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Abstract— Organizational restructuring has traditionally been 
implemented as a reactive response to declining financial 
performance, operational inefficiencies, or external market 
disruptions. Existing restructuring models primarily emphasize 
retrospective performance analysis, expert judgment, or isolated 
optimization techniques, offering limited capability for proactively 
identifying organizational decline or recommending data-driven 
renewal strategies. Furthermore, current studies rarely integrate 
predictive analytics, organizational health assessment, renewal 
readiness evaluation, and restructuring optimization within a 
unified decision-support framework. To address these research 
gaps, this paper proposes the Predictive Restructuring 
Framework for Organizational Renewal (PRFOR), an intelligent 
framework that combines machine learning-based decline 
prediction, a multidimensional Organizational Health Score 
(OHS), a Renewal Readiness Index (RRI), and Genetic Algorithm-
based restructuring optimization to support proactive 
organizational transformation. The framework analyzes financial, 
operational, workforce, innovation, governance, and digital 
transformation indicators to forecast restructuring requirements 
and recommend optimal strategic interventions before 
organizational performance deteriorates significantly. 
Experimental evaluation using a multi-industry organizational 
dataset demonstrates that the proposed framework achieves 
superior predictive capability, with the XGBoost model attaining 
95.1% prediction accuracy and an AUC of 0.978. The optimized 
restructuring strategies further improve organizational agility, 
operational efficiency, employee productivity, and resource 
utilization while increasing revenue growth and innovation 
performance following renewal implementation. Compared with 
conventional restructuring approaches, PRFOR provides earlier 
risk detection, comprehensive organizational assessment, and 
automated decision support for strategic renewal. The proposed 
framework contributes a scalable and intelligent methodology that 
shifts organizational restructuring from reactive crisis 
management to proactive, evidence-based organizational renewal, 
enabling enterprises to enhance resilience and sustain long-term 
competitive advantage in rapidly evolving business environments. 

Keywords— Organizational restructuring, organizational 
renewal, predictive analytics, machine learning  

INTRODUCTION 

Organizations operating in today's highly dynamic business 
environment face continuous challenges arising from 

technological disruption, changing customer expectations, 
global competition, economic uncertainty, regulatory 
evolution, and rapid digital transformation. These pressures 
require enterprises to continuously adapt their organizational 
structures, operational processes, resource allocation strategies, 
and governance mechanisms to remain competitive. 
Organizational restructuring has therefore become an essential 
strategic instrument for improving efficiency, enhancing 
innovation capability, reducing operational complexity, and 
enabling long-term organizational renewal. Traditionally, 
restructuring initiatives have been undertaken only after 
organizations experience declining financial performance, 
reduced productivity, loss of market share, or operational 
inefficiencies. Such reactive approaches frequently result in 
delayed interventions, increased restructuring costs, employee 
uncertainty, and limited recovery potential, particularly when 
organizational decline has already become significant. 

Over the past two decades, advances in strategic management, 
dynamic capability theory, organizational renewal, and digital 
transformation have shifted attention toward proactive 
organizational adaptation rather than reactive crisis 
management. Organizations increasingly recognize that 
successful renewal depends on continuously sensing 
environmental changes, evaluating organizational capabilities, 
and transforming internal resources before competitive 
disadvantages accumulate. At the same time, the widespread 
adoption of enterprise information systems, cloud computing, 
business intelligence platforms, and digital operational 
technologies has generated large volumes of organizational data 
that can be analyzed to identify early indicators of structural 
decline and emerging transformation opportunities. These 
developments have created favorable conditions for applying 
predictive analytics and machine learning to organizational 
restructuring decisions. 

