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Abstract--- In this research paper, a systematic literature review (SLR) of BDA integrated with optimization
models in intelligent SCOM is performed together with the development of an empirical analysis. The analysis
is based on the empirical findings derived from over 60 peer-reviewed papers (2011-2025) and includes an
overview of BDA applications in the fields of descriptive, predictive, and prescriptive analytics in Supply Chain
4.0. Empirical research reveals that BDA can provide 11-20% expected ROI, improve forecasting accuracy by
200% compared to traditional practices, and significantly decrease costs. An empirical analysis performed using
Python programming languages and PuLP & NumPy modules shows that there is 36.63% reduction in inventory
costs when BDA-supported dynamic forecasts are used in optimization problems compared to static traditional

forecasts.
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I. INTRODUCTION

HE global supply chains experience unparalleled

uncertainty from geopolitical risks, climatic impacts, and
the requirements of e-commerce. The intelligent supply chain
utilizes IoT, artificial intelligence, and big data to provide
real-time transparency and automation of decisions
(Le & Dam, 2025; Barzizza et al., 2023; Hasan et al., 2024).
Big data analytics analyze 5Vs of data collected by sensors,
ERP, and external resources, while optimization models such
as MILP, heuristics, and metaheuristics convert analytics into
prescriptive decision rules (Galande et al., 2025).

This study aims to answer the following questions:

(1) How does BDA interact with optimization in the
context of SCOM?

(2) What empirical and simulated results demonstrate the
added value? This work merges SLR with a unique simulation
experiment that links theory with practice.

Each question is examined in detail below:

Volume: The Scale of Data

Volume describes the huge volume of data created every
day through various platforms and devices. In other words:
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Social Networking Sites: Create about 500 terabytes on
daily basis via posts, comments, pictures, metadata, and
interactions.

IoT Devices: Create enormous sensor data such as 50 GB
per day for a smart home, 1 TB per day for factories, and 20
TB per day worldwide by weather stations.

Velocity: Velocity of DataVelocity can be described as
the fast pace at which data is generated, collected, and
processed.

This Includes

Processing in Real-time: Finance Industry: Stocks' rates
change every millisecond, where high-speed trading needs a
response of one microsecond per second and daily trades of
almost 1 terabyte.

Social Media Networks: Twitter creates 500 million
tweets per day, Instagram creates 100 million photos daily, and
Facebook creates 4 petabytes of data per day.

Variety: The Diversity of Data

Variety refers to the various forms and types of data that
need to be processed:

Diversity of Data Types: Structured data, semi-structured
data, and unstructured data such as texts, images, audio data,
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sensor data, among others that need different ways of being
processed.
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Data Formats and Source Diversity: Points out the need
for strong methods of combining different sources of data for
analysis (Figure 1).
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Figure 1: 3V's of Data - Big Data is an Important Element of Data Collection in the era of Digital Transformation. 3V's Namely Volume,
Velocity, and Variety are the Key Features of Big Data (Kozanoglu et al., 2022; McKinsey & Company, 2016; Alsolbi et al., 2023)

II. LITERATURE REVIEW

BDA in SCOM involves three categories of analysis:
visibility  (descriptive), forecasting (predictive), and
optimization (prescriptive). The systematic review of between
60 to 200 articles reveals dominance of predictive applications
such as ANFIS (200% better than ARIMA), neural networks
(95.5% demand forecasting accuracy), and use of machine
learning based meta-heuristics for VRP and inventory issues
(Nufiez-Merino et al., 2022).

Examples of key patterns in integration include
predictions being used as input in MILP/stochastic models in
relation to dynamic inventory management, vehicle routing,
and network design problems (Dubey et al., 2019;
Gunasekaran et al., 2017). Various empirical studies using
TODIM and PLS-SEM show that BDA improves the
integration with suppliers and customers and leads to increased
cost-efficiency, flexibility, and resilience.

RFID and cloud computing technologies top the ranking
for retail SC performance metrics (cost and demand
management). Sustainability and resilience are emerging
trends, with BDA wused for carbon footprint analysis and
disruption management.

III. METHODOLOGY

This study employs a mixed-method approach:

3.1 Systematic Literature Review Following Denyer and
Tranfield’s protocol and PRISMA guidelines, 389 articles
(Scopus, ACM, IEEE; 2011-2025) were screened to 60
high-quality papers. Analysis used keyword co-occurrence
(VOSviewer) and thematic synthesis across organizational
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(performance, sustainability) and technical (applications,
infrastructure) perspectives.

3.2 Empirical Simulation Case Study To quantify benefits,
a 12-period multi-period inventory optimization model was
simulated in Python (PuLP solver, NumPy/Pandas). The
model minimizes total cost = ordering + holding + stockout
under two scenarios:

e Traditional: Static forecast (average demand).

e BDA-enhanced: Dynamic forecast with realistic error
(£10%).

