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This research delves extensively into the value-added role of
Artificial Intelligence (Al) in enriching and simplifying the
nuances of supply chain management (SCM), with specific
reference to two very critical areas: demand forecasting and
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inventory optimization. As supply chains expand and increase in
complexity, traditional management techniques tend to fall short
of meeting the needs created by dynamic market forces and
breakdowns in the supply chain. Taking a quantitative research
orientation, this research was successful in gathering data from a
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sample size of 150 professors who were deployed in Pakistan
using a self-administered questionnaire with a Likert scale. The
results show that, while overall perceptions and awareness
towards the use of Al in the context of SCM are generally positive,
statistical findings revealed that the impact of Al on the accuracy

OPEN aACCESS

of demand forecasting was not found significant within the
confines of this given sample. Nevertheless, it must be noted that
high correlations were established between key capabilities of Al,
including greater supply chain transparency, enhanced decision-
making efficiency, and increased resilience in times of crisis. This
research underscores the critical need for an expansive use of Al
technologies and the requirement of empirical validation in actual
supply chain environments. In addition, it underscores the primary
need for training and awareness programs to facilitate
organizations to be able to leverage and avail themselves fully of
the immense potential that Al can offer in the context of SCM.
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1.0 Introduction

In today's rapidly changing global economy, supply chain management (SCM) is a critical function
for organizations to catch up with efficiency, reduce costs, and meet evolving customer needs.
Traditional supply chains, which are usually manual-based and depend on historical data, are no
longer adequate to address the complexities of modern commerce. With uncertain demand
patterns, rising operating expenses, and mounting consumer expectations, companies are forced to
adopt smarter and more responsive systems.

1.1 Challenges in Traditional Supply Chain Practices

Conventional supply chain systems are predominantly defined by their reactive nature, i.e., they
react only after problems have occurred and not react proactively. This is the result of dependency
on legacy systems, disconnected sources of data, and manual processes that render agility
challenging. For example, most companies still rely on spreadsheets or single enterprise systems
that are not integrated adequately to react in real-time. As a result, when unexpected disruptions
like supplier delays or unexpected spikes in demand occur, companies are caught off guard, and
this inefficiency cascades through the supply chain (Nweje & Taiwo, 2025).

One of the major drawbacks of conventional supply chain systems is their inability to interpret and
handle large volumes of data produced at different stages of operation. With data being generated
constantly from suppliers, warehouses, transport networks, and customer purchases, the demand
for real-time analysis has never been greater. But legacy systems lack the capability to handle such
high volumes efficiently. This leaves blind spots and time lags in information transmission, and
supply chain managers cannot easily spot risks, track performance, or streamline processes in time
(Verma, 2024).

Apart from data issues, conventional supply chains are plagued by endemic problems in demand
forecasting and inventory management. Inaccurate forecasts result in either overstocking or
stockouts-both of which are very costly (Ma et al., 2022; Sibt e Ali et al., 2024). Overstocking
locks up capital and adds warehousing costs, and understocking results in lost sale and eroded
customer confidence. Spurred by periodic review and legacy forecasting models, conventional
supply chains are not responsive enough to respond to sudden changes in consumer behavior or
market trends. Consequently, companies that use conventional supply chain practices lag behind
more responsive, technology-enabled competitors (Kaul & Khurana, 2022).

1.2 Rise of Artificial Intelligence in Supply Chains

The advent of Artificial Intelligence (Al) has dramatically changed the way supply chain
management functions, providing solutions that change functions from reactive to proactive and
even predictive systems. Old supply chains, which were once dependent on static forecasting and
hard-coded workflows, are now being reconfigured into smart and responsive networks. Al brings
the power to react in real-time to changes in supply and demand, streamline logistics, and even
foresee disruptions before they happen. It is not a mere technology improvement it represents a
paradigm shift in the design, management, and optimization of supply chains (Dash et al., 2019).