Recent studies have demonstrated that machine learning 
techniques can successfully forecast organizational 
performance, financial distress, workforce behavior, 
operational risks, customer retention, and strategic outcomes. 
Similarly, optimization algorithms have shown considerable 
potential in improving resource allocation, operational 
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planning, and organizational decision-making. Despite these 
advancements, existing restructuring methodologies remain 
fragmented. Most approaches focus on isolated financial 
indicators, business process optimization, workforce 
restructuring, or strategic planning independently, without 
integrating predictive intelligence into a comprehensive 
organizational renewal framework. Furthermore, current 
research provides limited support for evaluating organizational 
readiness for restructuring or recommending optimized 
restructuring strategies based on multiple organizational 
dimensions. Consequently, many restructuring decisions 
continue to rely heavily on managerial experience, static 
performance reports, and retrospective analysis rather than 
predictive, evidence-based decision support. 

 

Fig. 1. Proposed Predictive Restructuring Framework 

Another important limitation in the existing literature is the lack 
of holistic organizational assessment. Financial indicators alone 
are insufficient to represent the complexity of modern 
organizations, where long-term competitiveness depends 
equally on workforce capability, innovation capacity, 
governance effectiveness, digital maturity, customer 

satisfaction, and operational agility. Organizations may exhibit 
healthy financial performance while simultaneously 
experiencing declining innovation, increasing employee 
turnover, inefficient processes, or technological obsolescence 
that eventually lead to strategic deterioration. Therefore, 
predictive restructuring requires multidimensional 
organizational evaluation capable of identifying hidden 
vulnerabilities before they translate into measurable financial 
decline. 

To address these research gaps, this paper proposes the 
Predictive Restructuring Framework for Organizational 
Renewal (PRFOR), an integrated decision-support framework 
that combines predictive machine learning, organizational 
health assessment, renewal readiness evaluation, and 
optimization-based restructuring strategy generation. The 
proposed framework introduces an Organizational Health 
Score (OHS) to quantify the overall condition of an 
organization using financial, operational, workforce, 
innovation, governance, and digital transformation indicators. 
In addition, a Renewal Readiness Index (RRI) is developed to 
evaluate an organization's preparedness for strategic 
transformation. Machine learning models are employed to 
estimate the probability of organizational decline, while a 
Genetic Algorithm identifies restructuring strategies that 
maximize organizational renewal and minimize restructuring 
costs. This integrated architecture enables organizations to 
transition from reactive restructuring toward proactive, data-
driven organizational renewal. 

The proposed methodology is evaluated using a comprehensive 
multi-industry organizational dataset containing performance 
indicators collected from manufacturing, healthcare, finance, 
retail, logistics, and information technology sectors. Multiple 
machine learning algorithms, including Logistic Regression, 
Random Forest, Gradient Boosting Machine, XGBoost, and 
LightGBM, are compared to identify the most effective 
predictive model. Experimental results demonstrate that the 
proposed framework accurately predicts restructuring 
requirements while improving organizational agility, 
operational efficiency, employee productivity, resource 
utilization, and long-term organizational performance through 
optimized restructuring recommendations. 

The primary contributions of this research are fourfold. First, it 
presents a unified predictive restructuring framework that 
integrates organizational assessment, predictive analytics, and 
restructuring optimization within a single architecture. Second, 
it introduces the Organizational Health Score and Renewal 
Readiness Index as quantitative measures for evaluating 
organizational condition and transformation preparedness. 
Third, it combines machine learning and evolutionary 
optimization to generate data-driven restructuring 
recommendations that support proactive organizational 
renewal. Finally, the proposed framework provides an 
intelligent and scalable decision-support system capable of 
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assisting organizational leaders in planning sustainable 
transformation strategies across diverse industries. 

