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Abstract
This quantitative, cross-sectional study examines whether four digital supply chain technologies—enterprise resource planning (ERP), data analytics, Internet of Things (IoT) and real-time monitoring, and artificial intelligence (AI) and automation—jointly predict perceived operational, delivery, inventory, and cost performance in Bangladesh’s ready-made garment (RMG) industry. Guided by the Technology–Organization–Environment framework and the Resource-Based View, it also tests whether perceived implementation challenges are negatively associated with overall digital adoption.
The final dataset contains 87 complete respondent records, five demographic variables, 40 five-point Likert items grouped into ten four-item constructs, and 71 non-empty optional comments. The analysis includes data screening, respondent frequencies, Cronbach’s alpha, descriptive statistics, Pearson and Spearman correlations, four ordinary least squares regression models, HC3 robust checks, and regression diagnostics at α = .05.
All ten scales showed acceptable to good internal consistency (α = .763–.854). Challenges had the highest mean (M = 3.66), followed by Overall Opinion (M = 3.61); among the technology constructs, ERP Adoption was highest (M = 3.46) and AI and Automation lowest (M = 3.01). All four performance models were significant and explained 38.4% to 63.7% of outcome variance (all model p < .001), supporting H1 through H4. Challenges was negatively associated with Digital Adoption (r = −.384, p < .001), supporting H5.
The findings show meaningful associations within this sample, not causal effects. Individual technology contributions differed across the four outcomes, and the cost model required HC3 robust inference. Practical priorities include cross-department data integration, role-based training, cybersecurity, affordable systems, dependable connectivity, and phased investment tied to measurable operational outcomes.
Keywords: ready-made garments; digital supply chain; ERP; data analytics; Internet of Things; artificial intelligence; supply chain performance; Bangladesh
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CHAPTER I: INTRODUCTION
1.1 Background of the Study
Bangladesh’s ready-made garment industry holds a central place in the national economy and in the country’s role in the global apparel trade. Bangladesh is widely recognized as the world’s second-largest apparel exporter after China, and the industry directly employs around four million people, a substantial share of whom are women. In fiscal year 2024–2025, RMG exports reached approximately USD 39.35 billion, representing 81.49% of Bangladesh’s total merchandise export earnings (Bangladesh Garment Manufacturers and Exporters Association [BGMEA], n.d.; International Labour Organization [ILO], 2023). Improvements or setbacks in the efficiency, resilience, and competitiveness of garment supply chains therefore have effects far beyond individual factories.
Every export order depends on a long chain of connected activities involving fiber and fabric suppliers, accessory vendors, buying houses, manufacturers, testing and compliance organizations, freight forwarders, ports, retailers, and final customers. Product development, material sourcing, capacity planning, production, quality assurance, documentation, and international transportation all have to be coordinated, often within a demanding delivery window. Buyers now compete through greater variety, shorter selling seasons, and rapid replenishment, placing suppliers under simultaneous pressure to provide accurate information, dependable delivery, traceability, and cost control.
Despite these demands, many RMG factories still rely on spreadsheets, paper records, telephone calls, and disconnected departmental systems in their daily operations. Such methods are familiar and may seem inexpensive in the short term, but they often lead to duplicated data, delayed reporting, and conflicting versions of the same information. Merchandising, planning, stores, and procurement may each work from a different record, leaving managers to spend valuable time reconciling information instead of responding to emerging risks. The result can be material shortages, excess stock, production stoppages, avoidable overtime, missed vessel schedules, and limited visibility for buyers.
The four technologies considered in this thesis address different parts of this coordination problem. ERP systems bring transactions from procurement, production, inventory, finance, and sales onto an integrated platform. Data analytics converts operational records into forecasts, dashboards, and other forms of decision support, while IoT and real-time monitoring link machines, shipments, inventory locations, and other physical assets to digital information flows. AI and automation can assist with demand forecasting, production planning, anomaly detection, and repetitive decision tasks. With sound processes and reliable data behind them, these tools can give managers a shared and more timely view of the supply chain.
The appeal of digitalization is clear, but implementation is rarely simple. Bangladesh’s RMG sector operates under intense price competition, demanding compliance standards, shifting buyer requirements, and repeated disruptions in sourcing and logistics. The COVID-19 pandemic, order cancellations, freight volatility, and uncertainty over raw materials demonstrated that factories need visibility and responsiveness alongside efficiency. Adoption nevertheless remains uneven: large export-oriented groups may use integrated platforms and automated systems, whereas smaller factories often depend on selected modules or stand-alone spreadsheets. Cost, infrastructure, employee capability, data quality, and resistance to change can ultimately determine whether a technology develops into a useful capability or remains an underused investment.
Within this setting, the study draws on primary survey data from 87 respondents connected with Bangladesh’s RMG industry. It examines ERP, data analytics, IoT and real-time monitoring, and AI and automation in relation to operational, delivery, inventory, and cost performance. The analysis also considers whether perceived challenges are associated with the overall level of digital adoption. Rather than assuming that any digital tool automatically improves results, the study asks whether the expected relationships can be observed in the final dataset.
1.2 Statement of the Problem
International studies commonly associate supply chain digitalization with greater visibility, coordination, flexibility, and control. These reported benefits, however, cannot simply be assumed to apply to every factory in Bangladesh. Technology creates value only when the surrounding processes, data, employee skills, managerial commitment, and supply chain relationships are strong enough to support its effective use.
Although recent studies of Bangladesh’s RMG sector have reduced the evidence gap, three questions remain unresolved. First, digital adoption is often treated as a single broad concept, even though ERP, analytics, IoT, and AI depend on different capabilities and may influence different activities. Second, supply chain performance is sometimes represented by one overall score, which can obscure differences among operational efficiency, delivery reliability, inventory control, and cost management. Third, even when the overall relationship is positive, the strength and unique contribution of each technology may differ according to implementation maturity, data quality, skills, and organizational context.
For managers, this uncertainty has immediate practical consequences. They must allocate limited resources without having complete local evidence about which technologies are linked to which outcomes. An ERP system, for example, may do little for inventory performance when master data are inaccurate or employees continue to maintain unofficial parallel records. Similarly, an IoT dashboard may supply real-time information without improving delivery if planning and escalation routines remain unchanged. The main issue is therefore not whether a factory owns a technology, but whether it is used effectively enough to influence performance.
To address this problem, the study applies the supplied questionnaire and dataset to ten multi-item constructs, five directional alternative hypotheses, and five corresponding null hypotheses. It also extends the earlier draft by completing correlation, regression, and diagnostic analyses, rather than relying on reliability results and favorable descriptive scores as evidence of impact.
1.3 Research Questions
1. To what extent are ERP, data analytics, IoT and real-time monitoring, and AI and automation adopted among the respondents’ RMG organizations?
2. Do ERP adoption, data analytics, IoT and real-time monitoring, and AI and automation jointly and significantly predict perceived operational performance?
3. Do ERP adoption, data analytics, IoT and real-time monitoring, and AI and automation jointly and significantly predict perceived delivery performance?
4. Do ERP adoption, data analytics, IoT and real-time monitoring, and AI and automation jointly and significantly predict perceived inventory performance?
5. Do ERP adoption, data analytics, IoT and real-time monitoring, and AI and automation jointly and significantly predict perceived cost performance?
6. Are perceived implementation challenges significantly and negatively associated with the overall level of digital technology adoption?
7. What practical actions can RMG managers, industry bodies, and policymakers take in light of the findings?
1.4 Objectives of the Study
The general objective of this study is to test whether digital supply chain technology adoption predicts perceived supply chain performance in Bangladesh’s ready-made garment industry.
Specific objectives
1. To assess the reported level of ERP, data analytics, IoT and real-time monitoring, and AI and automation adoption.
2. To test whether the four digital adoption constructs jointly predict perceived operational performance.
3. To test whether the four digital adoption constructs jointly predict perceived delivery performance.
4. To test whether the four digital adoption constructs jointly predict perceived inventory performance.
5. To test whether the four digital adoption constructs jointly predict perceived cost performance.
6. To test whether perceived implementation challenges are negatively associated with overall digital adoption.
7. To develop evidence-based recommendations for improving digital supply chain practices in the RMG industry.
1.5 Significance of the Study
The study makes an academic contribution by separating digital adoption into four technology domains and supply chain performance into four distinct outcomes. This structure allows the expected positive effect of digitalization to be examined at a more specific level. It also shows why reliability evidence, descriptive statistics, correlations, regression results, and diagnostic checks should be interpreted together rather than selected in isolation.
For managers, the usefulness of the study lies in the differences observed across the results. Together, the four technologies explained substantial variation in every performance dimension, although their individual coefficients were not the same in each model. ERP was especially important for operational performance, IoT for inventory and delivery, and data analytics for cost performance. The findings therefore support digital investment, while also indicating that technology choices should respond to a defined operational problem rather than follow a one-size-fits-all agenda.
The findings may also help industry associations and policymakers look beyond the purchase of equipment. The statistically significant negative relationship between perceived challenges and adoption, supported by the optional comments, draws attention to shared infrastructure, affordable systems, practical training, cybersecurity support, better connectivity, and stronger cross-department data practices. For students and future researchers, the completed analysis offers a transparent example of why supported hypotheses still require cautious interpretation when the evidence is cross-sectional and self-reported.
1.6 Scope and Delimitations
The study is geographically and industrially limited to Bangladesh’s RMG sector, with respondents associated with knit, woven, sweater, and composite factories. Participants include supply chain executives and managers, procurement officers, logistics executives, warehouse officers, production managers, and respondents classified as “Other.” As a result, the findings reflect a mixture of operational and managerial perspectives rather than the viewpoint of any single function.
The analytical scope includes ERP Adoption, Data Analytics, IoT and Real-Time Monitoring, AI and Automation, four dimensions of supply chain performance, perceived Challenges, and Overall Opinion. Each construct is measured through four Likert statements. Blockchain, robotics, digital twins, cloud architecture, and sustainability performance are discussed in the literature review but are not modeled as separate variables.
The survey records respondents’ perceptions at one point in time, making the study cross-sectional and quantitative. It does not draw on audited factory records, follow implementation across several periods, or compare matched groups of adopters and non-adopters. The statistical findings must therefore be read as associations rather than evidence of causal effects.
1.7 Limitations of the Study
• The study uses 87 complete responses collected through non-probability convenience and purposive methods. Although the sample provides 21.75 cases for each predictor in the four-predictor models, it remains below the initially preferred target of 100–150 and does not allow statistical generalization to the entire RMG sector.
• All technology and performance measures are self-reported and collected in the same survey, creating possible common-method and social-desirability influence.
• The demographic information is broad. The dataset does not identify gender, factory size, ownership, industrial location, technology maturity, or specific software and equipment brands.
• Respondents occupy different roles and may not have equal access to strategic, operational, inventory, or financial information. The available data do not allow the “Other” job category to be divided into more specific roles.