At the center of the impact of Al are technologies like machine learning, predictive analytics, and
natural language processing. These can handle vast amounts of structured as well as unstructured
data much beyond human capability. For example, machine learning algorithms can analyze
historical sales, market trends, weather, and even social media posts to derive precise demand
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forecasts. Predictive analytics can detect bottlenecks early on, before they become more serious,
and natural language processing can enhance collaboration and decision-making within global
supply chain networks (Shoushtari et al., 2021). Combined, these features enable businesses to
make faster, better-informed decisions that fuel agility and resilience.

The actual advantages of embracing Al in supply chains are already being witnessed in various
sectors. According to (Kagalwala et al., 2025), companies that have embraced Al technologies
have realized notable improvements: a 15% drop in logistics expenses, a 35% rise in inventory
accuracy, and a 65% improvement in service levels. These findings serve to underscore the
concrete value of Al—not merely in terms of efficiency, but in competitiveness and customer
satisfaction. With supply chains increasingly complex and volatile, integration with Al is proving
not merely valuable, but crucial to sustainability and growth over the long term (Helo & Hao,
2022).

1.3 Demand Forecasting: A Key Al Application

Demand forecasting has always been an essential part of supply chain management since it allows
organizations to be able to predict the needs of the customer and prepare accordingly. But
conventional methods of forecasting-typically relying on historic sales data and basic statistical
techniques cannot cope with the uncertainty and complexity of today's markets (Min, 2010). These
old methods do not provide for unexpected changes in behavior by the consumers, seasonality
effects, economic shocks, and external factors. Consequently, companies based on traditional
models often experience mismatches between supply and demand, resulting in inefficiencies, lost
income, or surplus stock.

Al forecasting, conversely, is a paradigm shift in the way demand is forecasted and handled. With
the use of machine learning algorithms and big data analysis, Al systems can analyze huge and
varied datasets in real time. This does not just encompass internal corporate data such as sales
figures and stock levels, but also external factors like social media sentiment, weather patterns,
financial indices, and competitor movements (Mithas et al., 2022). The capacity to synthesize and
learn from such dynamic inputs helps Al systems make more accurate and adaptive predictions,
which change as new data is added. This intelligence beats static models by far, helping companies
react more quickly and accurately to changing market needs.

The effect of improved demand forecasting extends beyond improved predictions it allows for end-
to-end optimization throughout the supply chain. Reliable forecasts allow companies to optimize
production planning, modify procurement strategies, and optimize logistics operations (Jampani et
al., 2023). By accurately forecasting demand, companies can reduce waste, lower holding costs,
and have the right products in the right places and at the right times. This not only simplifies
operations but also enhances customer satisfaction since it minimizes the likelihood of stockouts or
delayed deliveries. In a competitive market where customer expectations are ever-increasing, Al-
based demand forecasting provides a winning advantage in attaining both operational excellence
and service dependability (Modgil et al., 2022).

1.4 Inventory Optimization through Al

Inventory optimization is a core supply chain management function that has a direct impact on

operational effectiveness and customer satisfaction. Finding the optimal balance between sufficient

inventory to satisfy demand and not too much inventory is an age-old problem for companies.

Excess inventory means high carrying costs, such as warehousing, depreciation, and possible

obsolescence. Conversely, insufficient inventory causes stockouts, late deliveries, and lost sales
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(Giannoccaro & Pontrandolfo, 2002). Conventional inventory management methods usually base
themselves on fixed rules or past averages, which may prove inefficient in volatile, fast-changing
markets where demand and supply situations are in constant flux (Oosthuizen et al., 2021).

Artificial Intelligence greatly improves stock management through the addition of real-time
processing of data, predictive analytics, and automation. Al systems are able to consume and
process large amounts of data from various sources, such as point-of-sale information, lead times
from suppliers, customers' order history, seasonal trends, and even external influences like weather
or economic forecasts. By recognizing trends and predicting oscillations, Al can forecast inventory
demand accurately on the macro and granular levels up to the specific locations and time periods.
These data enable more strategic decision making, including when to re-stock, how much to stock,
and where to invest resources throughout the supply network (Carbonneau et al., 2008).