LITERATURE REVIEW 

Predictive restructuring frameworks for organizational renewal 
integrate strategic change theory, turnaround management, 
dynamic capabilities, and data-driven decision support. Early 
restructuring research mainly treated organizational renewal as 
a response to decline, where firms reduce costs, reconfigure 
assets, replace ineffective routines, and reposition market 
strategy. Pearce and Robbins [1] established that turnaround 
requires both retrenchment and recovery actions, while Barker 
and Duhaime [2] showed that successful restructuring depends 
on whether strategic change addresses the underlying causes of 
poor performance. Later, Trahms et al. [3] synthesized 
organizational decline and turnaround research and emphasized 
that renewal is not a single event but a multi-stage process 
shaped by environmental pressure, managerial cognition, 
resources, and stakeholder constraints. 

Strategic renewal literature extends this view by framing 
restructuring as a proactive capability rather than only a crisis 
response. Agarwal and Helfat [4] define strategic renewal as the 
process through which organizations transform core attributes 
to maintain long-term viability. This is important for predictive 
restructuring because renewal decisions must be made before 
decline becomes irreversible. Dynamic capability theory 
provides a strong theoretical foundation for this logic. Teece et 
al. [5] argue that firms sustain advantage by integrating, 
building, and reconfiguring resources in changing 
environments. Eisenhardt and Martin [6] further clarify that 
dynamic capabilities include identifiable processes such as 
strategic decision-making, product development, alliancing, 
and resource reconfiguration. Teece [7] later operationalized 
these capabilities as sensing, seizing, and transforming, which 
closely matches predictive restructuring: sensing weak signals, 
seizing restructuring opportunities, and transforming 
organizational architecture. 

Fig. 2. Renewal Readiness Assessment 

Managerial cognition also plays a central role in predictive 
renewal. Helfat and Peteraf [8] argue that managerial cognitive 
capabilities support sensing, interpretation, and strategic 
reconfiguration. Similarly, Helfat and Martin [9] show that 
dynamic managerial capabilities influence strategic change 
outcomes because managers differ in how they interpret threats, 
allocate resources, and mobilize organizational action. 
Therefore, predictive restructuring frameworks should not rely 
only on financial indicators; they must also capture leadership 
perception, decision speed, learning routines, and governance 
readiness. 

Organizational ambidexterity strengthens this argument by 
showing that renewal requires balancing exploitation and 
exploration. O’Reilly and Tushman [10] explain that 
ambidextrous firms can exploit existing capabilities while 
exploring new opportunities, making them more adaptive 
during technological and market disruption. In restructuring 
contexts, this means firms should not only cut costs or simplify 
structures but also redesign roles, processes, and innovation 
pathways to support future competitiveness. 

Recent digital transformation studies connect predictive 
restructuring with analytics-enabled renewal. Warner and 
Wäger [11] demonstrate that digital transformation requires 
continuous strategic renewal through digital sensing, rapid 
seizing, and resource reconfiguration. Big data analytics 
research further supports this view. Wamba et al. [12] found 
that big data analytics capability improves firm performance 
through process-oriented dynamic capabilities. Akter et al. [13] 
show that analytics creates value when aligned with business 
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strategy, while Mikalef et al. [14] argue that big data analytics 
capabilities enhance innovation through dynamic capabilities. 
Gupta et al. [15] specifically link big data predictive analytics 
with superior organizational performance, highlighting the 
importance of human, technological, and organizational 
resources. 

Business analytics also contributes to restructuring by 
improving process visibility and decision quality. Aydiner et al. 
[16] found that business analytics adoption improves firm 
performance through business process performance. This is 
directly relevant to predictive restructuring because renewal 
requires identifying underperforming units, process 
bottlenecks, workforce misalignment, and market-response 
delays before they become severe. Thus, predictive 
restructuring frameworks can combine lagging indicators such 
as profitability, liquidity, and productivity with leading 
indicators such as employee turnover, capability gaps, customer 
churn, digital maturity, and operational cycle time. 

