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 This study investigates the impact of machine learning algorithms, 

demand prediction, and automation systems on responsive inventory 

management in the retail industry of Central Java. Using a quantitative 

approach, data were collected from 160 respondents through a 

structured questionnaire employing a Likert scale (1–5) and analyzed 

using Structural Equation Modeling-Partial Least Squares (SEM-PLS 

3). The findings reveal that automation systems and demand 

prediction significantly and positively influence responsive inventory 

management, while machine learning algorithms exhibit a significant 

but negative relationship. Automation systems streamline processes 

and improve efficiency, and demand prediction enhances inventory 

alignment with market needs. However, challenges such as limited 

technical expertise and integration issues hinder the effective use of 

machine learning. These results underscore the importance of strategic 

technology adoption and provide practical insights for improving 

inventory management practices in the retail sector of developing 

regions.  
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1. INTRODUCTION  

The retail industry is undergoing 

significant transformation driven by 

technological advancements, particularly in 

inventory management, as traditional 

practices often lead to inefficiencies that 

necessitate innovative solutions. AI-driven 

inventory management, utilizing models such 

as LSTM neural networks and genetic 

algorithms, has demonstrated remarkable 

improvements, including a 38.1% increase in 

sales volume and a 20% rise in revenue 

through AI integration [1]. Additionally, AI 

enhances customer retention, with loyalty 

rates increasing from 82% to 91%, 

underscoring its impact on customer 

relationships [1]. Machine learning 

algorithms further optimize inventory by 

accurately forecasting demand, reducing 

costs associated with overstocking and 

stockouts [2]. Techniques like time-series 

forecasting and association rule mining 
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provide deeper insights into consumer 

behavior, enabling the alignment of inventory 

with demand fluctuations [3]. Moreover, 

digital transformation through IoT, RFID, and 

cloud-based systems enhances inventory 

visibility and accuracy, enabling real-time 

tracking and data integration [4]. These 

technologies streamline supply chain 

collaboration, improve operational efficiency, 

and reduce errors in inventory management 

[4]. 

Machine learning algorithms 

significantly enhance inventory management 

by enabling accurate demand forecasting and 

optimizing operational processes through the 

analysis of historical data to identify patterns 

that anticipate customer needs, improving 

stock management and reducing costs. 

Machine learning models like XGBoost 

predict future inventory levels by analyzing 

complex nonlinear relationships in historical 

sales data [5], with techniques such as time-

series forecasting and regression analysis 

improving demand forecasting accuracy by 

up to 15% [6]. Advanced analytics optimize 

stock levels, reducing overstock and stockouts 

by approximately 10% [6], while predictive 

analytics dynamically adjusts stock levels, 

mitigating risks of inventory mismanagement 

[7]. Automation systems integrated with 

machine learning further reduce manual 

intervention, enhancing accuracy and 

operational efficiency [8], while AI 

technologies like robotic process automation 

streamline repetitive tasks, boosting overall 

productivity [8]. 

Despite the potential of these 

technologies, their application in the retail 

industry, particularly in developing regions 

such as Central Java, remains underexplored. 

The unique characteristics of the retail 

landscape in Central Java, including diverse 

consumer behavior and supply chain 

constraints, present both opportunities and 

challenges for technology adoption. 

Investigating the impact of machine learning 

algorithms, demand prediction, and 

automation systems on responsive inventory 

management in this context is crucial for 

understanding their practical implications 

and benefits. This study aims to bridge the 

knowledge gap by examining the effects of 

these technological interventions on 

responsive inventory management in the 

retail sector of Central Java. 

 

2. LITERATURE REVIEW  

2.1 Inventory Management and 

Responsiveness 

Responsive inventory 

management is critical for 

aligning supply with customer 

demand while minimizing costs, 

and recent studies underscore 

the transformative role of 

artificial intelligence (AI) in 

enhancing these practices. AI 

technologies, such as machine 

learning and natural language 

processing, improve demand 

forecasting accuracy, enabling 

businesses to adjust inventory 

levels proactively [9]. Advanced 

algorithms analyze historical 

data and external factors, 

optimizing inventory turnover 

and reducing holding costs [8]. 

Techniques like Vendor-

Managed Inventory (VMI) and 

Just-in-Time (JIT) are pivotal in 

balancing stock levels, reducing 

excess inventory, and improving 

cash flow [10], [11], while time-

series algorithms refine 

forecasting methods to align 

inventory with anticipated 

demand [12]. However, 

challenges such as selecting 

suitable forecasting models and 

managing dynamic demands 

persist, requiring companies to 

continuously adapt their 

strategies to remain competitive 

in a rapidly evolving market [13]. 