• Seventy-one optional comments were available, but these comments repeat eight brief suggestions. They are useful as a frequency-based supplement, although they do not provide a rich qualitative account of implementation experience.
• The cross-sectional design cannot establish temporal order or causal impact.
• Residual variance was non-constant in the cost model, and HC3 robust inference was therefore used. Several cases exceeded the conservative 4/n Cook’s-distance screening rule; however, no Cook’s D approached 1, and the sensitivity checks produced the same model-level conclusions.
1.8 Definition of Key Terms
Artificial Intelligence (AI): Computer-based methods that perform or support tasks such as prediction, classification, pattern recognition, optimization, and automated decision-making.
Data Analytics: The systematic use of data, statistical methods, and visualization to improve forecasting, planning, control, and decision-making.
Digital Adoption: The reported use and integration of ERP, data analytics, IoT and real-time monitoring, and AI and automation. In H5, it is calculated as the mean of the four adoption construct scores.
Enterprise Resource Planning (ERP): An integrated information system that connects business functions such as procurement, production, inventory, sales, and finance through a common database and standardized processes.
Internet of Things (IoT): Connected physical devices, sensors, identifiers, and communication systems that collect and exchange information about assets, machines, inventory, or shipments.
Ready-Made Garments (RMG): Factory-produced apparel manufactured for domestic or export markets, including knit, woven, sweater, denim, and composite operations.
Supply Chain Management (SCM): The coordinated planning and control of material, information, and financial flows from suppliers through production and distribution to customers.
Supply Chain Performance: In this study, the combined concept represented by operational, delivery, inventory, and cost performance.
1.9 Organization of the Report
The report is organized into five chapters. Chapter I introduces the research, Chapter II reviews the relevant theory and evidence, Chapter III explains the methods, Chapter IV presents the results, and Chapter V discusses the implications, recommendations, limitations, and conclusions. The questionnaire appears in Appendix A, supplementary statistical results and the optional-comment summary in Appendix B, and the detailed reliability analysis for the final dataset in Appendix C.
CHAPTER II: REVIEW OF THE LITERATURE
2.1 Digital Supply Chains and the RMG Context
A digital supply chain involves more than placing software on top of familiar routines. Transactions, physical events, and managerial decisions must be connected through shared data. When this connection functions properly, information can be captured, communicated, interpreted, and acted upon more quickly across procurement, production, warehousing, logistics, and customer-facing functions (Büyüközkan & Göçer, 2018).
This distinction is particularly important in apparel production, where a single order moves through many interdependent activities and may change during execution. A delay in fabric availability can disrupt cutting, sewing, finishing, quality control, packing, and shipment. If information moves slowly, individual departments may complete their own tasks while the order as a whole falls behind schedule. Digital integration seeks to reduce the time between an operational event and the decision made in response.
Bangladesh’s RMG industry presents an added level of complexity. Garment production remains labor-intensive, yet factories must also meet demanding global information requirements. Advanced equipment may be operating on one production line while accessories or work-in-process are recorded manually elsewhere in the same factory. The supply chain extends across organizational boundaries, and suppliers, factories, buying houses, inspection companies, freight forwarders, and buyers may all use different systems. A digital tool is therefore useful only to the extent that it is adopted internally and supported by reliable external connectivity.
The literature presents both opportunity and caution. Digital technologies may improve visibility, traceability, agility, collaboration, decision speed, and control, but none of these benefits is automatic. Poor data can travel more quickly through a digital system, weak processes can be automated, and employees who distrust the official platform may create an additional layer of reporting work. This distinction between owning a technology and developing the capability to use it effectively is central to the present study.
2.2 Technology–Organization–Environment Framework
Tornatzky and Fleischer (1990) introduced the Technology–Organization–Environment (TOE) framework to explain technology adoption at the organizational level. The framework groups the influences on adoption into three contexts. The technological context covers the characteristics, compatibility, complexity, and perceived benefits of available technologies. The organizational context includes resources, size, structure, skills, managerial support, and readiness, while the environmental context covers competition, trading-partner pressure, regulation, government support, and the wider infrastructure in which a firm operates.
The TOE framework is well suited to Bangladesh’s RMG industry because factories differ markedly across all three contexts. From a technological perspective, firms vary in their legacy systems, connectivity, data quality, and access to suitable solutions. Organizationally, large groups may have dedicated IT teams and greater investment capacity, whereas smaller factories often rely on a few key employees or outside vendors. The environmental context is equally important: international buyers may demand greater traceability and faster reporting, while government initiatives, industry associations, and service providers shape the availability and cost of digital support.
Amin et al. (2024) applied the TOE framework to Industry 4.0 adoption in a developing-country manufacturing context, highlighting the importance of technological, organizational, and environmental conditions for adoption and manufacturing performance. Habib et al. (2025) also used TOE to organize their study of Bangladesh’s post-pandemic RMG supply chain. They found that technological readiness, internal capability, external buyer pressure, regulation, and support jointly influenced adoption. Together, these studies provide a basis for using TOE as the main adoption lens in the present research.
TOE also offers an explanation for why a technology may not show a direct statistical relationship with performance in a small, heterogeneous sample. Adoption may be present but limited in depth, a system may be only partly integrated, or organizational and environmental conditions may prevent the technology from producing results. The framework therefore shifts attention beyond the simple question of whether a technology is in use.
2.3 Resource-Based View
The Resource-Based View (RBV) proposes that firms achieve sustained competitive advantage by possessing and organizing resources that are valuable, rare, difficult to imitate, and not easily substituted (Barney, 1991). Technology can usually be purchased and is not necessarily rare on its own. A more defensible resource is the combined capability formed by technology, data, processes, employee knowledge, and relationships.
Within a supply chain, an ERP database becomes strategically valuable when the organization maintains accurate master data, follows common process definitions, and coordinates decisions through the system. Analytics creates value when employees can identify relevant business questions, interpret the output correctly, and adjust their actions. IoT data matters when alerts prompt timely intervention. AI becomes valuable when models are trained with relevant data, monitored over time, and embedded in workflows with clear accountability.
Shahadat et al. (2023) drew on RBV and dynamic-capability reasoning to study digital technologies, supply chain capabilities, competitive advantage, and performance among 150 RMG supply chain executives and managers in Bangladesh. Their findings indicated that digital technology contributed to supply chain capability and performance. The present study follows the same broad reasoning while examining more specific technology and performance dimensions. RBV therefore complements TOE: TOE explains the conditions that shape technology adoption, whereas RBV helps explain why some firms convert adoption into capability and performance more successfully than others.
2.4 Enterprise Resource Planning
Enterprise resource planning systems bring business processes and data together on a shared platform. In an RMG factory, ERP modules may cover order management, material requirement planning, purchasing, supplier records, inventory, production planning, costing, payroll, finance, and shipment documentation. Their main promise is to provide one source of information in place of multiple departmental files.
ERP can contribute to supply chain performance in several practical ways. It may reduce repeated data entry, make information easier to access, standardize approvals, connect material requirements with production plans, and provide earlier warnings of shortages or delays. It can also strengthen transaction traceability and produce more consistent costing. These benefits are especially relevant to apparel manufacturing, where thousands of combinations of style, color, size, fabric, trim, and order details make manual reconciliation difficult.
Installing an ERP system, however, does not guarantee that it will be effective. A system may be excessively customized, used mainly to report events after they occur, or operated alongside unofficial spreadsheets. Its value can also be weakened by poor master data, inadequate user training, and limited cross-functional ownership. Hossain and Sani (2025) describe ERP’s potential to improve planning, inventory visibility, coordination, and decision-making in Bangladesh’s RMG industry, while also drawing attention to cost, infrastructure, literacy, and organizational barriers. The combination of potential benefits and implementation risks supports the decision to examine ERP adoption as a separate construct.
2.5 Data Analytics
Data analytics is the structured use of historical and current data to describe performance, diagnose problems, forecast outcomes, and recommend actions. Descriptive dashboards can display order status, line efficiency, material availability, defects, or shipment performance. Predictive analysis can estimate demand, delay risk, machine failure, or quality problems, while prescriptive analysis can support decisions about capacity allocation, sourcing, and production scheduling.
Analytics becomes particularly useful when a supply chain produces more data than managers can reasonably interpret by hand. It can turn raw ERP transactions, quality records, and machine signals into information that supports decisions. Research on big data analytics has associated analytical capability with stronger organizational performance through dynamic capabilities, but this relationship depends on managerial and process capabilities rather than data volume alone (Wamba et al., 2017).
In RMG operations, analytics may support demand forecasting, material planning, line balancing, supplier evaluation, and exception management. Its outputs, however, are only as dependable as the data on which they are based. Missing timestamps, inconsistent style codes, manual overrides, and fragmented records can all lead to misleading conclusions. Analytics adoption should therefore include both the use of analytical tools and the organizational ability to collect, govern, and apply data.
2.6 Internet of Things and Real-Time Monitoring
The Internet of Things links physical objects to digital networks through sensors, identifiers, devices, and communication technologies. Across supply chains, IoT can provide real-time tracking, condition monitoring, automated data capture, equipment status reporting, and inventory visibility. A literature review by Ben-Daya, Hassini, and Bahroun (2019) shows that improved access to timely information allows IoT to influence supply chain planning, production, logistics, and coordination.
In garment manufacturing, real-time monitoring can take the form of machine connectivity, production counters, RFID or barcode identification, environmental sensors, warehouse location tracking, or shipment visibility. Its main advantage is that deviations can be recognized earlier. Managers can respond to downtime, bottlenecks, quality problems, and material movements without waiting for an end-of-shift report.
IoT adoption also brings practical difficulties. Devices need maintenance, network interruptions can make the information unreliable, different machines and software may not communicate, and large data streams require secure storage and interpretation. Shuvo, Habib, and Raisa (2025) identify visibility, efficiency, quality control, decision-making, and sustainability as potential benefits for Bangladesh’s RMG sector, while also noting high cost, technical complexity, data privacy, and resistance to change. These opportunities and constraints justify treating IoT and real-time monitoring as a distinct construct.
2.7 Artificial Intelligence and Automation
Artificial intelligence covers a broad range of computational methods used to learn patterns, make predictions, classify observations, optimize decisions, and automate cognitive tasks. In supply chain management, these methods can support demand forecasting, supplier risk assessment, production scheduling, inventory optimization, anomaly detection, route planning, and decision support. Systematic reviews report rapid growth in AI applications, but they also identify continuing challenges involving data, integration, governance, and implementation (Pournader, Ghaderi, Hassanzadegan, & Fahimnia, 2021; Toorajipour, Sohrabpour, Nazarpour, Oghazi, & Fischl, 2021).
