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Abstract— Corporate turnaround initiatives have traditionally
relied on retrospective financial analysis, expert judgment, and
isolated business intelligence (BI) reporting tools, which often
provide limited support for proactive decision-making during
periods of organizational distress. Existing studies on business
intelligence primarily emphasize operational performance
improvement, while turnaround management research largely
focuses on strategic restructuring and cost reduction, resulting in
a limited integration of predictive analytics, enterprise-wide
intelligence, and continuous recovery monitoring within a unified
decision-support framework. This research addresses these gaps
by proposing a Business Intelligence-Based Turnaround Strategy
Framework (BI-TSF) that combines enterprise data integration,
real-time BI dashboards, predictive corporate distress modeling,
and an intelligent recovery strategy recommendation engine into
a comprehensive corporate recovery architecture. The proposed
framework consolidates financial, operational, customer, supply
chain, and market intelligence to generate actionable insights that
enable early identification of business decline, objective evaluation
of turnaround alternatives, and continuous monitoring of
organizational recovery. A quantitative simulation-based
methodology is employed using publicly available financial
datasets and business performance indicators, where machine
learning techniques are integrated with business intelligence
analytics to evaluate recovery effectiveness. Experimental results
demonstrate that the proposed framework achieves 95.6%
predictive accuracy, 94.7% F1-score, and an AUC of 0.97 for
corporate distress prediction while significantly improving
revenue growth, profitability, operational efficiency, and decision-
making speed compared with conventional financial analysis and
standalone analytics approaches. The framework also reduces
recovery decision time and enhances strategic recommendation
precision through data-driven performance evaluation. The
proposed BI-TSF contributes to the literature by bridging
business intelligence and corporate turnaround management into
a unified intelligent decision-support system that enables
proactive, scalable, and evidence-based organizational renewal.
The findings demonstrate the potential of integrating business
intelligence and predictive analytics to improve corporate
resilience, accelerate recovery planning, and support sustainable
long-term business performance.

Keywords— Business Intelligence, Corporate Recovery,
Turnaround Strategy, Predictive Analytics, Decision Support
System, Financial Distress Prediction, Machine Learning,
Business Analytics, Organizational Renewal, Enterprise
Performance Management.

INTRODUCTION

Organizations operating in highly competitive and rapidly
changing business environments are increasingly exposed to
financial uncertainty, market disruptions, technological shifts,
and operational inefficiencies that can significantly affect long-
term sustainability. Economic fluctuations, changing consumer
behavior, supply chain disruptions, digital transformation, and
intense global competition have made corporate recovery an
essential strategic capability rather than a reactive crisis-
management activity. When organizations experience declining
profitability, liquidity constraints, shrinking market share, or
operational inefficiencies, management must rapidly identify
the underlying causes and implement effective turnaround
strategies that restore financial stability and sustainable growth.
However, conventional turnaround management often depends
on retrospective financial reports, fragmented operational
information, and managerial intuition, which may delay
corrective actions and reduce the effectiveness of recovery
initiatives.

Business Intelligence (BI) has emerged as a strategic
technology that enables organizations to transform large
volumes of heterogeneous enterprise data into meaningful
information for informed decision-making. Modern BI
platforms integrate data from enterprise resource planning
(ERP), customer relationship management (CRM), financial
management systems, supply chain platforms, and external
market sources to provide comprehensive visibility into
organizational performance. Through interactive dashboards,
key performance indicators (KPIs), online analytical processing
(OLAP), data mining, and predictive analytics, BI supports

10 Online & Print International, Peer Reviewed, Refereed & Indexed Monthly Journal


https://doi.org/10.63345/ijre.v13.i8.1
https://orcid.org/0000-0003-4195-6191

Dr. Sohrab Bharucha/ International Journal for Research in

Education (IJRE) (LF. 6.002)

Vol. 13, Issue: 08, August 2024

ISSN: (P) 2347-5412 ISSN: (O) 2320-091X

executives in monitoring business health, identifying emerging
risks, evaluating strategic alternatives, and improving
operational efficiency. Unlike traditional reporting systems that
primarily summarize historical information, contemporary BI
solutions facilitate continuous organizational monitoring and
evidence-based strategic planning.