Additionally, Al algorithms are not fixed they learn and become better over time. Since they are
being trained on new data and results, their forecasts are increasingly detailed, enabling them to
adapt continually to actual events like supply disruptions by suppliers, changes in demand in the
marketplace, or delivery delays. The ability to adjust in this manner makes Al-based inventory
systems especially useful during uncertainty periods, such as during worldwide supply chain
disruption or economic downturn (Onukwulu et al., 2023). By automatically making replenishment
decisions and optimizing inventory levels in advance, Al helps firms to minimize waste, save
costs, and ensure service continuity, eventually leading to a more responsive and resilient supply
chain (Mahat et al., 2023).

1.5 The Strategic Importance of Al Integration

The incorporation of Artificial Intelligence (Al) into supply chain management has transitioned
from a visionary choice to a strategic necessity. In an environment of quick change and
uncertainty, organizations have no choice but to embrace tools that facilitate agility, velocity, and
data-driven decision-making. Al provides precisely that. With its capacity to automate mundane
tasks, process huge datasets, and predict results with high precision, Al enables businesses not only
to enhance day-to-day productivity but also to achieve a strategic advantage in competitive
markets (Baryannis et al., 2019). Businesses that do not embrace Al risk being overtaken by more
innovative competitors who are already enjoying its advantages.

In addition to private organizational benefits, Al strengthens supply chain collaboration through
better communication and coordination among partners. Al software can enable timely data
exchange in real-time across suppliers, manufacturers, distributors, and retailers in an environment
of transparency and two-way visibility. This inter-connectedness allows all stakeholders to operate
on the same set of knowledge. Such cooperation is important during disruptions caused either by
geopolitical tensions, worldwide pandemics, or natural catastrophes as it enables partners to
respond in a swift and unified manner, reducing the impact on end-to-end operations (Aamer et al.,
2020).

In addition, the application of Al in supply chain management goes beyond enhancing operation to
facilitating strategic change. Al promotes innovation by detecting new business models,
forecasting future customer needs, and maximising sustainability efforts through more efficient
resource use (Seyedan & Mafakheri, 2020). As international supply chains remain under pressure
due to regulatory requirements, environmental issues, and evolving consumer expectations, Al
brings the flexibility and intelligence necessary to remain competitive. Those businesses that adopt
Al not only have a better chance of surviving today's challenges but are also building a future-
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proof infrastructure that fosters agility, innovation, and sustainable competitive edge (Belhadi et
al., 2024).

1.6 Research Objectives

» To analyze the effect of artificial intelligence on the accuracy of demand forecasting in
supply chain management.

« To examine the impact of Al-powered systems on cost efficiency and inventory
optimization.

 To analyze the association between Al integration and end-to-end supply chain
performance measures.

1.7 Problem Statement

Despite the growing adoption of artificial intelligence (Al) in various industries, the majority of
organizations remain committed to traditional methods for demand forecasting and inventory
management, which are limited in accuracy, responsiveness, and scalability. Such traditional
methods are incapable of processing high volumes of dynamic data, resulting in repeated supply-
demand mismatches, increased operational costs, and decreased customer satisfaction. While Al
holds promising solutions through predictive analytics and real-time optimization, there is sparse
empirical evidence on its quantifiable impact on supply chain performance. This study aims to fill
this gap by quantitatively assessing the impact of Al systems on demand forecasting accuracy and
inventory efficiency in supply chain operations.