Automation is closely related to AI, but the two are not the same. A rule-based workflow, for example, can automate data entry or approval without learning from data. In garment production, automation may reduce repetitive manual tasks, support cutting or handling, or connect production events with information systems. AI can add forecasting, optimization, and pattern recognition to these processes. The questionnaire combines AI and automation because respondents may experience them together as parts of a broader digital transformation.
The RMG sector must strike a careful balance when adopting these technologies. Automation and AI may improve productivity and planning, but they have to work within an industry marked by product variety, labor-intensive operations, frequent style changes, and varying user skills. Billah, Ali, Syed, and Mat Deli (2026) reviewed AI adoption for sustainability in the RMG sector and identified a wide range of technological, organizational, and environmental determinants. Their findings suggest that AI adoption is not simply a technical decision, but an organizational transition shaped by internal readiness and external pressure.
2.8 Supply Chain Performance Dimensions
Supply chain performance has several dimensions, and improvement in one area does not necessarily produce improvement in another. A single overall score can hide these differences. For this reason, the present study examines four separate performance constructs.
Operational performance covers efficiency, productivity, fewer delays, and overall process improvement. It reflects how well day-to-day activities are coordinated and completed. Digital technologies may strengthen this dimension by standardizing processes, improving visibility, and allowing faster decisions.
Delivery performance includes on-time delivery, delivery accuracy, shorter lead time, and customer satisfaction. Reliability is especially important in export garments because missed production milestones may result in air freight, discount claims, or lost business. Digital coordination may improve delivery, although external shipping conditions and changes requested by buyers can also influence the outcome.
Inventory performance concerns effective stock management, fewer shortages, less excess inventory, and improved inventory turnover. Accurate information about materials and work-in-process can reduce uncertainty, although inventory outcomes also depend on supplier reliability, minimum order quantities, planning discipline, and order changes.
Cost performance covers supply chain cost, transportation cost control, procurement cost, and profitability. Technology may reduce waste and improve decisions, but implementation, maintenance, licensing, and training also carry costs. Financial benefits may therefore take longer to emerge than operational improvements.
2.9 Barriers to Digital Adoption
Digital transformation requires more than money for the initial investment. The questionnaire measures four barriers that are commonly reported: high implementation cost, the need for employee training, a shortage of skilled personnel, and cybersecurity concern. These barriers correspond to the technological and organizational dimensions of TOE.
The cost of adoption can include software, hardware, connectivity, devices, customization, data migration, maintenance, and the opportunity cost of employees’ time. For smaller factories, a large integrated platform may be difficult to justify when future orders are uncertain. Training is also essential because a new system changes how work is recorded, approved, and monitored. Skill shortages can affect specialist positions as well as everyday users. Cybersecurity becomes increasingly important as systems are connected and data are shared with buyers or through external platforms.
The literature identifies several additional barriers, including resistance to change, unclear ownership, poor data quality, interoperability problems, weak infrastructure, and limited vendor support. Habib et al. (2025) report capital intensity, skill shortages, infrastructure limitations, and interoperability problems in Bangladesh’s RMG context. Shuvo et al. (2025) likewise emphasize high costs, data privacy, technical complexity, and resistance. Such barriers may directly restrict adoption or weaken the relationship between adoption and performance.
2.10 Evidence from Bangladesh’s RMG Industry
Empirical research on digitalization in Bangladesh’s RMG industry is gradually expanding. Shahadat et al. (2023) surveyed 150 supply chain executives and managers and found that digital technology supported supply chain capability and performance. Their model focused on agility, flexibility, and competitive advantage. Although the study provides a strong basis for expecting a positive relationship, it did not use exactly the same constructs or sample as the present research.
Habib et al. (2025) combined primary data from 249 experienced RMG professionals with secondary evidence to examine post-pandemic technological transformation. Their TOE-based findings point to growing integration of ERP, AI, IoT, and blockchain. They associate these technologies with lead-time efficiency, defect detection, traceability, and compliance, while also reporting constraints involving capital, skills, infrastructure, and interoperability.
Review studies offer a wider view, although their conclusions are less directly testable. Shuvo et al. (2025) conclude that advanced technologies can improve visibility, efficiency, quality control, decision-making, and sustainability in RMG supply chains, while noting that implementation requires strategic planning and collaboration. Hossain and Sani (2025) concentrate on ERP and discuss both operational benefits and barriers to adoption. Billah et al. (2026) identify numerous technological, organizational, and environmental determinants of AI adoption.
Overall, these studies support the expectation of a positive relationship between technology and performance, while also showing that implementation conditions and context cannot be ignored. The final analysis of 87 responses broadly follows this pattern: all four performance models are significant, but the size and significance of the individual ERP, analytics, IoT, and AI coefficients differ across outcomes. This variation is consistent with the view that technology produces value through complementary data, skills, processes, and managerial routines.
2.11 Research Gap
The present study is motivated by three gaps in the existing literature. First, many studies combine several technologies into a single digitalization measure, making it difficult to determine whether respondents view ERP, analytics, IoT, and AI in the same way. Second, performance is often modeled as a broad outcome even though operational, delivery, inventory, and cost results may respond differently. Third, positive overall findings do not show which technology makes the strongest unique contribution after the others are held constant, or whether implementation barriers remain associated with adoption.
This research addresses those gaps through ten four-item constructs, four separately estimated performance models, model-level and predictor-level results, robust diagnostic checks, and a clear account of sampling and measurement limitations. Its contribution is both substantive and methodological: the directional hypotheses are supported, but the findings also show that support for a joint hypothesis does not mean every predictor is individually significant in every model.
2.12 Conceptual Framework
Figure 2.1 summarizes the conceptual framework used in the study. For H1 through H4, ERP Adoption, Data Analytics, IoT and Real-Time Monitoring, and AI and Automation enter the models simultaneously as predictors of each perceived performance dimension. The mean of these four constructs forms the Digital Adoption composite used in H5. Perceived Challenges is expected to be negatively related to Digital Adoption.
Figure 2.1: Conceptual Framework
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Note. The four adoption constructs are analyzed separately in the H1–H4 regression models.
2.13 Hypothesis Development
ERP, analytics, IoT, and AI may strengthen operational performance by integrating information, reducing repeated manual work, increasing visibility, and enabling faster decisions. From an RBV perspective, these technologies become valuable capabilities when they are combined with effective routines and skills. Accordingly:
H1: ERP adoption, data analytics, IoT and real-time monitoring, and AI and automation jointly and positively predict perceived operational performance in Bangladesh’s RMG industry.
Delivery performance relies on coordinated material availability, production scheduling, exception management, and shipment visibility. Digital technologies can reveal delays earlier and help organizations maintain more accurate information about order status. Accordingly:
H2: ERP adoption, data analytics, IoT and real-time monitoring, and AI and automation jointly and positively predict perceived delivery performance in Bangladesh’s RMG industry.
Inventory performance can benefit from integrated records, improved demand and material planning, real-time identification, and exception alerts. Accordingly:
H3: ERP adoption, data analytics, IoT and real-time monitoring, and AI and automation jointly and positively predict perceived inventory performance in Bangladesh’s RMG industry.
Digital technologies may lower transaction errors, improve procurement and transportation decisions, reduce waste, and support profitability. Since implementation costs can delay the financial benefit, this relationship is tested rather than taken for granted. Accordingly:
H4: ERP adoption, data analytics, IoT and real-time monitoring, and AI and automation jointly and positively predict perceived cost performance in Bangladesh’s RMG industry.
TOE suggests that cost, training needs, skill shortages, and cybersecurity concerns can reduce readiness and willingness to adopt. Accordingly:
H5: Perceived implementation challenges are negatively associated with the overall level of digital technology adoption in Bangladesh’s RMG industry.
Corresponding Null Hypotheses
H0₁: ERP adoption, data analytics, IoT and real-time monitoring, and AI and automation do not jointly and significantly predict perceived operational performance in Bangladesh’s RMG industry.
H0₂: ERP adoption, data analytics, IoT and real-time monitoring, and AI and automation do not jointly and significantly predict perceived delivery performance in Bangladesh’s RMG industry.
H0₃: ERP adoption, data analytics, IoT and real-time monitoring, and AI and automation do not jointly and significantly predict perceived inventory performance in Bangladesh’s RMG industry.
H0₄: ERP adoption, data analytics, IoT and real-time monitoring, and AI and automation do not jointly and significantly predict perceived cost performance in Bangladesh’s RMG industry.
H0₅: Perceived implementation challenges are not significantly associated with the overall level of digital technology adoption in Bangladesh’s RMG industry.
CHAPTER III: RESEARCH METHODS
3.1 Research Philosophy and Design
This study adopts a positivist, deductive approach. The constructs and hypotheses were specified before the final analysis and then evaluated using standardized numerical responses. A quantitative design fits the research questions because the study examines both the degree of agreement with the survey statements and the statistical relationships among the resulting variables.
Data were collected at a single point in time, making the study cross-sectional rather than longitudinal. The design is descriptive when summarizing respondents and construct scores, and correlational when testing the proposed relationships. Although this approach cannot establish causality, it can reveal patterns, areas of uncertainty, and questions for further investigation.
3.2 Population, Sampling, and Sample
The target population consists of people working in Bangladesh’s RMG industry who have relevant exposure to supply chain, procurement, logistics, warehousing, production, planning, supervision, or management. Respondents in the final dataset work in knit, woven, sweater, and composite factories.
Because no complete sampling frame was available for RMG employees familiar with digital supply chain practices, respondents were recruited through convenience and purposive sampling using professional and personal networks. This approach was practical within the constraints of an undergraduate thesis, although it meant that members of the population did not have a known or equal chance of being selected.
The completed dataset contains 87 complete records. Supply Chain Executives are the largest job group (22 respondents), followed by Procurement Officers (15), Supply Chain Managers (14), Warehouse Officers (13), Production Managers (13), Logistics Executives (6), and four respondents in the “Other” category. Respondents also represent different age, education, experience, and factory-type groups.
An earlier version of the methodology set a preferred target of 100 to 150 responses. Although the final sample of 87 did not reach that range, it provides 21.75 observations per predictor in each four-predictor regression model.Even so, the findings are interpreted as estimates from this sample rather than the entire sector.
3.3 Questionnaire Development and Measurement
The questionnaire drew on concepts from digital supply chain and technology-adoption research, with the wording adapted to the Bangladeshi RMG context. The final analytical file includes five demographic fields, ten blocks containing four Likert statements each, and one optional suggestion field.
Four statements measure each construct, and respondents rated them on a five-point scale: 1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, and 5 = Strongly Agree. The ten constructs are ERP Adoption, Data Analytics, IoT and Real-Time Monitoring, AI and Automation, Operational Performance, Delivery Performance, Inventory Performance, Cost Performance, Challenges, and Overall Opinion.
All 40 Likert items and the five-point response scale were retained without changes to their wording. The demographic categories in the final dataset also follow the supplied questionnaire: four age groups, four education groups, seven job-position groups, four experience groups, and four factory types. Appendix A presents the instrument in a consistent, renumbered format.
3.4 Operationalization of Variables
Table 3.1: Operationalization of Study Constructs
	Construct
	Item Content
	Role
	Score

