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ABSTRACT 

 

 

Supply chain planning is highly complex yet vital for a smooth operating supply chain. 

Supply chain coordination, integration, and execution are always burdened by internal and external 

uncertainties. To be successful, firms must accurately anticipate and satisfy demand by planning 

for and controlling inventory. This dissertation is a compilation of three journal papers.  

The first paper examined the difference between the two most commonly used univariate 

time-series for demand planning: customer orders and sales orders (shipments). Here the forecast 

from two univariate time-series were tested, and results were validated using data from a North 

American fastener and tools manufacturer.  It was concluded that the difference between the 

customer orders time-series and the shipments time-series for steady, normally distributed, 

demanded products and their respective forecast is systemic rather than random.  

The second paper proposed and assessed a multi-criteria inventory control model for the 

effective management of inventory. The rapidly deployable model (RDM), which is an equal-

weight model, was compared with models in the extant literature. The proposed model performed 

better than most of the models studied.  

In the third paper, ABC inventory classes for turnover performance were studied. Results 

showed that A-class inventory has higher turnover and the smallest inventory days on hand than 

both B-class and C-class categories, irrespective of the model used. No performance difference 

was observed between the B class and C class. 
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CHAPTER 1 

INTRODUCTION 

 

 

1.1 Supply Chain Management Definition 

Despite the popularity of the term “supply chain management,” both in academia and 

practice, there remains considerable confusion as to its meaning (Mentzer et al., 2001). No single 

definition of supply chain management satisfies all supply chain management professionals. In 

fact, supply chain management has several variant definitions from both academia and industry. 

Mentzer et al. (2001), after evaluating the extant literature on the definition of supply chain 

management, concurred on the incongruent definitions proffered by both academics and 

practitioners. Below are a few definitions to show how disparate the term “supply chain 

management” is perceived:  

“. . . encompasses the planning and management of all activities involved in sourcing and 

procurement, conversion, and all logistics management activities. Importantly, it also includes 

coordination and collaboration with channel partners, which can be suppliers, intermediaries, 

third party service providers, and customers. In essence, supply chain management integrates 

supply and demand management within and across companies.” (Council of Supply Chain 

Management Professionals) 

“The identification, acquisition, access, positioning, management of resources and related 

capabilities the organization needs or potentially needs in the attainment of its strategic 

objectives.” (Institute for Supply Management) 

“The demand, planning, execution, control and monitoring of supply chain activities with 

the objective of creating net value, building a competitive infrastructure, leveraging worldwide 
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logistics, synchronizing supply with demand, and measuring performance globally.” (American 

Production and Inventory Control Society Dictionary, 11th Edition) 

In their attempt to provide an encompassing definition stemming from the literature, Mentzer et 

al. (2001) defined supply chain management as the following:  

“. . . as the systemic, strategic coordination of the traditional business functions and the 

tactics across these business functions within a particular company and across businesses within 

the supply chain, for the purposes of improving the long-term performance of the individual 

companies and the supply chain as a whole.” (Mentzer et al., 2001).   

For more academic definitions, see Mentzer et al. (2001).  

Supply chain management definitions might be different but they all share the same thread 

of an interfirm and intrafirm planning, execution, and coordination of processes, resources, and 

information to match supply with demand for profitability. Discussed below are some of the 

compartmentalized planning concepts that, when linked together, help achieve a well-coordinated 

and efficient supply chain. First, however, the overarching planning for the supply chain will be 

examined.  

1.2 Research Scope 

The scope of this research is the compilation of three articles. Chapter 2 is the study of the 

use of supply chain planning information through the statistical examination of the difference 

between the customer orders time-series and the sales orders (shipment) time-series, and their 

resulting forecasts. This research considers demand planning for steady, normally distributed, 

demanded products in a manufacturing setting. It sanctions the advancement of the customer 

orders univariate time-series used for forecasting and planning demand at a level closest to the 

customer.  
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 Chapter 3 presents a proposed model after extensive evaluation of the existing literature on 

inventory control models. This model, the rapidly deployable model (RDM), for multi-criteria 

inventory control (MCIC) is developed as an extension of the single-criterion model. It is then 

compared with other models in the literature. This study was limited to statistical tests for 

correlation and concordance utilizing both parametric and distribution-free methods.  

 Chapter 4 details studies on inventory turnover as a measure of performance to evaluate 

how classes of inventories perform, with the objective of setting inventory policy and strategy 

formulation.  Overall inventory is evaluated for each model, and then individual classes are also 

evaluated for inventory turnover and days of inventory on hand. Class results are then compared.   

1.3 Research Significance 

The significance of this research is multi-faceted and is articulated according to a chapter-

by-chapter perspective.   

Chapter 2:  Due to the importance of supply chain planning and control, forecasting and 

demand planning now occupy a critical space in the complex network of manufacturers, suppliers, 

and warehouses. Forecasting and demand planning for a supply chain is ubiquitous in 

manufacturing industries today.  Developing a forecast from an unconstrained customer demand 

provides an unfettered prediction of customers’ needs in the future (Gilliland, 2010). Persistent 

underforecasting in the short and long terms adds cost to a supply chain due to frequent production 

rescheduling, expediting, change in method of transporting goods, and overtime pay.  

This research contributes to the literature by showing the following: 

 Statistically, there is a structural change in a normally distributed time-series as it traverses 

from downstream to upstream.  
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 The forecast from a normally distributed customer demand time-series is statistically 

significantly different from a shipment time-series. 

 There is a systemic underforecast in using a shipment time-series rather than a customer 

orders time-series.  

 The difference between customer orders time-series and shipments time-series is not due 

to chance. 

Chapter 3: Given the numerous number of stock-keeping units (SKUs) that firms hold, it 

is important that managers have an effective tool that will allow them to quickly and efficiently 

control inventory. It is believed that, currently, many planning systems do not have the capability 

of classifying inventory using more than one criterion. Real-world decision making is rarely one 

dimensional; instead, it requires the consideration of several factors. This research contributes to 

the literature by doing the following:  

 Proposing a simple and effective model that is better than most existing models to 

categorize inventory according to A, B, or C.  

 Making this tool available to managers, in order to help them make decisions easily and 

accurately on inventory policies, manufacturing strategies, and cycle counting policies. 

 Demonstrating that simply standardizing criteria could provide a better MCIC model. 

 Showing that adding weights to criteria may make them less effective for MCIC. 

 Providing a model substitutability matrix for use by practitioners.   

Chapter 4: One of the most effective ways of checking model efficacy is in its performance. 

The assessment of multi-criteria inventory control models is extended to determine their 

operational performance capability. Here, inventory turn and inventory days on hand are used to 

measure a model’s performance. The different classes are separately evaluated for inventory turn 
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and how many days’ worth of inventory the firm has on hand. It is important to know that models 

are appropriately classifying inventory to meet a firm’s objectives; one of these objectives is that 

firms are selling inventory in a timely manner and at a rate acceptable to achieve the requisite 

supply chain goals of meeting customers’ needs, thus reducing inventory risk associated with 

overstocking and obsolescence. With the knowledge of how inventory is performing, a firm can 

institute inventory strategies to increase revenue. 

Chapter 5: This chapter synthesizes the previous chapters and presents a summary 

conclusion of supply chain planning and control focusing on the following:  

 The significance of the univariate data used to forecast and plan the supply chain. 

 The classification and evaluation of inventory class performance. 

 The managerial implication of the findings in this study to supply chain systems.  

1.4 Dissertation Outline 

This dissertation is designed to explore some of the challenges encountered in planning 

and control of supply chain systems.  It is organized as follows:   

Chapter 1 presents an introduction of supply chain management and some of its planning 

agents at the downstream and upstream continuum to provide a contextual basis of demand 

planning in a manufacturing operation. Chapter 2 draws from planning insights discussed in 

Chapter 1 and the extant literature to synthesize an experiment that addresses dissimilar 

philosophies in univariate time-series selection for planning a supply chain. It also articulates the 

forecast outcome of the two disparate time-series. Chapter 3 examines one of the products of a 

forecast inventory, and a model is proposed to effectively control inventory through a multi-criteria 

inventory control mechanism. The model is statistically compared with other existing models for 

effectiveness, congruency, and concordance. Chapter 4 is an extension of Chapter 3 on MCIC. It 
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examines the performance of some of the various models used to classify inventory. The 

performance measure is one of the most-applied measures for operational inventory 

performance—inventory turnover. Chapter 5 concludes the dissertation with a summary of the 

previous chapters and their contribution to the extant literature. Managerial implications are also 

discussed, and future works are proposed. 

1.5 Supply Chain Planning 

Supply chains in many industries suffer from an excess of some products and a shortage of 

others, owing to an inability to predict demand. Therefore, the first step in devising an effective 

supply chain strategy is to consider the nature of the demand for the products that the company 

supplies (Fisher, 1997). Supply chains have become more extended and dynamic due in part to 

global trade and market demands. Increasing competitive pressure in the global marketplace 

coupled with the rapid advances in information technology (IT) underscore the importance of 

supply chain planning in manufacturing and service organizations. Given the complexity of large 

operations and the often conflicting objectives of the various business divisions and functions, it 

is important to have a well-defined plan that will harness the synergies and trade-offs along supply 

chains. Effective integration of these various functionalities is the primary objective of supply 

chain planning (Gupta & Maranas, 2003). Different entities within a supply chain operate 

differently. Extended and dynamic supply chains require agile and flexible processes that suit 

supply chains as wells as adapt to changes. For a well-functioning supply chain, these entities must 

work in harmony to achieve the objective of the supply chain (Swaminathan et al., 1998). 

