology adoption, operational efficiency, customer
behavior, employee engagement, and organizational performance. Machine learning techniques provide the
capability to identify hidden nonlinear relationships within these complex datasets and generate accurate
predictive insights regarding organizational digital maturity and transformation outcomes. Prior studies have
utilized clustering methods, random forests, artificial neural networks, and predictive analytics frameworks to
evaluate digital transformation readiness and organizational performance (Herdiyeni et al., 2026; Liu et al.,
2025; Raeesi Vanani et al., 2025). Other investigations have highlighted the strategic value of predictive
models in supporting managerial decision-making and digital transformation planning (Hossin et al., 2025;
Iscaro et al., 2022). However, most previous studies have either relied on single-model architectures or
focused primarily on conceptual and statistical analyses. Limited attention has been devoted to integrating
organizational agility indicators with advanced ensemble deep learning architectures for predicting digital
transformation success. Additionally, many prior approaches lacked comprehensive frameworks capable of
simultaneously modeling organizational characteristics, digital capabilities, and predictive performance
through hybrid intelligent systems. Therefore, a significant research gap remains regarding the development
of integrated machine learning frameworks that combine organizational agility indicators with ensemble meta-
learning and stacking deep learning models for digital transformation prediction.

Methods and Materials

This study developed a multi-layer ensemble deep learning framework to predict organizational digital
transformation success by incorporating an Organizational Agility Index (OAIl). The research utilized the
Digital Transformation Dataset, which contains organizational information regarding industry, company size,

digital tools adoption, year of adoption, impact on revenue, impact on efficiency, digital skills training,

customer engagement change, and geographic region. Initially, an Organizational Agility Index was designed



to quantify organizational readiness and flexibility toward digital transformation. The index was constructed
through a linear combination of organizational size, digital skills training, the number of digital tools utilized,
and employee engagement indicators. The Organizational Agility Index was formulated as follows:

OAI = Ssize + Sskin + Stoots T Seng

where S, ,.represents the encoded company size, Sg,;;;indicates digital skills training status, Sy, ,;scorresponds
to the number of adopted digital tools, and Sg,, ,denotes employee engagement level.

To construct the target variable, K-Means clustering was employed based on organizational revenue and
efficiency indicators. Organizations were grouped into three clusters representing low, medium, and high
levels of digital transformation success. The K-Means objective function minimized the intra-cluster Euclidean

distance as follows:
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where k = 3indicates the number of clusters, C;represents the samples belonging to cluster j, and u;denotes
the cluster centroid.

During preprocessing, categorical variables were transformed using One-Hot Encoding, while numerical
variables were standardized using StandardScaler normalization. The processed dataset was then fed into five
independent deep learning base learners: Multilayer Perceptron (MLP), Recurrent Neural Network (RNN),
Long Short-Term Memory Network (LSTM), Convolutional Neural Network (CNN), and a residual-based
MLP architecture (ResMLP). Each model generated probabilistic predictions for the three digital

transformation classes. These outputs were concatenated into a stacked feature matrix:

— MLP pRNN pLSTM pCNN pResMLP
Zl_[Pl JPi JPi !Pi !PL' ]

The resulting matrix was used as input to a Random Forest meta-learner containing 200 decision trees. The
meta-learner aggregated the outputs of all base models to generate final predictions. Model performance was
evaluated using Accuracy, Recall, Precision, F1-score, Mean Absolute Error (MAE), and Root Mean Square
Error (RMSE). To ensure robustness and stability, the training and evaluation process was repeated 30 times,
and average performance metrics were reported.

Findings

The findings demonstrated that the proposed ensemble stacking deep learning framework achieved superior

predictive performance compared with individual deep learning models. Among all evaluated approaches, the



Random Forest meta-learner generated the highest predictive accuracy, reaching 96.86%. The proposed
architecture consistently outperformed standalone MLP, RNN, LSTM, CNN, and ResMLP models across all
evaluation metrics.

The analysis of classification performance revealed that the ensemble model achieved substantially higher
Recall, Precision, and F1-score values compared with individual models. The Recall metric indicated that the
proposed framework successfully identified the majority of organizations belonging to each digital
transformation success level with minimal false negatives. Similarly, Precision values confirmed that the
predicted classifications were highly reliable and contained limited false positive classifications. The F1-score
further demonstrated balanced predictive performance across all classes, indicating that the model effectively
maintained equilibrium between sensitivity and classification precision.

