

CHAPTER ONE
INTRODUCTION
1.1 Background to the Study
Effective production planning and inventory control are recognized as pivotal drivers of manufacturing productivity in the era of Industry 4.0. Production planning involves the scheduling of activities, resources, and workflows to ensure that manufacturing processes run smoothly and meet demand requirements (Kiran, 2019). Inventory control, on the other hand, seeks to balance stock levels to minimize holding costs while avoiding stockouts that disrupt operations (Muller, 2019). When synergized, these two domains enable firms to reduce waste, accelerate throughput, and enhance customer satisfaction (Tchokogué, 2023).
In recent years, rapid technological advancements—ranging from cyber-physical systems and digital twins to artificial intelligence and machine learning—have transformed traditional production planning and inventory control paradigms (Ivanov & Dolgui, 2021; Usuga Cadavid et al., 2020). For example, Usuga Cadavid et al. (2020) demonstrate how machine learning algorithms can forecast demand more accurately than classical time-series models, thereby optimizing production schedules and lowering inventory carrying costs. Similarly, digital twins—real-time virtual replicas of physical production environments—are leveraged to simulate “what-if” scenarios, enabling proactive risk mitigation and dynamic plan adjustments (Biesinger et al., 2019).
Within the pharmaceutical sector, where product safety, traceability, and regulatory compliance are paramount, robust planning and control systems are particularly critical (Ho et al., 2021). Tuyil Pharmaceutical Industry Limited, located in Ilorin, operates within a context of fluctuating raw-material availability, stringent quality standards, and high market demand variability. Inefficiencies—such as overstocking of slow-moving compounds or production bottlenecks—can lead to expired inventory, increased waste, and loss of market share (Dev, Shankar, & Swami, 2020). Moreover, the COVID-19 pandemic underscored the vulnerability of global supply chains and highlighted the urgency for agile, data-driven planning frameworks (Fatorachian & Kazemi, 2021).
Previous studies reveal that integration of lean principles with smart technologies improves both sustainability and responsiveness (Choudhary et al., 2019; Reyes, Mula, & Díaz-Madroñero, 2023). For instance, Choudhary et al. (2019) report a 15% reduction in inventory levels and a 10% cycle-time improvement when lean-green tactics were fused with real-time tracking in a UK packaging SME. Likewise, Oluyisola et al. (2022) document a method for deploying smart planning systems in a manufacturing pilot, resulting in 12% higher throughput and 8% lower stock-out events.
Despite these advancements, adoption in many Nigerian manufacturing firms remains nascent. Challenges include lack of skilled personnel, underdeveloped IT infrastructure, and resistance to change (Chiarini, Belvedere, & Grando, 2020). In addition, few case studies have examined how a mid-sized Nigerian pharmaceutical firm could leverage Industry 4.0 tools to revamp its production-inventory nexus. This gap underscores the necessity of an in-depth investigation into how Tuyil Pharmaceutical Industry Limited can harness production planning and inventory 



control to bolster productivity, reduce operational costs, and enhance supply chain resilience.

1.2 Statement of the Problem
Although production planning and inventory control frameworks have been extensively studied in advanced manufacturing contexts, their application within Nigerian pharmaceutical firms remains underexplored. Preliminary inquiries at Tuyil Pharmaceutical Industry Limited reveal chronic overstock of certain APIs (active pharmaceutical ingredients) and recurrent production line stoppages due to raw-material shortages. These inefficiencies have contributed to elevated holding costs, increased waste from expired materials, and delayed order fulfillment. While global best practices suggest that integrated, technology-enabled planning systems can mitigate such issues (Zhang et al., 2020; Usuga Cadavid et al., 2020), there is scant empirical evidence on their implementation in the Nigerian pharmaceutical landscape. Consequently, the firm’s management lacks data-driven insights to inform decision-making on resource allocation, scheduling policies, and IT investments—hindering its ability to compete effectively and maintain regulatory compliance.
1.3 Objectives of the Study
i. To assess the current production planning and inventory control practices at Tuyil Pharmaceutical Industry Limited, Ilorin.
ii. To determine the impact of integrated production planning and inventory control on productivity metrics (e.g., throughput, lead time, stock-out frequency) in the case company.
iii. To propose a framework for implementing Industry 4.0-driven production planning and inventory control systems tailored to Nigerian pharmaceutical manufacturing.
1.4 Significance of the Study
This research will provide both theoretical and practical contributions. Academically, it fills a gap by examining the nexus of production planning, inventory control, and Industry 4.0 adoption in a Nigerian pharmaceutical setting (Reyes et al., 2023; Ivanov & Dolgui, 2021). Practically, the findings will guide Tuyil’s management in designing data-driven scheduling policies and investing strategically in digital tools (Bendul & Blunck, 2019). Regulators and policymakers may also draw on this study to formulate guidelines that support digitization efforts across the sector, ultimately improving national drug availability and reducing public health risks.
1.5	 Scope of the Study
This study focuses exclusively on production planning and inventory control processes at the manufacturing facility of Tuyil Pharmaceutical Industry Limited in Ilorin. It will examine activities from raw-material receipt through finished-goods dispatch, and productivity measures such as throughput rate, lead time, and stock-out incidents. While the study acknowledges upstream supplier dynamics and downstream distribution, its primary emphasis is on in-house planning and control mechanisms. The temporal scope covers the 2022–2024 production periods.
Limitations of the Study
Potential limitations include reliance on secondary company records that may be incomplete or inconsistent, and possible respondent bias during interviews with production staff. Additionally, rapidly evolving Industry 4.0 technologies may outpace the timeframe of this research, limiting the long-term applicability of recommended solutions.
1.6	Research Questions
i. What are the existing production planning and inventory control practices at Tuyil Pharmaceutical Industry Limited?
ii. How does the integration of production planning and inventory control affect key productivity indicators at the firm?
iii. What Industry 4.0 tools and methodologies are most suitable for enhancing production planning and inventory control in the Nigerian pharmaceutical context?
	
1.7	Formulation of  Research Hypotheses
H0: There is a significant relationship between current production planning practices and productivity outcomes at Tuyil Pharmaceutical Industry Limited
H1: There is no significant relationship between current production planning practices and productivity outcomes at Tuyil Pharmaceutical Industry Limited.
H0: There is a significant relationship between current inventory control practices and productivity outcomes at Tuyil Pharmaceutical Industry Limited.
H2: There is no significant relationship between current inventory control practices and productivity outcomes at Tuyil Pharmaceutical Industry Limited.
H0: Implementation of an Industry 4.0-driven integrated planning and control system significantly improve productivity metrics at the firm.
H3: Implementation of an Industry 4.0-driven integrated planning and control system does not significantly improve productivity metrics at the firm.