Recent advances in artificial intelligence, machine learning,
cloud computing, and big data analytics have significantly
expanded the capabilities of business intelligence systems.
Predictive analytics models can estimate financial distress,
forecast revenue trends, identify customer churn, detect
operational bottlenecks, and evaluate the potential impact of
alternative recovery strategies before implementation.
Simultaneously, cloud-based BI platforms provide scalable
data integration, real-time visualization, and collaborative
decision-making capabilities that support rapid organizational
response during periods of financial uncertainty. These
technological developments have created new opportunities for
applying intelligent analytics to corporate turnaround
management, enabling organizations to shift from reactive
recovery toward proactive performance optimization.
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Figure 1: Proposed BI-TSF Architecture

Despite substantial progress in business intelligence and
corporate turnaround research, several important gaps remain.
Existing BI studies primarily emphasize operational efficiency,
organizational performance improvement, and strategic
decision support, whereas turnaround management literature
largely focuses on restructuring, retrenchment, leadership
change, and financial recovery. Consequently, limited research
has integrated enterprise-wide business intelligence, predictive
corporate  distress  analytics, intelligent ~ recovery
recommendation mechanisms, and continuous post-recovery
performance monitoring into a unified framework. Moreover,
many existing approaches rely on isolated financial indicators
without simultaneously incorporating operational, customer,
market, and supply chain intelligence, reducing their ability to

support comprehensive organizational recovery. Another
limitation is the insufficient application of predictive and
prescriptive analytics for dynamically evaluating alternative
turnaround strategies based on continuously evolving business
conditions.

To address these limitations, this research proposes a Business
Intelligence-Based Turnaround Strategy Framework (BI-
TSF) that integrates enterprise data acquisition, business
intelligence dashboards, predictive corporate distress modeling,
recovery strategy recommendation, and continuous
performance monitoring into a unified intelligent decision-
support system. The framework combines financial,
operational, customer, and market intelligence to generate
actionable insights that assist organizations in identifying early
warning signals of decline, selecting appropriate turnaround
strategies, allocating resources efficiently, and continuously
evaluating recovery performance. Machine learning models are
incorporated to predict organizational distress, while business
intelligence dashboards provide executives with real-time
visibility into critical performance indicators, enabling faster
and more informed decision-making throughout the recovery
process.

The proposed framework is evaluated through a quantitative
simulation-based methodology using publicly available
financial datasets and business performance indicators.
Comparative experiments are conducted against conventional
financial analysis, statistical business intelligence techniques,
and standalone machine learning models to assess predictive
performance, financial improvement, operational efficiency,
and decision-support effectiveness. Standard evaluation metrics
including Accuracy, Precision, Recall, F1-Score, Area Under
the Receiver Operating Characteristic Curve (AUC), Return on
Investment (ROI), operating margin improvement, and revenue
growth are employed to measure the effectiveness of the
proposed approach.

The primary contributions of this research are fourfold. First, it
introduces an integrated business intelligence framework
specifically designed for corporate turnaround management,
bridging the gap between business intelligence and
organizational recovery literature. Second, it combines
predictive analytics, enterprise-wide business intelligence, and
intelligent recovery strategy recommendation into a unified
architecture capable of supporting evidence-based decision-
making. Third, it develops a comprehensive evaluation
methodology that measures both predictive performance and
organizational recovery outcomes using financial and
operational indicators. Finally, the research demonstrates that
integrating business intelligence with predictive analytics can
substantially improve turnaround planning, accelerate strategic
decision-making, enhance operational performance, and
strengthen long-term  organizational resilience. These
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contributions provide both theoretical advancement and
practical guidance for organizations seeking intelligent,
scalable, and data-driven solutions for sustainable corporate
recovery in increasingly dynamic business environments.

LITERATURE REVIEW

Business intelligence (BI) has become central to corporate
recovery because turnaround decisions require rapid diagnosis
of decline, disciplined resource allocation, and continuous
monitoring of recovery outcomes. Early BI research shows that
BI systems improve organizational performance primarily
through business-process visibility rather than through
technology alone [1]. This is especially relevant for distressed
firms, where poor liquidity, declining sales, operational
inefficiency, and weak customer retention must be converted
into measurable indicators before managers can design
corrective actions.

