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Abstract

Keywords
Operations Optimization, Operations optimization in modern supply chains requires the integration of
Machine Learning, Management predictive and prescriptive analytics to address uncertainty and complexity.
Science, Supply Chain, Demand Traditional management science methods provide structured optimization

Forecasting, Stochastic  frameworks but often rely on deterministic assumptions, while machine learning
Optimization offers improved forecasting capabilities without directly supporting decision-

making. This study develops an integrated framework that combines machine
Article History learning and management science to enhance operational performance. A

structured dataset comprising demand, inventory lewvels, production costs,
transportation costs, lead time, and service level is utilized. Machine learning
models are applied to forecast demand, and these predictions are incorporated into
an optimization model aimed at minimizing total operational cost under capacity
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and service constraints. The approach treats forecasts as probabilistic inputs,
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Corresponding Author: * improving robustness in decision-making. The results demonstrate that the

Ikhtiar Ahmed Khoso integrated framework enhances efficiency by reducing stockouts, improving
capacity utilization, and balancing cost—service trade-offs. The study highlights the
importance of linking prediction with optimization for effective decision-making.

INTRODUCTION

Operations optimization has become a critical regarding demand certainty and parameter
research domain in response to increasing stability, which limit their effectiveness in
complexity, uncertainty, and competitiveness in dynamic and data-rich environments. The
modern supply chains and production systems. emergence of machine learning (ML) has
Organizations are required to make decisions introduced new capabilities for handling
under conditions of demand volatility, uncertainty through data-driven prediction. ML

fluctuating costs, capacity constraints, and service-
level pressures. Traditional management science
methods such as linear programming, inventory
theory, and queuing models have historically
provided structured approaches for optimizing
such decisions. However, these models often rely
on simplifying assumptions, particularly

models can identify complex nonlinear patterns,
capture hidden relationships, and improve
demand forecasting accuracy using large-scale
datasets. Despite this advancement, predictive
accuracy alone does not guarantee operational
efficiency. Forecasts must be translated into
actionable  decisions through optimization
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frameworks that consider constraints, trade-offs,
and system-wide interactions. The integration of
ML with management science (MS) methods
represents a significant paradigm shift toward
predictive-prescriptive  analytics.  In  this
integrated approach, ML is used to estimate
uncertain parameters such as demand and lead
time, while MS models determine optimal
decisions such as production quantities,
inventory levels, and transportation plans. This
combined framework enables organizations to
move beyond reactive decision-making toward
proactive and optimized operations. However,
achieving effective integration remains a
challenge. Many existing systems treat forecasting
and optimization as separate processes, resulting
in suboptimal performance. This study addresses
this limitation by developing a unified framework
that combines machine learning-based prediction
with optimization-based decision-making. The
objective is to enhance operational efficiency by
minimizing total cost while maintaining service
levels under uncertainty. The literature on
operations  optimization can be  broadly
categorized into three streams: machine learning
applications, management science optimization,
and hybrid integration approaches. The first
stream focuses on the application of ML
techniques in supply chain and operations
management. Studies have demonstrated the
effectiveness of algorithms such as regression
models, decision trees, and neural networks in
demand forecasting, inventory prediction, and
disruption detection. These models outperform
traditional statistical methods in capturing
nonlinear patterns and handling large datasets.
However, a key limitation is that many ML-based
studies emphasize predictive accuracy without
addressing how predictions influence operational
decisions. The second stream is rooted in
management science and operations research,
which provide prescriptive tools for decision-
making. Techniques such as linear programming,
mixed-integer programming, and stochastic
optimization are widely used to solve problems
related to inventory control, production
planning, and transportation routing. These
models are effective in defining optimal solutions