 The three critical stages of supply chain planning, which when performed correctly provide 

value and consistency along the chain, are the following: operational planning, tactical planning, 

and strategic planning. These stages are all vital to the efficient and effective functioning of supply 
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chains, with strategic planning being at the highest level and operational planning being at the 

lowest level. Optimization of the complete supply chain is accomplished through efficient planning 

decisions. At the strategic planning level, typical decisions concern the location of manufacturing 

and/or warehousing facilities, chain topology, and vendor selection (Alonso-Ayuso et al.2003; 

Melo et al. 2006). 

1.6 Supply Planning 

There are three traditional functions in the supply chain: procurement, production, and 

distribution (Thomas & Griffin, 1996). Within these stages are multiple functions and numerous 

activities to undertake, all of which require diligent, integrated, and well-coordinated planning to 

fulfill demand. Das and Abdel-Malek ((2003) proposed a model that could estimate the strength 

of buyer-supplier relations under changing supply situations of potential supply chain partners. 

They defined this relationship as supply chain flexibility, which is influenced by order quantities 

and supply chain lead-times. Rossi et al. (2010) addressed the general multi-period 

production/inventory problem with non-stationary stochastic demand and supplier lead time (LT) 

under service-level constraints by applying a stochastic constraint programming approach. They 

were able to show that a stochastic supplier LT significantly affects the structure of the optimal 

policy with respect to the case in which the LT is assumed to be deterministic or non-present. 

Supply planning ensures the timely availability of material and products to meet customer 

demands. Supply planning involves various functions within a manufacturing entity. Some of the 

critical supply planning that helps ensure superior supply chain performance is discussed in the 

following subsections.  
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1.6.1 Procurement Planning 

Procurement plays a critical role in the supply chain as organizations become larger and 

supply chains become more complex. Due to the amount of money spent and the volume of 

materials ordered annually, purchasing managers are becoming more creative in crafting strategies 

to reduce the amount an organization spends on purchased goods. However, this has been further 

complicated as outsourcing becomes more prevalent, thus requiring the manager to not only have 

commodity price knowledge but also knowledge of geographic, demographic, socioeconomic, 

political, and cultural intricacies of markets (Birou & Fawcett, 1993). The procurement function 

is a dependent function. It relies on preceding functions such as demand planning and customer 

service management to upload forecast and orders, respectively. In a manufacturing environment, 

production planning controls the material requirement planning (MRP) system on which buyers 

rely to determine material purchases. Extensive research on the strategic position of the 

procurement function has been undertaken. Most researchers have concluded that for the 

organization to realize value in procurement, it must be strategically situated and integrated 

internally and externally (Carr & Pearson, 1999).  

1.6.2 Strategic Procurement  

A strategic purchasing function is a key decision-making entity that participates in the 

firm’s strategic planning processes. The purchasing function’s activities and strategies are then 

specifically patterned to support the corporation’s overall strategies (Ellram & Carr, 1994). Such 

a setup leverages synergies with other functions to lower cost, improve on quality, and make 

products available to the supply chain.   
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1.6.3 Capacity Planning 

The demand plan serves as the strategy from which other plans in the supply chain are 

generated, and it heavily weighs on the performances of upstream activities such as manufacturing 

and logistics, capacity, and safety stock decisions. The uncertainty of demand signals that are 

propagated and magnified, commonly known as the bullwhip effect, adds to the complexity of 

supply chain planning. The bullwhip effect, which has been widely studied, is the main challenge 

to overcome if effective operation plans is to be attained by planners (Chen et al. 2007). To study 

strategic capacity planning in the semiconductor industry, Karabuk and Wu (2003) proposed a 

multi-stage stochastic program with recourses, taking into consideration demand and capacity 

uncertainties. Due to the complex nature of the problem, in order to understand the decoupling 

effects of marketing and manufacturing, they simulated different decoupling strategies using 

recourse approximation. They observed that capacity uncertainty induces more capacity 

expansions, whereas demand uncertainty induces a higher level of outsourcing, thus providing 

insight into strategic capacity planning decisions in the semiconductor industry.   

Most planners and organization nowadays have accepted safety stock, capacity buffers, 

and safety time as mitigating strategies, with some researchers contending that these mitigating 

factors also add to operational inefficiencies.  Buffer capacity can be expensive to procure and 

underutilized, especially during weak demand periods. This type of demand-variability mitigating 

strategy could be hard to justify when accountants and financial managers always expect higher 

asset utilization figures. Safety stock adds to on-hand inventory and requires vigilance in planning 

to know when to release stock in order to avoid excess or obsolete inventory as demand declines 

or product reaches its end-of-life.  The adverse timing for such releases could negatively impact 

supply chain performance. 
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Papageorgiou et al. (2001) laid out specific strategic supply chain considerations for 

capacity planning in the pharmaceutical industry, suggesting the following requirements for an 

accurate analysis of capacity needs: 

 Capacity costs 

 Construction lead times 

 Fixed operating costs 

 Production rates per product 

 Setup times 

 Scale-up time 

 Qualification time 

Cost and time factor heavily in making capacity decisions and, as a result, require careful 

planning and justification to avoid financial loss. The considerations of Papageorgiou et al. (2001) 

can be categorized into three elements: cost, time, and quantity. Building a new plant or extending 

an existing one, starting a new production line, or building a new warehouse are all capital-

intensive investments, which, with thoughtful planning and execution (timing and production rate), 

could lower the financial risk (cost) and give an organization the competitive edge and increased 

market share.   

1.6.4 Production Planning 

Production planning plays an integral part in ensuring that products are made in a timely 

manner for distribution to customers and warehouses. This has a broad function, and the literature 

has explored it from different dimensions, such as inventory planning and control, capacity 

planning, material requirement planning, supply chain planning, etc. To demonstrate the value of 

a system-wide perspective for optimizing the supply chain, Graves et al. (1998) developed a single 
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production-inventory stage model scaled to a multi-stage system using demand forecast as input 

in the synthesis of the production plan, which then became input to upstream stages of the supply 

network. This kind of model is a reflection of industry supply chain practice where the forecast, as 

input, initiates upstream activities in meeting customers’ requirements. The aggregation of the 

forecast is made in the forecast management system, while the disaggregation for detail planning, 

scheduling, and production tracking are made in the material requirement planning system. Firms 

commonly use MRP for arranging purchases and remanufacturing order releases, maintaining bills 

of materials, and tracking materials (Guide, 2000). MRP systems are some of the most important 

systems in planning manufacturing operations, even though researchers weigh in heavily on their 

drawbacks. Therefore, setting MRP parameters correctly to optimize production and inventory 

help sustain customer serviceability.    

1.7 Demand Planning  

The performance of every supply chain entity depends on the quality of the demand plan, 

which is used for a myriad of things. The purpose of demand planning is to improve decisions 

affecting demand accuracy and the determination of safety stock to achieve desired service levels 

through collaborative efforts (Wagner, 2002). Several demand planning tools are available to 

demand planners.  Some of those tools are discussed in the following subsections for contextual 

perspective to supply chain planning and control. But prior to examining these tools, it is important 

to provide one of the reasons why they are needed in the first place. Demand information distortion 

is a pervasive and perennial challenge to demand planning and forecasting.  

1.7.1 Demand Information Distortion 

 Information flows among members of a supply chain have a direct impact on the 

production scheduling, inventory control, and delivery plans of individual members in the supply 
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chain. In their study of information distortion, Lee et al. (2004) referred to the bullwhip effect as 

the phenomenon where orders to the supplier tend to have larger variance than sales to the buyer. 

F. Chen et al. (2000) demonstrated that the bullwhip effect is due, in part, to the effects of demand 

forecasting, and they also showed that providing supply chain partners with complete access to 

customer demand information can considerably reduce variability along a supply chain. In 

addition, the bullwhip effect will not be totally eliminated even if supply chain partners share 

information and use forecasting methodology and inventory policy (F. Chen et al., 2000; Sahin & 

Robinson, 2002). Such a challenge adds a new dimension to the difficulties that demand planners 

encounter daily in forecasting and planning for the supply chain. This is compounded by the fact 

that multiple causes constitute the bullwhip effect and, as a result, require different mitigating 

strategies for each. Lee et al. (2004) mentioned four causes of the bullwhip effect: demand 

signaling, order batching, fluctuating prices, and rationing.  Two well-documented mitigating tools 

have provided some degree of success against demand information distortion—collaborative 

planning, forecasting, and replenishment (CPFR), and sales and operations planning (S&OP).  

1.7.2 Collaborative Planning, Forecasting, and Replenishment 

CPFR has superseded traditional collaborative tools such as vendor-managed inventory, 

efficient consumer response, and electronic data interchange. Those who have been able to 

successfully implement CPFR find that it has delivered mutual benefits among supply chain 

partners due to closer interaction and wider communication (Min & Yu, 2008). Other researchers 

(Esper & Williams, 2003; Fliedner, 2003; Langabeer & Stoughton, 2001; McCarthy & Golicic, 

2002; Sari, 2008) have shown the benefits of CPFR to supply chain partners. This strategy has 

helped collaborators reduce on-hand inventory, safety stock, and lead time, as well as improve 

service levels and response time. Fang Du et al. (2009) proposed a CPFR-based model by 
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modifying the standard CPFR model for the procurement of agricultural products. Their case 

studies at Nabisco and Wegmans food markets showed favorable supply chain gains in the form 

of decreasing inventory, improving distribution efficiency, and increasing revenue. The 

agricultural products procurement model with CPFR helps both buyers and sellers to minimize 

waste in products and reduce cost and risk (Fang Du et al., 2009). CPFR is not limited to certain 

industries or sectors, and is widely used by retailers and manufacturers.    