	ERP Adoption
	Effective ERP use; information sharing; error reduction; inventory improvement
	Predictor (H1–H4)
	Mean of 4 items

	Data Analytics
	Use of analytics; forecasting; planning accuracy; cost reduction
	Predictor (H1–H4)
	Mean of 4 items

	IoT & Real-Time Monitoring
	IoT use; shipment visibility; inventory accuracy; disruption reduction
	Predictor (H1–H4)
	Mean of 4 items

	AI & Automation
	Forecasting; reduced manual work; production planning; faster decisions
	Predictor (H1–H4)
	Mean of 4 items

	Operational Performance
	Efficiency; productivity; reduced delay; overall operational improvement
	Perceived outcome
	Mean of 4 items

	Delivery Performance
	On-time delivery; accuracy; reduced lead time; customer satisfaction
	Perceived outcome
	Mean of 4 items

	Inventory Performance
	Stock management; reduced shortages; reduced excess; improved turnover
	Perceived outcome
	Mean of 4 items

	Cost Performance
	Supply chain cost; transport cost; procurement cost; profitability
	Perceived outcome
	Mean of 4 items

	Challenges
	Implementation cost; training; skilled personnel; cybersecurity
	Predictor (H5)
	Mean of 4 items

	Overall Opinion
	Importance; future investment; competitiveness; overall performance
	Supplementary
	Mean of 4 items



Although four additional composite scores were conceptually possible, the completed analysis uses two of them. Digital Adoption is calculated as the mean of ERP Adoption, Data Analytics, IoT and Real-Time Monitoring, and AI and Automation. Overall Performance is the mean of Operational, Delivery, Inventory, and Cost Performance. H5 and the supplementary correlations use Digital Adoption directly, whereas H1 through H4 retain the four technology constructs as separate predictors so that their unique coefficients can be estimated.
3.5 Data Collection and Ethical Considerations
The questionnaire was shared electronically through Google Forms and through professional or personal contacts in the RMG sector. This online approach made it possible to reach respondents in different locations within the project’s time and financial constraints.
Participation was voluntary, and the information was collected solely for academic research. Respondent and factory names are not included in the supplied dataset, while all findings are reported in aggregate. The report therefore does not evaluate any individual employee or organization.
The final spreadsheet includes the optional comment field. Seventy-one respondents entered a comment, while sixteen left the field blank. The completed responses consisted of eight recurring short suggestions, so frequencies and percentages offered a more suitable summary than an interpretive qualitative coding process.
3.6 Data Preparation
Initial screening confirmed that the spreadsheet contained 87 data rows and 47 columns. These comprised one respondent identifier, five demographic variables, 40 Likert items, and one optional suggestion field. All demographic and Likert fields were complete, and every Likert response was within the permitted range of 1 to 5. Respondent identifiers were unique, with no exact duplicate response rows or exact duplicate 40-item response patterns.
Each four-item construct was scored by taking the arithmetic mean of its items, and no item required reverse coding. Since every respondent completed all four statements using the same scale, mean scoring preserved the original 1-to-5 interpretation without requiring imputation.
Frequencies and percentages were used to summarize the demographic variables. The accompanying analytical workbook retains the original data and applies formulas to calculate the construct scores, providing an auditable connection between the raw responses and the statistics reported in the thesis.
3.7 Data Analysis Procedures
All reported statistics were recalculated from the final workbook of 87 responses. The reliability analysis covers Cronbach’s alpha, corrected item–total correlations, alpha-if-item-deleted values, item descriptives, and scale statistics. Correlation, regression, HC3 robust, and diagnostic results were reproduced using established Python statistical libraries and documented in the accompanying Excel workbook. Appendix C reports the reliability findings with the same table labels commonly used in IBM SPSS Reliability output.
For every four-item construct, Cronbach’s alpha was considered alongside corrected item–total correlations and alpha if item deleted (Cronbach, 1951). An alpha of .70 or above indicated acceptable reliability, while an item–total correlation above .30 was considered adequate. These values served as interpretive guidelines rather than automatic rules for removing items.
Construct-level descriptive statistics were calculated next. These included the mean, standard deviation, minimum, maximum, 95% confidence interval, skewness, kurtosis, and Shapiro–Wilk test. The mean indicates the average degree of agreement, whereas the standard deviation shows how widely the responses are spread.
Pearson correlations were first used to examine relationships relevant to the conceptual model. Several composite variables departed from normality, so Spearman rank correlations were also calculated as sensitivity checks. Every significance test was two-tailed and assessed at α = .05.
Four ordinary least squares regression models were estimated for H1 through H4. Operational, delivery, inventory, and cost performance served in turn as the dependent variable, while ERP Adoption, Data Analytics, IoT and Real-Time Monitoring, and AI and Automation were entered together as predictors in each model. This specification shows whether the four technology constructs jointly explain each performance outcome and estimates the unique coefficient of each predictor while holding the others constant.
H5 was examined using the Pearson and Spearman correlations between Challenges and Digital Adoption, followed by a simple regression of Digital Adoption on Challenges. The regression diagnostics included variance inflation factors, residual Shapiro–Wilk tests, Breusch–Pagan tests, Durbin–Watson statistics, leverage, studentized residuals, and Cook’s distance. HC3 heteroskedasticity-consistent standard errors were reported where necessary, and all tests used α = .05. An alternative hypothesis was considered supported only when the relevant model or association was statistically significant and its estimated direction matched the prediction. Evidence for a joint model was not taken to mean that every individual predictor was significant.
Equation 3.1: Cronbach’s Alpha
α = [k / (k − 1)] × [1 − (Σσᵢ² / σₜ²)]
Note. k is the number of items, σᵢ² is the variance of item i, and σₜ² is the variance of the total score.
3.8 Model Specification
Equation 3.2: Multiple Regression Model
Yⱼ = β₀ + β₁(ERP) + β₂(Data Analytics) + β₃(IoT) + β₄(AI) + ε
Note. Yⱼ represents one performance outcome at a time: operational, delivery, inventory, or cost performance.
Equation 3.3: Challenges–Adoption Model
Digital Adoption = β₀ + β₁(Challenges) + ε
CHAPTER IV: RESEARCH FINDINGS AND ANALYSIS
4.1 Data Screening and Sample Adequacy
Screening of the final workbook identified 87 respondent records across 47 variables. The five demographic fields and all 40 Likert items were complete, while the optional suggestion field contained 71 responses and 16 blanks. Every Likert value was within the permitted range of 1 to 5, and all respondent identifiers were unique. No exact duplicate rows or exact duplicate 40-item response patterns were found, so all 87 records were retained.
Each of the four main models includes four predictors, which gives 21.75 observations per predictor. This ratio is adequate for estimating the planned regressions in an undergraduate study. However, the use of non-probability sampling and the sample size remaining below the earlier preferred target of 100–150 continue to limit generalization. The results are therefore interpreted using effect sizes, confidence intervals, diagnostics, and robust sensitivity checks, rather than p-values alone.
4.2 Respondent Profile
As Table 4.1 shows, the largest age group is 25–34 years (42.5%), and 51.7% of respondents have a bachelor’s degree. Supply Chain Executives make up the largest job group (25.3%), followed by Procurement Officers (17.2%) and Supply Chain Managers (16.1%). Forty percent report 6–10 years of experience. By factory type, knit factories represent 32.2% of the sample, followed by woven (27.6%), composite (26.4%), and sweater factories (13.8%).
Table 4.1: Respondent Profile (n = 87)
	Variable
	Category
	Frequency
	Percent

	Age
	Below 25
	18
	20.7

	Age
	25-34
	37
	42.5

	Age
	35-44
	19
	21.8

	Age
	45 and above
	13
	14.9

	Education
	Diploma
	17
	19.5

	Education
	Bachelor's Degree
	45
	51.7

	Education
	Master's Degree
	24
	27.6

	Education
	Other
	1
	1.1

	Job Position
	Supply Chain Executive
	22
	25.3

	Job Position
	Procurement Officer
	15
	17.2

	Job Position
	Logistics Executive
	6
	6.9

	Job Position
	Warehouse Officer
	13
	14.9

	Job Position
	Production Manager
	13
	14.9

	Job Position
	Supply Chain Manager
	14
	16.1

	Job Position
	Other
	4
	4.6

	Experience
	Less than 2 years
	7
	8.0

	Experience
	2-5 years
	24
	27.6

	Experience
	6-10 years
	35
	40.2

	Experience
	More than 10 years
	21
	24.1

	Factory Type
	Knit
	28
	32.2

	Factory Type
	Woven
	24
	27.6

	Factory Type
	Sweater
	12
	13.8

	Factory Type
	Composite
	23
	26.4



4.3 Reliability Analysis
Cronbach’s alpha was used to assess the ten four-item scales. All coefficients were above .70, ranging from .763 for Overall Opinion to .854 for Inventory Performance (Table 4.2). Nine constructs achieved .80 or higher, and Overall Opinion also remained above the conventional threshold for acceptable internal consistency.
The item-level findings also support keeping all 40 statements. Corrected item–total correlations ranged from .508 to .740, well above the .30 guideline. Within every construct, removing any one item would have lowered the full-scale alpha. All four items were therefore retained and averaged to create each composite score.
Table 4.2: Reliability Statistics for Survey Constructs
	Construct
	Cronbach’s α
	Items
	CITC Range
	Decision