under constraints but often assume that input
parameters are known with certainty. This
assumption reduces their applicability in real-
world environments characterized by uncertainty
and variability. The third and most recent stream
involves the integration of ML and MS methods.
Emerging research highlights the potential of
combining predictive models with optimization
frameworks to improve decision quality. For
example, ML can be used to forecast demand,
while optimization models determine inventory
policies based on these forecasts. Similarly,
reinforcement learning has been applied to
dynamic decision-making problems such as
routing and  scheduling. Despite  these
advancements, the literature remains fragmented.
Many studies focus on isolated components
rather than system-wide optimization.
Additionally, there is a lack of standardized
methodologies for integrating ML outputs into
optimization models. This fragmentation limits
the practical applicability of existing research and
highlights the need for more comprehensive and
unified  frameworks.  Although significant
progress has been made in both machine learning
and management science, several critical gaps
remain in the literature. The most prominent gap
is the lack of effective integration between
predictive and prescriptive approaches. A large
portion of existing research focuses on improving
forecasting accuracy without linking these
predictions to operational decision-making. As a
result, the potential benefits of machine learning
are not fully realized in practice. Another major
gap relates to the treatment of uncertainty. Many
studies incorporate machine learning predictions
into optimization models as deterministic inputs,
ignoring forecast errors and variability. This
approach can lead to suboptimal or even
infeasible solutions when real-world conditions
deviate from predictions. There is a clear need for
frameworks  that  incorporate  uncertainty
explicitly ~ through  stochastic ~or  robust
optimization techniques. A further limitation is
the narrow scope of many studies, which often
focus on a single aspect of operations, such as
inventory management or transportation. This
fragmented approach fails to capture the
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interconnected nature of operational systems,
where decisions in one area can significantly
impact others. Comprehensive models that
integrate multiple decision variables such as
production, inventory, and distribution are still
limited in the literature. Additionally, many
advanced machine learning models lack
interpretability, making it difficult for decision-
makers to trust and implement their outputs.
Conversely, traditional optimization models are
often based on simplified assumptions that do
not reflect real-world complexity. This creates a
methodological imbalance that reduces the
effectiveness of both approaches. This study
addresses these gaps by developing an integrated
framework that combines machine learning-based
prediction with management science
optimization. It incorporates uncertainty into
decision-making, considers multiple operational
dimensions, and emphasizes the practical
applicability of results. By bridging the gap
between prediction and decision, the study
contributes to the advancement of data-driven
operations optimization.

Research Design and Conceptual Framework

This study adopts a quantitative and model-
driven research design to investigate operations
optimization through the integration of machine
learning (ML) and management science (MS)
methods. The research is structured around a
hybrid analytical framework that combines
predictive modeling with prescriptive
optimization. The primary objective is to
transform demand forecasts into actionable
operational decisions, particularly in inventory
management, production planning, and cost
minimization. The conceptual framework is
based on a two-stage decision process: the first
stage involves demand prediction using
supervised machine learning techniques, while
the second stage incorporates these predictions
into mathematical optimization models. The
dataset utilized in this study is a structured
synthetic dataset representing supply chain
operations, including demand, forecast demand,
inventory levels, production costs, transportation
costs, lead times, and service levels. The use of a

synthetic  dataset allows for  controlled
experimentation and model validation, although
it introduces limitations in terms of real-world
generalizability. The research is grounded in
established  management science theories,
including stochastic inventory models and cost
optimization principles. Machine learning is
employed to address uncertainty and improve
predictive ~ accuracy,  while  optimization
techniques are used to determine optimal
decision variables under constraints. The
integration of these approaches enables a more
comprehensive analysis than traditional methods
that treat prediction and optimization separately.
A critical aspect of the research design is the
recognition of uncertainty and variability in
operational systems. Rather than assuming
deterministic inputs, the framework incorporates
probabilistic elements derived from ML outputs.
This approach enhances robustness and aligns
with contemporary trends in data-driven decision-
making. However, the framework assumes that
model parameters remain stable over time, which
may not hold in dynamic environments. Overall,
the research design provides a systematic and
rigorous approach to analyzing complex
operational problems using advanced analytical
tools.

Data Collection and Preprocessing

The dataset employed in this study is synthetically
generated to reflect realistic operational
conditions within a supply chain environment. It
includes multiple variables such as demand,
forecast demand, inventory levels, production
cost, transportation cost, lead time, supplier
reliability, and service level. The dataset consists
of a sufficiently large number of observations to
support both machine learning training and
optimization modeling. While synthetic data
allows for flexibility and control over variable
distributions, it lacks the inherent noise and
unpredictability of realworld datasets, which
must be acknowledged as a limitation. Data
preprocessing is a critical step to ensure the
reliability and wvalidity of subsequent analyses.
Initially, the dataset is examined for missing
values, inconsistencies, and outliers. Although
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synthetic datasets are typically complete, noise
and random variation are intentionally
introduced to simulate real-world conditions.
Outliers are identified using statistical techniques
such as zscores and interquartile range (IQR)
analysis, and appropriate transformations are
applied where necessary. Normalization and
scaling are performed to standardize variables,
particularly for machine learning models that are
sensitive to feature magnitudes. Continuous
variables are scaled using min-max normalization,
while categorical variables (if present) are
encoded using appropriate techniques. Feature
engineering is also conducted to enhance model
performance, including the creation of derived
variables such as demand variability and cost
ratios. A key methodological consideration is the
alignment between data preprocessing and model
requirements. Machine learning models require
clean, normalized data for accurate prediction,
whereas optimization models require structured
inputs that reflect operational constraints.
Therefore, preprocessing is conducted in a
manner that preserves both statistical integrity
and operational relevance. Despite these efforts,
the absence of real-world data limits the external
validity of findings, and future research should
incorporate empirical datasets for validation.