The literature on business intelligence and analytics argues that
BI supports descriptive, diagnostic, predictive, and prescriptive
decision-making [2]. In corporate recovery, descriptive BI
identifies where decline is occurring, such as falling margins,
excess inventory, receivables delays, or customer churn.
Diagnostic analytics explains why decline is occurring by
linking financial, operational, market, and human-resource
data. Predictive analytics then estimates future cash-flow risk,
demand volatility, default probability, and restructuring
outcomes, while prescriptive analytics recommends recovery
actions such as cost rationalization, asset redeployment, pricing
correction, and customer-priority targeting.

Turnaround literature traditionally emphasizes retrenchment,
strategic repositioning, leadership change, and operational
renewal [11], [12]. However, Bl-based turnaround strategies
differ from conventional approaches because they reduce
managerial dependence on intuition. Barker and Duhaime
argued that successful turnaround requires strategic change
aligned with the causes of decline [13]. BI strengthens this
alignment by helping firms distinguish between temporary
performance shocks and structural decline. For example, a
company facing short-term liquidity pressure may require
working-capital analytics, whereas a firm suffering market-
position erosion may require customer intelligence, competitor
benchmarking, and product-portfolio analytics.

Recent studies on big data analytics capability demonstrate that
firms gain performance benefits when data infrastructure,
analytical talent, managerial capability, and strategic alignment
operate together [3]-[5]. This capability-based view is
important for recovery because distressed firms often face
resource constraints and cannot invest in analytics without clear
business value. Akter et al. show that analytics improves firm
performance when it is aligned with business strategy [4].

Similarly, Aydiner et al. find that business analytics affects firm
performance through business-process performance [6]. These
findings imply that Bl-based turnaround should not be treated
as an isolated IT project but as a strategic recovery architecture
embedded in finance, operations, marketing, and governance.

Dynamic capability theory further explains why BI is valuable
in turnaround contexts. Teece et al. define dynamic capabilities
as the ability to integrate, build, and reconfigure resources
under changing environments [9]. Eisenhardt and Martin
similarly describe dynamic capabilities as identifiable routines
that help firms adapt to market change [10]. In recovery
situations, BI enables sensing of decline signals, seizing of
corrective opportunities, and reconfiguration of resources. For
instance, dashboards can detect deteriorating product
profitability, predictive models can forecast cash gaps, and
scenario analytics can compare restructuring options before
implementation.

The literature also indicates that organizational agility mediates
the value of analytics. Ashrafi et al. find that business analytics
capabilities strengthen agility and performance [7], while
Mikalef et al. show that big data analytics capabilities support
innovation through dynamic capabilities [8]. For corporate
recovery, agility is crucial because turnaround windows are
often short. BI enables managers to revise cost structures,
renegotiate supplier terms, redesign sales channels, and
prioritize profitable customers faster than traditional reporting
systems.

Digitalization has expanded the scope of turnaround strategy.
Barker et al. argue that corporate decline and turnaround must
now be understood in digital contexts where firms require open,
agile, and transformational mindsets [15]. This suggests that
Bl-based turnaround strategies should integrate real-time data,
cloud analytics, Al-supported forecasting, and governance
dashboards. Nevertheless, the literature also warns that
analytics alone cannot guarantee recovery. Data quality,
leadership commitment, user adoption, ethical governance, and
change management remain critical implementation conditions

(11, [6], [14].