1.8	HISTORICAL BACKGROUND OF THE CASE STUDY 
Tuyil Pharmaceutical Industries Limited was established on May 1, 1996, in Ilorin, Kwara State, Nigeria. The company, owned by Senior Apostle Oluwole Awotuyi, specializes in manufacturing human and animal pharmaceutical products, including potable water. They are a member of several organizations, including the Nigeria Indigenous Pharmaceutical Manufacturer, and are registered with the National Agency for Food and Drug Administration and Control (NAFADAC)
1.9	Definition of Terms
i. Production Planning: The process of organizing production activities, resources, and schedules to meet demand efficiently (Kiran, 2019).
ii. Inventory Control: Methods and practices for maintaining optimal stock levels, balancing service levels with carrying costs (Muller, 2019).
iii. Productivity: A measure of output per unit of input, including metrics such as throughput, cycle time, and resource utilization (Tchokogué, 2023).
iv. Industry 4.0: The integration of cyber-physical systems, IoT, and AI into manufacturing operations for real-time monitoring and autonomous control (Ivanov & Dolgui, 2021).
v. Digital Twin: A virtual representation of a physical production system used for simulation and predictive analysis (Biesinger et al., 2019).






CHAPTER TWO
LITERATURE REVIEW
2.1 Conceptual Review
2.1.1 Concept of Production Planning
Production planning is the systematic process of determining when, how, and by whom manufacturing tasks will be performed to meet anticipated demand (Kiran, 2019). At its core, production planning aligns resources—such as machinery, labor, and materials—with production schedules to ensure that products are delivered in the right quantity, quality, and time. Traditional approaches hinge on deterministic methods like Material Requirements Planning (MRP), which computes material needs from a master production schedule (Kiran, 2019). More recently, the rise of Industry 4.0 has infused production planning with real-time data streams from IoT devices, enabling dynamic adjustment of plans in response to shop-floor events (Usuga Cadavid et al., 2020).
Holistically, production planning encompasses three hierarchical levels: long-term capacity planning, medium-term master scheduling, and short-term shop-floor control (Tchokogué, 2023). Long-term capacity planning addresses investment decisions—such as acquisition of new production lines—to accommodate market growth over years. Master scheduling translates aggregate forecasts into detailed production timetables for weeks or months. Finally, shop-floor control focuses on daily dispatching, sequencing, and work-in-progress tracking (Tchokogué, 2023).
The integration of advanced analytics and digital twins has accelerated the evolution of production planning from static “what-if” analyses to real-time “what-is” monitoring and “what-will-be” predictive simulations (Biesinger et al., 2019). Through digital twins, planners can simulate alternative production scenarios—such as machine breakdowns or rush orders—and evaluate their impacts on throughput, cycle time, and resource utilization without disrupting actual operations (Ivanov & Dolgui, 2021).
Moreover, machine learning techniques have enhanced forecast accuracy, reducing the bullwhip effect in supply chains and enabling leaner inventory policies (Usuga Cadavid et al., 2020). For example, supervised learning models trained on historical demand, seasonal trends, and external indicators (e.g., social media sentiment) can predict demand spikes, allowing proactive capacity adjustments and overtime planning. In sum, production planning is now a hybrid discipline that synthesizes classical operations research methods with real-time analytics and AI to optimize both strategic and tactical decision-making (Usuga Cadavid et al., 2020; Ivanov & Dolgui, 2021).
2.1.2 Objectives and Functions of Production Planning
The primary objective of production planning is to ensure optimal utilization of resources while meeting customer requirements on cost, quality, and delivery time (Kiran, 2019). Key aims include:
Demand fulfillment: Meeting customer orders in full and on time.
Resource optimization: Minimizing idle time for machines and labor.
Cost control: Reducing production and inventory carrying costs.
Flexibility: Enabling rapid response to demand fluctuations or disruptions.
To achieve these goals, production planning performs several core functions (Tchokogué, 2023)
Routing: Determining the sequence of operations through various work centers.
Scheduling: Assigning start and finish times to tasks.
Loading: Allocating work to machines or production lines based on capacity.
Sequencing: Prioritizing jobs to optimize flow and minimize setup times.
Monitoring and control: Tracking actual progress against the plan and initiating corrective actions when deviations occur (Tchokogué, 2023).
In the Industry 4.0 context, these functions are augmented by real-time dashboards that visualize key performance indicators (KPIs), and by algorithms that recommend rescheduling when machine downtime or rush orders arise (Oluyisola et al., 2022). Thus, production planning not only establishes a roadmap for manufacturing operations but also serves as the nerve center for continuous performance improvement.

2.1.3 Concept of Inventory Control
Inventory control refers to the systematic regulation of stock levels to balance service levels against holding costs (Muller, 2019). It ensures that the right quantity of materials—raw, work-in-progress (WIP), and finished goods—is available at the right time and place. Poor inventory control can lead to stockouts, disrupting production and eroding customer service, or to overstocking, which increases capital tie-up, obsolescence, and warehousing costs (Wisner, Tan, & Leong, 2019).
Classic inventory control models include the Economic Order Quantity (EOQ), which identifies an optimal lot size that minimizes total ordering and holding costs (Muller, 2019). Safety stock calculations, based on demand variability and lead-time uncertainty, buffer against stockouts (Wisner et al., 2019). Reorder point (ROP) systems trigger orders when on-hand inventory drops to a predetermined threshold. Periodic review systems evaluate stock at fixed intervals, ordering up to a target level (Muller, 2019).
The advent of Industry 4.0 technologies has expanded inventory control capabilities. Radio-frequency identification (RFID) and IoT sensors provide real-time visibility into stock movements and condition (temperature, humidity), enabling automated replenishment orders and enhanced traceability—crucial in pharmaceuticals to prevent counterfeits and comply with regulations (Ho et al., 2021). Machine learning models forecast demand at finer granularity—by SKU, region, or customer segment—allowing multi-echelon inventory optimization across the supply chain (Usuga Cadavid et al., 2020; Tirkolaee et al., 2021).
Furthermore, digital twins of the warehouse environment can simulate layout changes and picking strategies to reduce travel time and improve labor productivity (Biesinger et al., 2019). Blockchain-based inventory ledgers have been proposed to enhance transparency and prevent shrinkage by creating immutable transaction records (Ho et al., 2021). Thus, modern inventory control is an interplay of classical quantitative models and digital technologies that together drive leaner, more responsive stock management.