	ERP Adoption
	.801
	4
	.593–.652
	Good

	Data Analytics
	.818
	4
	.579–.677
	Good

	IoT & Real-Time Monitoring
	.820
	4
	.620–.677
	Good

	AI & Automation
	.814
	4
	.559–.719
	Good

	Operational Performance
	.848
	4
	.623–.740
	Good

	Delivery Performance
	.849
	4
	.677–.696
	Good

	Inventory Performance
	.854
	4
	.650–.739
	Good

	Cost Performance
	.852
	4
	.685–.706
	Good

	Challenges
	.800
	4
	.565–.676
	Good

	Overall Opinion
	.763
	4
	.508–.617
	Acceptable



Note. CITC = corrected item–total correlation. All constructs exceeded the .70 guideline.
Appendix C contains the case-processing, reliability, item–total, item-descriptive, and scale-statistics tables recalculated from the final 87-response dataset. These findings replace the earlier reliability outputs based on 51 cases.
4.4 Descriptive Statistics
Table 4.3 summarizes the means and standard deviations of the constructs. Challenges has the highest mean (M = 3.66), with Overall Opinion next (M = 3.61). Among the technology constructs, ERP Adoption has the highest score (M = 3.46), followed by Data Analytics (M = 3.32), IoT and Real-Time Monitoring (M = 3.10), and AI and Automation (M = 3.01).
Among the performance measures, Operational Performance has the highest mean (M = 3.36), while Cost Performance has the lowest (M = 3.26). Inventory Performance shows the widest variation (SD = .67), whereas Overall Opinion has the narrowest spread (SD = .45). Taken together, the findings indicate moderately favorable views of digitalization and performance, alongside clear awareness of implementation barriers.
Figure 4.1 plots the mean scores with their 95% confidence intervals. The ranking reflects respondents’ average level of agreement and should not be interpreted as evidence of causal impact.
Table 4.3: Descriptive Statistics of Composite Scores
	Construct
	N
	Mean
	SD
	95% CI

	ERP Adoption
	87
	3.46
	0.55
	3.34–3.58

	Data Analytics
	87
	3.32
	0.59
	3.20–3.45

	IoT & Real-Time Monitoring
	87
	3.10
	0.59
	2.97–3.23

	AI & Automation
	87
	3.01
	0.60
	2.89–3.14

	Operational Performance
	87
	3.36
	0.62
	3.22–3.49

	Delivery Performance
	87
	3.29
	0.64
	3.15–3.43

	Inventory Performance
	87
	3.31
	0.67
	3.17–3.45

	Cost Performance
	87
	3.26
	0.66
	3.12–3.40

	Challenges
	87
	3.66
	0.54
	3.54–3.77

	Overall Opinion
	87
	3.61
	0.45
	3.51–3.71



Figure 4.1: Mean Scores of Survey Constructs (n = 87)
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4.5 Correlation Analysis
The broad Digital Adoption composite was positively and significantly related to every performance dimension: Operational Performance (r = .764, p < .001), Delivery Performance (r = .606, p < .001), Inventory Performance (r = .789, p < .001), Cost Performance (r = .693, p < .001), and Overall Performance (r = .902, p < .001). The Spearman coefficients showed a similar pattern, suggesting that these results did not depend on Pearson’s distributional assumptions.
Challenges was also significantly and negatively related to Digital Adoption (r = −.384, p < .001; Spearman ρ = −.329, p = .002). This direction is consistent with the relationship proposed in H5. The complete set of technology-by-performance correlations appears in Appendix B.
At the individual-construct level, all 16 technology–performance Pearson correlations were positive and statistically significant. Two of the strongest relationships were ERP Adoption with Operational Performance (r = .664, p < .001) and IoT and Real-Time Monitoring with Inventory Performance (r = .661, p < .001). The weakest was AI and Automation with Delivery Performance (r = .389, p < .001).
Table 4.4: Correlations Relevant to the Hypotheses
	Predictor
	Outcome
	Pearson r
	p
	Spearman ρ
	p
	Sig.?

	Digital Adoption
	Operational Performance
	.764
	< .001
	.778
	< .001
	Yes

	Digital Adoption
	Delivery Performance
	.606
	< .001
	.556
	< .001
	Yes

	Digital Adoption
	Inventory Performance
	.789
	< .001
	.780
	< .001
	Yes

	Digital Adoption
	Cost Performance
	.693
	< .001
	.647
	< .001
	Yes

	Digital Adoption
	Overall Performance
	.902
	< .001
	.895
	< .001
	Yes

	Challenges
	Digital Adoption
	−.384
	< .001
	−.329
	.002
	Yes



Note. These are Two-tailed tests. Statistical significance is at p < .05.
4.6 Multiple Regression Results
ERP Adoption, Data Analytics, IoT and Real-Time Monitoring, and AI and Automation were entered simultaneously in four regression models. Table 4.5 indicates that every overall model was statistically significant and that all predictor coefficients had a positive sign.
The operational model accounted for 60.6% of the variance, F(4, 82) = 31.498, p < .001. The delivery model explained 38.4%, F(4, 82) = 12.777, p < .001; the inventory model explained 63.7%, F(4, 82) = 35.936, p < .001; and the cost model explained 49.7%, F(4, 82) = 20.219, p < .001. On the basis of these joint-model results, H1 through H4 are supported, and H0₁ through H0₄ are rejected.
The results in Table 4.6 show that the unique contributions of the predictors varied across outcomes. ERP Adoption, Data Analytics, and IoT significantly predicted Operational Performance, whereas AI and Automation had a positive but nonsignificant coefficient. IoT was the clearest unique predictor of Delivery Performance, and Data Analytics was also significant under conventional OLS inference. In the Inventory Performance model, all four OLS coefficients were significant, with IoT producing the largest standardized effect. ERP Adoption and Data Analytics significantly predicted Cost Performance, while the positive coefficients for IoT and AI were nonsignificant.
The differences among individual coefficients do not change the joint hypothesis decisions. H1–H4 test whether the four technologies collectively and positively predict each outcome; they do not require every predictor to achieve p < .05 in every model. The predictor-level findings instead show where the strongest unique associations remain after the other technologies are held constant.
Table 4.5: Multiple Regression Model Summary
	Outcome
	R²
	Adjusted R²
	F
	df
	Model p

	Operational Performance
	.606
	.587
	31.498
	4, 82
	< .001

	Delivery Performance
	.384
	.354
	12.777
	4, 82
	< .001

	Inventory Performance
	.637
	.619
	35.936
	4, 82
	< .001

	Cost Performance
	.497
	.472
	20.219
	4, 82
	< .001



Table 4.6: Multiple Regression Coefficients
	Outcome
	Predictor
	B
	SE
	β
	t
	p
	95% CI

	Operational
	ERP
	.438
	.096
	.391
	4.573
	< .001
	.247, .628

	Operational
	Analytics
	.202
	.093
	.191
	2.177
	.032
	.017, .387

	Operational
	IoT
	.298
	.085
	.285
	3.494
	< .001
	.128, .468

	Operational
	AI
	.141
	.084
	.136
	1.682
	.096
	−.026, .307

	Delivery
	ERP
	.146
	.123
	.127
	1.192
	.237
	−.098, .390

	Delivery
	Analytics
	.270
	.119
	.249
	2.268
	.026
	.033, .507

	Delivery
	IoT
	.335
	.109
	.312
	3.062
	.003
	.117, .552

	Delivery
	AI
	.112
	.107
	.106
	1.043
	.300
	−.102, .325

	Inventory
	ERP
	.207
	.099
	.172
	2.097
	.039
	.011, .403

	Inventory
	Analytics
	.243
	.096
	.214
	2.535
	.013
	.052, .433

	Inventory
	IoT
	.436
	.088
	.389
	4.965
	< .001
	.262, .611

	Inventory
	AI
	.296
	.086
	.268
	3.435
	< .001
	.125, .468

	Cost
	ERP
	.276
	.114
	.233
	2.417
	.018
	.049, .502

	Cost
	Analytics
	.400
	.111
	.358
	3.606
	< .001
	.179, .620

	Cost
	IoT
	.188
	.102
	.170
	1.843
	.069
	−.015, .390

	Cost
	AI
	.153
	.100
	.140
	1.529
	.130
	−.046, .351



Note. B = unstandardized coefficient; β = standardized coefficient. All four overall models are significant.
4.6.1 Regression Diagnostics
The diagnostic results did not indicate a multicollinearity problem, as VIF values ranged from 1.370 to 1.604. Durbin–Watson statistics fell between 1.70 and 2.27, and the residual Shapiro–Wilk tests were nonsignificant in all four models. Breusch–Pagan tests were also nonsignificant for the operational, delivery, and inventory models.
The cost model was the exception, showing heteroskedasticity in the Breusch–Pagan test (p = .013). HC3 robust inference was therefore reported with the OLS findings. The robust overall model remained highly significant (p < .001), and ERP Adoption and Data Analytics continued to be significant unique predictors. Across the four models, maximum Cook’s D ranged from .092 to .242. None of these values approached 1, and removing the single most influential case from each model left every overall model significant with positive coefficients. No valid record was therefore deleted.
4.7 Test of H5
H5 predicted a negative relationship between perceived Challenges and Digital Adoption. The Pearson correlation was moderate, negative, and statistically significant (r = −.384, p < .001). In the simple regression, Challenges explained 14.7% of the variance in Digital Adoption, F(1, 85) = 14.675, p < .001. The estimated coefficient was B = −.314, SE = .082, β = −.384, t = −3.831, with a 95% confidence interval from −.477 to −.151.
The coefficient also remained significant when HC3 robust standard errors were used (p = .001). These results support H5 and lead to the rejection of H0₅: respondents who perceived greater implementation barriers tended to report lower overall digital adoption.
4.8 Optional Suggestions
Seventy-one of the 87 respondents provided an optional suggestion. Because their responses consisted of eight recurring short statements, the comments were summarized by frequency rather than interpreted as an open-ended qualitative narrative. Table B3 in Appendix B provides the full distribution.
Improving cross-department data sharing was the most frequent suggestion (13 comments, 18.3% of comments). This was followed by mandatory cybersecurity training (12, 16.9%), more skilled technicians (11, 15.5%), and better internet infrastructure in industrial zones (9, 12.7%). Respondents also repeatedly mentioned training, affordable ERP packages, government support for IoT, and stronger top-management commitment.
4.9 Hypothesis Decisions
Table 4.7: Hypothesis Testing Summary
	Hypothesis
	Prediction
	Key Result
	Decision