Machine Learning Model Development

The machine learning component of this study
focuses on demand forecasting, which serves as
the primary input for subsequent optimization
models. Supervised learning techniques are
employed to predict future demand based on
historical patterns and associated variables.
Among the candidate models, regression-based
approaches such as Linear Regression and tree-
based models such as Random Forest are
considered due to their interpretability and
robustness. The selection of models is guided by
their ability to capture both linear and nonlinear
relationships within the dataset. The dataset is
divided into training and testing subsets to
evaluate model performance. A typical split of
80% training and 20% testing is used to ensure
sufficient data for model learning while
preserving a subset for validation. Model

performance is assessed using standard evaluation
metrics, including Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and R-
squared. These metrics provide a comprehensive
assessment of predictive accuracy and model
reliability. Hyperparameter tuning is conducted
to optimize model performance. For example, in
the case of Random Forest, parameters such as
the number of trees and maximum depth are
adjusted to minimize prediction error. Cross-
validation techniques are employed to reduce the
risk of overfitting and ensure that the model
generalizes well to unseen data. A critical
limitation of the machine learning approach is its
reliance on historical data, which may not fully
capture future uncertainties or structural changes
in demand patterns. Additionally, while complex
models may achieve higher accuracy, they often
lack interpretability, which is important for
managerial decision-making. Therefore, a balance
is maintained between model complexity and
interpretability. The outputs of the ML models
are not treated as deterministic values but are
incorporated into the optimization stage as
probabilistic inputs, thereby enhancing the
robustness of the overall framework.
Optimization =~ Model = Formulation  and
Integration

The optimization component of this study
translates machine learning predictions into
actionable operational decisions. A mathematical
programming approach is adopted, with the
objective of minimizing total operational cost
while satisfying service level and capacity
constraints. The decision variables include
production quantity, inventory levels, and
transportation allocation. The objective function
incorporates multiple cost components, including
production cost, transportation cost, holding
cost, and shortage cost. Constraints are
formulated to reflect real-world operational
limitations. These include demand satisfaction
constraints, which ensure that predicted demand
is met; capacity constraints, which limit
production and storage levels; and lead time
constraints, which account for delays in supply.
Service level constraints are also incorporated to
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acceptable level of
customer satisfaction. The model is solved using
linear or mixed-integer programming techniques,
depending on the complexity of the decision
variables. A key contribution of this methodology
is the integration of machine learning outputs
into the optimization model. Instead of using
fixed demand values, the model incorporates
forecast distributions, allowing for stochastic
optimization. This approach improves decision
robustness and reduces the risk of suboptimal
outcomes due to forecast errors. However, the

maintain a minimum

Results and Discussion

Table 1: Descriptive Statistics of Operational Variables

Variable Mean Std Dev
Demand 275.4 130.2
Forecast 276.1 135.6
Inventory 248.7 120.5
Production Cost 52.3 28.4
Transport Cost 31.6 18.2
Lead Time 5.8 2.3

The descriptive statistics provide a foundational
understanding of the operational environment,
highlighting  substantial variability across key
decision variables. Demand variability, reflected
by a high standard deviation,
stochastic

indicates a

demand  environment  where
planning would be insufficient.
The close alignment between actual demand and
forecast demand suggests that the predictive
model is unbiased; however, the higher
dispersion in forecast values reveals instability
under volatile conditions. Inventory variability
indicates  inconsistent replenishment policies,
suggesting the absence of optimized reorder point

strategies. Production and transport costs display

deterministic

integration of ML and optimization introduces
computational complexity, particularly when
dealing with large datasets or
relationships. Additionally, the model assumes
that cost parameters and constraints remain
constant, which may not hold in dynamic
environments. Despite these limitations, the
integrated framework provides a powerful tool
for  datadriven  decision-making, enabling
organizations to optimize operations in the
presence of uncertainty and variability.

nonlinear
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inefficiencies. Lead time variability is particularly
critical because it directly influences safety stock
requirements and service level outcomes. From a
management science perspective, these statistics
justify the use of stochastic optimization models
integrated with machine learning forecasts. The
dataset supports multi-objective decision-making
where cost minimization must be balanced
against service level constraints. However, a
limitation is the absence of temporal dynamics
in this summary, which restricts insights into
trends and seasonality. Overall, the analysis
confirms that the system operates under
uncertainty, requiring advanced hybrid modeling
approaches that combine predictive analytics

heterogeneity, implying varying operational with  prescriptive optimization to achieve
conditions such as supplier pricing and logistics efficiency and resilience.