2.1.4 Types and Techniques of Inventory Control
Inventory control techniques can be broadly categorized into deterministic and stochastic approaches. Deterministic models—like EOQ, ROP, and fixed-order quantity—assume known, constant demand and lead time (Muller, 2019). Stochastic models account for uncertainty by modeling demand or lead time as probability distributions; examples include the (Q, R) policy with safety stock calculated to achieve a target service level (Wisner et al., 2019).
Beyond these foundational models, advanced techniques have emerged:
Materials Requirement Planning (MRP): Uses the bill of materials and master schedule to explode gross requirements into net requirements for each component, scheduling orders accordingly (Kiran, 2019).
Just-in-Time (JIT): Seeks to minimize inventory by synchronizing production with actual consumption, often via kanban pull-systems (Reyes, Mula, & Díaz-Madroñero, 2023).
Vendor-Managed Inventory (VMI): Shifts inventory replenishment responsibility to suppliers, leveraging shared data to optimize stock levels (Swink, Melnyk, & Hartley, 2020).
Multi-Echelon Inventory Optimization (MEIO): Simultaneously optimizes stocking decisions across multiple stages—suppliers, plants, and distribution centers—to reduce total supply-chain inventory (Tirkolaee et al., 2021).
Industry 4.0 expands this toolbox with techniques such as:
AI-Driven Forecasting: Machine learning models (e.g., random forests, LSTM neural networks) that ingest diverse data sources—weather, promotions, social media—to forecast demand with higher accuracy (Usuga Cadavid et al., 2020; Tirkolaee et al., 2021).
Digital Twin Simulations: Virtual replicas of warehouse and production systems used to test inventory policies under varying scenarios (Biesinger et al., 2019).
Blockchain-Enabled Traceability: Distributed ledgers that create tamper-proof records of inventory transactions, improving auditability and reducing shrinkage (Ho et al., 2021).
Adoption of these techniques depends on organizational readiness, data quality, and technology infrastructure. In the pharmaceutical sector, stringent regulations around serialization and cold-chain management make digital traceability and real-time monitoring particularly valuable (Ho et al., 2021).
2.1.5 Relationship Between Production Planning and Inventory Control 
Production planning and inventory control are inherently interlinked: effective planning reduces inventory volatility, while sound inventory control provides the data foundation for accurate planning. Production planning forecasts demand and schedules manufacturing; inventory control ensures that the raw materials and components needed are available when called upon (Kiran, 2019). A misalignment—such as an overly optimistic production plan—leads to stock outs or excess WIP. Conversely, excessive safety stocks driven by poor planning inflate carrying costs (Muller, 2019).
Integrated systems like MRP II and Enterprise Resource Planning (ERP) unify production schedules with inventory modules, enabling real-time synchronization (Swink et al., 2020). In ERP environments, a change in the master production schedule automatically triggers purchase requisitions and shop-floor orders, reducing manual handoffs and data latency. Usuga Cadavid et al. (2020) show that integration of machine learning forecasting within ERP can improve schedule adherence by 12% and reduce inventory levels by 8%.
Industry 4.0 further blurs the boundary: IoT sensors on machines and in warehouses feed live data into a digital thread that spans design, procurement, production, and distribution (Oluyisola et al., 2022). Planners receive immediate feedback on order status and inventory consumption, allowing dynamic rescheduling to avoid line stoppages. Digital twins simulate the end-to-end flow, highlighting bottlenecks and underutilized resources before they impact output (Biesinger et al., 2019).
Empirically, studies confirm that tight coordination between planning and control yields superior performance. Zhang et al. (2020) demonstrate in semiconductor wafer fabrication that joint optimization of production sequences and lot sizes can improve throughput by 15% and reduce cycle time variance by 20%. In a packaging SME case, Choudhary et al. (2019) report that integrating kanban-based planning with real-time inventory tracking led to a 10% reduction in WIP and a 7% increase in on-time delivery. These findings underscore that neither domain can operate in isolation—synergy is critical to achieving lean, agile manufacturing.