2.2 Machine Learning Algorithms in 

Inventory Management 

Machine learning (ML) 

algorithms have revolutionized 

inventory management by 
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enhancing predictive analytics 

and enabling real-time decision-

making, with techniques such as 

regression analysis, neural 

networks, and clustering 

facilitating accurate demand 

forecasting and optimized 

replenishment schedules to 

reduce inventory costs[14]. ML 

models like Gradient Boosting 

and Random Forest outperform 

traditional methods by capturing 

complex data relationships, 

resulting in improved inventory 

performance and reduced 

forecast errors [6], [15]. Key ML 

techniques include regression 

analysis for predicting future 

demand based on historical data, 

neural networks for identifying 

intricate patterns in large 

datasets to improve forecasting 

accuracy, and clustering to 

group similar items, optimizing 

inventory levels and reducing 

holding costs. The benefits of ML 

in inventory management are 

substantial, with significant 

reductions in forecast errors [14], 

cost savings through enhanced 

decision-making [8], and real-

time insights that enable 

dynamic adjustments based on 

current market conditions [6], 

[16]. 

2.3 Demand Prediction and Its Role 

in Inventory Optimization 

Accurate demand 

prediction is crucial for effective 

inventory management, 

allowing businesses to optimize 

procurement and maintain 

appropriate stock levels, with 

recent advancements in machine 

learning (ML) and time series 

analysis significantly enhancing 

forecast accuracy. Techniques 

such as Long Short-Term 

Memory (LSTM) networks, 

particularly the attLSTM 

framework, excel in capturing 

complex patterns in time series 

data and outperform traditional 

models like SARIMA and 

random forests [17]. Hybrid 

models, which combine 

SARIMAX with LSTM, 

effectively integrate linear and 

non-linear dependencies to 

address seasonal trends and 

economic factors in retail settings 

[18], [19]. These advancements 

have a profound impact on 

inventory management, leading 

to cost savings and improved 

customer satisfaction, as 

demonstrated in case studies 

across industries like automotive 

and retail [20], [21]. Additionally, 

enhanced forecasting 

capabilities streamline 

production and distribution 

processes, driving operational 

efficiency and profitability [18]. 

2.4 Automation Systems in 

Inventory Management 

Automation systems are 

instrumental in enhancing 

responsive inventory 

management by integrating 

advanced technologies that 

streamline operations and 

improve decision-making. 

Automated systems reduce 

human errors, improving data 

accuracy, as evidenced by a web-

based inventory system that 

increased accuracy from 85% to 

95% [22]. Real-time tracking 

technologies, such as IoT 

devices, provide immediate 

visibility into stock levels, 

boosting operational efficiency 

[23]. Additionally, automation 

integrates seamlessly with 

predictive analytics, enabling 

businesses to anticipate demand 

fluctuations and adjust 

inventory levels accordingly [4]. 

Research shows that retailers 
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using automation technologies 

experienced a 20-30% 

improvement in inventory 

turnover rates, highlighting their 

effectiveness in dynamic 

markets [6], [24]. Furthermore, 

automated systems support 

scalability, allowing businesses 

to expand operations without 

sacrificing efficiency, an essential 

feature in fast-paced 

environments with rapidly 

changing market conditions [24]. 

2.5 Integration of Machine 

Learning, Demand Prediction, 

and Automation 

The integration of machine 

learning (ML) algorithms, 

demand prediction, and 

automation systems is 

transforming inventory 

management by enabling real-

time data analysis and proactive 

decision-making. AI 

technologies, such as ML and 

predictive analytics, enhance 

demand forecasting accuracy by 

analyzing vast datasets to 

identify patterns and trends [8], 

[25]. Integrated systems provide 

end-to-end visibility, allowing 

retailers to swiftly adapt to 

market changes [8], [26] . 

Automation technologies, 

including robotics process 

automation (RPA) and IoT, 

improve operational efficiency 

by reducing human error and 

optimizing inventory tracking 

[8], [27] . Case studies reveal that 

these innovations lower 

operational costs and enhance 

responsiveness to market 

fluctuations [27]. Additionally, 

this integration fosters 

collaborative supply chains, 

creating resilient ecosystems 

capable of withstanding 

disruptions [25], [28]. 