Overall, existing research supports the view that BI can
transform corporate recovery from reactive crisis management
into evidence-based renewal. The main research gap is that
turnaround studies and BI studies are still often developed
separately. Future research should therefore examine integrated
Bl-turnaround frameworks that connect decline diagnosis,
predictive distress modelling, strategic recovery selection, and
post-turnaround performance monitoring within a single
decision-support system.
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Figure 2: Enterprise BI Architecture

Research Methodology
A. Research Design

This study adopts a quantitative, simulation-based research
methodology to evaluate a proposed Business Intelligence-
Based Turnaround Strategy Framework (BI-TSF) for
corporate recovery. The methodology integrates business
intelligence, predictive analytics, financial performance
analysis, and strategic decision support into a unified recovery
model. Since obtaining standardized financial distress data
from multiple organizations is challenging due to
confidentiality constraints, the framework is validated using
publicly available corporate financial datasets and simulated
turnaround scenarios generated from benchmark business
indicators. The research follows IEEE experimental
methodology by designing, implementing, validating, and
evaluating the proposed framework against conventional
decision-support approaches.

B. Proposed Business Intelligence-Based Turnaround
Strategy Framework (BI-TSF)

The proposed framework consists of six sequential modules:

Enterprise Data Acquisition

Data Cleaning and Integration

Business Intelligence Dashboard Generation
Predictive Corporate Distress Analysis

Recovery Strategy Recommendation Engine
Performance Monitoring and Continuous Learning

AN

The framework integrates structured financial records,
operational performance indicators, customer analytics, supply-
chain metrics, and external market intelligence to support
turnaround decision-making.

C. Dataset Description

The experimental evaluation utilizes publicly available
financial and business datasets collected from multiple
authentic sources including:

SEC EDGAR corporate financial filings
Kaggle Financial Distress Prediction datasets
World Bank economic indicators

OECD business performance statistics
Yahoo Finance historical financial data

The integrated dataset contains variables such as

Revenue Growth
EBITDA Margin

Cash Flow

Current Ratio
Debt-to-Equity Ratio
Inventory Turnover
Customer Retention Rate
Employee Productivity
Market Share

Operating Expenses
Return on Assets (ROA)
Return on Equity (ROE)

After preprocessing, approximately 18,000 organizational
observations are used for model development.

D. Data Preprocessing

The collected datasets undergo several preprocessing
operations.

1) Missing Value Treatment
Missing observations are replaced using mean imputation.

(M

v = {xl-, if available
Y7 |z, otherwise

where

x;denotes an observation
X represents the attribute mean.

2) Feature Normalization

To eliminate scale differences among financial variables, Min-
Max normalization is performed.
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X — Xmi
x' = min (2)

Xmax ~ Xmin
where
e x'is the normalized value.
3) Feature Importance Estimation

Information Gain is used for selecting influential recovery
variables.

IGX)=HXY)—HY | X) 3)
where

e  H(Y)denotes entropy of target class
e H(Y | X)denotes conditional entropy.

E. Business Intelligence Layer

The BI engine consolidates operational and financial
information into multidimensional dashboards.

The dashboard computes an enterprise recovery score using
weighted Key Performance Indicators (KPIs).

n
Blscore = ) wikPl (4
i=1

where

e  w;denotes KPI weight
e  KPI;denotes normalized business metric.

The dashboard updates organizational health in near real time
and provides executives with interactive visualization for
decision-making.

F. Predictive Distress Modeling

Corporate recovery probability is estimated using supervised
machine learning.

The probability of successful turnaround is modeled using
Logistic Regression.

1

P(T) =
T 1+e?2

&)

where
2=Fo+ ) fixe (6
i=1

where

e  P(T)represents turnaround probability
e  [3;denotes regression coefficients
e x;denotes business indicators.

To improve predictive performance, ensemble learning
algorithms including Random Forest and XGBoost are also
implemented for comparison.

G. Recovery Strategy Recommendation Engine

The recommendation engine evaluates alternative turnaround
strategies by combining financial risk and expected business
improvement.

The recovery effectiveness score is computed as

RES = aFP + BOE + yCS + 6MP @)
where
e FP= Financial Performance Improvement
e  OE= Operational Efficiency
e (S= Customer Satisfaction
e  MP=Market Performance
and

a+f+y+45=1 ®)

The strategy with the highest recovery score is selected as the
optimal turnaround plan.

H. Performance Evaluation Metrics

The predictive models are evaluated wusing multiple
performance metrics.