1.7.3 Sales and Operations Planning 

S&OP has delivered remarkable results to organizations that have implemented it 

satisfactorily. Unlike CPFR, S&OP is predominantly an intrafirm planning tool that encourages 

collaboration to meet customers’ needs and firms’ financials and operations objectives. The S&OP 

process is a forum whereby different functional strategies meet in order to establish a production 

plan that economically serves the needs of the market, while supporting both the strategic and 

financial plans of the firm (Olhager et al.2001).  The S&OP process consists of two sub-processes: 

demand and supply. Kjellsdotter and Jonsson (2010) showed that information systems, particularly 

advanced planning and scheduling systems, provide a benefit to the S&OP process. The demand 

planning team leads the organization in monthly S&OP, working with other functional teams to 

synchronize supply with demand. This is a single company-wide plan toward which all functions 

within the company work monthly.  On the other hand, the production team leads all supply 

planners in ensuring that products can be produced and shipped to customers. The planning 

culminates with a monthly executive meeting to finalize the sales and operations plan. 

1.7.4 Forecasting and Demand Planning 

For the supply chain to have a better chance at meeting customers’ demands, it must 

accurately anticipate demand periodically.  Forecasts are important in planning for demand, 
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materials, inventory, and logistics.  Forecasting and demand planning are at times used 

interchangeably but are functionally distinct. The objective of forecasting is to predict demand, 

while the objective of demand planning is to shape the demand and produce a resource requirement 

plan (Malpass & Shah, 2008).  The goal of the forecasting team is to produce a reliable and accurate 

forecast that can be used for planning upstream. However, due to demand variability and other 

uncertainties, forecasts are prone to error. Mitigating such error through demand shaping and other 

techniques helps reduce the effect of demand uncertainty and information distortion. Information 

distortion, in the form of data used in forecasting, is central to this dissertation. Some organizations 

have used sales orders to plan for their supply chain, while others have used customer orders. 

Leonard (2001) studied how sales promotions affect the historical sales time-series in order to help 

predict how proposed promotions may affect the future based on similar, past promotions. This 

kind of study emphasizes sales to the detriment of demand. Most sales (shipping, invoicing, and 

collection) occur after demand. Therefore, if emphasis is placed on demand, then an organization 

will have a better handle on the true market demand and the dynamics to better plan for sales.  

This research investigated the difference between a normally distributed demand time-

series and a normally distributed censored demand (sales) time-series on a rolling-basis using 

statistical techniques. The technique—independent samples testing—used the mean test, median 

test, standard deviation test, and Kolmogorov-Smirnov (K-S) test with associated hypothesis 

testing to determine if the two series are similar in characteristics. This is important because 

similarities in both time-series would suggest that the interchange between them would produce 

an identical forecast and plan for a supply chain. Dissimilarities in the time-series and a rejection 

of the tests’ respective null hypotheses would suggest that a disparate forecast and plan would 
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emerge from the two time-series. Therefore, different time-series will affect the supply chain 

performance. 

1.8 Multi-Criteria Decision Making 

Multi-criteria decision making (MCDM) methods deal with the process of making 

decisions in the presence of multiple objectives. This well-known branch of decision making 

involves a general class of operations research models that deal with decision problems under the 

presence of several criteria (Pohekar & Ramachandran, 2004). Different approaches for evaluating 

alternatives are as follows: 

 Weighted sum method 

 Weighted product method 

 Analytical hierarchy process 

 Preference ranking organization method for enrichment evaluation 

 Elimination and choice translating reality 

 Technique for order preference by similarity to ideal solutions 

 Compromise programming 

 Multi-attribute utility theory 

MCDM has been applied to various problems in finance, project management, 

environmental, and inventory control, just to name a few.  Linkov et al. (2006) proposed a decision 

analytic framework that incorporates MCDA with adaptive management and stakeholder 

participation to assess environmental risk. In this type of decision making, project goals and 

objectives may be reassessed and revised. It is similar to MCIC whereby the same stock-keeping 

units are periodically assessed and reclassified, depending on their performance ranks.  
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1.8.1 Multi-Criteria Inventory Control  

MCIC is different from traditional MCDM in the sense that MCDM is designed for 

decision-making where the best alternative is selected. Opposite to this, MCIC is not for selecting 

alternatives but rather is used to determine the level of control to be administered on inventory 

based on classes. MCIC is a tool widely used in industry. However, the way it is practiced is 

rudimentary and mostly arbitrary in setting the level of control. The single criterion is the most 

widely used in industry because of its simplicity, and it could be easily performed in Excel. 

Researchers have agreed that multi-criteria are more reflective of real-world decision making and 

therefore more meaningful in making decisions to manage resources.   

From the inception of single-criterion decision making to the contemporary multi-criteria 

decision making, there has been a huge rise in methodologies used to develop MCIC.  Most of the 

recent methods are weighted, which in itself could introduce bias in the process. A weight of 1 

technically imposed on the single-criterion model does not multiplicatively alter the transformed 

values. Using the same reasoning, a model that leverages the strengths of the single-criterion model 

to classify inventory into three categories—A, B, and C—has been proposed here. This model was 

linearly transformed, the criteria weights were evenly distributed, and it was tested on a case study 

with 47 SKUs.  This case study was previously used by other researchers and then statistically 

compared with other models in the literature. The model registered more hits and was more 

correlated with other models assessed. The complexity of the other models stemming from 

formulation and mathematical modelling could be disadvantageous for industrial applications.  

Weight assignment could also add to modelling subjectively. The decision to select a criterion 

during the criteria evaluation phase already establishes a criterion’s importance. Adding another 

layer in the form of weights could dilute the effectiveness of a model in scoring SKUs.  
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1.8.2 ABC Inventory Classification 

Organizations carry considerable inventory for different reasons. Inventory is carried as a 

buffer during production to avoid a critical resource from shutting down or as safety stock to 

mitigate demand uncertainties, or it is simply held in anticipation of demand. Inventory is held in 

the form of raw materials, components, subassemblies, or finished goods. Regardless of the form 

in which it is held, inventory must be accounted for and controlled to operate an efficient and 

reliable supply chain. Inventory shrinkage, inaccurate recordkeeping, and lack of control have cost 

companies millions of dollars. Respondents of a supermarket survey by Jones et al. (1990) 

estimated that the loss due to pilferage is approximately $1,209 a year for each employee.  ABC 

inventory classification is used to manage inventory to help avoid loss, theft, and record 

inaccuracy. It is a simple method of classifying inventory into A, B, and C categories. The level 

of control imposed is determined by the class. A-class items consist of the fewest number of SKUs 

and require the most stringent control. B-class items consist of a fewer number of SKUs and 

require less-stringent control than A-class items. C-class items consist of the most number of SKUs 

and require the least stringent control.  

ABC inventory classification emerged from Pareto analysis, which ranks items according 

to the frequency of occurrence, with 20% of the items constituting 80% of the cumulative 

frequency, and 80% of the items constituting 20% of the cumulative frequency.  In Pareto terms, 

20% of the items become A-class items, and 80% of the items become B-class items. Work of the 

Italian economist Vilfredo Pareto was extended to MCIC, using three classes instead of two and 

the demarcation of classes determined by the inventory planner. For example, the classes could be 

set to 70–20–10, assigning 70% of the cumulative value frequency to A-class items, 20% to B-

class items, and 10% to C-class items.  The cumulative value frequencies must add up to 1 (100%). 
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Several multi-criteria decision-making models have been proposed to solve the MCIC problem. 

Some of these were mentioned previously in Section 1.8.1.          
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CHAPTER 2 

 

AN EMPIRICAL ASSESSMENT OF A UNIVARIATE TIME-SERIES FOR DEMAND 

PLANNING IN A DEMAND-DRIVEN SUPPLY CHAIN 

 

 

ABSTRACT 

Many firms use the customer orders time-series as the basis for their forecasting and 

demand planning. However, there are other firms that use the sales orders, or shipments, time-

series.  Our research focused on evaluating and understanding the implications of using sales 

orders (shipments) to plan for a supply chain. We assessed the structural difference between the 

customer orders time-series and the sales orders time-series. An experiment was conducted using 

a set of 48-month and a set of 576-month (long) normally distributed, randomly generated 

customer orders time-series and shipments time-series. Both time-series were statistically 

evaluated periodically by rolling the data and comparing them using a two-sample comparison in 

Statgraphics Centurion XVII software. Then the series were used to generate periodic forecasts, 

and the forecasts were statistically tested using a two-sample comparison. We found a statistically 

significant difference between the two series for both the 48-period time-series and the extended 

576-period time-series. Our results showed that the customer orders time-series was statistically 

different from the shipments time-series due to censorship. Forecasts generated from the customer 

orders time-series and the shipments time-series were statistically significantly different. Using 

the shipments time-series to forecast and plan for a demand-driven supply chain caused a perpetual 

state of underinventory. 