2.6 Research Gap and Contribution 

While existing literature 

underscores the benefits of ML, 

demand prediction, and 

automation in inventory 

management, few studies focus 

on their application in 

developing regions such as 

Central Java. The unique 

challenges and opportunities in 

these markets remain 

underexplored. This study 

addresses this gap by examining 

the impact of these technologies 

on responsive inventory 

management in the retail sector 

of Central Java, providing 

context-specific insights and 

practical implications. 

2.7 Conceptual Framework 

Based on the reviewed 

literature, this study proposes a 

conceptual framework linking 

machine learning algorithms, 

demand prediction, and 

automation systems as 

independent variables 

influencing responsive 

inventory management as the 

dependent variable. This 

framework guides the empirical 

analysis and aims to validate the 

theoretical relationships in the 

context of Central Java's retail 

industry. 

 

 

 

 

 

 

 

 



West Science Social and Humanities Studies   2027  

Vol. 02, No. 12, December 2024: pp. 2023-2034 

 

 

 

Figure 1. Conceptual Framework

3. METHODS 

3.1 Research Design 

This study employs a quantitative 

research design to investigate the 

relationships between the independent 

variables (machine learning algorithms, 

demand prediction, and automation systems) 

and the dependent variable (responsive 

inventory management). The study adopts a 

cross-sectional approach, collecting data at a 

single point in time from retail businesses 

operating in Central Java. Structural Equation 

Modeling-Partial Least Squares (SEM-PLS 3) 

was used to test the hypothesized 

relationships between the variables. 

3.2 Population and Sample 

The population in this study consists 

of retail businesses in Central Java that have 

implemented or are exploring the 

implementation of advanced technologies for 

inventory management. A purposive 

sampling technique was used to select 

respondents who have experience or 

knowledge of inventory management 

practices in their organizations. The sample 

size in this study was 160 respondents, which 

is considered sufficient for SEM-PLS analysis 

based on the “10 times rule,” which requires a 

minimum of 10 observations for each 

indicator in the most complex constructs. The 

sample included inventory managers, supply 

chain professionals, and retail operations 

managers, ensuring diverse perspectives and 

relevant expertise. Primary data was collected 

through a structured questionnaire 

distributed to retail businesses in Central 

Java. Respondents rated the statements on a 

Likert scale that ranged from 1 (“Strongly 

Disagree”) to 5 (“Strongly Agree”). The 

questionnaire was pilot tested with 20 

participants to ensure clarity and reliability 

before full distribution. 

3.3 Data Analysis 

The collected data were analyzed 

using SEM-PLS 3, a statistical tool suitable for 

complex models with latent variables. The 

analysis was carried out through several 

steps, namely: First, Descriptive Analysis to 

summarize the demographic characteristics of 

respondents and provide an overview of the 

variables used. Second, Measurement Model 

Evaluation to assess reliability and construct 

validity using criteria such as Cronbach's 

alpha, composite reliability (CR), and average 

variance extracted (AVE). Third, Structural 

Model Analysis to test the proposed 
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relationship between independent and 

dependent variables. Path coefficients, p 

values, and R² values are used to evaluate the 

significance and strength of the relationship 

between variables. 

 

4. RESULTS AND DISCUSSION 
4.1 Demographic Sample 

The demographic profile of the 

respondents provides insight into the 

characteristics of the sample, including their 

role, organization size, and level of 

technology adoption. Demographic data was 

analyzed to ensure the diversity and relevance 

of the sample in this study. Respondents were 

categorized based on their role in the retail 

organization. The division of roles showed 

that inventory managers made up the largest 

group of respondents (45%), followed by 

supply chain professionals (35%) and retail 

operations managers (20%), reflecting the 

focus on individuals directly involved in 

inventory and supply chain management. 

Participating organizations were classified by 

size (small, medium, or large enterprises), 

determined by the number of employees and 

annual turnover. The majority of the sample 

came from medium-sized enterprises (60%), 

reflecting the prevalence of medium-scale 

retailers in Central Java. Respondents were 

also asked about the level of technology 

adoption in inventory management, 

including the use of machine learning 

algorithms, demand prediction models, and 

automation systems. The results show that 

half of the respondents (50%) reported a 

medium level of technology adoption, with 

some organizations (25%) already 

implementing advanced systems, indicating 

the potential to leverage the latest technology. 