Table 2: Correlation Matrix

Variable Demand Inventory Production Lead Time Transport

Demand 1 0.62 0.45 0.21 0.38

Inventory 0.62 1 0.4 0.25 0.3

Production 0.45 0.4 1 0.18 0.5

Lead Time 0.21 0.25 0.18 1 0.22

Transport 0.38 0.3 0.5 0.22 1
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The correlation matrix reveals moderate
interdependencies among operational variables,
indicating partial system  integration. The
strongest relationship between demand and
inventory suggests reactive inventory
management, where  stock levels adjust in
response to observed demand rather than
predictive planning. Production and transport
costs exhibit a moderate correlation, highlighting
interconnected cost structures across the supply
chain. Lead time shows weak correlations,
implying that it behaves as an exogenous factor
requiring explicit modeling. The low correlation

Table 3: Cost Breakdown

Cost Type Mean
Production 52.3
Transport 31.6
Holding 18.4
Shortage 14.2

The cost component breakdown provides critical
insight into the structural composition of total
operational expenditure and highlights the
relative significance of each cost category within
the system. Production cost emerges as the
dominant component, accounting for
approximately 45% of total cost. This indicates
that the production function is the primary cost
driver and should therefore be a central focus of
optimization efforts. Inefficiencies in production
processes such as suboptimal batch sizes, machine
downtime, or poor resource allocation can
significantly inflate overall costs. Consequently,
integrating machine learning models for
predictive maintenance and process optimization
can vyield substantial improvements in cost
efficiency. Transport cost, contributing around
27%, represents the second-largest cost element
and reflects the importance of logistics and
distribution efficiency. This component is
particularly sensitive to routing decisions, fuel
price variability, and network design. From a
management science perspective, this justifies the
application of vehicle routing problem (VRP)
models and network optimization techniques to

between demand and lead time challenges
traditional assumptions and underscores the
need for machine learning techniques capable of
capturing nonlinear relationships. From an
academic perspective, these findings support the
application of multivariate and nonlinear
optimization models. However,correlation does
not imply causation, and further causal analysis
is necessary. The matrix suggests that relying
solely on linear models would lead to suboptimal
decisions, reinforcing the need for advanced
analytical frameworks.

%
45%
27%
16%
12%
minimize  transportation  expenses  while
maintaining service levels. Holding cost and
shortage cost together account for approximately
28% of total cost, indicating notable
inefficiencies in inventory management. Holding
costs suggest overstocking, which ties up capital
and increases storage expenses, while shortage
costs indicate understocking, leading to lost sales
and reduced customer satisfaction. The
coexistence of both costs implies a lack of balance
in inventory policies, reinforcing the need for
stochastic inventory models such as the
Newsvendor  framework.  Critically,  the
distribution of costs underscores the necessity of
a  multi-objective  optimization  approach.
Focusing on minimizing a single cost component
may lead to adverse effects on others, resulting in
suboptimal system performance. A key limitation
of this analysis is its static nature, which does not
capture temporal fluctuations or dynamic
interactions between cost components.
Therefore, future analysis should incorporate
time-series modeling and simulation to better
understand cost behavior under varying

operational conditions.
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Table 4: Service vs Stockout
Service Level

90

92

94

96

98

The relationship between service level and
stockout frequency presented in Table 4 reflects a
fundamental trade-off in inventory and
operations management. As service level increases
from 90% to 98%,
significantly from 12% to 3%, demonstrating a
strong inverse relationship. This pattern confirms
the theoretical expectation that higher service
levels achieved through increased safety stock or
improved replenishment policies reduce the
probability of unmet demand. However, this
improvement in service performance is not
without implications.
perspective, achieving
higher service requires maintaining
additional inventory buffers, which directly
increases holding costs. Therefore, while a service
level of 98% appears operationally desirable, it
may not be economically optimal. The
diminishing marginal reduction in stockout rates
at higher service levels is particularly important;
for example, increasing service level from 96% to
98% yields only a 2% reduction in stockouts
compared to a larger reduction observed at lower

stockout rates decline

economic From a

management science

levels

Table 5: Supplier Reliability

Reliability Lead Time
70 8.5

80 7.2

90 6.1

95 5.5

Table 5 illustrates the critical relationship

between supplier reliability, lead time, and delay
frequency, emphasizing the strategic importance
of supplier performance in operational
optimization. As supplier reliability increases
from 70% to 95%, average lead time decreases
significantly from 8.5 days to 5.5 days, while
delay frequency drops sharply from 20% to 6%.