 

Key Words: Demand planning, forecasting, supply chain, time-series, two samples testing, 

underinventory  
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2.1 Introduction  

Supply chain management involves a complex network of customers and suppliers that is 

constantly optimizing demand and supply. Demand management, an integral part of any supply 

chain, precedes supply management in a demand-driven supply chain. The American Production 

and Inventory Control Society (APICS) (2005) defined demand management as “the function of 

recognizing all demands for goods and services to support the marketplace. It involves prioritizing 

demand when supply is lacking. Proper demand management facilitates the planning and use of 

resources for profitable business results.” Demand planning, an essential part of demand 

management, is a multi-step process with forecasting at its core. Considering the increasing 

importance and complexity of demand management, very little has been done to study the 

discipline from a planning and process viewpoint. There are ample studies on forecasting, which 

in some companies is considered demand management. However, the APICS definition explicitly 

describes what is required for an effective management of demand. The time-series forecasting 

technique is primarily used for planning demand. It assumes that a product’s future is likely to 

resemble its past, and as such, a product’s time-series can be used to accurately predict its future 

(Tyagi, 2002). In this paper, we interchangeably use sales orders and shipments to refer to the 

censored time-series. Many organizations perform demand planning beginning with product 

forecasting using a univariate time-series in the form of sales orders (SOs) or customer orders 

(COs) to plan for subsequent supply chain activities. Time-series models include Box-Jenkins, 

moving average, linear trends, exponential smoothing, and decomposition. In the other spectrum 

are causal methods that are out of the scope of this paper.  

Many companies plan their supply chains using the COs time-series. However, a number 

of companies use the SOs (shipments) time-series to plan their supply chains for a myriad of 
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reasons. For example, some companies use SOs because it is then convenient to use the “demand 

plan” for sales and financial projects. Other firms believe that their shipments are close to actual 

demand and hence using the shipments time-series to forecast demand will not do any harm. 

Several researchers have shown that shipment data is censored demand (Chevalier and Goolsbee, 

2003; Leong & Cheong, 2009; Garg and Telang, 2011; Feiler et al., 2013).  Shipment data is 

censored as the result of imbalances between demand and supply, which characterizes supply 

chains. Demand censorship occurs for many different reasons: inventory stock-out, new product 

allocation, an act of nature, and many others. All of these reasons give rise to upstream data that 

is different from downstream data. Time-series censorship inadvertently occurs in the supply chain 

when procurement personnel try to be effective in managing their procurement system by 

implementing a fill-and-kill purchasing policy. Here, in order to control purchase orders as well as 

manage the effectiveness of the procurement system, firms may require that suppliers fill and then 

kill (not back order) any residual quantity from a purchase order. From the buyer’s standpoint, fill 

and kill enables a procurement system that is devoid of partial purchase orders. In implementing a 

fill-and-kill policy, the need to keep purchase orders open for a long period in anticipation of 

residual shipment from suppliers is no longer necessary. Once a shipped order is received it is 

simultaneously closed in the customer’s procurement system. Thus, there are no partial orders in 

the procurement system waiting to be closed. Partial purchase orders make tracking of purchase 

orders and system maintenance difficult, especially when buyers are trying to control numerous 

items. As more and more firms move away from sole sourcing, they are likely to have multiple 

suppliers for a product, which makes it easier to obtain products from other suppliers rather than 

wait for backorders, which can take days or weeks to fill. 
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In this study, we assume that a supplier providing a product under a fill-and-kill contract 

will fill the entire order promptly or fill the order up to the available inventory. We also assume 

that a buyer may not reorder the residual order from the original supplier, but instead places the 

order to another supplier who can supply the residual order immediately. In this case, the initial 

supplier does not have a backorder for the particular item. It is assumed that the secondary supplier 

always fully fills the residual orders because of its desire to be a primary supplier when the 

customer conducts a supplier performance review. It is important to note that this kind of 

arrangement benefits the customer rather than the supplier.  The fill-and-kill practice is most 

prevalent in retail and supply chains where the product is generic and can be provided by several 

suppliers. 

The objective of this paper is to demonstrate how steady-demanded, normally distributed 

products are influenced by censorship and to validate that there is a structural difference between 

the customer orders time-series and the sales orders time-series, which is not due to randomness. 

We also show that the difference in forecasts emanating from these two series are statistically 

significantly different, and that the forecast from the shipment time-series negatively impacts a 

supply chain’s inventory position and hence its delivery capability. We developed an experiment 

to check the output with four statistical tests. Hypotheses are stated for each test, with the null 

hypothesis 𝐻0 stating no difference in parameter location. Alternate hypothesis 𝐻𝐴 associated with 

a test states the difference in parameter location. The two-sample comparison test for the time-

series consists of two parametric tests and two distribution-free tests within the Statgraphics 

Centurion XVII software. The significance of using a two-sample comparison method is its ability 

to detect a shift within two data sets. The difference in the two parameters suggests a structural 

change in the two data sets. This method is more meaningful because it shows statistical 
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significance, compared to other methods used by several researchers that showed the difference as 

a measure of numerical value disparity. Showing statistical significance creates another dimension 

to solving supply chain problems as a result of demand censorship. For practical reasons, the time-

series were rolled monthly prior to testing. This was done for 12 periods, with the exception of the 

first, and each period was tested using Statgraphics software. Similarly, the forecast was treated 

the same. We validated the experimental results using data from a North American fastener and 

tool manufacturer for the housing industry.  

This paper is organized as follows: The next sections provide the motivation for examining 

this problem along with research questions.  A review of the literature on supply chain planning, 

demand planning, and forecasting provides context for using a customer orders time-series and a 

shipments time-series. We also delve into the forecasting and demand planning processes to show 

the activities that take place downstream. The methodology, statistical analysis, results, and 

discussion are presented in subsequent sections.  Closing discussion with managerial implications, 

contributions, limitations, and future work conclude the chapter. 

2.2 Motivation 

To ensure market success, the core processes that match supply with demand must be 

executed well. Supply chain disruptions are typically an indicator that these basic processes are 

not orchestrated well. An announcement of supply chain disruption can cause an abnormal 

decrease in shareholder value of 10.28% (Hendricks & Singhal, 2003). Kumar et al. (2010) provide 

a cogent explanation of supply risk with potential deviations in the inbound supply in terms of 

time, quality, and quantity that may result in uncompleted orders. Two factors that could greatly 

influence the quantity and timing of an order is the placement of the demand quantity in the wrong 

time bucket and the accuracy of the demand quantity. Many studies have shown the effect of 
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demand amplification from downstream to upstream (the bullwhip effect) on production and 

inventory (Buchmeister et al., 2013; Ma et al., 2013; Nepal et al., 2012). However, the effects of 

decrement of orders that result from stock-outs and supply chain disruptions resulting in censored 

demand have not been studied extensively.  The use of a censored time-series to plan for the supply 

chain may result in more harm than the bullwhip effect. Planning with censored data engenders 

supply chain problems similar to those caused by the bullwhip effect. With censored data, the 

ability of the company to meet the supply demand required by the customer is at risk due to poor 

forecasting that may result in inventory shortage. Continual inventory shortages could trigger the 

search for a more reliable supplier and a potential financial loss for supply chain partners. 

Unexpected changes in demand decrease the accuracy of the forecast, which makes it more 

difficult to match supply with demand (Chen et al., 2013). Not accounting for total demand adds 

to forecast inaccuracy, thus causing imbalance in the supply chain. A chronic imbalance will be 

financially detrimental to the viability of the supply chain. Suboptimal machine utilization, low 

inventory, and poor workforce scheduling will result in cost over-run, and inefficient service 

delivery will cause long-term financial perturbations and debase the supplier’s performance 

reputation.   

2.3 Research Questions 

 Research questions considered in this paper include the following: 

 Is the difference between the customer orders time-series and the shipments time-series 

used to forecast demand systemic? 

 Is the difference between forecasts generated by the customer orders time-series and the 

shipments time-series systemic? 



30 

2.4 Literature Review 

Efficient supply chain planning requires adequate demand and supply planning. For 

demand planning, anticipation of customer orders through forecasting provides the ability for the 

system to meet customer needs.  Optimal operating policies are influenced by many risk factors, 

such as late shipments, customs delays, quality control problems, logistics and transport 

breakdowns, and production risks (Kumar et al., 2010).  Williams and Waller (2011) found that 

the superiority of a top-down or bottom-up demand forecast hinges on whether the time-series 

used involves shared point-of-sale (POS) data. The importance of POS data cannot be understated. 

However, not all upstream supply chain partners are privy to POS data and therefore must find 

ways to get close to this data. In most supply chains, what are readily available to partners are their 

own customer orders and shipment data. For firms that choose to use the sales orders time-series 

to forecast and plan for materials and inventory run the risk of using censored data. 

Chevalier and Goolsbee (2003) conducted an experiment to infer the demand on books at 

a customer’s website that would not provide them with the actual demand. They purchased low-

selling books and observed the rank change in their sales. Then they used a Pareto distribution to 

infer demand. Garg and Telang (2011) conducted a similar study to infer “app” demand from 

publicly available data. Chappell et al. (2011) used the maximum simulated likelihood (MSL) to 

estimate demand for versioned information goods. Laamanen (2013) estimated demand for the 

Finnish National Opera by using sales system data and applying censored quantile regression to 

take into consideration the fact that when demand exceeds seat capacity, the demand captured is 

seat capacity.  

Leong and Cheong (2009) demonstrated that sales are not the same as demand, by 

analyzing data from hotel occupancy over time. The procedure applied in their study used a past 
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sales distribution to estimate future demand by taking into consideration censored sales, similar to 

the work of Laamanen. Middleton (1997) estimated the distribution of demand in determining 

flight capacity using bounded sales demand employing normal scores, a normal probability plot, 

and a simple linear regression estimated method. To study the bullwhip effect, Lee et al. (2004) 

examined demand information flow and found systematic distortion in demand information as it 

is passed along the supply chain in the form of orders. Interchange of the customer orders time-

series and the shipments time-series for planning is considered information distortion, since 

demand does not always perfectly align with shipment. Therefore, the shipments time-series 

aggravates the product forecast and demand plan.  