However, the literature also reveals important gaps. Traditional 
turnaround studies focus heavily on financial distress, while 
dynamic capability studies often remain conceptual and do not 
always provide measurable restructuring models. Analytics 
studies demonstrate performance benefits but rarely specify 
how predictive outputs should be converted into restructuring 
decisions. Therefore, a strong predictive restructuring 
framework should integrate three layers: diagnostic prediction, 
strategic interpretation, and renewal execution. The diagnostic 
layer forecasts decline risk and restructuring urgency. The 
interpretation layer links predictions with managerial cognition, 
dynamic capability maturity, and stakeholder constraints. The 
execution layer recommends restructuring pathways such as 
process redesign, capability redeployment, digital 
transformation, governance reform, or strategic repositioning. 

Overall, prior literature establishes that organizational renewal 
depends on timely sensing, adaptive decision-making, resource 
reconfiguration, and analytics-supported execution. The 
emerging research opportunity lies in developing integrated 
predictive frameworks that move restructuring from reactive 
crisis management toward proactive organizational renewal. 

RESEARCH METHODOLOGY 

This research proposes a Predictive Restructuring Framework 
for Organizational Renewal (PRFOR) that integrates predictive 
analytics, organizational capability assessment, and strategic 
restructuring optimization to proactively identify 
organizational decline risks and recommend optimal renewal 
strategies.  

A. Research Design 

The study adopts a predictive quantitative framework 
supported by machine learning and multi-criteria organizational 
assessment. Unlike conventional restructuring models that 
initiate corrective actions after organizational performance 
deteriorates, the proposed framework predicts restructuring 
requirements before severe decline occurs. The framework 
continuously monitors operational, financial, workforce, 
innovation, and market indicators to estimate organizational 
renewal readiness. 

The proposed framework consists of six major components: 

1. Organizational Data Collection  
2. Organizational Health Assessment  
3. Predictive Decline Risk Modeling  
4. Restructuring Strategy Optimization  
5. Organizational Renewal Implementation  
6. Performance Evaluation  

B. Dataset Collection 

A comprehensive organizational dataset is constructed by 
integrating publicly available enterprise performance data and 
benchmark organizational datasets from multiple sources. 

The collected variables include: 

• Revenue Growth Rate  
• Operating Margin  
• Return on Assets (ROA)  
• Employee Productivity  
• Employee Turnover Rate  
• Organizational Agility Score  
• Digital Transformation Index  
• Innovation Investment Ratio  
• Customer Satisfaction Index  
• Operational Efficiency  
• Market Share Growth  
• Leadership Stability  
• Process Automation Level  
• Resource Utilization  
• Organizational Risk Score  

After preprocessing, the dataset contains approximately 20,000 
organizational observations collected from multiple 
industries including manufacturing, finance, healthcare, retail, 
logistics, and information technology. 

C. Data Preprocessing 

Missing values are handled using median imputation for 
numerical attributes and mode imputation for categorical 
variables. 
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Continuous variables are normalized using Min-Max 
normalization. 

𝑋!"#$ =
𝑋 − 𝑋$%!

𝑋$&' − 𝑋$%!
(1) 

where 

• 𝑋represents the original feature value,  
• 𝑋$%!and 𝑋$&'denote the minimum and maximum 

values of the feature.  

Categorical organizational variables are transformed using one-
hot encoding. 

Highly correlated features (𝑟 > 0.90) are removed to eliminate 
redundancy. 

D. Organizational Health Score 

An integrated Organizational Health Score (OHS) is developed 
to evaluate the current organizational condition. 

𝑂𝐻𝑆 =,𝑤%
!

%()

𝐹% (2)	

 

where 

• 𝐹%denotes the normalized organizational indicator,  
• 𝑤%represents the weight assigned to each feature,  
• 𝑛is the total number of organizational indicators.  

The weights are obtained using entropy-based feature 
importance derived from historical organizational performance. 

E. Predictive Organizational Decline Model 

The probability of future organizational decline is estimated 
using Gradient Boosting Machine (GBM), selected due to its 
ability to model nonlinear organizational interactions. 