Regarding experience with inventory 

management technologies, most respondents 

(50%) had extensive experience (more than 2 

years), indicating that this sample includes 

individuals with relevant expertise to provide 

an informed response. 

4.2 Measurement Model 

Evaluation 

The measurement model was 

assessed to ensure the reliability, convergent 

validity, and discriminant validity of the 

constructs.  

Table 1. Measurement Model Assessment 

Variable Code 
Loading 

Factor 

Cronbach’s 

Alpha 

Composite 

Reliability 

Average Variant 

Extracted 

Machine Learning 

Algorithm 

MLA.1 0.879 

0.905 0.940 0.840 MLA.2 0.936 

MLA.3 0.933 

Demand Prediction 

DPD.1 0.870 

0.886 0.930 0.815 DPD.2 0.924 

DPD.3 0.913 

Automation System 

ATS.1 0.902 

0.885 0.921 0.744 
ATS.2 0.843 

ATS.3 0.875 

ATS.4 0.828 

Responsive Inventory 

Management 

RIM.1 0.828 

0.897 0.921 0.661 

RIM.2 0.771 

RIM.3 0.860 

RIM.4 0.819 

RIM.5 0.793 

RIM.6 0.805 

Source: Data Processing Results (2024)

Reliability was assessed using 

Cronbach's alpha and composite reliability 

(CR) to measure internal consistency. All 

constructs had Cronbach's alpha values above 
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0.7, confirming internal consistency: Machine 

Learning Algorithm (MLA) = 0.905, Demand 

Prediction (DPD) = 0.886, Automation System 

(ATS) = 0.885, and Responsive Inventory 

Management (RIM) = 0.897. CR values also 

exceeded 0.7 for all constructs: MLA = 0.940, 

DPD = 0.930, ATS = 0.921, and RIM = 0.921. 

Convergent validity was evaluated using 

Average Variance Extracted (AVE) and 

loading factors. All constructs had AVE values 

above 0.5 (MLA = 0.840, DPD = 0.815, ATS = 

0.744, RIM = 0.661), and all items had loading 

factors greater than 0.7, indicating strong 

correlations with their respective constructs: 

MLA = 0.879 to 0.936, DPD = 0.870 to 0.924, 

ATS = 0.828 to 0.902, and RIM = 0.771 to 0.860. 

These results confirm the validity and 

reliability of the constructs. 

4.3 Heterotrait-Monotrait Ratio 

(HTMT) 

Discriminant validity assesses 

whether constructs are distinct from one 

another. The Heterotrait-Monotrait Ratio 

(HTMT) is a widely used criterion for 

evaluating discriminant validity. HTMT 

values below the threshold of 0.85 (strict 

criterion) or 0.90 (lenient criterion) indicate 

adequate discriminant validity.

Table 2. Discriminant Validity 

 
Automation 

System 

Demand 

Prediction 

Machine 

Learning 

Algorithm 

Responsive 

Inventory 

Management 

Automation System     

Demand Prediction 0.606    

Machine Learning Algorithm 0.804 0.591   

Responsive Inventory Management 0.805 0.867 0.707  

Source: Data Processing Results (2024)

The HTMT values for the constructs 

indicate adequate discriminant validity. The 

value of 0.606 between Automation System 

and Demand Prediction is well below the 0.85 

threshold, confirming they are distinct 

constructs. Similarly, the HTMT value of 0.804 

between Automation System and Machine 

Learning Algorithm is below the strict 

threshold of 0.85, demonstrating sufficient 

discriminant validity. The value of 0.805 

between Automation System and Responsive 

Inventory Management is slightly below 0.85, 

suggesting these constructs are sufficiently 

distinct. For Demand Prediction and Machine 

Learning Algorithm, the HTMT value of 0.591 

is well below 0.85, confirming strong 

discriminant validity. The HTMT value of 

0.867 between Demand Prediction and 

Responsive Inventory Management exceeds 

the strict threshold of 0.85 but is below the 

lenient threshold of 0.90, suggesting 

acceptable discriminant validity. Lastly, the 

HTMT value of 0.707 between Machine 

Learning Algorithm and Responsive 

Inventory Management is below 0.85, 

confirming they are distinct constructs. 
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Figure 2. Model Results 

Source: Data Processed by Researchers, 2024 

4.4 Model Fit  

In structural equation modeling 

(SEM), evaluating the overall model fit is 

crucial for determining how well the 

hypothesized model explains the data. 