1.8 Significance of the Study

This research is important in that it delivers empirical evidence about how artificial intelligence
(Al) improves major functions of supply chain management, i.e., demand forecasting and stock
optimization. Amidst rising complexity and uncertainty within global supply chains, knowing the
quantitative effect of Al technologies supports organizations in making sound decisions about
implementing intelligent systems. The results of this research can help supply chain managers,
business executives, and policymakers use Al to enhance operational effectiveness, lower costs,
and increase customer satisfaction. In addition, the study adds to the body of academic literature by
closing the gap between theoretical progress in Al and its real-world applications in supply chain
operations.

2.0 Literature Review
2.1 The Evolution of Al in Supply Chain Management

Avrtificial Intelligence (Al) has dramatically changed the supply chain management (SCM)
landscape, adding capabilities previously unimaginable. Older supply chain systems had been
predicated on linear models that used sets of predetermined rules and past data. Such systems
tended to falter under uncertain and complex market conditions, where it was challenging for
organizations to dynamically respond to shifting needs, unexpected disruptions, or changing
customers' expectations. Consequently, companies were dependent on manual decision-making,
which was time and error-prone (Kilimci et al., 2019). The emergence of Al, however, represents a
new era for the way supply chains operate, opening doors for the ability to shift from reactive,
fixed processes towards more flexible and smart ones. With the integration of Al-powered tools,
supply chains can now make data-driven real-time decisions, making them much smarter and more
agile (Bughin et al., 2017).
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The accelerated growth of machine learning and big data technologies has been at the forefront of
the supply chain management Al revolution. Contrary to old systems, which were limited by the
extent of available data and fixed models, Al systems have the ability to handle and interpret
enormous amounts of real-time information from diverse sources, including customer behavior,
market trends, weather patterns, and even world news events. With the capacity to combine and
learn from such varying datasets, Al-based systems provide predictive analytics that enables
businesses to forecast future demand, predict impending supply disruptions, and streamline
resource allocation. (Min, 2010) points to how Al enables real-time analytics, which provides
companies with an opportunity to deal with supply chain issues before they arise, as opposed to
simply reacting after it happens. This capability to anticipate and respond to impending trends
makes Al a much-needed tool for companies trying to stay ahead of the competition in an
increasingly dynamic global market (Sanders et al., 2019).

With more integration of Al technologies such as natural language processing, neural networks,
and intelligent agents into supply chain systems, they are revolutionizing decision-making across
all levels of the supply chain. The new technologies are not only replacing manual tasks but also
augmenting cognitive functions in supply chain processes. For instance, natural language
processing enables better supply chain communications among suppliers, distributors, and
customers, while neural networks are able to discern patterns from complex data that could be
overlooked using more conventional approaches. Intelligent agents also boost decision-making by
automatically changing production schedules, controlling inventories, or redirecting shipments
based on real-time data. Consequently, Al is enabling supply chains not only to react more
effectively but also to sense and adjust to alterations ahead of time. This shift is part of a larger
trend of digitalization, in which Al is being viewed more and more as an integral element of
contemporary, adaptive supply chain planning, as opposed to an add-on technology (Swink et al.,
2020).

2.2 Al in Enhancing Demand Forecasting

Demand forecasting has always been one of the most important but also one of the most difficult
components of supply chain management (SCM). Historical-based forecasting techniques,
including time-series analysis or straightforward moving averages, rely substantially on past sales
records and tend to assume that historical patterns of demand will be fairly stable over time. These
models are not without their restrictions, particularly in volatile markets where consumer behavior,
externalities, or unexpected events can induce tremendous changes in demand (Darvazeh et al.,
2020). For instance, a sudden economic downturn, a natural disaster, or even a shift in consumer
behavior triggered by social media movements may not be anticipated by conventional models.
Therefore, businesses using such antiquated systems can run into problems of stockouts, whereby
they are unable to keep up with demand, or being in an overstock situation, wasting resources and
generating higher holding costs (Boone et al., 2019).