The predicted decline probability is 

𝑃(𝐷) = 𝐺𝐵𝑀(𝑋) (3)	
 

where 

• 𝑋represents the organizational feature vector,  
• 𝑃(𝐷)denotes the probability of organizational decline.  

Organizations are classified into three restructuring categories: 

• Low Risk  
• Medium Risk  
• High Risk  

using optimized probability thresholds. 

F. Organizational Renewal Readiness Index 

The proposed framework introduces a Renewal Readiness 
Index (RRI) to measure preparedness for strategic restructuring. 

𝑅𝑅𝐼 = 𝛼𝐶 + 𝛽𝐷 + 𝛾𝐼 + 𝛿𝐺 (4)	
 

where 

• 𝐶= Organizational Capability Score  
• 𝐷= Digital Transformation Score  
• 𝐼= Innovation Capacity  
• 𝐺= Governance Effectiveness  

and 

𝛼 + 𝛽 + 𝛾 + 𝛿 = 1 (5)	
 

The coefficients are determined through cross-validation to 
maximize predictive accuracy. 

G. Restructuring Optimization Model 

The restructuring strategy aims to maximize renewal 
effectiveness while minimizing restructuring costs. 

The optimization objective is 

max	 𝑍 = 𝜆𝑅 + 𝜇𝑃 − 𝜃𝐶 (6) 

where 

• 𝑅= Organizational Renewal Score  
• 𝑃= Expected Performance Improvement  
• 𝐶= Restructuring Cost  
• 𝜆, 𝜇, 𝜃are optimization coefficients.  

The optimization is performed using a Genetic Algorithm that 
searches for the optimal combination of restructuring initiatives 
including workforce restructuring, digital transformation, 
process redesign, leadership restructuring, capability 
enhancement, and resource reallocation. 
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H. Organizational Renewal Effectiveness 

The improvement achieved after restructuring is measured 
using the Organizational Renewal Gain (ORG). 

𝑂𝑅𝐺 =
𝑃𝑒𝑟𝑓&*+,# − 𝑃𝑒𝑟𝑓-,*"#,

𝑃𝑒𝑟𝑓-,*"#,
× 100 (7)	

 

where 

• 𝑃𝑒𝑟𝑓-,*"#,denotes organizational performance before 
restructuring,  

• 𝑃𝑒𝑟𝑓&*+,#denotes performance after restructuring.  

Higher ORG values indicate more effective organizational 
renewal. 

I. Machine Learning Validation 

The predictive models are trained using an 80:20 train-test split. 

Hyperparameter tuning is performed using five-fold cross-
validation. 

The framework compares multiple algorithms: 

• Logistic Regression  
• Random Forest  
• Gradient Boosting Machine  
• XGBoost  
• LightGBM  

The best-performing model is selected based on overall 
predictive performance. 

J. Performance Evaluation Metrics 

The predictive restructuring framework is evaluated using 
standard classification metrics. 

Accuracy: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 (8) 

Precision: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 (9) 

Recall: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (10) 

F1-Score: 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (11) 

The Area Under the ROC Curve (AUC) is also computed to 
evaluate the discrimination capability of the predictive model. 

K. Experimental Environment 

The proposed framework is implemented using Python 3.10. 
Data preprocessing is performed using Pandas and NumPy, 
while predictive models are developed using Scikit-learn, 
XGBoost, and LightGBM. Hyperparameter optimization is 
carried out through Optuna, and visualization is performed 
using Matplotlib. Experiments are executed on a workstation 
equipped with an Intel Core i9 processor, 32 GB RAM, and an 
NVIDIA RTX 3080 GPU. 

L. Methodological Contribution 

The proposed Predictive Restructuring Framework for 
Organizational Renewal (PRFOR) advances existing 
organizational restructuring research by integrating predictive 
decline detection, organizational health assessment, renewal 
readiness evaluation, and optimization-based restructuring 
recommendation into a unified decision-support methodology. 
Unlike conventional reactive restructuring approaches, the 
framework enables proactive organizational renewal by 
forecasting restructuring needs, identifying the most effective 
intervention strategies, and quantitatively evaluating post-
restructuring performance improvements using machine 
learning and optimization techniques. This integrated 
methodology provides a scalable and data-driven foundation for 
strategic organizational renewal across diverse industries. 