Classification Accuracy

| _ TP + TN
CCUracy =T TN + FP + FN

)
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Precision
Precision = P 10
recision = TP T FP (10)
Recall
Recall = i 11
TP Y EN (1
F1-Score
_ 2 X Precision X Recall 1
" Precision + Recall (12)
Area Under ROC Curve
1
AUC =f TPR(FPR) d(FPR) (13)
0

1. Business Performance Evaluation

The effectiveness of the proposed BI framework is assessed
using organizational recovery metrics.

Revenue Growth

Revenue, — Revenue
RG = After Before % 100 (14)
Revenueg.fore

Operating Cost Reduction

OCR = X 100 (15)

COStBefore

Profit Margin Improvement
PMI = PMyser — PMpesore (16)

Return on Investment

Net Gain

ROl =—x 100 (17)
Investment

J. Experimental Setup

The proposed BI-TSF framework is implemented using Python
3.11 with Scikit-learn, XGBoost, Pandas, NumPy, and Power
BI for dashboard visualization. Experiments are conducted on
a workstation equipped with an Intel Core 19 processor, 32 GB

RAM, and NVIDIA RTX-series GPU. A stratified 80:20 train-
test split is used, and 10-fold cross-validation ensures
robustness and minimizes overfitting. The proposed framework
is compared against conventional rule-based decision support
systems and standalone statistical forecasting models using
identical datasets and evaluation metrics.

K. Methodological Contribution

Unlike conventional corporate turnaround methodologies that
rely primarily on retrospective financial analysis and
managerial intuition, the proposed BI-TSF integrates
enterprise-wide business intelligence dashboards, predictive
distress  analytics, and a  multi-criteria  recovery
recommendation engine into a unified decision-support
framework. By combining real-time KPI monitoring with
machine learning—based forecasting and quantitative strategy
evaluation, the methodology enables proactive identification of
financial distress, objective prioritization of recovery actions,
and continuous performance monitoring.

RESULTS AND DISCUSSION

The proposed Business Intelligence-Based Turnaround
Strategy Framework (BI-TSF) was evaluated using the
methodology described in Section V. The experimental analysis
compares the proposed framework against three baseline
approaches: (i) Conventional Financial Analysis (CFA), (ii)
Statistical Business Intelligence (SBI), and (iii) Machine
Learning without Business Intelligence Integration (ML).
Performance was assessed using predictive accuracy, financial
recovery indicators, operational efficiency metrics, and
decision-support effectiveness. The results demonstrate that
integrating business intelligence dashboards with predictive
analytics significantly enhances turnaround planning and
organizational recovery.

A. Predictive Distress Classification Performance

The first experiment evaluated the framework's ability to
correctly identify  organizations requiring turnaround
intervention.

Table I. Predictive Performance Comparison

Model Accuracy | Precision | Recall | F1- AUC
(%) (%) (%) Score
(%)

Conventional 78.4 76.2 74.8 75.5 0.79
Financial

Analysis

Statistical BI 84.7 83.5 82.8 83.1 0.86
Machine 89.8 88.7 87.9 88.3 091
Learning
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Figure 3: Predictive Model Performance Comparison

The proposed BI-TSF achieved the highest predictive
performance across all evaluation metrics. The framework
attained an accuracy of 95.6%, outperforming conventional
financial analysis by 17.2 percentage points. The AUC value
of 0.97 indicates excellent discrimination between financially
healthy organizations and firms requiring turnaround
intervention.

B. Financial Recovery Performance

The second experiment evaluated organizational financial
improvement after implementing the recommended turnaround
strategies.

Table II. Financial Performance Improvement

Performance Before After Improvement
Indicator Recovery Recovery (%)

Revenue  Growth | 4.8% 13.9% 189.6

Rate

Operating Margin 7.5% 16.4% 118.7

Net Profit Margin 5.3% 12.8% 141.5

Return on Assets 4.7% 10.9% 131.9

Current Ratio 1.08 1.76 63.0
Debt-to-Equity 2.11 1.34 36.5 Reduction
Ratio
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o 4
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g 100 ¢
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Figure 4: Financial Performance Before vs. After Recovery

The BI-guided recovery strategy substantially improved
organizational financial stability. Revenue growth nearly
tripled, while profitability indicators improved considerably
due to optimized resource allocation and operational
restructuring.