Stockout

12
10

8
5
3

service increments. This indicates that beyond a
certain threshold, the cost of improving service
level outweighs the benefits gained from reduced
stockouts. The findings strongly support the
application of probabilistic inventory models,
such as the Newsvendor model, which explicitly
balance the cost of overstocking against the cost
of understocking. Furthermore, machine learning
techniques can trade-off by
improving demand forecasting accuracy, thereby
reducing uncertainty and minimizing the need
for excessive safety stock. A critical limitation of
this analysis is that it assumes a static demand
environment and does not explicitly incorporate
lead time variability or demand seasonality, both
of which significantly influence service level
outcomes. Additionally, the table
quantify the cost implications associated with
level, which is
identifying the true optimal point. Therefore,
future research should integrate cost functions
and stochastic demand distributions to derive a

enhance this

does not

each service essential for

more comprehensive and decision-oriented

model.

Delay %
20

15

10

6

This demonstrates a strong inverse relationship
between reliability and operational uncertainty,
confirming that reliable suppliers contribute
directly to improved supply chain stability and
predictability. From a management
perspective, these findings highlight that supplier
reliability is not merely a qualitative attribute but
a quantifiable parameter that should be

science
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incorporated into optimization models. Lower
lead times reduce the need for safety stock,
thereby decreasing holding costs, while fewer
delays enhance service levels and customer
satisfaction. This creates a cascading effect across
the supply chain, where improvements in
supplier performance lead to system-wide
efficiency gains. The reduction in delay frequency
is particularly significant, as delays often disrupt
production schedules and increase operational
costs through overtime, expedited shipping, or
lost sales. Therefore, investing in high-reliability
suppliers even at a higher procurement cost may
result in lower total system cost when evaluated
holistically. This supports the argument for total
cost of ownership (TCO) approaches rather than

Table 6: Capacity vs Cost
Utilization

60

70

80

90

100

Table 6 presents a nonlinear relationship
between capacity utilization and total operational
cost, revealing the existence of an optimal
utilization threshold. As capacity utilization
increases from 60% to 80%, total cost decreases
from 140 to 110, indicating improved efficiency
due to better resource utilization, reduced idle
time, and enhanced economies of scale. This
phase reflects underutilized systems where
increasing output leads to cost savings by
spreading fixed costs over a larger production
volume. However, beyond the 80% utilization
level, total cost begins to rise, reaching 130 at full
capacity (100%). This upward trend suggests the
emergence of operational inefficiencies associated
with overutilization, such as equipment strain,
increased maintenance requirements, workforce
fatigue, and potential bottlenecks in production
processes. These factors introduce additional
variable costs, including overtime labor,
expedited logistics, and higher defect rates, which
collectively offset the benefits of higher output.
From a management science perspective, this

simple cost-minimization strategies in supplier
selection. However, a critical limitation of this
analysis is the assumption that supplier reliability
is independent of external factors such as
demand fluctuations or geopolitical risks. In
practice, supplier performance may deteriorate
under stress conditions, introducing nonlinear
effects not captured in this table. Additionally,
the analysis does not consider multi-supplier
strategies, which can mitigate risk through
diversification. Overall, the results underscore the
necessity of integrating supplier reliability into
both machine learning prediction models and
management science optimization frameworks to
achieve resilient and costefficient supply chain
operations.

Cost
140
125
110
115
130

pattern aligns with nonlinear cost functions and
supports the inclusion of capacity constraints in
optimization models. Linear programming
approaches that assume constant marginal costs
would fail to capture this critical behavior,
leading to suboptimal decisions. Instead,
nonlinear or mixed-integer optimization models
are more appropriate for accurately representing
real-world production systems. Machine learning
can further enhance this analysis by predicting
demand fluctuations and dynamically adjusting
capacity levels to operate near the optimal
utilization point. This integration enables
adaptive decision-making that balances efficiency
with system resilience. A key limitation of this
table is that it does not account for external
disruptions such as supply shortages or demand
shocks, which can significantly alter optimal
utilization levels. Additionally, it assumes a single
production system, whereas real-world operations
often involve multiple interconnected facilities.
Overall, the analysis highlights that both
underutilization ~ and  overutilization  are
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inefficient, and maintaining capacity near the
optimal range is essential for minimizing total

operational cost.
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Figure 1: Demand versus Forecast Demand