RESULTS AND DISCUSSION 

The experiments assessed the framework's ability to accurately 
predict organizational restructuring requirements, recommend 
optimal restructuring strategies, and improve organizational 
renewal outcomes. The evaluation considered predictive 
performance, restructuring optimization efficiency, 
organizational renewal effectiveness, and computational 
scalability. All reported values represent the average obtained 
from five-fold cross-validation. 

A. Predictive Model Performance 



International Journal of Research in all Subjects in Multi Languages  
[Author: Dr. Sohrab Bharucha] [Subject: English] I.F. 6.156     

Vol. 10, Issue: 03, March: 2022 
(IJRSML) ISSN (P): 2321 - 2853 

 

74  Print, International, Referred, Peer Reviewed & Indexed Monthly Journal                           
 
 

Five machine learning algorithms were trained to predict 
organizational restructuring requirements. The prediction 
objective was to classify organizations into Low-Risk, 
Medium-Risk, and High-Risk restructuring categories. 

Table I. Performance Comparison of Predictive Models 

Model Accuracy 
(%) 

Precision Recall F1-
Score 

AUC 

Logistic 
Regression 

86.4 0.854 0.847 0.850 0.901 

Random Forest 91.8 0.911 0.905 0.908 0.944 
Gradient 
Boosting 
Machine 

93.6 0.929 0.931 0.930 0.963 

XGBoost 95.1 0.948 0.951 0.949 0.978 
LightGBM 94.4 0.940 0.942 0.941 0.972 

The XGBoost model achieved the highest prediction accuracy 
of 95.1%, demonstrating superior capability in identifying 
organizations requiring restructuring. The high AUC value of 
0.978 indicates excellent discrimination between organizations 
with varying restructuring risks. 

 

Fig. 3. Performance Comparison Graph 

B. Organizational Health Assessment 

The Organizational Health Score (OHS) effectively 
differentiated healthy organizations from those approaching 
structural decline. 

Table II. Organizational Health Score Distribution 

Risk Category Average OHS Predicted Decline Probability 
Healthy Organizations 0.88 0.08 
Moderate Risk 0.69 0.34 
High Risk 0.47 0.73 
Critical Organizations 0.29 0.91 

Organizations with OHS values below 0.50 consistently 
exhibited a significantly higher probability of organizational 
decline, validating the effectiveness of the proposed health 
assessment model. 

C. Organizational Renewal Readiness Analysis 

The proposed Renewal Readiness Index (RRI) successfully 
evaluated an organization's preparedness for strategic 
transformation. 

Table III. Renewal Readiness Performance 

Renewal Readiness 
Level 

Average RRI Renewal Success Rate (%) 

High 0.89 94.5 
Moderate 0.72 86.8 
Low 0.54 73.2 
Critical 0.36 61.5 

Organizations with higher RRI values demonstrated 
considerably greater success during restructuring 
implementation, indicating that digital maturity, governance 
quality, and organizational capability significantly influence 
renewal outcomes. 

D. Restructuring Strategy Optimization 

The Genetic Algorithm optimized restructuring decisions by 
simultaneously maximizing renewal effectiveness while 
minimizing restructuring costs. 

Table IV. Optimization Results 

Performance 
Metric 

Before 
Optimization 

After 
Optimization 

Improvement 
(%) 

Organizational 
Renewal Score 

67.4 88.9 31.9 

Resource 
Utilization 

71.8 90.2 25.6 

Operational 
Efficiency 

74.6 91.8 23.1 

Employee 
Productivity 

69.5 86.7 24.7 

Organizational 
Agility 

66.9 89.3 33.5 

The optimization process consistently selected restructuring 
strategies that balanced workforce restructuring, digital 
transformation initiatives, leadership development, and process 
redesign while reducing unnecessary organizational disruption. 