 Vulcano et al. (2012) developed a model by combining a multi-nomial logit (MNL) choice 

model with a nonhomogeneous Poisson model of arrival over multiple periods for estimating 

substitutes and lost demand due to stock-outs or availability control. They further used the 

expectation-maximization method to estimate model parameters from censored demand. Conlon 

and Mortimer (2013) conducted a similar study to improve stock-outs at vending machines. To 

address stock-outs, product availability, and order fulfillment issues at GlaxoSmithKline, 

Muslimah and Simatupang (2014) used Monte Carlo simulation to determine a solution scenario 

of 82% order fulfillment while being able to achieve the lowest stock-out of 10%. Stock-outs is 

one of the main, if not the main, contributor to censored demand. The depth of censored demand 

is undoubtedly influenced by the severity of a stock-out. Getting a handle on the frequency and 

degree of stock-out has always been problematic and as such have made it challenging to address 

the problem especially more so for brick and mortar retailers than for online retailers.    

All of the above works estimated demand by using sales data or stock-out censored demand 

to illustrate that sales are not necessarily demand. Laamanen’s and Middleton’s works are similar 
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to this paper from a sales series bounded (censored) viewpoint; however, they are different in 

approach. Assuming that we know actual demand, and accept the fact that observed demand is 

censored, our research investigates the significant difference of the COs and SOs time-series using 

statistical techniques to detect shift in parameter location. We further investigated for significant 

difference between the forecasts of the two time-series. Previous literature reviews highlight the 

importance of demand data for planning purposes. Feiler et al. (2013) examined decision making 

under censored data and showed how managerial intuition may be biased by censorship. Their 

work provides insight into how individuals in censored environments tend to rely too heavily on 

their observed sample, causing them to form biased beliefs about the underlying population. 

The significant gaps in the literature are the following:  

 The lack of specificity about the significance of the difference in the COs and SOs times 

series due to censorship.  

 The operational impact (inventory) of using SOs time-series for demand planning 

purposes.  

Previous research relies on numerical extrapolation to differentiate sales from demand. However, 

it is important to know if the difference is statistically significant or not. Exploring and 

understanding the above gaps would help in making decisions to change forecasting methodology 

and planning strategies. Understanding the composition and derivation of the time-series provides 

valuable planning information. If a set of data is available, then one of the statistical challenges is 

to see how that data conforms to the proposed model (Arjun & Tuhao, 2001).  

To determine the statistical significant difference between the customer orders time-series 

and sales orders time-series, we used two independent sample tests, which actually comprise four 

different tests in Statgraphics: Mann-Whitney test for equal medians, Kolmogorov-Smirnov test 
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for population distribution, standard deviation test (F-test), and mean test. Munir et al. (2011) 

evaluated the performance of various tests to compare the locations of more than two parameters, 

concluding that the F-test is the best one to test the equality of location parameters in normal 

environments. They also found the K-S test and an extension of the median test to be better choices 

for skewed-oriented data than the F-test.  

These four tests provide a comprehensive assessment of the customer orders time-series 

and shipments time-series from parametric and nonparametric approaches. The K-S test is 

arguably the most well-known test for normality (Drezner et al. 2010; Munir et al. 2011). To test 

normality, Massey (1951) proposed using the sample mean and sample variance, which are 

characteristics of the K-S test. These findings dictate our choice of method to evaluate the two 

time-series. In the following sections, we show a multi-agent framework of a simple supply chain 

to provide perspective on the transition of customer orders from downstream to upstream. A 

subsystem of the framework, the demand planning phase, is explored, in order to show the 

treatment of time-series and the generation of the forecast. 

2.5 Proposed Model 

This section presents a customer-supplier relation where the supplier is contractually 

obligated to fill orders up to the available inventory and kill the portion of order that is not filled. 

For planning purposes, the supplier uses the time-series of those orders to anticipate future 

demand. Our objectives here were to show the significant difference between the customer orders 

time-series and the sales orders (shipments) time-series, the difference in the forecast that comes 

from these two time-series, and the resulting periodic inventory positions.    
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2.6 Supply Chain Agents 

A global manufacturing supply chain is a dynamic network of suppliers, factories, 

distribution centers (DCs), subcontractors, and retailers through which raw materials and 

components are acquired, transformed into products, and sold to customers and consumers (Fox 

et al., 2000; Ho et al., 2000). Traditional supply chain management strategies are process-driven, 

based on demand forecasts (Jiao et al., 2006). The complexity of supply chain systems, as shown 

in Figure 1 (Lu and Wang, 2008), could be made more complex by having multiple customers 

being serviced by multiple DCs or plants, and by having multiple plants being supplied by multiple 

suppliers, as in the real world.  

 

Figure 1: Multi-agent supply chain framework (adopted from Lu and Wang, 2008) 

Customer-centric agents interface with product-centric agents, which interface with 

logistics-centric agents. The demand side interfaces with the supply side through product-centric 

agents and logistics-centric agents to create a well-coordinated supply chain. The interfaces show 

the route that a customer order follows from customer-centric agents to product-centric-agents for 

execution. A customer order is then processed to the logistics-centric agents for load generation 
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and shipment as a sales order. A better forecasting management organization will leverage the 

interlinks of a multi-agent supply chain to accurately extract its time-series for optimal planning 

of its supply chain.  The phases of material flow are crucial to a better-mapped time-series. 

Information flow is just as important for effective coordination, planning, and managerial decision 

making.       

2.7  Systems Interface 

Figure 2 shows the generation steps for the demand plan beginning with data extraction 

from the multi-agent system. The time-series is then uploaded to the forecast management system 

(FMS) to begin the forecasting process. The interface of these two systems comprises our demand 

planning system. In many industrial settings, the FMS is bound to the enterprise resource planning 

(ERP) system, since many ERP systems are not equipped with a well-functioning FMS. The multi-

agent system in this case is the ERP system. A module of the ERP system that interfaces with the 

FMS is the order management and MRP systems. An automated process makes the interface 

seamless but requires the planner to perform due diligence on the data before migration to either 

the ERP or FMS system.  
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Figure 2: Steps in demand planning process in bolt-on ERP-FMS systems 

2.8 Demand Planning Process 

Selecting the right model to apply has always been a challenge (Bozdogan, 1987).  Demand 

forecast updating is a contributor to the bullwhip effect (Lee et al., 2004). Having a time-series 

that is a close representation of actual activities within the supply chain will give a better demand-

and-supply plan. The time-series approach is one of the most frequently used statistical products 

forecasting methods, using time-phased historical data and extrapolating the product needs of 

future customers (Crum and Palmatier, 2003). Steps in the demand planning process were shown 

previously in Figure 2. The manufacturer begins the forecasting process by uploading the most 

recent time-series onto the FMS where the data is cleansed, if necessary, to remove any outliers 

from the time-series, especially one-time orders that will not occur in the future, for instance, 

adjusting and documenting orders that were made as a result of a customer product ramp-up for a 

new store opening, or zeroing-out customer orders in the FMS for a lost customer. In order to 

service customers better, firms forecast and plan for orders. With numerous forecasting models 

available, it becomes a challenge to select the best model that will fit the data. 
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Model selection has been simplified in most forecast management systems, with best-fit 

modelling where the FMS selects the best model that fits a time-series.  When using Statgraphics, 

there are multiple model-selection criteria that can be used to find the best model. Here, we 

employed the Akaike Information Criterion (AIC) (see Appendix 2A), which was used to select 

from competing forecasting models (Park et al., 2007). It is an effective estimator of the out-of-

sample forecast error variance that more stringently penalizes degrees of freedom (Diebold, 2006, 

p. 28). The formula for the AIC is 

 

 𝐴𝐼𝐶 =  𝑒(
2𝑘

𝑇
) ∑ 𝑒𝑡

2𝑇
𝑡=1

𝑇
 (1) 

 

The AIC model selection approach, equation (1), is appropriate when there are several models to 

evaluate (Cavanaugh, 1997).  

2.9 Methodology 

Because overall demand is a collection of smaller demands from a number of customers 

for continuous periods, previous research has assumed that customer demand is random and 

normally distributed (Huang et al., 2008). In this study, a 48-period time-series and a 576-period 

time-series, each consisting of a customer demand time-series (D) and a sales order time-series (S) 

were randomly generated using the NORMINVRAND() functions in Microsoft Excel (see 

Appendix 2B for steps in this process). The command used was as follows: =NORMINV(RAND(), 

5000,1000), which represents a relatively stable distribution with a mean of 5,000 units and a 

standard deviation of 1,000 units. Rudi and Drake (2011) conducted a similar experiment to study 

the effect of demand censoring on order behavior. They used normally distributed demands with 
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a mean 𝜇 = 1000 and a standard deviation 𝜎 = 400. Our time-series distribution had a smaller 

coefficient of variation than Rudi and Drake’s, and hence less variability in demand.  

2.9.1 Data Processing 

The customer demand (CD) quantities were unbounded to reflect actual demand, i.e., no 

censoring was done on the demand quantities. The sales orders time-series, however, was 

generated randomly from the same distribution as the CD data and then censored, i.e., if the 

quantity in SOs > CD, then SOs = CD. This bound ensures that only what is demanded is supplied 

to customers, unless the product is unavailable. However, if SOs < CD, then SOs are maintained 

as the sales quantity for that period. Both the CD and SOs time-series had 48 periods. The series 

n = 48 was expressed as a monthly bucket, giving four years of both demand and sales data, which 

is enough and conforms to industry practice of having multiple years of historical data. It is 

important for the time-series to consist of multiple periods, especially for products that exhibit 

seasonality and cycles. We also tested the two series using n = 576 months as an extended time-

series.  