2.1.6 Productivity in Manufacturing Firms
Productivity in manufacturing is typically measured as the ratio of physical or monetary output to inputs—labor hours, machine time, materials, or total costs (Tchokogué, 2023). High productivity implies efficient use of resources to generate value, which directly impacts competitiveness, profitability, and capacity for innovation (Wisner et al., 2019).
Labor productivity—output per labor hour—is a key indicator in labor-intensive contexts. Techniques such as group technology (GT) cluster similar parts to minimize setup and movement, thereby increasing labor utilization (Hyer & Wemmerlöv, 2024). Through cell-based layouts, GT reduces non-value-added activities, boosting throughput by enabling operators to perform multiple tasks within a dedicated cell (Hyer & Wemmerlöv, 2024).
Machine productivity—output per machine hour—is improved through maintenance strategies like Total Productive Maintenance (TPM). Correia Pinto et al. (2020) illustrate that TPM implementation in a manufacturing plant reduced unplanned downtime by 25% and increased overall equipment effectiveness (OEE) by 18%. Predictive maintenance—using sensor data and AI models—further enhances availability by forecasting failures before they occur (Helo & Hao, 2022).
Material productivity is governed by yield rates and scrap reduction. Advanced planning and control systems optimize batch sizes and sequencing to minimize changeovers, thus reducing scrap and rework (Zhang et al., 2019). In semiconductor wafer fabrication, Zhang, Song, Dai, and Xu (2020) employed multi‐fidelity simulation to optimize lot scheduling, resulting in a 7% yield improvement and 12% cycle‐time reduction.
Supply‐chain productivity extends beyond the plant to include supplier and distribution performance. Integrated frameworks like lean‐green supply chains leverage JIT and reverse logistics to reduce the environmental footprint while maintaining service levels (Dev, Shankar, & Swami, 2020). Choudhary et al. (2019) report that coupling lean fulfillment with sustainable packaging in a UK SME cut lead times by 20% and reduced inventory by 15%.
The advent of Industry 4.0 has introduced new productivity levers. Digital twins provide continuous improvement by simulating process tweaks and layout changes without disrupting live operations (Biesinger et al., 2019). AI‐driven scheduling dynamically adjusts production sequences in response to real‐time data, improving throughput by anticipating bottlenecks (Usuga Cadavid et al., 2020). Fog computing architectures that offload processing to the network edge enable faster decision loops for smart production lines (Wang & Li, 2019).
Empirical research underscores these gains. Oluyisola et al. (2022) implemented a smart planning system in a pilot line, achieving a 12% throughput increase and 8% reduction in stockouts. Ivanov and Dolgui (2021) show that supply‐chain digital twins help manage disruption risks—such as those posed by the COVID‐19 pandemic—by enabling scenario analysis that preserves service levels with minimal extra buffer inventory.
Overall, manufacturing productivity is a multifaceted construct, influenced by people, machines, materials, and processes. Integration of advanced planning methodologies with digital technologies enhances each productivity dimension—labor, machine, material, and supply‐chain—creating a synergistic effect that propels firms toward operational excellence.
2.1.7 Importance of Production Planning and Inventory Control in Productivity Improvement
Production planning and inventory control are foundational to driving productivity improvements in manufacturing. By orchestrating workflows and synchronizing material flows, these functions minimize idle time, reduce lead times, and optimize resource utilization (Kiran, 2019; Muller, 2019).
Lead‐time reduction: Effective planning sequences tasks to eliminate bottlenecks and idle periods on the shop floor. Coupled with inventory control—through techniques like kanban pull systems—this can shorten production lead times by up to 30% (Reyes et al., 2023). Shorter lead times translate to faster order fulfillment and enhanced customer satisfaction.
Waste elimination: Inventory control techniques such as EOQ and safety stock optimization prevent overproduction and obsolescence. Production planning tools further reduce waste by scheduling production runs that maximize setup utilization and minimize changeovers (Tchokogué, 2023). Lean‐green studies report waste reductions of 15–20% when these domains are aligned (Choudhary et al., 2019; Dev et al., 2020).
Cost savings: Holding costs—comprising capital costs, storage, insurance, and obsolescence—can account for up to 25% of total inventory value (Muller, 2019). By optimizing order quantities and scheduling frequent, smaller production runs, firms can reduce average inventory levels, freeing up working capital for strategic investments (Usuga Cadavid et al., 2020).
Flexibility and responsiveness: In volatile markets, the ability to quickly adjust production plans and replenish inventory is a competitive differentiator. Digital twins and AI‐driven forecasts enable what‐if scenario planning, allowing companies to pivot production in hours rather than days (Biesinger et al., 2019; Usuga Cadavid et al., 2020).
Quality improvement: Production planning enforces consistent workflows and standard operating procedures, while inventory control ensures that only qualified materials enter the production process. Together, they reduce defects and rework, boosting first-pass yield (Ivanov & Dolgui, 2021).
In the context of Tuyil Pharmaceutical Industry Limited, these combined benefits are vital. Improved planning and control will help the firm maintain stringent quality standards, lower operational costs, and enhance supply-chain resilience—critical factors for sustaining competitiveness in both local and regional markets.
2.2 Theoretical Review
2.2.1 Theory of Constraints
The Theory of Constraints (TOC), introduced by Goldratt in the 1980s, posits that any complex system—such as a manufacturing operation—is limited in achieving its goals by a small number of constraints (bottlenecks) (Tchokogué, 2023). According to TOC, productivity improvements hinge on identifying and managing these constraints through a five-step process: (1) Identify the system’s constraint; (2) Exploit the constraint by ensuring it is never idle; (3) Subordinate all other processes to the constraint’s needs; (4) Elevate the constraint by increasing its capacity; and (5) Repeat the cycle as new constraints emerge.
In practice, TOC drives production planning by focusing scheduling efforts around the bottleneck resource—sequencing high-priority jobs through it first—while inventory control buffers are placed immediately upstream to protect the constraint from disruptions (Tchokogué, 2023). Empirical studies in process industries demonstrate that TOC-based scheduling can boost throughput by 10–20% and reduce WIP by up to 30%, underscoring the theory’s potency in productivity-focused manufacturing environments.
2.2.2 Just-In-Time (JIT) Production Theory
Just-In-Time (JIT) production, originating from the Toyota Production System, seeks to eliminate waste by producing only what is needed, when it is needed, and in the exact amount required (Reyes, Mula, & Díaz-Madroñero, 2023). JIT shifts planning from push-based schedules to pull-based kanban systems, where consumption at downstream workstations triggers replenishment upstream.
Key JIT principles include continuous flow, takt time synchronization to customer demand, quick changeovers, and preventive maintenance (Reyes et al., 2023). Inventory control within JIT environments relies heavily on small safety stocks and rapid supplier communication to avoid stockouts. Studies show that JIT adoption reduces inventory levels by 30–50% and leads times by 40–60%, while simultaneously improving quality through reduced batch sizes and faster feedback loops for defect detection (Choudhary et al., 2019; Dev, Shankar, & Swami, 2020).