Figure 1 illustrates the relationship between
actual demand and forecasted demand over a
given time horizon, providing critical insight into
the performance of the predictive model
embedded within the operational system. The
general alignment between the demand and
forecast curves indicates that the forecasting
model captures the central tendency of demand
reasonably well. This suggests that, on average,
the model is unbiased and capable of providing a
reliable baseline for decision-making. However,
closer examination reveals deviations between the
two series, particularly during periods of demand
fluctuation, highlighting the presence of forecast
errors. From a machine learning perspective,
these discrepancies are indicative of model
limitations in capturing sudden demand spikes or
drops, which may arise from external factors such
as promotions, seasonality, or market disruptions.
Such errors are particularly critical in operations
management, as they directly influence inventory
decisions, production planning, and distribution
strategies. Overestimation of demand can lead to
excess inventory and increased holding costs,
while underestimation results in stockouts and

reduced service levels. The figure underscores the
importance of integrating forecasting accuracy
into optimization frameworks. In management
science, forecast outputs are often treated as
deterministic inputs; however, this approach
ignores uncertainty and can lead to suboptimal
decisions. A more robust approach involves
incorporating forecast error distributions into
stochastic ~ optimization = models,  thereby
improving system resilience. Additionally, the
visual trend suggests that while the model
performs adequately under stable conditions, it
struggles with volatility, indicating a need for
more advanced algorithms such as ensemble
methods or deep learning models that can
capture nonlinear patterns. A limitation of the
figure is that it does not quantify forecast
accuracy using metrics such as Mean Absolute
Error (MAE) or Root Mean Square Error
(RMSE), which are rigorous
evaluation. Overall, the figure demonstrates that
forecasting is a critical but imperfect component
of operations optimization, requiring continuous
refinement and integration with decision-making
models.

essential for
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Figure 2: Cost Distribution across Operational Components

Figure 2 presents the proportional distribution of
total operational costs across key components,
typically visualized as a pie or bar chart. The
figure clearly demonstrates that production cost
the largest share, followed by
transportation, holding, and shortage costs. This
visual representation reinforces the structural
of  production

overall

constitutes

dominance activities  in

determining cost  performance,
highlighting that inefficiencies at the production
stage can have a disproportionate impact on total
system management
perspective, the figure emphasizes the necessity of
prioritizing production optimization in any cost-
reduction strategy. Techniques such as process
optimization, capacity planning, and predictive
maintenance can significantly reduce production-
related expenses. However, the figure also shows
that transportation costs represent a substantial
portion, indicating that logistics optimization—
through routing algorithms, network design, and
load consolidation—remains a critical secondary
focus. The combined share of holding and
shortage costs reflects inefficiencies in inventory
management policies. The simultaneous presence

cost. From a science

of both cost types suggests a misalignment
between supply and demand, where the system
between overstocking
understocking. This highlights the importance of
adopting inventory models and
integrating machine learning-based demand
forecasts to achieve better balance. Critically, the
figure illustrates the interdependent nature of
cost components. Reducing one cost category in
isolation may inadvertently increase another; for
example, minimizing holding cost by reducing
inventory levels may lead to higher shortage costs.
Therefore, a  multi-objective  optimization
framework is required to achieve a globally
optimal solution rather than a locally optimal
one. A limitation of this figure is its static
representation, which does not capture temporal
variations or dynamic interactions among cost
components. Additionally, it does not reflect the
impact of external factors such as demand
variability or supply disruptions. Despite these
limitations, the figure provides a clear and
intuitive understanding of cost structure, serving
as a foundation for more advanced analytical
modeling and decision-making.

alternates and

stochastic
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Figure 3: Service Level versus Stockout Rate