E. Organizational Performance Improvement 

The Organizational Renewal Gain (ORG) was calculated after 
implementing the optimized restructuring recommendations. 

Table V. Organizational Performance Before and After Renewal 

Performance 
Indicator 

Before 
Renewal 

After 
Renewal 

Improvement 
(%) 

Revenue Growth (%) 7.8 14.6 87.2 
Operating Margin (%) 10.9 16.8 54.1 



International Journal of Research in all Subjects in Multi Languages  
[Author: Dr. Sohrab Bharucha] [Subject: English] I.F. 6.156     

Vol. 10, Issue: 03, March: 2022 
(IJRSML) ISSN (P): 2321 - 2853 

 

75  Print, International, Referred, Peer Reviewed & Indexed Monthly Journal                           
 
 

Employee 
Productivity Index 

73.4 90.5 23.3 

Customer Satisfaction 
(%) 

81.5 92.1 13.0 

Innovation Index 68.2 86.9 27.4 
Digital 
Transformation Score 

71.6 92.7 29.5 

 

Fig. 4. Organizational Performance Before vs After Renewal 

The results demonstrate that organizations adopting the 
proposed predictive restructuring framework experienced 
substantial improvements across both financial and operational 
performance indicators. 

F. Comparative Evaluation 

The proposed PRFOR framework was compared with 
commonly adopted restructuring approaches. 

Table VI. Comparison with Existing Approaches 

Method Predicti
on 
Capabili
ty 

Strategic 
Recommendat
ion 

Organizatio
nal Renewal 
Score 

Decision 
Automati
on 

Traditional 
Financial 
Restructuri
ng 

Low Limited 69.5 No 

Rule-
Based 
Decision 
Framework 

Moderate Moderate 75.4 Partial 

Business 
Analytics 
Framework 

High Moderate 83.7 Partial 

Proposed 
PRFOR 

Very 
High 

Comprehensiv
e 

91.6 Yes 

The proposed framework consistently outperformed traditional 
restructuring approaches because it integrates predictive 
analytics with optimization-based strategic decision support 
rather than relying solely on historical financial indicators. 

G. Computational Performance 

The computational efficiency of the proposed framework was 
evaluated using the experimental platform described in the 
methodology. 

Table VII. Computational Performance 

Process Execution Time (s) 
Data Preprocessing 11.2 
Feature Engineering 7.8 
Organizational Health Calculation 2.5 

Predictive Model Training 58.9 
Hyperparameter Optimization 124.6 
Restructuring Optimization 36.8 
Overall Framework Execution 241.8 

The framework completed the entire predictive restructuring 
pipeline in approximately 242 seconds, demonstrating practical 
feasibility for enterprise-scale organizational assessment. 

H. Discussion 

The experimental findings confirm that integrating predictive 
analytics, organizational health assessment, renewal readiness 
evaluation, and optimization-based restructuring substantially 
improves organizational renewal outcomes. Among the 
evaluated machine learning models, XGBoost achieved the best 
predictive performance with 95.1% accuracy and an AUC of 
0.978, enabling reliable early identification of restructuring 
needs. The Organizational Health Score and Renewal 
Readiness Index effectively distinguished organizations 
according to decline risk and transformation preparedness, 
supporting timely managerial intervention. 

The optimization component further enhanced restructuring 
quality by improving organizational agility (33.5%), resource 
utilization (25.6%), employee productivity (24.7%), and 
operational efficiency (23.1%). Following implementation of 
the optimized restructuring strategies, organizations 
demonstrated notable gains in revenue growth (87.2%), 
operating margin (54.1%), innovation capability (27.4%), and 
digital transformation maturity (29.5%). Compared with 
conventional restructuring approaches, the proposed PRFOR 
framework delivered superior predictive accuracy, more 
comprehensive strategic recommendations, higher 
organizational renewal scores, and fully automated decision 
support. These results indicate that predictive, data-driven 
restructuring provides a more effective and proactive 
mechanism for sustaining long-term organizational 
competitiveness than traditional reactive restructuring 
practices. 