On the other hand, artificial intelligence (Al) provides a more advanced and adaptive method for
demand forecasting. Through the use of machine learning algorithms, Al systems are capable of
processing and analyzing tremendous volumes of different types of data from a multitude of
sources, including point-of-sale information, customer buying habits, market movements, social
media opinion, and even weather conditions. Machine learning models can spot complex
relationships in the data that could be missed by standard models, enabling businesses to learn
more about underlying drivers of demand. (Hartley & Sawaya, 2019)discovered that Al-based
forecasting approaches perform better than standard approaches by not just enhancing the accuracy
of the forecast but also evolving real-time in response to shifting circumstances. Such models are
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able to make adjustments to predictions when unanticipated events or changes in market behavior
take place, providing firms with the capability to react immediately and make better-informed
decisions (Waller & Fawcett, 2013).

2.3 Al-Driven Inventory Optimization

Inventory optimization is one of the fundamental elements of supply chain management (SCM)
that has an immediate impact on a company's bottom line. Proper inventory control is a game of
fine tuning, wherein enterprises need to guarantee that they retain sufficient stock for meeting
customer demands without overwhelming themselves with unnecessary quantities of inventory
generating higher holding costs. Typically, traditional stock management systems stick to set
guidelines, like predefined reorder levels and safety stocks, and rely on historical data. Such
systems tend to be rigid and do not reflect the dynamic behavior of supply chains, in which
demand trends shift, there are supply interruptions, or unanticipated seasonal swings affect product
availability. This inflexibility can cause ineffective stock control, leading to either stockouts,
where companies are unable to satisfy demand, or overstocking, where too much inventory
occupies valuable capital and storage space (Malietzis et al., 2013).

Artificial Intelligence (Al) has transformed inventory optimization with real-time monitoring and
predictive analytics that respond to changing situations. Unlike most systems, Al-based inventory
management software constantly evaluates massive data from diverse sources, including sales
patterns, market conditions, supply chain interruptions, and even weather-related circumstances.
These applications are able to forecast optimal levels of stock, reorder levels, and replenishment
times. As Wang and (Monczka et al.,, 2021) elucidate, Al systems can make automated
procurement recommendations using predictive models, thereby reducing the need for manual
interventions. The systems get wiser with time as they learn more data and adjust to new
circumstances, becoming more precise and reliable. This ability ensures that companies achieve a
proper balance of supply and demand while keeping inventory at a minimum cost.

In addition, Al is also critical in streamlining warehouse operations and enhancing distribution
effectiveness. Al-based systems can provide optimal storage arrangements that optimize space
usage and accelerate the picking and packing processes. The systems can also provide optimal
routes for distribution, considering aspects such as shipping time, transport costs, and inventory
levels. By embedding these abilities into the supply chain, companies are able to obtain more
efficient resource utilization, quicker order fulfillment, and reduced costs of operations. With Al
models continuously improving and adapting based on fresh data, they enhance their forecasting of
demand and inventory optimization capabilities even further, resulting in a major improvement in
service levels and customer satisfaction. Inventory optimization powered by Al not only enhances
operational effectiveness but also makes the supply chain more sustainable and cost-efficient as a
whole (Jaboob et al., 2024).

2.4 AI’s Role in Improving Overall Supply Chain Performance

Artificial Intelligence (Al) has gone beyond stand-alone applications such as demand forecasting
and inventory management to becoming a key application for overall efficiency and performance
enhancement of the entire supply chain. The most important advantage of Al in supply chain
management (SCM) is that it enhances visibility through all the phases of the supply chain. In the
past, supply chain functions were working in silos, and there was little integration among different
departments and stakeholders, which meant it was not possible to see the complete process clearly.
Al, however, allows the free flow of data across various functions such as procurement, logistics,
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production, and sales. This increased transparency enables decision-makers to view information in
real time, detect prospective bottlenecks, and track progress throughout the entire supply chain,
enabling more rapid and knowledgeable decisions (Dhamija & Bag, 2020).