2.9.2 Statistical Tool 

Statgraphics Centurion XVII software was used for the statistical analysis. An independent 

two-sample comparison method was used to test the customer demand times series and the 

shipments time-series. After the first 48-month time-series was tested, it was then rolled monthly 

by adding the most recent data (𝑡 − 1), while dropping the oldest data (𝑡48) to maintain a series 

𝑡𝑖 (where i = 1, 2, 3…., 48) as new demand history became available; t was the current period.  

Statgraphics software tests the series mean (t-test), standard deviation (F-test), median (Mann-

Whitney, U-test), and K-S test. The underpinnings of these tests are briefly discussed below. All 
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hypotheses are evaluated at 𝛼 = 0.05. The populations were assumed to be approximately normal 

with equal variances.  

2.9.3 Two-Sample Means Test 

A t-test was run to compare the means of the two samples.  A t-test, equation (2) below, 

may also be used to test a specific hypothesis about the difference between the means of the 

populations from which the two samples came.  To perform the t test, the null hypothesis states 

that there is no difference between the means of the two time-series, while we formulated the 

alternate hypothesis that the means of the two time-series are not the same: 

𝐻0: 𝑇ℎ𝑒 𝑡𝑤𝑜 𝑡𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠 𝑚𝑒𝑎𝑛𝑠 𝑎𝑟𝑒 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒.  

  𝐻𝐴: 𝑇ℎ𝑒 𝑡𝑤𝑜 𝑡𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠 𝑚𝑒𝑎𝑛𝑠 𝑎𝑟𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡. 

𝐻0: 𝜇1 =  𝜇2 

𝐻𝐴: 𝜇1 ≠  𝜇2 

The test statistic for the means test is  

 𝑡 =  
(�̅�1−�̅�2)−𝑑0

𝑆𝑝√
1

𝑛1
+ 

1

𝑛2

  (2) 

where 

 𝑆𝑝
2 =  

𝑆1
2(𝑛1−1)+𝑆2

2(𝑛2−1)

𝑛1+ 𝑛2−2
 (3) 

Equation (3) is the pooled estimate of the two variances. 

2.9.4 Equal Standard Deviation Test 

 This hypothesis is as follows 

        𝐻0: 𝑇ℎ𝑒 𝑡𝑤𝑜 𝑡𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑠 𝑎𝑟𝑒 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒.  

        𝐻𝐴: 𝑇ℎ𝑒 𝑡𝑤𝑜 𝑡𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑠 𝑎𝑟𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡. 
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𝐻0 =  
𝜎1

𝜎2
= 1 

𝐻𝐴 =  
𝜎1

𝜎2
≠ 1 

Using 𝛼 = 0.05, we reject the null hypothesis for a P-value < 𝛼 and fail to reject the alternative 

hypothesis. 

2.9.5 Mann-Whitney Test  

The Mann-Whitney test is sometimes referred to as the Mann-Whitney-Wilcoxon test. It 

was originally proposed by Mann and Whitney. Similar procedures have been adopted by 

Festinger, White, and Wilcoxon. Cases of equal and unequal samples are effectively treated by 

this test. Since our two samples were equal (n = 48), the test was suitable for hypothesizing equal 

population-location parameters (medians). The two time-series satisfied the assumptions required 

for the test. This test was constructed by combining the two samples, sorting the data from smallest 

to largest, and then comparing the average ranks of the two samples in the combined data. The 

hypothesis is as follows:   

𝐻0: 𝑇ℎ𝑒 𝑡𝑤𝑜 𝑡𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠 𝑚𝑒𝑑𝑖𝑎𝑛𝑠 𝑎𝑟𝑒 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒.  

 𝐻𝐴: 𝑇ℎ𝑒 𝑡𝑤𝑜 𝑡𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠 𝑚𝑒𝑑𝑖𝑎𝑛𝑠 𝑎𝑟𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡. 

𝐻0: 𝑀𝑐 =  𝑀𝑠   

𝐻𝐴: 𝑀𝑐 ≠  𝑀𝑠 

where 𝑀𝑐  𝑎𝑛𝑑 𝑀𝑠 are medians of the customer orders time-series and shipments time-series, 

respectively. The test statistic is calculated as 

 𝑇 = 𝑆 −  
𝑛1(𝑛1+1)

2
   (4) 

where S is the sum of the ranks assigned to the sample observation from population 1. 
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When we performed a two-sided test for equal medians, we rejected 𝐻0 for either a 

sufficiently small or a sufficiently large value of (T), as shown in equation (4). Therefore, we 

rejected 𝐻0 if the computed value in equation (4) was less than 𝑤𝛼/2 or greater than 𝑤1 − 𝛼/2, where 

𝑤𝛼/2 is the critical tabulated value T, and 𝑤1 − 𝛼/2 is given by 

 𝑤1− 𝛼/2 =  𝑛1𝑛2 − 𝑤𝛼/2 (5) 

Daniel (1990) has provided more comprehensive information on using the T-test to reject the null 

hypothesis. 

2.9.6 Kolmogorov-Smirnov Test 

We used the K-S test to determine if the two series came from populations that were 

identical with respect to location and dispersion. This test is an omnibus test, due to its sensitivity 

in detecting various differences that may exist between distributions. The 12 series satisfied the 

independent random sample and ordinal scale assumption in order to conduct the test. The 

hypothesis for our two-sided test is as follows: 

𝐻0: 𝑇ℎ𝑒 𝑡𝑤𝑜 𝑡𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠 𝑐𝑜𝑚𝑒 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛. 

   𝐻𝐴: 𝑇ℎ𝑒 𝑡𝑤𝑜 𝑡𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠 𝑐𝑜𝑚𝑒 𝑓𝑟𝑜𝑚 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛𝑠. 

𝐻0: 𝐹1(𝑥) =  𝐹2(𝑥)    ∀  𝑥  

𝐻𝐴: 𝐹1(𝑥) ≠  𝐹2(𝑥) for at least one value of x 

where 𝐹1(𝑥) 𝑎𝑛𝑑 𝐹2(𝑥) are the distribution functions of customer orders (X’s) and sales orders 

(Y’s) respectively. The test statistics is 

 𝐷 = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 |𝑆1(𝑥) −  𝑆2(𝑥)| (6) 

where 

 𝑆1(𝑥) = (𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑋′𝑠 ≤ 𝑥)/𝑚 

𝑆1(𝑥) = (𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑌′𝑠 ≤ 𝑥)/𝑛 
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where X’s = customer orders data of sample size m, and Y’s = sales orders data of sample size n. 

In the case of the two time-series, m = n = 48, 576. 

2.10 Summary of Results  

Tables 1, 2, and 3 provide the p-values and tests of series parameters for n = 48, the forty-

eight-month series forecasts, and p-values and tests of series parameters for n = 576, respectively. 

TABLE 1 

P-VALUES AND TESTS OF SMALL SERIES PARAMETERS (n = 48); 𝛼 = 0.05 

 

 

TABLE 2 

FORTY-EIGHT-MONTH SERIES FORECASTS 

 

 

 

 

 

 

 

 

Period (Month)

Dmd Sales Dmd Sales Dmd Sales Dmd Sales Dmd Sales Dmd Sales Dmd Sales Dmd Sales Dmd Sales Dmd Sales Dmd Sales Dmd Sales

Mean Comparison 5097 4440 5135 4422 5129 4404 5104 4387 5073 4371 5053 4340 5043 4330 5036 4324 4973 4313 5024 4305 5075 4345 5114 4384

P - Value

StdDev Comparison 1162 917 1165 928 1162 912 1175 913 1204 926 1233 969 1233 961 1235 959 1181 954 1211 954 1179 917 1150 912

P - Value

Mann-Whitney Test 5050 4435 5079 4435 5079 4435 5050 4392 5050 4392 5050 4392 4962 4392 4962 4392 4890 4392 4962 4319 5050 4392 5079 4421

W, (P - Value)

KS -Test (P - Value) 0.01840.0592 0.0337 0.0184 0.0337 0.0337 0.0337 0.0337 0.0334 0.0592 0.0337 0.0184

702,(0.00099)757.5, (0.00388) 725, (0.00178) 716, (0.001416)728.5, (0.001936)748, (0.0031) 751.5,(0.00337) 751, (0.0033) 752,(0.00342) 763.5,(0.00446) 737,(0.00238) 713,(0.00131)

0.01270.1076 0.1213 0.1005 0.0874 0.0754 0.1018 0.0908 0.0861 0.1473 0.1062 0.0881

0.11430.0027 0.0013 0.0010 0.0012 0.0019 0.0022 0.0021 0.0022 0.0033 0.0017 0.0010

121 2 3 4 5 6 7 8 9 10 11

1 2 3 4 5 6 7 8 9 10 11 12

Customer Orders 5,097 5,135 5,129 5,104 5,150 5,049 5,030 4,968 5,013 5,081 5,117 5,114

Sales Orders 4,526 4,468 4,531 4,434 4,371 4,341 4,330 4,324 4,313 4,252 4,345 4,384
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TABLE 3 

P-VALUES AND TESTS OF LARGE SERIES PARAMETERS (n = 576); 𝛼 = 0.05 

 

 

Table 4 shows a summary of statistics for the two samples of data: customer orders time-

series and sales orders (shipments) time-series.  The standardized skewness and standardized 

kurtosis, which can be used to determine whether the samples come from normal distributions, 

show deviations away from the normal range.  Values of these statistics outside the range of –2 to 

+2 indicate significant departures from normality, which would tend to invalidate the tests that 

compare the standard deviations. In this case, both samples have standardized skewness values 

outside the normal range, but the customer orders series has a standardized kurtosis value outside 

the normal range. Table 5 provides a comparison of the 12-month customer orders forecast and 

shipments forecast. 