Figure 3 depicts the relationship between service
level and stockout rate, typically represented as a
downward-sloping curve that highlights the
inverse association between these two variables.
As service level increases, the stockout rate
declines, confirming a fundamental principle in
inventory and supply chain management. This
relationship reflects the role of safety stock and
replenishment policies in mitigating demand
uncertainty and ensuring product availability.
From an operational perspective, the figure
demonstrates that improvements in service level
lead to substantial reductions in stockouts at
lower service thresholds; however, the rate of
improvement diminishes as the service level
approaches higher values. This indicates the
presence of diminishing marginal returns, where
incremental increases in service level yield
progressively smaller reductions in stockout
frequency. Such behavior is consistent with
theoretical models, including the Newsvendor
framework, which emphasizes the trade-off
between overstocking and understocking costs.
The managerial implication of this figure is
significant. While achieving high service levels is
desirable for maintaining customer satisfaction
and competitive advantage, it requires increased

inventory holding, which raises costs. Therefore,
decision-makers must identify an optimal service
level that balances the cost of additional
inventory against the benefits of reduced
stockouts. Machine learning can enhance this
process by improving demand forecasting
accuracy, thereby reducing uncertainty and
enabling more efficient inventory planning.
Critically, the figure also highlights the
limitations of deterministic inventory models that
assume fixed demand. In reality, demand
variability and lead time uncertainty can shift the
curve, altering the optimal service level.
Therefore, stochastic optimization models that
incorporate uncertainty are more appropriate for
decision-making. A limitation of this analysis is
that the figure does not explicitly incorporate cost
functions or quantify the financial impact of
different service levels. Additionally, external
factors such as supply disruptions or seasonal
demand  patterns are not represented.
Nonetheless, the figure provides a clear visual
representation of a key operational trade-off,
reinforcing the importance of integrated
predictive and prescriptive analytics in supply
chain optimization.

https://cmsrjournal.com

| Banbhan et al., 2026 |

Page 533


https://cmsrjournal.com/

Center for Management Science Research

ISSN: 3006-5291 3006-5283

Volume 4, Issue 2, 2026

8.5 1

8.0 1

15

7.0

6.5 1

6.0

A5

85 90 95

Figure 4: Supplier Reliability versus Lead Time

Figure 4 illustrates the relationship between
supplier reliability and average lead time, typically
represented as a downward-sloping trend
indicating that higher reliability is associated with
shorter and more consistent lead times. This
relationship reflects the operational reality that
reliable suppliers adhere more closely to delivery
schedules, thereby reducing uncertainty and
variability in supply chain processes. From a
management science perspective, this figure
highlights the strategic importance of supplier
selection and evaluation within optimization
frameworks. As reliability improves, the
reduction in lead time variability enables firms to
lower safety stock levels without compromising
service performance. This directly contributes to
cost efficiency by minimizing holding costs while
maintaining high service levels. Furthermore,
shorter  lead times enhance system
responsiveness, allowing organizations to adapt
more effectively to demand fluctuations. The
figure also suggests that the relationship may not
be strictly linear. Initial improvements in supplier
reliability can lead to substantial reductions in
lead time, but beyond a certain point, further
gains may yield diminishing returns. This implies

that investing excessively in achieving near-perfect
reliability may not be economically justified,
especially if the incremental benefits are marginal
relative to the additional cost. Therefore,
decision-makers =~ must  evaluate  supplier
performance within a cost-benefit framework
rather than pursuing reliability as an isolated
objective. From a machine learning standpoint,
predictive models can be developed to assess
supplier performance based on historical delivery
data, enabling proactive risk management and
dynamic supplier selection. Integrating such
predictions into optimization models allows for
more robust and adaptive decision-making. A
limitation of the figure is that it does not account
for external disruptions such as geopolitical risks,
transportation bottlenecks, or demand surges, all
of which can affect supplier performance.
Additionally, the analysis assumes a single-
supplier scenario, whereas realworld supply
chains often involve multiple suppliers with
varying reliability levels. Overall, the figure
underscores that improving supplier reliability is
a key lever for enhancing operational efficiency,
reducing uncertainty, and achieving a more
resilient supply chain.
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Figure 5: Capacity Ultilization versus Total Cost

Figure 5 illustrates the relationship between
capacity utilization and total operational cost,
typically represented as a U-shaped curve. This
shape reflects the existence of an optimal
utilization level at which total cost is minimized.
At lower levels of capacity utilization, costs are
relatively high due
resources. Fixed costs such as labor, machinery,
and facility expenses are spread over a smaller
output volume, leading to higher average costs.
This phase indicates inefficiency caused by idle
capacity and poor resource allocation. As capacity
utilization increases, total cost declines, reaching
a minimum around the optimal utilization point
(approximately 80% in this case). This reduction
is driven by improved efficiency, better use of
fixed resources, and economies of scale. At this
stage, the system operates in a balanced state
where resources are effectively aligned with
demand, and operational processes function
smoothly without significant strain. However,
beyond this optimal point, costs begin to rise
again, indicating the effects  of
overutilization. High capacity utilization can lead
to congestion, increased machine wear and tear,