Several fit indices were used to assess the 

goodness of fit for the SEM model in this 

study, including the Chi-Square (χ²), 

Goodness of Fit Index (GFI), Comparative Fit 

Index (CFI), Tucker-Lewis Index (TLI), and 

Root Mean Square Error of Approximation 

(RMSEA). The chi-square value of 149.82 with 

a significance level of p < 0.05 typically 

suggests a poor fit in large sample sizes, but 

given the sample size of 160, it is not an 

absolute determinant of model fit. The GFI 

value of 0.926, above the threshold of 0.90, 

indicates that the model explains a high 

proportion of the variance in the data. The CFI 

value of 0.957, well above the minimum 

threshold of 0.90, suggests a good fit, with 

values closer to 1.0 indicating a better fit. The 

TLI value of 0.949 also exceeds the 0.90 

threshold, confirming a good model fit. 

Finally, the RMSEA value of 0.065 is below the 

acceptable threshold of ≤ 0.08, suggesting a 

good approximation of the model to the 

population covariance matrix and indicating 

that the model fit is both reasonable and 

adequate. 

4.5 Hypothesis Testing 

The hypothesis testing results assess 

the impact of machine learning algorithms, 

demand prediction, and automation systems 

on responsive inventory management. The 

analysis is based on path coefficients, sample 

means, standard deviations, t-statistics, and 

p-values. 

Table 3. Hypothesis Testing 

 Original 

Sample (O) 

Sample 

Mean (M) 

Standard 

Deviation 

(STDEV) 

T Statistics P Values 

Automation System -> Responsive 

Inventory Management 
0.663 0.650 0.072 9.163 0.000 
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Demand Prediction -> Responsive 

Inventory Management 
0.617 0.619 0.051 12.168 0.000 

Machine Learning Algorithm -> 

Responsive Inventory 

Management 

-0.256 -0.245 0.068 3.773 0.000 

Source: Process Data Analysis (2024)

The analysis shows significant 

findings across the constructs. The 

relationship between Automation System and 

Responsive Inventory Management has a 

path coefficient of 0.663, with t-statistics of 

9.163 and a p-value of 0.000, confirming a 

strong positive relationship. Automation 

systems enhance inventory responsiveness by 

automating processes like tracking and 

replenishment, which reduces errors and 

inefficiencies. Similarly, Demand Prediction 

shows a strong positive effect on inventory 

management (path coefficient = 0.617, t-

statistics = 12.168, p-value = 0.000), helping 

businesses align inventory with market 

fluctuations and minimize stockouts. In 

contrast, the Machine Learning Algorithm 

shows an unexpected negative path 

coefficient of -0.256 (t-statistics = 3.773, p-

value = 0.000), indicating challenges in 

implementation, likely due to limited 

expertise, poor integration, and high costs, 

which differs from prior studies highlighting 

its potential. 

Discussion 

1. The Role of Automation 

Systems in Responsive 

Inventory Management 

The results demonstrate that 

automation systems have a significant 

positive impact on responsive inventory 

management, with a path coefficient of 0.663 

(p < 0.001). This highlights the critical role of 

automation in streamlining inventory 

processes, reducing manual errors, and 

enhancing operational efficiency. Automation 

systems, such as real-time inventory tracking 

and automated replenishment, allow 

businesses to quickly respond to demand 

changes and maintain optimal stock levels. 

These findings align with prior studies by 

[12], [13] and [10], [29],which emphasize 

automation's role in improving inventory 

accuracy and reducing inefficiencies. In 

Central Java, automation systems are 

particularly valuable for medium-sized retail 

businesses, which often face resource 

constraints and operational complexities, 

making automation a practical and scalable 

solution. 

2. Demand Prediction as a Key 

Driver of Inventory 

Responsiveness 

Demand prediction emerged as a 

strong predictor of responsive inventory 

management, with a path coefficient of 0.617 

(p < 0.001). Accurate demand forecasting 

enables retailers to anticipate customer needs, 

align inventory levels, and avoid costly 

stockouts or overstocking, which is especially 

critical in the retail industry, where demand is 

influenced by seasonal variations, 

promotional activities, and changing 

consumer preferences. The findings align 

with previous research by [18], [20] and [28], 

which highlight the role of demand prediction 

in enhancing supply chain efficiency and 

decision-making. In Central Java, the 

integration of demand prediction tools has 

helped retailers adapt to the dynamic market 

environment, reflecting the growing reliance 

on data-driven strategies to improve 

inventory management outcomes. 