 

 

 

Period (Month)

Dmd Sales Dmd Sales Dmd Sales Dmd Sales Dmd Sales

Mean Comparison 5063 4414 5028 4482 4413 4388 4976 4436 4955 4416

P - Value

StdDev Comparison 1039 792 970 834 996 812 980 813 1022 846

P - Value

Mann-Whitney Test 5058 4420 5030 4490 4927 4399 4941 4429 4974 4472

W, (P - Value)

KS -Test (P - Value) 0.0000 0.0000 0.0000 0.0000 0.0000

0.0000 0.0003 0.0000 0.0000 0.0000

103991, (0) 111954, (0) 113979, (0) 112292, (0) 112796, (0)

1 2 3 4 5

0.0000 0.0000 0.0000 0.0000 0.0000
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TABLE 4 

 SUMMARY STATISTICS OF LARGE SAMPLE SERIES (n = 576) 

 
Customer Orders  

Time-series 

Sales Orders  

Time-series 

Count 576 576 

Average 5130.88 4505.57 

Standard deviation 1089.15 899.212 

Coefficient of variation (%) 21.23 19.96 

Minimum 2123 2123 

Maximum 8013 6387 

Range 5890 4264 

Standard skewness 3.02493 –2.97133 

Standard kurtosis 2.46163 1.06013 

 

TABLE 5 

 

COMPARISON OF 12-MONTH CUSTOMER ORDERS FORECAST  

AND SHIPMENTS FORECAST 

 

Test Result 

Comparison of Means P-value = 0 

Comparison of Standard Deviations P-value = 0.285078 

Mann-Whitney W = 0; P-value = 0.0000366052 

Kolmogorov-Smirnov  P-value = 0.0000122884 

 

Table 6 shows forecasts that were generated using the customer orders time-series and the 

sales orders time-series. In a manufacturing planning setting, the forecast is uploaded to MRP, 

which is then passed on to the shop floor for execution and placed in inventory. Assuming there 

are no safety stock requirements, the inventory positions for the period are as shown. The 
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difference between the two inventory positions shows a periodic underinventory for the forecast 

generated from the sales orders (shipments) time-series of 11% to 16% for the 12-month period.  

TABLE 6 

AVERAGE INVENTORY QUANTITIES PER PERIOD USING TWO DIFFERENT SERIES 

 

2.10.1 Results Validation 

To validate the results of our experiment, we used the customer orders time-series and the 

shipments time-series from a North American fastener and pneumatic tools manufacturer. We 

assumed that a customer order that was not filled in month t would be filled by another supplier, 

due to the long lead times associated with this firm. We randomly selected SKUs and used four 

years of data rolled monthly to perform two-sample comparison tests. An ocular inspection of the 

actual data, i.e., at the lowest level of the time-series, shows a significant mismatch between 

customer order values and shipment values. However, a monthly aggregate of the series by item 

showed all location tests with P-values < 0.05. Figure 3 below shows the result for the means of 

the customer order series and sales orders series. A parallel disposition of the means suggests using 

one of the two series significantly affect the forecast. Figure 4 shows the impact of the difference 

between the two time-series on the forecast. The forecast ultimately becomes inventory.  Table 7 

shows results of the four tests on actual data from the North American manufacturer of pneumatics 

tools and fasteners. 

1 2 3 4 5 6 7 8 9 10 11 12

Inventory using CO forecast 5,097 5,135 5,129 5,104 5,150 5,040 5,030 4,968 5,013 5,081 5,117 5,114

Inventory using SO forecast 4,526 4,468 4,531 4,434 4,371 4,341 4,330 4,324 4,313 4,252 4,345 4,384

Difference (SO - CO) -571 -667 -598 -670 -779 -699 -700 -644 -700 -829 -772 -730

% Under Inventory 11% 13% 12% 13% 15% 14% 14% 13% 14% 16% 15% 14%



46 

 

Figure 3: Means of monthly rolled 48-month data series 

 

 

Figure 4: Forecast means of monthly rolled 48-month data series 

 

TABLE 7 

VALIDATION RESULTS 

 

2.11 Discussion 

Normally distributed steady-demanded products in complex supply chains modify their 

characteristics as they transition from downstream to upstream of the supply chain (Heath & 
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Jackson, 1994). The Mann-Whitney test for both series (shown previously in Tables 1 and 3) 

rejected (P-value < 0.05) the null hypothesis of an equal median for all 12 periods tested. With the 

exception of two periods, all other periods for the K-S test show a P-value < 0 .05. Figures 5 to 8 

show the different representation of shift between the customer orders time-series and the 

shipments time-series. The issues of skewness and kurtosis, as evident on Figure 6, violated the 

standard deviation test for the extended time-series (see Table 4). The mean comparison P-values 

show P < 0.05 for all 12 periods, thereby rejecting the null hypothesis of an equal mean. An 

unequal mean suggests that the customer demand time-series and shipments time-series are from 

a different distribution. The test for an equal standard deviation produced mixed results, with half 

the periods showing the P-value < 0 .05 and the other half showing the P-value > 0 .05. We realized 

that for both the 48-month period and 576-period, skewness and kurtosis were abnormal, thus 

invalidating the test for equal standard deviation. A comparison of the customer orders time-series 

and sales orders time-series for a relatively long time-series (n = 576) convincingly rejects the 

equal mean, equal standard deviation (invalidated), equal median, and same population 

distribution. The decision to add a time-series of 576 periods was to avoid biases associated with 

small sample size, regardless of the fact that 48 periods is industry acceptable. For better testing 

of equal standard deviation, a sample larger than the 576 periods would be needed.  

Appendixes 2C through 2F show the results (P-values) of multiple comparative tests of a 

customer order and a sales order time-series. These tested time-series are of different coefficient 

of variation (CV) (0.10, 0.40, 0.50, 0.90). The CV is the ratio of the standard deviation to the mean. 

It describes the extend of variability relative to the mean. The test for equal mean, equal standard 

deviation, Mann-Whitney test, and the Kolmogorov-Smirnov test with their associated P-values 

are tabulated for six periods.  
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Appendix 2C is test results for CO and SO with mean 1000 and standard deviation 100 for 

a CV of 0.10. It shows mean comparison P-values of < 0.05 for all six periods. This suggest a 

difference in mean for the two series compared given α = 0.05.  The standard deviation comparison 

shows P-values of > 0.05 for all periods suggesting same standard deviation given α = 0.05. The 

Mann-Whitney test for equal median shows P-values of < 0.05 for all six periods. This suggests 

that the median for the two series are different. The KS test show that the two time-series come 

from the same distribution.      

Appendix 2D is test results for CO and SO with mean 1000 and standard deviation 400 for 

a CV of 0.40. It shows mean comparison P-values of < 0.05 for all six periods. This suggest a 

difference in mean for the two series compared given α = 0.05.  The standard deviation comparison 

shows P-values of > 0.05 for all periods suggesting same standard deviation given α = 0.05. The 

Mann-Whitney test for equal median shows P-values of < 0.05 for all periods except period 1. This 

suggests that the median for the two series are different. The KS test show that the two time-series 

come from different distribution due to P-values for all periods being < 0.05.  

Appendix 2E is test results for CO and SO with mean 2000 and standard deviation 1000 

for a CV of 0.50. It shows mean comparison P-values of < 0.05 for all six periods. This suggest a 

difference in mean for the two series compared given α = 0.05.  The standard deviation comparison 

shows P-values of > 0.05 for all periods suggesting same standard deviation given α = 0.05. The 

Mann-Whitney test for equal median shows P-values of < 0.05 for all periods. This suggests that 

the median for the two series are different. The KS test show that the two time-series come from 

different distribution due to P-values for all periods being < 0.05.  
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Appendix 2F is test results for CO and SO with mean 1000 and standard deviation 900 for 

a CV of 0.90. It shows mean comparison P-values of < 0.05 for all six periods. This suggest a 

difference in mean for the two series compared given α = 0.05.  The standard deviation comparison 

shows P-values of < 0.05 for all periods suggesting same standard deviation given α = 0.05. The 

Mann-Whitney test for equal median shows P-values of < 0.05 for all periods. This suggests that 

the median for the two series are different. The KS test show that the two time-series come from 

different distribution due to P-values for all periods being < 0.05. 

 

 

Figure 5: Series distribution for large sample size (n = 576) 
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Figure 6: Density traces of large sample size (n = 576) 

 

 

Figure 7: Box-and-whisker plot of large sample size (n = 576) 

 

 

Figure 8: Quantile-quantile plot of large sample size (n = 576) 
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 In light of the results, we reject the null hypothesis that there is no statistically significant 

difference between the two-set series of 48 months (relatively short period) and the two-set series 

of 576 months (relatively long period) as expressed by their P-values. We also reject the null 

hypothesis that the forecasts produced by the two time-series are statistically identical, and we fail 

to reject the alternate hypothesis that there is statistically significant difference between the 

forecast generated by the two time-series. The test of the two forecasts derived from the customer 

orders time-series and sales orders time-series show the P-value = 0 for the means, P-value = 

0.285078 for the standard deviations (invalidated) (W = 0), P-value = 0.0000366052 for the 

medians, and P-value = 0.0000122884 for the K-S test. The values of W in the results are not 

emphasized since P-values are used to make rejection or failure-to-reject decisions.  This means 

that the differences between the two time-series are not due to randomness. Considering that the 

two time-series exhibit statistically significant difference, the time-series that is used to forecast is 

consequential to customer satisfaction.  The customer orders time-series should be used in place 

of the shipments time-series when forecasting demand within a supply chain.  