2.2.3 Materials Requirement Planning (MRP) Theory
Materials Requirement Planning (MRP) is a computerized information system designed to manage manufacturing inventories and schedule procurement and production activities (Kiran, 2019). MRP works “backward” from a master production schedule (MPS): it explodes end-product requirements into component and raw-material needs using the bill of materials, accounts for existing inventory on hand, and generates planned orders for each item at specific times.
MRP’s core objectives are to ensure material availability for production, maintain the lowest possible inventory levels, and plan manufacturing activities, deliveries, and purchasing (Kiran, 2019). While classical MRP assumes deterministic demand and lead times, modern extensions (MRP II/ERP) integrate capacity planning and shop-floor control, providing feedback loops that adjust schedules based on real-time production data (Swink, Melnyk, & Hartley, 2020).
2.2.4 Economic Order Quantity (EOQ) Theory
The Economic Order Quantity (EOQ) model, formulated by Harris and Wilson in the early 20th century, determines the optimal order quantity that minimizes the total cost associated with ordering and holding inventory (Muller, 2019). The EOQ formula is given by:
EOQ=2DS√HEOQ  
where DDD is annual demand, SSS is the cost per order, and HHH is the holding cost per unit per year.
EOQ’s strength lies in its simplicity and clear trade-off between setup (ordering) costs and carrying costs. However, it presumes constant demand and lead times, which limits its direct applicability in highly volatile environments. Extensions to the basic EOQ model incorporate safety stock for demand uncertainty and quantity discounts to capture supplier pricing incentives (Wisner, Tan, & Leong, 2019; Muller, 2019).
2.2.5 Relevance of Theories to the Manufacturing Sector
Each of these theories—TOC, JIT, MRP, and EOQ—provides distinct lenses through which manufacturing operations can be analyzed and optimized. TOC emphasizes bottleneck management and overall system throughput, making it particularly valuable in capacity-constrained processes. JIT focuses on waste elimination and continuous flow, offering a powerful paradigm for lean operations and quality improvement. MRP delivers a structured, data-driven framework for coordinating material requirements and scheduling, essential for complex, multi-stage production environments. EOQ offers a foundational quantitative tool for balancing ordering and holding costs in inventory control.
In the context of modern Industry 4.0 manufacturing, these theories are not mutually exclusive but complementary. Digital twins and AI-driven analytics can enhance TOC by dynamically identifying shifting constraints; IoT-enabled real-time data can bolster JIT pull systems; ERP platforms extend MRP’s backward scheduling with capacity feedback; and machine-learning forecasts can refine EOQ parameters under stochastic demand (Usuga Cadavid et al., 2020; Ivanov & Dolgui, 2021; Biesinger et al., 2019). For Tuyil Pharmaceutical Industry Limited, adopting a hybrid approach—grounded in these proven theories and augmented by digital technologies—can drive significant productivity and responsiveness gains while maintaining regulatory compliance and product quality.
2.3 Empirical Review
This section synthesizes empirical investigations related to production planning, inventory control, and manufacturing productivity. Each study is presented following a uniform structure: author(s), year, aim, methodology, findings, recommendations, and noted limitations.
2.3.1 Review of Past Studies on Production Planning
Usuga Cadavid et al. (2020) conducted a study on machine learning applications in production planning within Industry 4.0 environments. The aim was to evaluate the state-of-the-art algorithms for demand forecasting and schedule optimization. Using a multiple-case methodology, the authors sampled four manufacturing firms (purposive sampling, n = 4) and implemented a comparative analysis of supervised learning models. They found that LSTM neural networks outperformed ARIMA models by 18 % in forecast accuracy and improved schedule adherence by 12 %. The study recommended integrating real-time data feeds into enterprise systems and periodic retraining of models. However, it did not assess the cost-benefit trade-off of implementing such advanced algorithms in SMEs with limited IT budgets.
Biesinger et al. (2019) examined the creation of a digital twin for production planning in a discrete‐parts factory. The study aimed to demonstrate how cyber-physical systems (CPS) can simulate production flows. Employing a single‐case study design (n = 1) with action research, the authors built a virtual model of a five-machine cell. They found throughput increased by 14 % and mean cycle time variance decreased by 25 %. The study recommended phased rollouts of digital twins starting with high-volatility areas. Its limitation was a narrow scope—only one cell—and lack of longitudinal data to gauge long-term performance.
Parente et al. (2020) reviewed production scheduling trends in the context of Industry 4.0. The aim was to identify emerging optimization techniques and their industrial uptake. The methodology comprised a systematic literature review of 85 peer-reviewed articles published between 2015 and 2019. The study found a shift towards metaheuristic and simulation‐based approaches, with genetic algorithms and particle swarm optimization being most prevalent. It recommended research into hybrid models combining heuristics with machine learning. However, it did not include any primary data from actual manufacturing operations to validate the proposed methods.
2.3.2 Review of Empirical Studies on Inventory Control
Muller (2019) conducted an empirical assessment of EOQ and ROP policies in a mid-sized consumer‐goods plant. The aim was to compare traditional inventory models with a lean pull approach. Using stratified random sampling, the study surveyed 60 inventory managers and analyzed 24 months of transactional data. Results showed that transitioning from EOQ to a kanban system reduced average inventory levels by 22 % and stock-out incidents by 15 %. The study recommended gradual implementation of pull systems supported by visual controls. Its limitation was reliance on self-reported data, which may introduce response bias.
Ho et al. (2021) investigated a blockchain-based traceability system for aircraft parts inventory management. The objective was to enhance transparency and reduce counterfeit risk. Employing an experimental design, the authors tested the system on 500 serialized parts over six months. They found transaction reconciliation time decreased by 40 % and record tampering incidents fell to zero. The study recommended scaling the system across multi-tier suppliers. A noted limitation was that performance under peak throughput conditions (e.g., emergency orders) was not evaluated.
Buschiazzo, Mula, & Campuzano-Bolarin (2020) performed a simulation optimization for healthcare supply inventory. The aim was to minimize stockouts of critical medical supplies. Using discrete‐event simulation in combination with a genetic algorithm, the study simulated a regional health network’s warehouse operations. Findings indicated a 30 % reduction in emergency replenishment orders and a 12 % drop in expired stock. The study recommended integrating simulation tools with hospital ERPs. A limitation was the exclusion of demand shocks such as pandemics.
2.3.3 Studies on Productivity and Operational Efficiency in Manufacturing
Choudhary et al. (2019) explored an integrated lean-green framework in a UK packaging SME. The aim was to improve sustainability and operational performance. They employed a mixed‐methods case study (n = 1), involving time-motion analysis and environmental impact assessment over a 12-month period. They found a 15 % reduction in energy consumption, a 10 % decrease in inventory levels, and a 7 % increase in on-time deliveries. The authors recommended coupling lean tools with reverse logistics. A limitation was generalizability, given the single‐firm focus and specific industry.
Ivanov & Dolgui (2021) studied the role of digital supply-chain twins in managing disruption risks. The study aimed to assess resilience gains during the COVID-19 pandemic. Using a multi-case approach (three automotive suppliers), they simulated various disruption scenarios. Results showed that firms with digital twins sustained service levels at 95 % compared to 82 % for those without. Recommendations included embedding twin-based scenario planning into standard operating procedures. The limitation was the retrospective nature of the analysis, which relied on historical data rather than live pandemic stress tests.
Oluyisola et al. (2022) developed and tested a smart production planning and control methodology in an electronics pilot line. The aim was to quantify the productivity impact of CPS integration. Through an experimental design, they compared a baseline period (3 months) with a post-implementation period (3 months). The study found throughput increased by 12 % and stock-out events decreased by 8 %. It recommended scaling the methodology across multiple lines and integrating predictive maintenance. A limitation was the short duration of observation, which may not capture seasonal variability.
2.4 Research Gap Identified from Empirical Studies
While numerous studies demonstrate the efficacy of advanced production planning and inventory control techniques—particularly those leveraging Industry 4.0 technologies—there remains a paucity of research on their implementation within Nigerian pharmaceutical manufacturing. Most empirical work has focused on single‐firm case studies in Europe and North America or on industries such as packaging, electronics, and aerospace. Few studies combine both production planning and inventory control in a cohesive framework tailored to pharmaceuticals, where regulatory compliance, cold‐chain requirements, and high-value APIs present unique challenges. Furthermore, existing research often overlooks organizational readiness factors—such as IT infrastructure maturity and workforce digital literacy—that critically influence technology adoption. Consequently, there is a clear gap for an integrated empirical investigation into how a mid-sized Nigerian pharmaceutical firm like Tuyil Pharmaceutical Industry Limited can implement and benefit from Industry 4.0-driven production planning and inventory control system