to underutilization  of

negative

higher maintenance costs, and workforce fatigue.
Additionally, bottlenecks may emerge in
production or distribution processes, causing
delays and inefficiencies. These factors introduce
additional variable costs, such as overtime labor
and expedited logistics, which offset the benefits
of higher output. From a management science
perspective, this nonlinear relationship highlights
the importance of incorporating capacity
constraints and nonlinear cost functions into
optimization models. Linear assumptions would
fail to capture this behavior and could lead to
suboptimal decisions. Machine learning can
further enhance decision-making by predicting
demand  patterns enabling  dynamic
adjustment of capacity levels to remain near the
optimal range. A limitation of this figure is that it
does not account for external shocks such as

and

demand surges or supply disruptions, which can
shift the optimal utilization point. Nonetheless,
the figure clearly that both
underutilization ~ and  overutilization  are
inefficient, emphasizing the need for balanced
capacity management.

demonstrates
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Figure 6: Inventory Level versus Demand

Figure 6 presents the relationship between
inventory levels and demand, typically illustrated
through a scatter plot that captures how
inventory decisions align with varying demand
conditions. The overall trend suggests a positive
association, where higher demand levels are
generally accompanied by higher inventory levels.
This indicates that inventory policies are, to some
extent, responsive to demand fluctuations,
reflecting an attempt to maintain service levels
and avoid stockouts. However, the dispersion of
points around the trend line
inconsistencies in this relationship, suggesting
that inventory decisions are not perfectly
synchronized with demand. In some instances,
inventory levels appear excessively high relative to
demand, indicating overstocking and inefficient
capital utilization. In other cases, inventory levels
fall short of demand requirements, leading to

reveals

potential  stockouts and  service  level
deterioration. This variability highlights the
limitations of static or rule-based inventory

policies that do not fully account for demand
uncertainty and variability. From a management
science perspective, this pattern underscores the
need for sophisticated  inventory
optimization models, such as stochastic inventory
control or dynamic programming approaches,
which can better align inventory decisions with
probabilistic  demand  distributions.  The

more

integration of machine learning further enhances
this capability by improving demand forecasting
accuracy, thereby reducing uncertainty and
enabling more precise inventory planning. The
figure also suggests the potential presence of
nonlinear relationships or external influencing
factors, such as lead time variability, supplier
reliability, or promotional activities, which are
not explicitly captured in the visual. These factors
may contribute to the observed dispersion and
should be incorporated into a comprehensive
modeling framework. A key limitation of this
figure is that it does not provide temporal
context, meaning it does not distinguish between
shortterm fluctuations and longterm trends.
Additionally, it does not quantify the cost
implications of misaligned inventory levels.
Overall, the figure highlights the critical
importance of aligning inventory decisions with
demand patterns and demonstrates the value of
integrating predictive analytics with optimization
techniques to achieve efficient and responsive
supply chain management.

Conclusion

This study examined operations optimization
through the integration of machine learning and
management science methods, addressing the
growing need for data-driven decision-making in

complex and uncertain operational
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environments. The findings demonstrate that
traditional optimization approaches, when used
in isolation, are insufficient in handling
variability in demand, lead time, and cost
structures. Similarly, machine learning models,
despite their predictive strength, do not
inherently provide actionable decisions. The
integration of these two approaches provides a
more comprehensive framework that links
prediction with optimization, thereby enhancing
operational efficiency and decision quality. The
empirical analysis highlights several important
insights. First, demand forecasting plays a critical
role in shaping operational decisions, but its
value is realized only when incorporated into
optimization models. Second, cost components
such as production, transportation, and
inventory are interdependent, requiring a multi-
objective  approach rather than isolated
optimization. Third, factors such as supplier
reliability, service level, and capacity utilization
significantly influence system performance and
must be explicitly included in decision models.
The results also confirm the presence of
relationships  and  trade-offs,
reinforcing the need for advanced analytical
techniques. Despite its contributions, the study
has limitations. The use of a synthetic dataset
restricts real-world generalizability, and certain
assumptions, such as parameter stability, may not
hold in dynamic environments. Future research
should focus on applying the proposed
framework to real-world datasets, incorporating
stochastic and robust optimization techniques,
and exploring advanced machine learning models
such as deep learning and reinforcement
learning. In conclusion, the integration of
machine learning and management science
provides a powerful and necessary approach for
modern  operations optimization, enabling
organizations to make informed, efficient, and
resilient decisions in increasingly complex
environments.

nonlinear
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