Al further improves coordination and dexterity in the supply chain, a factor that is particularly
crucial in the current changing business landscape. Al systems can optimize processes and
automate tasks previously done manually, leading to quicker decision-making and better resource
allocation, as stated by (Belhadi et al., 2022). Additionally, Al enables organizations to model
different scenarios and evaluate the potential danger of such alternatives. This ability is invaluable
when businesses need to operate in uncertain surroundings, for example, during pandemics, natural
disasters, or geopolitical instability (Rodriguez-Espindola et al., 2020). Through Al systems, firms
can anticipate potential interferences and develop strategies in advance for various contingencies,
allowing them to adapt in a timely fashion and limit the adverse effects of unexpected occurrences.
This adaptability and responsiveness are important in sustaining competitiveness in a more
unstable marketplace (Nayal et al., 2022).

2.5 Research Gaps and the Need for Quantitative Evidence

Although an increasingly large body of literature highlights the revolutionary potential of Artificial
Intelligence (Al) in supply chain management (SCM), there is as yet a shortage of quantitative,
empirically-driven research that tests these hypotheses empirically across varied contexts. Many of
the present studies are conceptual or based on cases and offer useful observations on how Al is
capable of enhancing supply chain performance under certain conditions or sectors. Though, these
studies are not statistically sound and do not quantify the actual effect of Al uptake in a concrete
form of performance metrics. For instance, whereas numerous articles describe positive
implications of Al application in demand forecasting or inventory management, they usually lack
quantifiable evidence quantifying the rate of improvement in accuracy, efficiency, or cost savings.
Therefore, it is unknown if these benefits are consistent in any industry, supply chain, or
geographic location (Attaran, 2020).

Additionally, the generalizability of case study findings is restricted because these tend to be
derived from a limited set of companies or a specific geographical setting. Industry and supply
chain environment diversity translate to Al effects differing substantially depending on the
industry, size, or complexity of operations. (Javaid et al., 2022)emphasize that to truly understand
the breadth of AI’s effectiveness in SCM, there is a pressing need for empirical studies that utilize
robust quantitative methodologies. Such research could include longitudinal studies, experiments,
or large-scale surveys that track key performance indicators (KPIs) such as cost reduction, service
levels, and operational efficiency before and after Al adoption. This empirical information would
give a better understanding of the value proposition of Al and assist companies in estimating the
possible return on investment for Al technologies (Gupta et al., 2021; Merkuryeva et al., 2019).

3.0 Methodology
3.1 Research Design

The study employed a quantitative design. The research sought to explore the role of Atrtificial
Intelligence (Al) in revolutionizing supply chain management, with a focus on demand forecasting
and inventory optimization. Quantitative data was gathered using methods that enabled statistical
generalization and hypothesis testing.
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3.2 Population

The sample for this study included all professors in Pakistan specializing in supply chain
management, operations management, or any related discipline. These experts were chosen as they
have the training and expertise to offer advice on how Al is applied in supply chain management.

3.3 Sampling Technique

A straightforward random sampling method was used in selecting the sample. The method was
adopted to ensure that all professors of the target population had an equal opportunity of being
picked, hence eliminating bias and increasing representativeness of the sample.

3.4 Sample Size

The population size was 150 professors. This was determined to be sufficient for the provision of
statistical reliability and generalizability of the findings of the study.

3.5 Data Collection

The data were gathered with a self-administered Likert scale questionnaire. The attitudes,
perceptions, and experiences for adopting Al in supply chain management were measured through
the Likert scale. Questionnaires were handed out to the chosen professors and their answers
recorded for analysis.

3.6 Ethical Considerations

Ethical principles were followed rigorously during the research. Participants were made aware of
the reason for the research and their right to confidentiality. Informed consent was also taken from
all participants, making them understand that they could withdraw from the study at any time
without any adverse effects. The data were also utilized for academic purposes only, and no
personal identifiers were revealed.