	H1
	Four adoption constructs positively predict Operational Performance
	F(4, 82) = 31.498, p < .001; R² = .606
	Supported; reject H0₁

	H2
	Four adoption constructs positively predict Delivery Performance
	F(4, 82) = 12.777, p < .001; R² = .384
	Supported; reject H0₂

	H3
	Four adoption constructs positively predict Inventory Performance
	F(4, 82) = 35.936, p < .001; R² = .637
	Supported; reject H0₃

	H4
	Four adoption constructs positively predict Cost Performance
	F(4, 82) = 20.219, p < .001; R² = .497
	Supported; reject H0₄

	H5
	Challenges are negatively associated with Digital Adoption
	r = −.384, p < .001; B = −.314
	Supported; reject H0₅



4.10 Summary of Findings
• All ten measurement scales showed acceptable to good internal consistency, and all 40 items were retained.
• Challenges and Overall Opinion had the highest means; ERP was the highest-rated technology construct, while AI and Automation was close to the neutral midpoint.
• Digital Adoption was positively and significantly associated with all four performance dimensions and with Overall Performance.
• All four multiple regression models were statistically significant, explaining 38.4% to 63.7% of outcome variance; H1–H4 were supported and H0₁–H0₄ were rejected.
• Unique contributions varied: ERP was strongest for operational performance, IoT for delivery and inventory, and Data Analytics for cost. HC3 robust inference confirmed the cost-model conclusion.
• Challenges was significantly and negatively associated with Digital Adoption, supporting H5. Seventy-one optional comments most often emphasized cross-department data sharing, cybersecurity training, skilled technicians, and better connectivity.
CHAPTER V: DISCUSSION, CONCLUSIONS, AND RECOMMENDATIONS
5.1 Discussion of Major Findings
5.1.1 Measurement Quality
The first notable finding concerns the quality of the measures. Cronbach’s alpha exceeded .70 for all ten constructs, and nine constructs recorded values of .80 or above. The corrected item–total correlations were satisfactory as well, and removing any item would have lowered the reliability of its scale. Taken together, these results provide a coherent measurement base for the construct-level analysis.
These reliability results should not be confused with evidence of validity or causation. Cronbach’s alpha indicates how consistently the items within a construct vary together, but it cannot show that one construct causes another. The supported hypotheses therefore need to be considered in light of the cross-sectional design, self-reported measures, model diagnostics, and the substantive plausibility of the relationships.
5.1.2 Levels of Adoption, Performance, and Challenges
Challenges had the highest mean, with Overall Opinion ranking second. Respondents therefore appeared to favor digital transformation while also recognizing the costs, training demands, skill shortages, and cybersecurity concerns involved in implementing it. Of the four technology constructs, ERP Adoption received the highest rating, whereas AI and Automation remained almost exactly at the neutral midpoint.
The mean for ERP represents the perceptions of this sample and should not be treated as a sector-wide adoption rate. Nevertheless, its position as the highest-rated technology may be related to ERP’s longer history and broader organizational use compared with AI. The lower score for AI fits a technology that is viewed positively in discussion but may not yet be equally embedded across firms or business functions.
Among the four performance dimensions, Operational Performance had the highest mean, although the differences between the performance means were fairly small. Responses varied most for Inventory Performance, pointing to uneven experiences with stock accuracy, shortages, excess inventory, and turnover. The overall descriptive picture is thus moderately positive, rather than uniformly enthusiastic.
5.1.3 Technology Adoption and Operational Performance
The results supported H1 and led to the rejection of H0₁. Together, the four technologies explained 60.6% of the variance in Operational Performance. ERP Adoption produced the largest standardized coefficient, followed by IoT and Real-Time Monitoring. Data Analytics also contributed significantly on its own, while the coefficient for AI and Automation was positive but did not reach the .05 significance threshold.
This finding is in line with the broader positive relationship reported by Shahadat et al. (2023) and with the RBV argument that integrated information and digital visibility can develop into valuable organizational capabilities. Within this sample, the coefficient pattern links operational gains most strongly with integrated ERP routines and real-time monitoring, while analytics provides additional decision support. The independent contribution of AI may become clearer only when organizations have more mature processes, larger volumes of usable data, and the ability to redesign existing work.
5.1.4 Technology Adoption and Delivery Performance
H2 was also supported, and H0₂ was rejected. The model accounted for 38.4% of the variance in Delivery Performance. Although this was the smallest R² among the four performance models, it still represented a substantial and statistically significant proportion. IoT and Real-Time Monitoring had the strongest unique coefficient, while Data Analytics was significant under conventional OLS inference.
The strong position of IoT makes practical sense: real-time updates on production or shipment status can reveal delays sooner and allow problems to be escalated more quickly. However, delivery outcomes also depend on buyer changes, supplier reliability, customs, ports, carriers, and disruptions in production. These outside influences may help explain why the model accounted for less variance than the operational and inventory models. The finding supports the value of digital visibility, but it does not suggest that internal technology can eliminate external logistics risks.
5.1.5 Technology Adoption and Inventory Performance
The evidence supported H3 and rejected H0₃. At 63.7%, the variance explained by the inventory model was the highest among the four models. All four OLS coefficients were positive and statistically significant. IoT and Real-Time Monitoring showed the largest standardized effect, followed in order by AI and Automation, Data Analytics, and ERP Adoption.
This pattern reflects the complementary roles of the technologies in inventory management. ERP brings records together, analytics assists planning, IoT adds real-time identification and visibility, and AI or automation can identify patterns and exceptions. In the HC3 sensitivity analysis, the unique ERP coefficient fell below the .05 threshold, but the overall model remained stable and every coefficient retained a positive direction. H3 is therefore supported at the collective level; the results do not imply that every technology has an equally strong independent effect.
5.1.6 Technology Adoption and Cost Performance
The findings supported H4 and led to the rejection of H0₄. The cost model explained 49.7% of the variance. Data Analytics had the largest standardized coefficient, with ERP Adoption next, and both remained significant when HC3 robust standard errors were used. The coefficients for IoT and AI were positive, but neither made a statistically distinct contribution once the other technologies were controlled.
Because the cost model showed heteroskedasticity, robust inference is more suitable than conventional OLS standard errors alone. Even with this adjustment, the overall conclusion for the model did not change. One reasonable interpretation is that cost improvement relies heavily on planning, procurement information, integrated transactions, and management reporting. By contrast, the financial benefits of sensor and AI investments may take longer to appear after implementation.
5.1.7 Challenges and Digital Adoption
H5 was supported, while H0₅ was rejected. Challenges and Digital Adoption had a moderate negative relationship, and the simple regression accounted for 14.7% of the variance in adoption. Respondents who perceived greater implementation costs, training needs, skill shortages, and cybersecurity concerns also tended to report lower levels of digital adoption.
This result agrees with TOE, which identifies organizational readiness and technological difficulty as important conditions for adoption. The optional comments tell a similar story. Respondents repeatedly called for better cross-department data sharing, cybersecurity training, skilled technical staff, affordable ERP, reliable connectivity, management commitment, and government support. Such barriers do not prevent adoption altogether, but they can slow its progress or limit its scope.
5.1.8 Comparison with Earlier Studies
Overall, the findings follow the positive direction reported in larger studies of Bangladesh’s RMG sector. Shahadat et al. (2023) found that digital technologies supported supply chain capability and performance, and Habib et al. (2025) connected technological transformation with lead-time efficiency, traceability, defect detection, and compliance. This study builds on that work by examining four separate technologies in relation to four distinct performance dimensions.
The similarity to earlier findings needs to be viewed with caution. This study used a smaller, non-probability sample that included respondents from different functions and factory types. In addition, every variable came from a single perception survey, so the strong correlation between Digital Adoption and Overall Performance may partly reflect shared method and generally favorable attitudes. The evidence supports the proposed associations among these 87 respondents, but it does not establish causal effects across the whole sector.
5.2 Theoretical Implications
The findings present digital transformation as conditional rather than automatic. The significant negative association between barriers and adoption reflects TOE, while the positive relationship between the bundle of technologies and performance is consistent with RBV. Digital resources can matter, but their value depends on an organization’s ability to connect data, people, processes, and decisions.
Analyzing the constructs separately proved worthwhile. A single digitalization score would have shown the strong overall relationship, but it would have hidden the different patterns: ERP was most important for operational performance, IoT for delivery and inventory, and analytics for cost. Dividing performance into separate dimensions also revealed that the technology bundle explained operational and inventory performance more strongly than delivery performance.
A further point is that support for a joint hypothesis was not taken to mean that every individual technology was significant in every model. This distinction leads to a more careful interpretation. The technologies appear to work as a related portfolio of capabilities, but the unique contribution of each one changes with the performance outcome under consideration.
5.3 Managerial Implications
For managers, the most direct lesson is to choose technology according to the operational problem that needs to be solved. ERP integration appears particularly relevant to operational efficiency, while IoT and real-time monitoring are more closely connected with delivery and inventory visibility, and data analytics with cost control. AI and automation are better introduced where the organization already has the necessary data quality, process maturity, and user capability.
The success of an implementation should be assessed through business results, not simply by whether the system was installed. For an inventory initiative, useful measures include stock accuracy, shortage frequency, excess material, reconciliation time, and turnover. A real-time monitoring project can be tracked through downtime, response time, throughput, and delivery exceptions. Analytics projects should similarly be linked to forecasting error, procurement variance, transport cost, and avoidable expediting.
Shared ownership across departments is just as important. Better cross-department data sharing was the most frequent optional suggestion, and it is fundamental to ERP, analytics, and real-time monitoring. Senior management should assign common data owners, resolve conflicting versions of important records, and require merchandising, planning, procurement, production, stores, finance, and logistics to work through shared processes.