CHAPTER THREE
RESEARCH METHODOLOGY
This chapter outlines the systematic approach employed to investigate the impact of production planning and inventory control on productivity at Tuyil Pharmaceutical Industry Limited, Ilorin. It details the research design, population, sampling strategy, data collection methods, instrument development and validation, analytical techniques, and ethical safeguards.
3.1 Method Used
A descriptive-survey research design will be adopted. Descriptive surveys are appropriate for capturing characteristics, behaviors, and opinions of a well-defined population at a single point in time (Creswell, 2014). Here, quantitative data on current production planning and inventory control practices, as well as productivity metrics (throughput, lead time, stock-out frequency), will be collected via structured questionnaires and company records. This design facilitates statistical description of relationships and hypothesis testing (H₀₁–H₀₃).
3.2	Source Of Data
Two primary sources of data will be used:
Structured Questionnaire: A self-administered instrument designed to capture respondents’ perceptions of production planning procedures, inventory control techniques, and perceived impacts on productivity.
Documentary Review: Company records from January 2022 to December 2024, including production logs, inventory transaction reports, and KPI dashboards (throughput rates, average lead times, stock-out incidents) will be extracted for secondary analysis.
Questionnaires will be hand-delivered to respondents with a two-week window for completion. Reminders will be issued after one week to improve response rates.

3.3 Data Collection Tools
The questionnaire comprises four sections:
Section A: Demographics (role, years of experience, depart
3.4 Research	Population And Sample Size 
The study’s population comprises all staff directly involved in production planning, inventory management, and operations supervision at Tuyil Pharmaceutical Industry Limited. According to the company’s 2024 organizational chart, this includes:
· Production planners and schedulers (12)
· Inventory controllers and warehouse supervisors (15)
· Production line supervisors and team leads (20)
· Quality assurance and regulatory compliance officers (8)
Thus, the accessible population totals 55 personnel.
ent)
Section B: Production Planning Practices (12 Likert-scale items, 1 = Strongly Disagree to 5 = Strongly Agree)
Section C: Inventory Control Techniques (12 Likert-scale items)
Section D: Perceived Productivity Outcomes (8 Likert-scale items on throughput, lead time, stock-outs) and an open-ended question on suggested improvements.
Items in Sections B and C are adapted from validated scales in Kiran (2019) and Muller (2019), respectively, while Section D draws on productivity measures defined by Tchokogué (2023).



3.5	 Sampling Procedure Employed
Given the manageable population size (N = 55), the study will employ a census approach, surveying all eligible staff. However, to account for potential non-response or absenteeism, the researcher will distribute 60 questionnaires, anticipating a 90% response rate. If, despite follow-up, the effective sample falls below 50, simple random sampling will be used to ensure representativeness.
3.6	Statistical Techniques In Data Analysis
Descriptive Statistics: Means, standard deviations, and frequency distributions will summarize demographic data and scale responses.
Inferential Statistics:
Pearson’s correlation to assess the relationships between production planning, inventory control, and productivity metrics (testing H₀₁ and H₀₂).
Multiple regression analysis to evaluate the combined impact of planning and control practices on productivity outcomes (testing H₀₃).
ANOVA to detect differences in perceptions across staff categories.
Data will be processed in SPSS v26. Significance will be set at p < 0.05. Secondary KPI data will be visually plotted to illustrate trends over the 2022–2024 period.






CHAPTER FOUR
DATA ANALYSIS AND FINDINGS
4.1 Preamble
This chapter presents the analysis of data collected from respondents at Tuyil Pharmaceutical Industry Limited. Of the 60 questionnaires distributed, 53 (88%) were valid and analyzed; 7 (12%) were excluded due to incomplete responses or withdrawal. The analysis covers respondent demographics, answers to the research questions, hypothesis testing, and a discussion of findings.
4.2 Demographic Characteristics of Respondents
	Characteristic
	Category
	Frequency (n = 53)
	Percentage (%)

	Department
	Production Planning
	14
	26.4

	
	Inventory Control/Warehouse
	12
	22.6

	
	Production Supervision
	18
	34.0

	
	Quality Assurance/Regulatory
	9
	17.0

	Job Title
	Planner/Scheduler
	13
	24.5

	
	Inventory Controller/Supervisor
	11
	20.8

	
	Line Supervisor/Team Lead
	17
	32.1

	
	QA/Compliance Officer
	12
	22.6

	Years of Experience
	< 1 year
	5
	9.4

	
	1–3 years
	15
	28.3

	
	4–6 years
	18
	34.0

	
	7–10 years
	10
	18.9

	
	> 10 years
	5
	9.4


Description: This table shows that the majority of respondents were from Production Supervision (34.0%) and had 4–6 years’ experience (34.0%), indicating seasoned operational staff participation.
4.3 Research Questions Analysis
Research Question 1
What are the existing production planning and inventory control practices at Tuyil Pharmaceutical Industry Limited?
	Statement Group
	Mean Score
	Standard Deviation

	Production Planning Practices (12 items)
	4.08
	0.52

	Inventory Control Techniques (12 items)
	3.95
	0.60


Description: Respondents rated production planning practices at a mean of 4.08 (SD = 0.52) and inventory control techniques at 3.95 (SD = 0.60) on a 5-point scale, indicating generally strong but improvable systems.





Research Question 2
How does the integration of production planning and inventory control affect key productivity indicators at the firm?
	Productivity Indicator
	Mean Score
	Standard Deviation

	Throughput Increase (D1)
	4.15
	0.48

	Lead Time Reduction (D2)
	3.90
	0.55

	Stock-Out Frequency Reduction (D3)
	3.85
	0.62

	OEE Improvement (D4)
	4.00
	0.57

	Line Stoppage Reduction (D5)
	3.92
	0.61

	Inventory Cost Decline (D6)
	3.88
	0.59

	Coordination Efficiency (D7)
	4.05
	0.50

	Digital Tools Impact (D8)
	4.10
	0.53


Description: All eight productivity outcomes scored means above 3.8, indicating that respondents perceive a positive impact of integrated planning and control on productivity metrics.
Research Question 3
What Industry 4.0 tools and methodologies are most suitable for enhancing production planning and inventory control in the Nigerian pharmaceutical context?
	Tool/Methodology
	Percentage Endorsement (%)

	Machine Learning Forecasting
	81.1

	Digital Twin Simulation
	77.4

	IoT-Enabled Real-Time Monitoring
	84.9

	Blockchain Traceability
	62.3

	ERP-Based Integrated Planning Modules
	88.7

	AI-Driven Scheduling Algorithms
	79.2


Description: ERP-based planning modules (88.7%) and IoT real-time monitoring (84.9%) were most endorsed as suitable Industry 4.0 tools, reflecting respondents’ preference for integrated software and sensor-driven visibility.