4.0 Data Analysis

The data collected were tested using regression analysis, multiple regression analysis, and
ANOVA (Analysis of Variance). These statistical methods were employed to determine the
relationship between Al adoption and supply chain performance measures. Regression analysis
assisted in determining the strength and direction of relationships, while ANOVA was applied to
compare differences between various groups within the sample.

Table 1: Demographic Information

Demographic Variable Category Frequency (150) Percentage (%)
Gender Male 113 75%
Female 37 24%
Age Group 25-35 years 58 38%
36-45 years 38 25%
46-55 years 25 16%
56+ years 29 19%
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Demographic Variable Category Frequency (150) Percentage (%0)
Academic Qualification MPhil 112 74%
PhD 38 25%
Years of Experience in SCM 1-5 years 58 38%
6-10 years 38 25%
11-15 years 27 18%
16+ years 27 18%
Specialization in SCM Supply Chain Management 114 76%
Operations Management 36 24%

Demographic Information

120 80%
100 70%
60%
80 50%
60 40%
0 30%
20%
20 10%
0 0%
F FFFE TS EF S S
PR P N RN SUIIPC SR\ 3
D NS b N N R P
AU A Mgt WY KR
Vv > ™ N %QQ )

I Frequency (150) === Percentage (%)

The population demographics of respondents indicate that an overwhelming majority were males
(75%), with females making up 24% of the sample. The majority age group present was 25-35
years (38%), followed by respondents aged 36-45 years (25%), and respondents aged 46-55 years
and 56+ years making up 16% and 19%, respectively. With regards to educational qualifications,
an overwhelming majority had an MPhil degree (74%), while 25% possessed a PhD. In terms of
professional experience in supply chain management (SCM), 38% had 1-5 years, 25% had 6-10
years, and both the 11-15 years and 16+ years categories accounted for 18% each. Furthermore,
most of the participants specialized in Supply Chain Management (76%), while the rest (24%)
specialized in Operations Management. This demographic profile presents a relatively youthful,
academically qualified, and professionally diversified group of participants with a deep emphasis
on SCM.

Table 2: To evaluate the impact of artificial intelligence on the accuracy of demand
forecasting in supply chain management.

Model Summary
Adjusted R Std. Error of
Model R R Square Square the Estimate
1 .105° 011 -.002 4.91507
a. Predictors: (Constant), Q7, Q6
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ANOVA?
Sum of
Model Squares df Mean Square F Sig.
1 Regression 39.956 2 19.978 .827 439°
Residual 3551.218 147 24.158
Total 3591.173 149

a. Dependent Variable: Al in Demand Forecasting
b. Predictors: (Constant), Q7, Q6

Coefficients?

Unstandardized Standardized
Coefficients Coefficients
Model B Std. Error Beta t Sig.
1 (Constant) 11.322 .839 13.498 .000
Q6 -.004 492 -.001 -.008 .994
Q7 522 .556 .106 .939 .349

a. Dependent Variable: Al in Demand Forecasting

Regression

16
14
12
10

8

6

4

2

0 p— N
2 Model Unstandardized CoefficiGhandardized Coefficients Sig.

e Series] e Series2 Series3

The findings portrayed show that the model measuring the effect of artificial intelligence (Al) on
the accuracy of demand forecasting within supply chain management is statistically insignificant.
The R Square of 0.011 indicates that 1.1% of the variation in the accuracy of demand forecasting
can be explained by the independent measures (Q6 and Q7), and the adjusted R Square is negative
(-0.002), meaning that the model is a poor fit. The ANOVA results also indicate the insignificance
of the model, with F-value = 0.827 and p-value = 0.439, which is larger than the usual threshold of
0.05. Moreover, the coefficients table indicates that both Q6 and Q7 fail to significantly explain
the dependent variable, with p-values of 0.994 and 0.349, respectively. The findings indicate that,
according to the provided data, Al does not have a statistically significant effect on enhancing the
accuracy of demand forecasting in the surveyed supply chain setting.
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Table 3: To examine the relationship between Al integration and overall supply chain
performance metrics
Correlations