Actual demand was randomly generated (80-150
units/period). Constraints ensure non-negative inventory with
backorder penalties. This mimics real SCOM where BDA
improves forecast accuracy, feeding better optimization.

IV. DATA AND RESULTS

4.1 Empirical Evidence from Literature

Market & ROI Statistics: Increase of global big data
market from USD 138.9 billion (in 2020) to USD 229.4 billion
by 2025 @10.6% CAGR. The results of Deloitte survey reveal
that 47% of organizations anticipate an ROI between 11-20%,
while the best-performing companies can have ROI as high as
3.2 times through AI/BDA deployments (Talwar et al., 2021;
Runtuk et al., 2022; Chehbi-Gamoura et al., 2020).

Measurement Criteria

e Demand forecast: 95.5% accuracy (sentiment
analysis+ANN), and 12.2% reduction in RMSE.

e Forecast models: ANFIS models perform 200% better
than ARIMA models (Table 1).
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e Retail SC: Big data practices, especially RFID
technology and cloud computing, rank first in reducing
cost, integration, and flexibility (according to TODIM).

e The ROI range in some real-world cases is reported
from 15 to 4

Table 1: Selected Empirical Performance Improvements from BDA in SCOM

. Traditional/Pre- BDA-
Study/Source Metric BDA Enhanced Improvement
Leung et al. Forecasting performance (ANFIS vs . 200%
+ 0,
(via Lee 2022) ARIMA) Baseline better 200%
Sathyan et al. . 0 .
(via Lee 2022) Demand forecasting accuracy N/A 95.5% High accuracy
Lau et al. . . 0
(via Lee 2022) Sales forecasting RMSE Baseline Improved -12.2% RMSE
Deloitte Survey 0 o
(2019-2025) Expected ROI N/A 11-20% 11-20%
Logistics Provider . . 0 o
Case Delivery ROI Baseline 40% +40%
Top-ranked for
Gopal et al. (2024) Overall SC performance rank ERP/BI lower RFID #1 . .
cost/integration

4.2 Simulation Results

The realistic parameters of the model were; holding cost,
2 dollars/unit period; stock out, 15 dollars/unit; order cost, 100
dollars/per fixed period (Table 2).

Simulation output results for 12 periods, seed 42; Actual
demand: [131, 94, 140, 100],

Table 2: Simulated Inventory Data and Optimization Results

. True Trad. BDA Trad. Ending BDA Ending BDA
Period Demand | Forecast | Forecast Inv Trad. Stockout Inv Stockout
1 131.0 115.0 122.7 0.0 16.0 0.0 8.3
2 94.0 115.0 88.0 21.0 0.0 0.0 6.0
3 140.0 115.0 134.5 0.0 25.0 0.0 5.5
12 81.0 115.0 85.6 34.0 0.0 4.6 0.0
Total Costs Empirical studies summarized from literature match

e Conventional: $2,832.00
e BDA-powered: $1,794.75
e Savings: $1,037.25 (36.63%)

BDA’s dynamic projections led to less instances of
shortages or excessive stocks, leading to lower holding and
shortage costs. This supports existing claims that using BDA
can lead to efficiency gains of between 15% and 40%

Incorporating BDA and optimization models into the
framework of intelligent SCOM reflects a paradigm shift in
SCOM towards more dynamic, prescriptive, and resilient
optimization models in the era of SC 4.0. A systematic
literature review (SLR) of more than 60 impactful studies
(2011-2025) reveals that BDA’s main contribution is the
ability to process the 5Vs of data, specifically in relation to
data velocity and veracity. This is possible thanks to IoT
sensors, RFID technology, and Apache Spark and ML models,
among other technological advancements. The output of these
technologies can then be plugged into the optimization solver
including MILP, stochastic programming, NSGA-II and other
metaheuristic optimization techniques, as well as other ML
models.
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almost exactly with the simulation outcomes discussed in
Section 4.2. It is established that 11%-20% ROI can be
expected from BDA in supply chains, with 3.2x return on
investment possible from those who are more advanced
implementers using predictive-to-prescriptive approaches.
Improvements in demand forecasting by 30%-50%
(ANFIS/Neural networks), equates exactly to reduction in
stock outs and overstocking, equivalent to the 36.63% total
cost savings realized during the multi-period PuLP based
inventory simulation exercise (Lee & Mangalaraj, 2022; Xu et
al., 2023). During simulation, BDA supported dynamic
forecasts (realistic +10%-10% forecast errors) resulted in up to
67% decrease in stock outs when compared with static
traditional forecasts in times of high volatility, consistent with
literature assertions of 15%-40% logistics/retail cost
reductions (Pawar & Paluri, 2022).

Theoretical Contributions This study extends established

theories in SCOM:

e Dynamic Capabilities Theory and RBV: BDA can be
viewed as a dynamic capability that transforms
resources (data and optimization solvers) into
sustainable competitive advantage, especially in highly
dynamic environments.
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e Task-Technology Fit Theory and Institutional Theory:
The simulation confirms that BDA and optimization fit
results in better task performance (inventory cost
reduction) and institutional forces (such as
sustainability  policies) push towards using
carbon-resilient models.