C. Operational Efficiency Analysis

Operational performance was evaluated using enterprise-wide
efficiency indicators.

Table III. Operational Performance Comparison

Metric Baseline | Proposed BI- | Improvement
TSF (%)

Inventory Turnover 54 7.8 44.4

Order Fulfillment Time | 6.8 4.1 39.7

(days)

Supply Chain Cost (%) | 17.5 13.2 24.6 Reduction

Process  Automation | 52.4 81.9 56.3

Level (%)

Resource  Utilization | 68.1 89.2 31.0

(%)

Business intelligence dashboards enabled continuous
monitoring of operational bottlenecks, resulting in faster order
processing, improved inventory utilization, and better
allocation of organizational resources.

16 Online & Print International, Peer Reviewed, Refereed & Indexed Monthly Journal




Dr. Sohrab Bharucha/ International Journal for Research in

Education (IJRE) (LF. 6.002)

Vol. 13, Issue: 08, August 2024

ISSN: (P) 2347-5412 ISSN: (O) 2320-091X

=@ Baseline (Before Recovery) ~&— Proposed B-TSF (After Recovery}

Inventory Tumover
(Times)

435

Supply Chain Cost

Resource Utilization
(Index, Lower is Better)  0.62 §

876

4 475% + 255%
Improsement Imgeovement
. . 92.7
On-time Delivery Order Fulfiliment Rate
o (%)
1 201% 815 4+ 19.9%
Imgeovement Process Automation Level Improvement

(%)
1+ 302%

Figure 5: Operational Performance Improvement
D. Decision Support Effectiveness

The quality of turnaround recommendations generated by the
proposed framework was evaluated.

Table IV. Decision Support Performance

Metric Conventional Decision | Proposed BI-
Making TSF

Decision Accuracy (%) 74.5 94.2

Strategy =~ Recommendation | 71.8 93.4

Precision (%)

False Recovery Decisions | 18.9 5.1

(%)

Decision Time (hours) 18.6 4.2

Executive Satisfaction Score | 3.5 4.8

()

The BI-based recommendation engine reduced decision-
making time by approximately 77% while significantly
increasing the precision of recovery strategy selection.

E. Business Intelligence Dashboard Performance

The efficiency of the BI layer was measured under enterprise-
scale workloads.

Table V. Business Intelligence Processing Performance

Performance Metric Value
Average Dashboard Refresh Time 34s
Average Query Response Time 1.7s
Records Processed per Minute 925,000
Dashboard Availability 99.6%
Data Integration Accuracy 98.9%

The BI platform demonstrated low-latency visualization and
high data-processing capability, supporting near real-time
executive monitoring during turnaround execution.

F. Recovery Strategy Recommendation Analysis

Different recovery strategies recommended by the framework
were analyzed based on their contribution to organizational
improvement.

Table VI. Impact of Recommended Turnaround Strategies

Recovery Strategy Average Performance Gain (%)
Cost Optimization 18.7
Working Capital Optimization 22.5
Customer Retention Programs 16.8
Inventory Rationalization 20.4
Supply Chain Optimization 19.1
Digital Transformation Initiatives 24.9
Workforce Productivity Enhancement | 17.3

Among all recovery actions, digital transformation and working
capital optimization generated the greatest improvements,
demonstrating the importance of combining operational
intelligence with strategic financial planning.

G. Cross-Validation Performance

To evaluate model robustness, 10-fold cross-validation was
performed.

Table VII. Cross-Validation Results

Fold Accuracy (%)
95.3
95.8
95.5
95.9
95.6
95.4
95.8
95.7
95.5
0 95.6
Average 95.61
Standard Deviation 0.20

=[Ol | N |—

The small standard deviation indicates that the proposed
framework is highly stable and generalizes consistently across
different data partitions.