The high mean for Challenges, together with the negative H5 relationship, shows why employee capability, affordability, connectivity, and cybersecurity should be addressed early in the implementation process. Training needs to be practical and tailored to each role. Cybersecurity preparation should cover access control, backups, vendor risk, incident response, and employee awareness. Technical support should also continue after launch instead of ending once the initial installation is complete.
5.4 Policy and Industry Implications
Industry organizations such as BGMEA can make digital learning less costly by offering shared training, practical implementation guidance, model data standards, cybersecurity resources, and support for evaluating vendors. Cloud-based or subscription services may make systems more affordable for smaller factories, provided that security, service continuity, data ownership, and exit arrangements are considered in advance.
Government policy can encourage digitalization by improving connectivity in industrial zones, supporting workforce-development programs, and offering co-financing or tax incentives tied to verified outcomes. Collaboration among universities, technology providers, and factories could strengthen these efforts. The comments specifically show interest in better internet infrastructure and support for IoT investment in smaller factories.
International buyers also influence adoption through their traceability and reporting requirements. Better coordination and more proportionate requirements would reduce the pressure on suppliers to maintain several incompatible platforms. Shared standards, together with more stable sourcing relationships, could make digital investment easier to justify and improve the quality of information exchanged across the supply chain.
5.5 Recommendations
1. Conduct a digital-readiness assessment before investment. Before choosing a technology, factories should review their existing processes, data quality, integration gaps, employee skills, connectivity, and most pressing operational problems. This assessment should separate urgent needs from attractive features that are not yet a priority.
2. Standardize processes and master data. Factories should clean and govern item codes, supplier records, bills of material, operation sequences, inventory locations, and reporting definitions. The repeated request for better cross-department data sharing should lead to clear data ownership and common definitions across functions.
3. Adopt in manageable phases. Factories can start with a clearly bounded, high-value use case, such as material visibility, production status, shipment exceptions, or machine downtime. Expansion should follow only when the underlying data and user routines have become stable.
4. Link every project to measurable performance indicators. Management should agree on baseline values and target outcomes before implementation begins. After launch, benefits should be reviewed by comparing survey perceptions with operational records.
5. Invest in role-based training and change management. The optional comments specifically identified the need for ERP training, cybersecurity awareness, and skilled technicians. Super-users, refresher sessions, on-floor assistance, and clear escalation paths can help prevent employees from returning to manual work.
6. Strengthen cybersecurity and continuity. Factories should formalize access rights, backup routines, device security, vendor access, incident response, and recovery procedures. Every employee who uses a digital system or handles supply chain data should receive appropriate cybersecurity training.
7. Require integration, affordability, and interoperability from vendors. Purchasing decisions should consider data export, application interfaces, compatibility, scalability, long-term support, and total cost. Modular or subscription-based ERP packages may be a more practical option for smaller factories.
8. Create shared support for SMEs. Industry associations and policymakers should consider shared training laboratories, vetted cloud solutions, technical advisory services, stronger industrial connectivity, and co-financing for IoT and other high-value applications.
9. Use objective data in future evaluation. Factories and researchers should compare reported perceptions with actual measures of lead time, on-time delivery, stock accuracy, downtime, defect rate, cost, and profitability.
10. Repeat the study with a larger and stratified sample. Future surveys should represent factory size, factory type, respondent function, gender, location, and technology maturity more evenly. They should also collect enough cases to examine mediation, moderation, and differences at the firm level.
5.6 Conclusions
This thesis examined whether ERP Adoption, Data Analytics, IoT and Real-Time Monitoring, and AI and Automation jointly and positively predict perceived operational, delivery, inventory, and cost performance in Bangladesh’s RMG industry. It also examined whether perceived Challenges have a negative association with overall Digital Adoption.
The final dataset of 87 responses showed acceptable to good measurement reliability and a consistent descriptive pattern. Respondents expressed the strongest agreement with implementation Challenges and Overall Opinion. Among the technology constructs, ERP received the highest rating, whereas AI and Automation remained close to the neutral point.
All five directional hypotheses were supported by the inferential results. Together, the four technology constructs explained 60.6% of Operational Performance, 38.4% of Delivery Performance, 63.7% of Inventory Performance, and 49.7% of Cost Performance. Challenges had a statistically significant negative association with Digital Adoption. Accordingly, H1 through H5 were supported, and H0₁ through H0₅ were rejected.
These conclusions are intentionally limited to associations observed within the sample. The findings do not prove that digital adoption caused the reported improvements in performance, nor do they show that each technology matters equally for every outcome. The main practical lesson is to match the technology to the performance problem, develop the data and human capabilities needed to use it well, and confirm the benefits over time with objective indicators.
5.7 Limitations
• Because the study used a non-probability sample of 87 respondents, its findings cannot be statistically generalized to the entire sector, even though the sample is adequate for the specified four-predictor models.
• Respondents came from different roles and may not have had the same access to strategic, inventory, logistics, or financial information.
• Factory size, ownership, location, technology maturity, implementation duration, and specific system brands were not recorded in the dataset; as a result, these factors could not be controlled. And it was largely based on 1 company(Hems Group) and some other professional from different factories.
• Technology adoption and performance were measured through self-reports collected in the same survey.
• Since the design is cross-sectional, it cannot establish temporal order or causal impact.
• The optional comments were brief and repeated similar points. Their frequencies add useful context, but they cannot replace interviews or detailed qualitative evidence.
• No gender variable was included, and the job and factory categories were broad, which limited demographic comparisons. And it was not feasible to get physical interviews from in this short time.
5.8 Scope for Future Research
Future studies should use a larger, stratified sample drawn from several industrial zones and should deliberately represent differences in factory size, product type, technology maturity, job function, and gender. With a larger dataset, researchers could apply structural equation modeling and test whether integration, agility, data quality, or employee capability mediates the relationship between adoption and performance.
Longitudinal research would be particularly useful. Observing factories before implementation, during the transition, and after the new system has stabilized would help separate temporary disruption from lasting improvement. It would also establish temporal order more convincingly than a one-time survey.
Perception-based measures should be combined with objective indicators, including lead time, on-time delivery, schedule adherence, stock accuracy, inventory turnover, machine downtime, defect rate, overtime, air-freight cost, procurement variance, and profitability. Future data collection should also record active modules, the age of the implementation, integration quality, and whether employees continue to maintain parallel manual records.
Future models could examine management support, data quality, employee digital competence, firm size, buyer pressure, interoperability, cybersecurity readiness, and infrastructure quality as potential moderators or mediators. The comparatively weaker delivery model, together with the variation in individual technology coefficients, also warrants closer study across multiple factories.
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Appendix A: Survey Questionnaire
Title: Digital Supply Chain Technologies and Supply Chain Performance in Bangladesh’s Ready-Made Garment Industry
Purpose and consent: This questionnaire is intended for academic research. Participation is voluntary. Responses will be analyzed only in aggregate form, and no respondent or factory name is required. By continuing, the respondent confirms voluntary participation.
Section A: Respondent Profile
D1. Age: Below 25; 25–34; 35–44; 45 and above
D2. Highest educational qualification: Diploma; Bachelor’s Degree; Master’s Degree; Other
D3. Job position: Supply Chain Executive; Procurement Officer; Logistics Executive; Warehouse Officer; Production Manager; Supply Chain Manager; Other
D4. Years of experience: Less than 2 years; 2–5 years; 6–10 years; More than 10 years
D5. Type of factory: Knit; Woven; Sweater; Composite
Section B: Survey Statements
Instruction: Please indicate your level of agreement with each statement using the following scale: 1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, and 5 = Strongly Agree.
ERP Adoption
S1. Our company effectively uses an ERP system.
S2. ERP improves information sharing.
S3. ERP reduces operational errors.
S4. ERP improves inventory management.
Data Analytics
S5. Our company uses data analytics.
S6. Data analytics improves demand forecasting.
S7. Data analytics improves planning accuracy.
S8. Data analytics reduces operational costs.
IoT & Real-Time Monitoring
S9. IoT is used in supply chain operations.
S10. Real-time tracking improves shipment visibility.
S11. IoT improves inventory accuracy.
S12. IoT reduces supply chain disruptions.
AI & Automation
S13. AI improves demand forecasting.
S14. Automation reduces manual work.
S15. AI improves production planning.
S16. AI supports faster decision making.
Operational Performance
S17. Operations have become more efficient.
S18. Productivity has increased.
S19. Operational delays have decreased.
S20. Overall operational performance has improved.
Delivery Performance
S21. Orders are delivered on time.
S22. Delivery accuracy has improved.
S23. Lead time has decreased.
S24. Customer satisfaction has improved.
Inventory Performance
S25. Inventory is well managed.
S26. Stock shortages have decreased.
S27. Excess inventory has decreased.
S28. Inventory turnover has improved.
Cost Performance
S29. Supply chain costs have decreased.
S30. Transportation costs are controlled.
S31. Procurement costs have decreased.
S32. Profitability has improved.
Challenges
S33. High implementation costs hinder digitalization.
S34. Employees require additional training.
S35. Skilled personnel are insufficient.
S36. Cybersecurity is a major concern.
Overall Opinion
S37. Digital transformation is essential for the RMG industry.
S38. Our company will invest more in digital technologies.
S39. Digital technologies improve competitiveness.
S40. Digitalization has improved overall supply chain performance.
Section C: Final Comment
C1. Please share any suggestions for improving digital supply chain practices in Bangladesh’s RMG industry. (Optional, paragraph response)
Appendix B: Supplementary Statistical Results
This appendix provides the complete bivariate correlation results, regression diagnostics, and optional-comment frequency summary used to support the interpretation in Chapter IV. The accompanying Excel workbook contains the raw data, formula-based construct scores, item-level reliability diagnostics, descriptive statistics, full correlation matrices, regression results, robust checks, and hypothesis decisions.
Table B1: Full Pearson and Spearman Correlation Results
	Predictor
	Outcome
	Pearson r
	p
	Spearman ρ
	p