The comparison of individual base learners showed that MLP, RNN, and CNN models achieved relatively
high performance levels independently, whereas the LSTM model exhibited comparatively lower predictive
capability. Nevertheless, integrating all models within the stacking architecture substantially improved the
overall prediction accuracy and stability. The ResMLP architecture also demonstrated considerable
effectiveness due to the implementation of residual shortcut connections, which enhanced gradient flow and
stabilized the learning process in deeper network layers.

The K-Means clustering process successfully categorized organizations into three distinct levels of digital
transformation success based on revenue and efficiency indicators. Organizations classified within the high-
level transformation cluster exhibited stronger organizational agility scores, higher digital tool utilization, and
greater employee engagement levels. In contrast, organizations in the low-level cluster generally demonstrated
weaker agility characteristics and lower digital adoption indicators.

The repeated experimental runs indicated strong stability and robustness of the proposed framework. Boxplot
analyses and average metric distributions revealed minimal variance across repeated executions, confirming
the consistency and generalizability of the ensemble architecture. Additionally, MAE and RMSE values
remained relatively low across all repetitions, indicating limited prediction deviation between actual and
predicted class labels.

The findings also demonstrated that incorporating the Organizational Agility Index significantly improved
predictive performance. Models trained without the OAI variable exhibited lower classification accuracy and
reduced stability, highlighting the substantial contribution of organizational agility in determining digital
transformation outcomes. The results therefore confirm that organizational agility serves as a critical predictive
factor in digital transformation success modeling.

Discussion and Conclusion

The findings of this study demonstrate that digital transformation success is a multidimensional phenomenon
influenced not only by technological adoption but also by organizational agility, digital readiness, employee

engagement, and operational adaptability. The superior performance of the proposed stacking deep learning




architecture indicates that hybrid ensemble learning frameworks are highly effective for modeling complex
organizational behaviors characterized by nonlinear and multidimensional relationships. Unlike single-model
approaches, the proposed framework benefited from the complementary strengths of multiple deep learning
architectures, enabling the extraction of richer patterns from organizational data.

The significant contribution of the Organizational Agility Index highlights the strategic importance of agility
in digital transformation initiatives. Organizations capable of rapidly adapting to technological changes,
integrating digital competencies, and maintaining flexible operational structures are more likely to achieve
successful transformation outcomes. The quantitative operationalization of organizational agility within a
predictive machine learning framework represents an important advancement because it transforms an abstract
managerial concept into a measurable and actionable analytical variable.

The successful implementation of K-Means clustering for target generation also demonstrates the effectiveness
of unsupervised learning methods in identifying meaningful organizational transformation levels from raw
performance indicators. By utilizing revenue and efficiency metrics as clustering dimensions, the study
established a realistic and data-driven mechanism for constructing digital transformation success categories.
This approach improved the reliability of the predictive framework and reduced dependency on subjective
labeling methods.

Another important implication of this study is the demonstrated value of ensemble meta-learning in
organizational analytics. The Random Forest meta-learner successfully aggregated probabilistic outputs from
diverse neural architectures and generated stable, high-accuracy predictions. The architecture exhibited strong
generalizability and robustness across repeated executions, indicating its suitability for real-world
organizational environments characterized by uncertainty and heterogeneous data structures.

From a practical perspective, the proposed framework can support managers and policymakers in evaluating
organizational readiness for digital transformation before extensive technological investments are made. The
model can assist organizations in identifying weaknesses in agility, digital capability, and operational
flexibility, thereby facilitating more effective resource allocation and strategic planning. Additionally, the
framework can function as an intelligent decision-support system for monitoring digital transformation
initiatives and predicting potential implementation outcomes.

Overall, this study demonstrates that integrating organizational agility indicators with ensemble stacking deep
learning architectures provides a powerful and reliable framework for predicting digital transformation
success. The proposed model not only achieved high predictive accuracy but also offered a comprehensive
analytical perspective capable of capturing the complex interplay between organizational and technological

factors in digital transformation processes.
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