3. Challenges in Leveraging 

Machine Learning Algorithms 

Surprisingly, machine learning 

algorithms showed a significant but negative 

relationship with responsive inventory 

management (path coefficient = -0.256, p < 

0.001). This unexpected finding suggests that 

while machine learning has the potential to 

enhance inventory management, its 

implementation in the Central Java retail 

industry may face significant challenges. 

Potential reasons for this negative 
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relationship include limited expertise, where 

retail businesses may lack the technical skills 

to effectively implement machine learning 

tools; integration issues, where poor 

integration with existing inventory 

management systems hinders effectiveness; 

data quality, as machine learning models 

depend on high-quality data that may be 

lacking in some organizations; and cost 

constraints, where the high cost of adopting 

and maintaining machine learning solutions 

limits their application, especially for small 

and medium-sized enterprises. These 

findings contrast with studies such as [25]–

[27], which emphasize the benefits of machine 

learning in inventory optimization, but they 

align with the broader narrative that 

technology adoption is context-dependent 

and influenced by organizational readiness, 

resource availability, and market conditions. 

4. Integration of Technologies for 

Enhanced Inventory 

Management 

The combined effects of automation 

systems, demand prediction, and machine 

learning algorithms explain 62% of the 

variance in responsive inventory 

management, highlighting the potential for 

synergistic integration of these technologies. 

When effectively combined, these tools 

provide real-time data analysis, predictive 

insights, and automated execution, enabling 

businesses to achieve greater responsiveness 

and efficiency. While automation systems and 

demand prediction have shown positive 

impacts, the challenges associated with 

machine learning algorithms suggest a need 

for strategic planning and targeted 

investments. Retail businesses in Central Java 

should prioritize capacity-building initiatives, 

such as employee training and data quality 

improvement, to fully leverage the potential 

of advanced technologies. 

5. Practical Implications 

The findings have several practical 

implications for retail managers and 

policymakers. Retailers should prioritize the 

adoption of automation systems to streamline 

inventory processes and improve 

responsiveness. Investment in demand 

prediction tools and data analytics is essential 

for aligning inventory practices with market 

needs. To fully harness the benefits of 

machine learning, businesses must address 

barriers such as limited technical expertise, 

data quality, and poor system integration. 

Additionally, policymakers and industry 

stakeholders should support initiatives that 

promote the adoption of advanced 

technologies, particularly for small and 

medium-sized enterprises. 

This study also makes significant 

theoretical contributions to the literature by 

providing empirical evidence of the 

relationships between advanced technologies 

and inventory management in the retail 

industry. It highlights the distinct and 

collective impacts of automation systems, 

demand prediction, and machine learning 

algorithms, offering valuable insights into 

their practical application in developing 

regions. 

6. Limitations and Future 

Research 

While this study provides valuable 

insights, it has limitations, including its 

geographical scope, as the findings are 

specific to Central Java and may not 

generalize to other regions. The technological 

focus of the study is also limited to three 

technologies, without exploring emerging 

tools such as IoT or blockchain. Additionally, 

the cross-sectional design of the study means 

it offers a snapshot in time, and a longitudinal 

approach could provide deeper insights into 

the long-term impacts of technology 

adoption. Future research should address 

these limitations by exploring diverse 

contexts, incorporating additional 

technologies, and examining the dynamic 

interplay between organizational factors and 

technology adoption. 

 

5. CONCLUSION 

This study highlights the significant 

roles of automation systems and demand 

prediction in enhancing responsive inventory 
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management in the retail industry of Central 

Java. Automation systems improve efficiency 

and accuracy, while demand prediction helps 

retailers align inventory levels with market 

demand. Conversely, the unexpected 

negative relationship between machine 

learning algorithms and inventory 

responsiveness suggests challenges such as 

inadequate expertise, poor integration, and 

data quality issues. 

The findings provide practical 

recommendations for retail managers, 

including prioritizing automation adoption, 

investing in predictive analytics, and 

addressing barriers to effective machine 

learning implementation. Policymakers 

should support technology adoption 

initiatives to enhance the competitiveness of 

small and medium-sized enterprises in 

developing regions. Future research should 

explore the role of emerging technologies and 

extend the scope to other regions and 

industries to provide a more comprehensive 

understanding of technology-driven 

inventory management.
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