A B C D
A Pearson Correlation 1 1.000" 972" 972"
Sig. (2-tailed) 000 000 000
N 150 150 150 150
B Pearson Correlation 1.000™ 1 972" 972"
Sig. (2-tailed) .000 .000 .000
N 150 150 150 150
C Pearson Correlation 972" 972" 1 1.000"
Sig. (2-tailed) .000 .000 .000
N 150 150 150 150
D Pearson Correlation 972" 972" 1.000” 1
Sig. (2-tailed) .000 .000 .000
N 150 150 150 150

A: Al improves visibility and coordination across the supply chain, B: Al
enhances decision-making speed and efficiency in SCM operations, C: Al
plays a significant role in crisis management and supply chain resilience, D:
Al systems help reduce logistics costs by optimizing routes and resources.
**_ Correlation is significant at the 0.01 level (2-tailed).

Correlation
160
140 p
120
100
80
60
40
20
0
Sig. (2-tailed) N Pearson Sig. (2-tailed) N
Correlation
D
=@==] ==@=1.000%* .972**  am@mm 972%**

The Pearson correlation analysis shows a very strong and statistically significant positive
correlation between all four variables concerning the effect of Artificial Intelligence (AI) on supply
chain management (SCM). Particularly, the relationships between Al's contribution to enhancing
visibility and coordination Al enhances visibility and coordination throughout the supply chain,
facilitating decision-making Al facilitates speed and efficiency in decision-making in SCM
activities, enhancing crisis management and resilience Al significantly contributes to crisis
management and supply chain resilience, and minimizing logistics costs Al systems assist in
minimizing logistics costs by streamlining routes and resources all exhibit coefficients greater than
0.97, with significance levels at 0.01. This means that advancements in one sector of Al
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implementation are directly related to the others. These high correlations indicate that Al operates
cohesively within SCM, where its performance in any sector supports its contribution in other
areas of operations.

Recommendations

1. Organizations need to proactively invest in and implement Al tools across every supply
chain function, such as demand forecasting, inventory optimization, and logistics. This will
improve real-time decision-making and responsiveness to market volatility.

2. Training and development initiatives must be initiated to familiarize supply chain
professionals with the knowledge and skills needed to comprehend and leverage Al
applications. This will minimize technology resistance and facilitate smoother integration.

3. Policymakers must offer incentives, like tax relief or subsidies, to businesses that are
deploying Al in supply chain management. Educational institutions must also encourage
research and innovation in this field.

4. Businesses must concentrate on creating and implementing Al solutions that are specific to
their industry-related issues. Specialized models can solve distinctive supply chain
complexities more effectively than standardized solutions.

5. Robust and integrated data systems are essential for Al to work efficiently. Firms need to
invest in sophisticated data gathering, storage, and integration platforms to enable Al
applications throughout the supply chain.

6. Organizations, academia, and technology providers need to work more closely together to
co-develop and test Al tools that can improve overall supply chain performance and
innovation.

7. With increasing use of Al, ethical concerns like data privacy, transparency of algorithms,
and fair decision-making need to be given importance to establish trust and prevent
unforeseen effects.

Future Implications

The deployment of Artificial Intelligence (Al) in supply chain management is expected to
revolutionize the operational scenario in the near future. As Al technologies become more
advanced, their capacity to handle large amounts of data, forecast market patterns, and drive
sophisticated decision-making will make supply chains more agile, transparent, and resilient.
Supply chains in the future are expected to be more predictive and self-correcting, eliminating
human error and minimizing disruptions. Moreover, the application of Al in real-time tracking,
risk management and sustainable logistics will increasingly assume significance as global markets
call for speedier, smarter, and more environmentally-friendly solutions. Those organizations that
adopt Al early and boldly will not only be competitive, but also better prepared to face the
uncertainties of tomorrow's volatile business world.
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