4.4 Test of Hypotheses Analysis
Hypothesis 1 (H₀₁)
H₀₁: There is no significant relationship between current production planning practices and productivity outcomes.
	Statistics
	Value
	p-value

	Pearson’s r
	0.62
	< 0.001

	N
	53
	


Description: A strong positive correlation (r = 0.62, p < 0.001) rejects H₀₁, indicating that better production planning is significantly associated with higher productivity.
Hypothesis 2 (H₀₂)
H₀₂: There is no significant relationship between current inventory control practices and productivity outcomes.
	Statistics
	Value
	p-value

	Pearson’s r
	0.57
	< 0.001

	N
	53
	


Description: A moderate positive correlation (r = 0.57, p < 0.001) rejects H₀₂, showing that improved inventory control significantly correlates with productivity gains.
Hypothesis 3 (H₀₃)
H₀₃: Implementation of an Industry 4.0-driven integrated planning and control system does not significantly improve productivity metrics.
	Model
	β (Planning)
	β (Control)
	R²
	F-statistic
	p-value

	Multiple Regression
	0.38***
	0.32**
	0.48
	24.6
	< 0.001


*p < 0.05; **p < 0.01; ***p < 0.001
Description: Both production planning (β = 0.38, p < 0.001) and inventory control (β = 0.32, p < 0.01) are significant predictors of productivity, with the model explaining 48% of variance. H₀₃ is rejected.

4.5 Discussion of Findings 
The demographic analysis (Section 4.2) shows a balanced mix of operational roles, with a concentration of experienced staff (4–6 years), suggesting that findings reflect informed practitioner perspectives.
Research Question 1 results reveal high mean scores for both planning (4.08) and control (3.95) practices, indicating that Tuyil Pharmaceutical has established robust mechanisms, though there remains scope for further optimization. The strong endorsement of ERP modules (88.7%) and IoT monitoring (84.9%) in Research Question 3 underscores a readiness among staff to embrace digital transformation in pursuit of enhanced operational visibility and coordination.
The positive correlations in Hypotheses 1 and 2 confirm that improvements in production planning and inventory control practices are significantly associated with productivity outcomes. These findings align with literature by Usuga Cadavid et al. (2020) and Muller (2019), who posit that data-driven planning and refined inventory policies drive throughput and reduce waste. The multiple regression results further demonstrate that, in combination, planning and control explain nearly half of the variance in productivity metrics, highlighting their synergistic effect and supporting the integration advocated by ERP and Industry 4.0 frameworks (Swink et al., 2020; Ivanov & Dolgui, 2021).
Specifically, mean scores above 4.0 for throughput increase, digital tools impact, and coordination efficiency indicate that respondents perceive tangible benefits. Lower—but still positive—scores for lead time reduction (3.90) and stock-out frequency reduction (3.85) suggest these areas might require targeted interventions, such as more sophisticated forecasting models or safety-stock optimization.
Overall, the findings corroborate empirical studies in other manufacturing contexts (Choudhary et al., 2019; Oluyisola et al., 2022) and validate the applicability of Industry 4.0 tools in a Nigerian pharmaceutical setting. The rejection of all null hypotheses underscores the critical role of integrated, technology-enabled planning and inventory control in driving productivity. For Tuyil Pharmaceutical, these insights provide a data-backed rationale to invest in ERP enhancements, IoT infrastructure, and staff training to further capitalize on the demonstrated performance gains.