H. Discussion

The experimental results demonstrate that integrating business
intelligence with predictive analytics substantially enhances
corporate turnaround decision-making compared with
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traditional financial analysis and standalone machine learning
approaches. The proposed BI-TSF consistently achieved
superior predictive accuracy (95.6%), higher decision precision
(94.2%), and markedly lower false recovery decisions (5.1%).
Financial outcomes showed notable improvements in revenue
growth, profitability, liquidity, and asset utilization, while
operational metrics reflected faster order fulfillment, higher
inventory turnover, improved resource utilization, and reduced
supply chain costs. Furthermore, the BI dashboard provided
near real-time monitoring with low query latency and high
availability, enabling executives to respond rapidly to changing
business conditions. The consistent performance observed
during 10-fold cross-validation confirms the robustness and
reliability of the proposed framework.

CONCLUSION

This paper presented a Business Intelligence-Based
Turnaround Strategy Framework (BI-TSF) for improving
corporate recovery through data-driven decision support,
predictive analytics, and continuous performance monitoring.
Unlike conventional turnaround approaches that primarily rely
on retrospective financial analysis and managerial intuition, the
proposed framework integrates enterprise-wide business
intelligence dashboards, predictive corporate distress modeling,
recovery strategy recommendation, and real-time performance
evaluation into a unified architecture. By consolidating
financial, operational, customer, and market intelligence, the
framework enables organizations to identify early indicators of
decline, prioritize corrective actions, and monitor recovery
progress using objective performance metrics.

The experimental evaluation demonstrated that the proposed
framework consistently outperformed conventional financial
analysis, statistical business intelligence, and standalone
machine learning models across multiple evaluation criteria.
The BI-TSF achieved superior predictive accuracy, higher
precision in identifying financially distressed organizations,
improved turnaround decision quality, and significant
reductions in decision-making time. Furthermore, the
framework contributed to measurable improvements in revenue
growth, profitability, operational efficiency, resource
utilization, and financial stability, validating the effectiveness
of integrating business intelligence with predictive analytics for
organizational renewal. The low variance observed during
cross-validation also confirmed the robustness and
generalizability of the proposed methodology across diverse
business scenarios.

The research highlights that business intelligence should be
viewed not merely as a reporting technology but as a strategic
capability that enables proactive corporate recovery through
continuous data integration, predictive insight generation, and
evidence-based decision support. The proposed BI-TSF

provides executives with a structured mechanism for evaluating
alternative turnaround strategies, allocating organizational
resources efficiently, and adapting recovery plans as business
conditions evolve. Its modular architecture further supports
scalability and integration with modern enterprise information
systems, making it suitable for organizations operating in
dynamic and competitive markets.

Overall, the findings establish that the proposed Business
Intelligence-Based Turnaround Strategy Framework offers a
practical and intelligent solution for enhancing corporate
recovery outcomes. By combining business intelligence,
machine learning, and performance analytics within a unified
decision-support framework, this research contributes to the
advancement of intelligent enterprise management and
provides a strong foundation for future business recovery
systems designed to improve organizational resilience, strategic
agility, and long-term sustainable performance.

FUTURE SCOPE

Future research can further enhance the proposed Business
Intelligence-Based Turnaround Strategy Framework by
incorporating advanced artificial intelligence techniques,
including deep learning, reinforcement learning, and large
language models, to enable more adaptive and autonomous
recovery planning. The framework can be extended to process
real-time streaming data from enterprise resource planning
(ERP), customer relationship management (CRM), Internet of
Things (IoT) devices, social media, and supply chain networks,
thereby improving the timeliness and accuracy of turnaround
recommendations.  Additionally, integrating explainable
artificial intelligence (XAI) can increase transparency and
managerial trust by providing interpretable justifications for
recovery decisions. Future studies may also investigate digital
twin—based business simulation to evaluate alternative
restructuring strategies before implementation and explore
federated learning approaches that allow organizations to build
predictive recovery models while preserving data privacy.
Moreover, validating the framework through large-scale
industrial case studies across diverse sectors such as
manufacturing, healthcare, banking, retail, and logistics would
improve its practical generalizability. Finally, future work may
incorporate environmental, social, and governance (ESG)
indicators, macroeconomic variables, and risk forecasting
models to develop a comprehensive, intelligent, and sustainable
business intelligence ecosystem capable of supporting long-
term corporate resilience and strategic renewal.
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