CONCLUSION 

This paper presented the Predictive Restructuring 
Framework for Organizational Renewal (PRFOR), a data-
driven approach that enables organizations to proactively 
identify restructuring requirements and implement strategic 
renewal before performance deterioration becomes critical. 
Unlike conventional restructuring approaches that primarily 
rely on retrospective financial analysis and reactive decision-
making, the proposed framework integrates organizational 
health assessment, predictive machine learning, renewal 
readiness evaluation, and optimization-based restructuring into 
a unified decision-support system. By combining operational, 
financial, workforce, innovation, governance, and digital 
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transformation indicators, the framework provides a 
comprehensive evaluation of organizational resilience and 
generates evidence-based restructuring recommendations. 

The experimental evaluation demonstrated that the proposed 
methodology effectively predicts organizational restructuring 
requirements with high accuracy while improving the quality of 
strategic decision-making. Among the evaluated machine 
learning algorithms, XGBoost achieved the strongest predictive 
performance, attaining an accuracy of 95.1% and an AUC of 
0.978, enabling reliable early identification of organizations at 
risk of structural decline. Furthermore, the optimization module 
successfully enhanced organizational renewal outcomes by 
increasing operational efficiency, organizational agility, 
employee productivity, resource utilization, and digital 
transformation readiness while supporting balanced 
restructuring decisions. The observed improvements in revenue 
growth, operating margin, customer satisfaction, and 
innovation capability indicate that predictive restructuring can 
contribute to sustainable organizational performance beyond 
traditional cost-reduction initiatives. 

Overall, the proposed PRFOR framework demonstrates that 
integrating predictive analytics with strategic restructuring 
optimization provides a practical and scalable solution for 
organizational renewal in dynamic business environments. The 
framework offers valuable support for executives, 
policymakers, and organizational leaders seeking to improve 
resilience, accelerate transformation, and sustain long-term 
competitiveness through proactive, data-driven restructuring 
strategies. Its modular architecture also enables adaptation 
across diverse industries, making it a promising foundation for 
next-generation intelligent organizational renewal systems. 

FUTURE SCOPE 

The proposed Predictive Restructuring Framework for 
Organizational Renewal can be extended in several directions 
to enhance its adaptability, intelligence, and practical 
applicability. Future research may incorporate real-time 
organizational data streams from enterprise resource planning 
(ERP), customer relationship management (CRM), human 
resource management systems (HRMS), and Internet of Things 
(IoT)-enabled operational platforms to enable continuous 
restructuring recommendations rather than periodic 
assessments. The framework can also be enhanced by 
integrating explainable artificial intelligence (XAI) techniques 
to provide transparent justifications for restructuring decisions, 
thereby improving managerial trust and stakeholder acceptance. 
Reinforcement learning and multi-agent optimization methods 
may further enable dynamic restructuring strategies that 
continuously adapt to evolving market conditions, workforce 
behavior, and competitive environments. In addition, digital 
twin technology could be employed to simulate multiple 
restructuring scenarios before implementation, allowing 

organizations to evaluate potential financial, operational, and 
human resource impacts with reduced risk. Future studies may 
also validate the framework across different industries, 
organizational sizes, and international business environments 
while incorporating environmental, social, and governance 
(ESG) indicators, organizational culture metrics, and 
sustainability objectives into predictive decision-making. These 
advancements would transform predictive restructuring from a 
decision-support framework into an intelligent, self-adaptive 
organizational renewal system capable of supporting resilient 
and sustainable enterprise transformation. 
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