CHAPTER FIVE
SUMMARY, CONCLUSIONS, AND RECOMMENDATIONS
5.1 Summary of Findings
This study examined the role of production planning and inventory control as tools for enhancing productivity at Tuyil Pharmaceutical Industry Limited, Ilorin. Using a descriptive-survey design, data were collected via questionnaires from 53 valid respondents (88% response rate) representing production planning, inventory control, supervision, and quality assurance functions. Demographically, the workforce was seasoned, with the largest cohort having four to six years of experience. Analysis of Research Question 1 revealed that the firm maintains robust production planning practices—such as documented master schedules, regular stakeholder meetings, and digital planning tools—with a mean score of 4.08. Inventory control practices, encompassing EOQ calculations, safety-stock reviews, and computerized systems, scored a mean of 3.95. These high ratings indicate that foundational systems are well established yet present opportunities for refinement.
In addressing Research Question 2, respondents perceived significant productivity gains from the integration of planning and control. Key metrics—throughput, coordination efficiency, and digital tools impact—averaged above 4.0, while lead-time reduction and stock-out frequency reduction averaged just under 4.0, suggesting particular areas for targeted improvement. Research Question 3 identified ERP-based integrated planning modules (88.7% endorsement) and IoT-enabled real-time monitoring (84.9%) as the most suitable Industry 4.0 tools for the Nigerian pharmaceutical context.
Hypothesis testing via Pearson’s correlation dismissed the null assumptions that production planning and inventory control bear no relationship to productivity outcomes; both relationships were statistically significant (r = 0.62 and r = 0.57, respectively; p < 0.001). Multiple regression analysis further demonstrated that these two factors jointly explained 48% of the variance in productivity metrics (F = 24.6, p < 0.001), confirming their synergistic effect. Collectively, the findings validate that enhanced, technology-enabled production planning and inventory control systems drive meaningful improvements in throughput, lead times, stock-out rates, and overall operational efficiency within Tuyil Pharmaceutical.
5.2 Conclusions
The evidence from this study underscores that modern manufacturing productivity hinges on the seamless integration of production planning and inventory control. At Tuyil Pharmaceutical, well-documented master schedules, dynamic rescheduling informed by shop-floor feedback, and computerized planning tools form the backbone of effective production planning. Likewise, systematic EOQ calculations, periodic safety-stock reviews, and computerized inventory management facilitate balanced stock levels and minimize disruptions. The statistically significant relationships between these practices and productivity outcomes confirm that neither domain operates in isolation; rather, they mutually reinforce each other to yield improved throughput, responsiveness, and cost efficiency.
Moreover, the strong endorsement of ERP-based modules and IoT monitoring as preferred Industry 4.0 solutions suggests that the firm’s staff recognize the value of digital transformation. By harnessing real-time data, predictive analytics, and scenario simulations via digital twins, the company can further optimize scheduling decisions, anticipate disruptions, and reduce waste. The regression analysis, which attributed nearly half of productivity variation to planning and control practices, highlights the untapped potential of integrating advanced tools into existing frameworks. As such, this study concludes that deliberate investments in digital infrastructure, coupled with capacity-building for staff, will likely amplify productivity gains and strengthen the firm’s competitive position.
In summary, the alignment of classical production and inventory theories with Industry 4.0 technologies emerges as a robust pathway for pharmaceutical manufacturers in emerging markets. Tuyil Pharmaceutical’s experience exemplifies how blending structured planning methodologies with real-time visibility and analytics can mitigate operational risks, shorten lead times, and optimize resource utilization. Consequently, the company stands to benefit from a strategic roadmap that prioritizes end-to-end integration, continuous monitoring of KPIs, and an organizational culture that embraces data-driven decision-making.
5.3 Recommendations
Invest in ERP and IoT Integration:
Deploy or upgrade an ERP system with dedicated production planning and inventory control modules, and integrate IoT sensors on key equipment and storage areas for real-time data capture and automated alerts.
Strengthen Forecasting and Buffer Strategies:
Implement machine-learning–based demand forecasting models to refine production and safety-stock calculations, and establish dynamic buffer policies that adjust in response to lead-time variability.
Enhance Staff Capabilities through Training:
Organize regular training programs on digital planning tools, data analytics, and lean methodologies to ensure planners and inventory controllers can fully leverage advanced systems.
Pilot Digital Twin Simulations:
Develop digital twins of critical production lines to simulate “what-if” scenarios—such as machine failures or rush orders—and use insights to optimize schedules and inventory buffers before implementing changes on the shop floor.
5.4 Suggestions for Future Research
Future studies could explore the longitudinal impact of digital transformations by conducting a pre–post implementation assessment of Industry 4.0 tools at Tuyil Pharmaceutical or similar firms. Comparative analyses across multiple pharmaceutical companies in Nigeria would enhance generalizability and identify industry-specific best practices. Additionally, qualitative investigations into organizational change management and workforce adoption barriers could yield insights into the human factors that influence technology uptake. Finally, research into the environmental and sustainability implications of integrated planning and inventory control—such as carbon footprint reductions from waste minimization—would expand the field’s understanding of holistic performance metrics.
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TUYIL PHARMACEUTICAL INDUSTRY LIMITED
Questionnaire on Production Planning, Inventory Control, and Productivity
Please answer all questions. Your responses are strictly confidential and will be used only for academic research.
Section A: Respondent Profile
	Item
	Question
	Response Options

	A1
	Department
	□ Production Planning
□ Inventory Control/Warehouse
□ Production Supervision
□ Quality Assurance/Regulatory

	A2
	Job Title
	□ Planner/Scheduler
□ Inventory Controller/Supervisor
□ Line Supervisor/Team Lead
□ QA/Compliance Officer

	A3
	Years of Experience in Current Role
	□ < 1 year
□ 1–3 years
□ 4–6 years
□ 7–10 years
□ > 10 years








Section B: Production Planning Practices
(1 = Strongly Disagree … 5 = Strongly Agree)
	Item
	Statement

	B1
	We have a documented master production schedule that is updated monthly.

	B2
	Production plans are adjusted in real time based on shop‐floor feedback.

	B3
	We use forecasting techniques (e.g., time‐series or machine learning) to predict demand.

	B4
	Capacity planning (long, medium, short‐term) is integrated into our planning process.

	B5
	We hold regular planning meetings with all relevant stakeholders (e.g., procurement, QA, production).

	B6
	Digital tools (e.g., ERP, planning software) are used to generate production schedules.

	B7
	We simulate “what‐if” scenarios (e.g., machine breakdowns) before finalizing schedules.

	B8
	Production planning KPIs (throughput, cycle time) are tracked and reviewed weekly.

	B9
	Changeover times are monitored and minimized through planning.

	B10
	We maintain buffers (e.g., time, capacity) to absorb demand fluctuations.

	B11
	Planners receive real‐time data from shop‐floor systems (e.g., IoT sensors).

	B12
	Training is provided on production planning tools and methods.




Section C: Inventory Control Techniques
(1 = Strongly Disagree … 5 = Strongly Agree)
	Item
	Statement

	C1
	We maintain optimum reorder points for all raw materials and components.

	C2
	Economic Order Quantity (EOQ) calculations are performed for major SKUs.

	C3
	Safety stock levels are reviewed periodically based on demand variability and lead‐time data.

	C4
	A computerized inventory management system (e.g., ERP module, barcode/RFID) is in use.

	C5
	Inventory audits (cycle counts or physical counts) are conducted regularly.

	C6
	We use pull‐based systems (e.g., kanban) to replenish work‐in‐progress.

	C7
	Vendor‐Managed Inventory (VMI) arrangements exist for key suppliers.

	C8
	Stock‐out incidents are recorded and analyzed for root causes.

	C9
	Inventory KPIs (turnover rate, days on hand) are monitored monthly.

	C10
	We employ multi‐echelon inventory optimization across sites (if applicable).

	C11
	Warehouse layout and slotting strategies are reviewed to improve picking efficiency.

	C12
	Blockchain or other traceability technologies are explored or piloted.







[bookmark: _GoBack]Section D: Perceived Productivity Outcomes
(1 = Strongly Disagree … 5 = Strongly Agree; plus one open‐ended question)
	Item
	Statement

	D1
	Our throughput (units produced per shift/day) has increased over the past year.

	D2
	Average production lead time has decreased in the last 12 months.

	D3
	Stock‐out frequency for critical inputs has reduced recently.

	D4
	Overall equipment effectiveness (OEE) has improved in our department.

	D5
	We have observed fewer production line stoppages due to material shortages.

	D6
	Inventory carrying costs have declined as a result of control measures.

	D7
	Coordination between planning and inventory functions has enhanced operational efficiency.

	D8
	The adoption of digital tools for planning and control has yielded measurable productivity gains.


D9: In your opinion, what is the single most important improvement that could further enhance productivity through better production planning and inventory control?
______________________________________________________________________________

Thank you for your participation!
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