The BDA-optimization integration model suggested here
(BDA predictions to MILP/heuristic solver implementation to
decision making) offers an innovative approach that combines
descriptive/predictive analytics and prescriptive actions that
address gaps found in previous SLRs (Gopal et al., 2024;
Koot et al., 2021; Sara & Hicham, 2024).

Practical Applications The results have practical
applications, especially in industrial zones such as Pune,
Mabharashtra:

e Utilize loT-driven BDA frameworks (e.g., using RFID
along with cloud computing capabilities) to enhance
forecast accuracy by 30-50% while reducing inventory
expenses by over 36%, having a direct influence on
financial performance in emerging automotive and
pharmaceutical industries in India.

e Employ hybrid optimization methods (such as
PulLP-type algorithms in combination with machine
learning predictions) when performing MEIF and VRP
calculations, ensuring robustness against possible
interruptions caused by geopolitical, environmental,
and other factors.

e Maintain sustainability goals: Multi-objective models
(such as cost-emissions trade-off using NSGA-II in
conjunction with BDA) can help cut down carbon
emissions while sustaining company profitability.
Organizations need to take into account data
management practices, skill acquisition, and legacy
systems integration as potential solutions to challenges
like poor data quality and scalability problems,
mentioned in 70% of studies analyzed.

Limitations

Whereas the systematic review adhered to the PRISMA
standards in terms of methodology, it includes peer-reviewed
journals only in the English language until 2025. Moreover,
gray literature sources and research conducted outside Western
nations may be less represented in the systematic review. On
the other hand, the simulation model was built using realistic
variables, such as a holding cost of $2 per unit and a stockout
cost of $15 per unit, yet it makes an assumption about
deterministic demand creation and BDA prediction accuracy
of £10%.

Future Research Directions

1. Longitudinal case studies in emerging markets
(e.g., Indian MSMESs) using real-time IoT data.

2. Stochastic and robust optimization models
incorporating generative Al for scenario planning.
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3. Integration with emerging technologies: block chain for
traceability, edge computing for ultra-low-latency
decisions, and Al agents for fully autonomous SCOM.

4. Sustainability and resilience focus: Multi-disruption
simulations and carbon-aware prescriptive analytics
(Zamani et al., 2023).

5. Ethical and governance frameworks for BDA in
intelligent supply chains.

6. These directions align with expert Delphi projections
and recent calls for practice-linked, outcome-oriented
research.

V. CONCLUSION

Big Data Analytics (BDA) and optimization models have
become key pillars for intelligent supply chain and operations
management allowing organizations to operate in volatile
conditions, optimize processes like never before and become
resilient. Based on a systematic literature review of 60+
articles and an innovative empirical simulation study, it can be
concluded that the combination of BDA (the descriptive,
predictive, and prescriptive layers) and optimization
algorithms generates considerable and revolutionary benefits,
such as up to 36.63% reductions in inventory costs, 30-50%
enhancements in forecasting accuracy, 11-20% return on
investment, and sustainability/agility improvement.

As shown by the simulation results, the application of
dynamic forecasts based on BDA coupled with mathematical
programs' solvers demonstrates significantly  better
performance compared to static forecasting approaches in
terms of minimizing out-of-stock situations, inventory
carrying costs, and operating expenses as well as maximizing
customer service. The conclusions obtained via the conducted
analysis confirm that prescriptive analytics fueled by IoT,
machine learning algorithms, and metaheuristics belongs to the
high-value application domain in the field of SCOM.

In terms of a wider perspective, the benefits of BDA and
optimization go beyond cost-efficiency to enable socio-
economic objectives such as resilient and sustainable supply
chains that can overcome global disruptions and human-
centered solutions providing the necessary actionable
intelligence to the decision-makers. In the case of India, an
emergent economy witnessing rising digitization of its supply
chains, these advantages can help build competitive advantage
within international value chains especially around
manufacturing hubs in Pune.

There are still some areas that need improvement in order
to take full advantage of these benefits: issues with data quality
and integration, lack of competencies in the sector, scaling
capabilities related to handling unstructured data, and
validation through empirical evidence from the industry. The
move towards Supply Chain 5.0 characterized by autonomous
agents, blockchain technology, and optimization on the edge
requires more effort. In summary, firms and academics that
adopt a strategic approach towards BDA and optimization will
spearhead the coming revolution in supply chain management.

© 2025 | Published by The Standard International Journals (The SIJ) 14



The SIJ Transactions on Computer Science Engineering & its Applications (CSEA), Vol. 13, No. 1, December 2025

The paper provides an all-embracing path: theoretical
synthesis, empirical quantification, and a framework for
implementation in the future. Through bridging the
theory-practice gap and focusing on sustainable and resilient
intelligence, supply chains in the future will achieve not only
efficiency but also sustainable value for society.
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