	ERP
	Operational
	.664
	< .001
	.679
	< .001

	ERP
	Delivery
	.428
	< .001
	.414
	< .001

	ERP
	Inventory
	.554
	< .001
	.542
	< .001

	ERP
	Cost
	.549
	< .001
	.503
	< .001

	Data Analytics
	Operational
	.587
	< .001
	.603
	< .001

	Data Analytics
	Delivery
	.506
	< .001
	.471
	< .001

	Data Analytics
	Inventory
	.599
	< .001
	.613
	< .001

	Data Analytics
	Cost
	.619
	< .001
	.584
	< .001

	IoT
	Operational
	.583
	< .001
	.626
	< .001

	IoT
	Delivery
	.520
	< .001
	.504
	< .001

	IoT
	Inventory
	.661
	< .001
	.665
	< .001

	IoT
	Cost
	.484
	< .001
	.449
	< .001

	AI & Automation
	Operational
	.497
	< .001
	.494
	< .001

	AI & Automation
	Delivery
	.389
	< .001
	.346
	.001

	AI & Automation
	Inventory
	.585
	< .001
	.583
	< .001

	AI & Automation
	Cost
	.460
	< .001
	.448
	< .001

	Digital
	Operational
	.764
	< .001
	.778
	< .001

	Digital
	Delivery
	.606
	< .001
	.556
	< .001

	Digital
	Inventory
	.789
	< .001
	.780
	< .001

	Digital
	Cost
	.693
	< .001
	.647
	< .001

	Digital
	Overall
	.902
	< .001
	.895
	< .001

	Challenges
	Digital Adoption
	−.384
	< .001
	−.329
	.002



Table B2: Regression Diagnostic Summary
	Model
	Durbin–Watson
	Residual Shapiro p
	Breusch–Pagan p
	Max Cook’s D
	VIF Range

	Operational
	1.98
	.061
	.272
	0.128
	1.37–1.60

	Delivery
	1.70
	.403
	.728
	0.179
	1.37–1.60

	Inventory
	2.27
	.157
	.171
	0.242
	1.37–1.60

	Cost
	2.22
	.669
	.013
	0.092
	1.37–1.60

	H5: Challenges → Adoption
	1.96
	.275
	.105
	0.091
	N/A




1
The optional comment field contained 71 non-empty responses. Because the entries consisted of eight recurring short suggestions, the table reports frequencies and percentages of comments rather than treating the material as a full qualitative interview dataset.
Table B3: Optional Suggestions Frequency Summary
	Suggestion
	Frequency
	% of Comments
	% of All Respondents

	Cross-department data sharing needs to improve.
	13
	18.3
	14.9

	Cybersecurity training should be mandatory for all IT users.
	12
	16.9
	13.8

	More skilled technicians are required to maintain digital systems.
	11
	15.5
	12.6

	Better internet infrastructure is needed in industrial zones.
	9
	12.7
	10.3

	Provide more training on ERP and digital tools for mid-level staff.
	7
	9.9
	8.0

	Government subsidy for IoT sensor installation would help smaller factories.
	7
	9.9
	8.0

	Vendors should offer more affordable ERP packages for RMG factories.
	6
	8.5
	6.9

	Top management should be more committed to digital investment.
	6
	8.5
	6.9


Note. Percentages of comments use 71 as the denominator; percentages of all respondents use 87. Sixteen respondents left the optional field blank.
Appendix C: Detailed Reliability Analysis for the Final Dataset
This appendix presents the reliability tables recalculated from the final 87-response dataset. The labels follow the structure commonly used in IBM SPSS Statistics Reliability output, but the values were computed directly from the final workbook and independently verified. Administrative notes and command syntax are omitted. The Case Processing Summary is shown once because every scale used the same 87 complete cases and excluded none. The earlier 51-case outputs are superseded by these final results.
Case Processing Summary for All Ten Reliability Analyses (n = 87)
	Case Processing Summary

	
	N
	%

	Cases
	Valid
	87
	100.0

	
	Excludedᵃ
	0
	.0

	
	Total
	87
	100.0



a. Listwise deletion based on all variables in the procedure.
C.1 ERP Adoption
	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.801
	4



	Item Statistics

	
	Mean
	Std. Deviation
	N

	ERP Adoption [Our company effectively uses an ERP system.]
	3.52
	0.662
	87

	ERP Adoption [ERP improves information sharing.]
	3.52
	0.713
	87

	ERP Adoption [ERP reduces operational errors.]
	3.37
	0.733
	87

	ERP Adoption [ERP improves inventory management.]
	3.44
	0.694
	87



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	ERP Adoption [Our company effectively uses an ERP system.]
	10.32
	3.105
	.593
	.762

	ERP Adoption [ERP improves information sharing.]
	10.32
	2.849
	.652
	.732

	ERP Adoption [ERP reduces operational errors.]
	10.47
	2.903
	.595
	.762

	ERP Adoption [ERP improves inventory management.]
	10.40
	2.964
	.620
	.749



	Scale Statistics

	Mean
	Variance
	Std. Deviation
	N of Items

	13.84
	4.927
	2.220
	4



C.2 Data Analytics
	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.818
	4



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	Data Analytics [Our company uses data analytics.]
	9.99
	3.058
	.677
	.753

	Data Analytics [Data analytics improves demand forecasting.]
	9.99
	3.500
	.579
	.797

	Data Analytics [Data analytics improves planning accuracy.]
	10.00
	3.395
	.658
	.763

	Data Analytics [Data analytics reduces operational costs.]
	9.89
	3.196
	.647
	.767



	Scale Statistics

	Mean
	Variance
	Std. Deviation
	N of Items

	13.29
	5.509
	2.347
	4



C.3 IoT and Real-Time Monitoring
	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.820
	4



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	IoT & Real-Time Monitoring [IoT is used in supply chain operations.]
	9.32
	3.407
	.646
	.771

	IoT & Real-Time Monitoring [Real-time tracking improves shipment visibility.]
	9.25
	3.400
	.620
	.784

	IoT & Real-Time Monitoring [IoT improves inventory accuracy.]
	9.37
	3.142
	.677
	.757

	IoT & Real-Time Monitoring [IoT reduces supply chain disruptions.]
	9.26
	3.499
	.627
	.780



	Scale Statistics

	Mean
	Variance
	Std. Deviation
	N of Items

	12.40
	5.639
	2.375
	4



C.4 AI and Automation
	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.814
	4



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	AI & Automation [AI improves demand forecasting.]
	9.01
	3.500
	.625
	.771

	AI & Automation [Automation reduces manual work.]
	9.13
	3.205
	.719
	.724

	AI & Automation [AI improves production planning.]
	9.02
	3.581
	.559
	.802

	AI & Automation [AI supports faster decision making.]
	9.01
	3.570
	.638
	.766



	Scale Statistics

	Mean
	Variance
	Std. Deviation
	N of Items

	12.06
	5.799
	2.408
	4



C.5 Operational Performance
	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.848
	4



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	Operational Performance [Operations have become more efficient.]
	10.09
	3.619
	.711
	.796

	Operational Performance [Productivity has increased.]
	10.10
	3.768
	.672
	.813

	Operational Performance [Operational delays have decreased.]
	10.05
	3.696
	.623
	.834

	Operational Performance [Overall operational performance has improved.]
	10.03
	3.522
	.740
	.783



	Scale Statistics

	Mean
	Variance
	Std. Deviation
	N of Items

	13.43
	6.177
	2.485
	4



C.6 Delivery Performance
	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.849
	4



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	Delivery Performance [Orders are delivered on time.]
	9.78
	3.824
	.692
	.806

	Delivery Performance [Delivery accuracy has improved.]
	9.92
	3.679
	.677
	.814

	Delivery Performance [Lead time has decreased.]
	9.90
	3.908
	.696
	.805

	Delivery Performance [Customer satisfaction has improved.]
	9.89
	3.917
	.687
	.808



	Scale Statistics

	Mean
	Variance
	Std. Deviation
	N of Items

	13.16
	6.485
	2.547
	4



C.7 Inventory Performance
	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.854
	4



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	Inventory Performance [Inventory is well managed.]
	9.93
	3.856
	.739
	.796

	Inventory Performance [Stock shortages have decreased.]
	9.95
	4.509
	.650
	.833

	Inventory Performance [Excess inventory has decreased.]
	9.91
	4.271
	.727
	.802

	Inventory Performance [Inventory turnover has improved.]
	9.90
	4.140
	.674
	.823



	Scale Statistics

	Mean
	Variance
	Std. Deviation
	N of Items

	13.23
	7.109
	2.666
	4



C.8 Cost Performance
	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.852
	4



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	Cost Performance [Supply chain costs have decreased.]
	9.80
	3.833
	.692
	.814

	Cost Performance [Transportation costs are controlled.]
	9.75
	4.075
	.691
	.812

	Cost Performance [Procurement costs have decreased.]
	9.78
	4.173
	.685
	.815

	Cost Performance [Profitability has improved.]
	9.84
	4.137
	.706
	.807



	Scale Statistics

	Mean
	Variance
	Std. Deviation
	N of Items

	13.06
	6.869
	2.621
	4



C.9 Challenges
	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.800
	4



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	Challenges [High implementation costs hinder digitalization.]
	11.07
	2.902
	.591
	.761

	Challenges [Employees require additional training.]
	10.86
	2.748
	.676
	.719

	Challenges [Skilled personnel are insufficient.]
	10.99
	2.849
	.565
	.775

	Challenges [Cybersecurity is a major concern.]
	10.98
	2.837
	.623
	.745



	Scale Statistics

	Mean
	Variance
	Std. Deviation
	N of Items

	14.63
	4.724
	2.173
	4



C.10 Overall Opinion
	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.763
	4



	Item-Total Statistics

	
	Scale Mean if Item Deleted
	Scale Variance if Item Deleted
	Corrected Item-Total Correlation
	Cronbach's Alpha if Item Deleted

	Overall Opinion [Digital transformation is essential for the RMG industry.]
	10.90
	1.861
	.617
	.677

	Overall Opinion [Our company will invest more in digital technologies.]
	10.84
	1.927
	.612
	.681

	Overall Opinion [Digital technologies improve competitiveness.]
	10.72
	1.923
	.508
	.741

	Overall Opinion [Digitalization has improved overall supply chain performance.]
	10.85
	2.175
	.527
	.727



	Scale Statistics

	Mean
	Variance
	Std. Deviation
	N of Items

	14.44
	3.249
	1.802
	4
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