2.12 Conclusions and Managerial Implications 

It can be concluded that, at the 95 percent confidence level, there is sufficient evidence to 

suggest a statistically significant difference between the customer orders time-series and the 

shipments time-series. Also, there is sufficient evidence to suggest that a statistically significant 

difference exists between the forecast generated by the customer orders time-series and the 

shipments time-series for normally distributed, stable-demanded products. Hence, we have shown 

that the difference between the two time-series as well as their forecasts are not random but rather 

systemic within supply chains. The shipment time-series generated an underforecast compared to 
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the customer orders time-series, as shown in Table 6. The practical implications of using a 

shipment time-series to plan are observed in the inaccuracy of the forecast.  

This forecast error compromises materials planning and on-time product delivery due to 

its underforecast of customer demand. This kind of planning creates a negative perception for the 

supplier, due to its inability to supply products to customers in a timely manner. Once a shipment 

time-series (censored data) is used in planning, the supply chain remains in a continually 

underinventory state (Chen & Mersereau, 2015). It is better to use the customer orders time-series 

and run the risk of over forecasting the demand to ensure meeting customer needs, as long as the 

excess inventory created in this case could be well managed to avoid unbearable financial loss. 

For better planning, censored data such as sales orders or shipments should be treated with some 

of the algorithms discussed in the literature review to obtain a better estimate of demand for use in 

planning.    

2.13 Contributions, Limitations, and Future Work 

Departments within some firms struggle to decide on which time-series to use, with their 

sales department always advocating for the use of shipments or sales data for selfish reasons. Our 

research contributes to the supply chain management body of knowledge through the statistical 

differentiation of the two most widely used time-series for demand planning for a manufacturing 

supply chain. It statistically investigated the time-series difference, the forecast from those time-

series, and inventory implications of the two time-series. Our finding that a customer orders time-

series is statistically significant compared to a shipments time-series gives managers and planners 

for products that are normally distributed with stable demand the insight into the characteristics of 

such kinds of time-series. More importantly, it contributes to supply chain management from an 

efficiency standpoint, exposing the forecast risk associated with using the shipments time-series 
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and the long-term supply chain ramifications due to non-chance in the difference of the two series. 

That is, if a manager uses sales orders in the demand plan of the supply chain, then that supply 

chain will enter an absorbing state of financial and operational underperformance.  

A limitation of the research is on the time-series testing technique used. The two-sample 

testing invalidates both the 48-period and 576-period timeframes for equal standard deviation, thus 

leaving three tests for decision making. In order to have a valid test of equal standard deviation a 

normally distributed time-series must be large enough to ensure that both skewness and kurtosis 

are within the range of –2 to +2. Industry practice recommends a monthly period of more than two 

years; so in the case of the 576 monthly-period time-series (48 years), the test for equal standard 

deviation was still invalidated. Therefore, the test for equal standard deviation in this case will be 

difficult to satisfy.               

The method proposed in this paper could be extended to study characteristics of time-series 

of product or service demands that are censored and truncated in the case of retailers that offer the 

buy one get one (BOGO) free or BOGO half.  Since many retailers today offer discounts in the 

form of BOGOs to entice shoppers, it would be important to understand the type of time-series 

that such pricing policies create and the resulting forecast.  Responsive-demand chains that want 

to maximize revenue for their organizations must have the right product at the right time and place, 

among many other goals. Using the right time-series for planning will ensure that that becomes a 

reality. This research could also be further investigated for COs and SOs time-series in terms of 

operational cost impact on inventory, capacity, or scheduling.  An extended research on customer 

order-sales order coefficient of variation on service levels would be appropriate to understand 

which time-series gives a better performance result at different levels of variation. This could 

provide a better reason for substitution between the two time-series.     
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APPENDIX 2A 

 

AUTOMATIC FORECAST OPTIONS WITH OPTIMIZED PARAMETERS 
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APPENDIX 2B 

 

PROCEDURE FOR GENERATING TIME-SERIES 

 

 

 

 

APPENDIX 2C 

 

TEST RESULTS FOR TIME-SERIES WITH CV = 0.10, n = 48, α = 0.05 

 

Period (Month) 1 2 3 4 5 6 

Mean 

Comparison       

P-Value 0.00692 0.00921 0.00954 0.00985 0.00837 0.00776 

StdDev 

Comparison       

P-Value 0.91935 0.96930 0.95230 0.89865 0.95309 0.98312 

Mann-Whitney 

Test       

(P-value) 0.01452 0.02017 0.02017 0.02077 0.01706 0.01639 

KS-Test  

(P-Value) 0.16083 0.24927 0.24927 0.24927 0.24927 0.24927 
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APPENDIX 2D 

TEST RESULTS FOR TIME-SERIES WITH CV = 0.40, n = 48, α = 0.05 

 

Period (Month) 1 2 3 4 5 6 

Mean 

Comparison              

P-Value 0.00700 0.00570 0.00759 0.00563 0.00432 0.00315 

StdDev 

Comparison             

P-Value 0.13667 0.15005 0.15762 0.17675 0.13535 0.14806 

Mann-Whitney 

Test             

W, (P-value) 0.13667 0.01000 0.01528 0.01065 0.00948 0.00677 

KS-Test  

(P-Value) 0.01842 0.01842 0.03370 0.03370 0.03370 0.01842 

 

 

APPENDIX 2E 

TEST RESULTS FOR TIME-SERIES WITH CV = 0.50, n = 48, α = 0.05 

 

Period (Month) 1 2 3 4 5 6 

Mean 

Comparison              

P-Value 0.00226 0.00218 0.00076 0.00107 0.00110 0.00076 

StdDev 

Comparison             

P-Value 0.24629 0.14711 0.10981 0.13256 0.15926 0.19790 

Mann-Whitney 

Test             

W, (P-value) 0.00338 0.00362 0.00139 0.00225 0.00214 0.00181 

KS-Test  

(P-Value) 0.03370 0.03370 0.02027 0.03663 0.03663 0.03663 
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APPENDIX 2F 

TEST RESULTS FOR TIME-SERIES WITH CV = 0.90, n = 48, α = 0.05 

 

Period (Month) 1 2 3 4 5 6 

Mean 

Comparison              

P-Value 0.00307 0.00307 0.00377 0.00346 0.00398 0.00192 

StdDev 

Comparison             

P-Value 0.01169 0.01152 0.01456 0.01037 0.01806 0.01096 

Mann-Whitney 

Test             

W, (P-value) 0.00833 0.00833 0.01046 0.01065 0.01136 0.00721 

KS-Test  

(P-Value) 0.00234 0.00234 0.00126 0.00108 0.00108 0.00126 
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CHAPTER 3 

MULTI-CRITERIA INVENTORY CLASSIFICATION APPROACH TO INVENTORY 

CONTROL BASED ON SIMPLE TRANSFORMATION METHOD:  

AN EQUAL-WEIGHT PERSPECTIVE 

 

ABSTRACT 

Effective inventory management is crucial to responsive supply chains. ABC inventory 

classification is an effective approach to stratifying stock-keeping units, according to classes based 

on a single criterion or multiple criteria.  In this paper, we proposed an equal-weight, rapidly 

deployable model for inventory classification based on simple criteria transformation, which is a 

linear transformation of the criteria values. The model is quick and easy to develop and effective 

in classifying inventory. A pairwise correlation comparison shows the proposed model to be 

significantly positively correlated with most of the existing models compared. The proposed model 

also shows better performance, in terms of hits, than most of the models compared.  This research 

also provides practitioners and managers with a model substitutability table by comparing model 

correlation or class hits.   

 

Key Words: Inventory, multi-criteria, ABC inventory classification, equal weight, correlation 
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3.1 Introduction 

Supply chains have become complex, primarily due to customer demands, competition, 

and global trade. Companies are sourcing raw materials and manufacturing products thousands of 

miles across the globe, while customers demand their products at a moment’s notice. Global trade 

has added to product cost and lead time. What used to take days to a week now takes from weeks 

to months to manufacture and ship across the globe. This makes inventory control more critical 

within a supply chain since millions of dollars become trapped in transit, not to mention the cost 

of expediting products during times of stock-outs. Customers also want product variety, thus 

challenging the supply chain, especially agents of the chain such as inventory managers who have 

to control, account, and track for every piece of inventory. The job of the inventory manager is not 

made easy when the speed of technological innovation and a new products launch occur within a 

few months. Conversely, products are being discontinued at a faster rate than ever before as 

consumers’ tastes change. To capitalize on such market change, manufacturers and retailers must 

keep adequate and accurate inventory at the right place, at the right time, and in the right 

assortment. This underscores the importance of inventory control in the presence of menacing 

forces that are both internal and external. Internal factors such as employee theft, inventory 

accuracy and integrity, and administrative and paper errors have plagued inventory managers, 

thereby requiring managers to be vigilant and astute more than ever.  

A substantial amount of inventory, between $75 billion to $100 billion, is caught up as 

non-turning inventory in the yearly $300 billion grocery supply chain (Fuller et al., 1993). Raman 

et al. (2001) found that in excess of 65% of inventory records were inaccurate at the store level at 

one retailer. At another retailer, 16% of the items were misplaced and as a result could not be 

found.  At one supermarket retailer, an item’s sales exceeded the shipment receipt of that item by 
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25% due to item misrepresentation during sales. With the National Retail Security Survey, 

Hollinger and Davis (2001) found employee theft (48%) to be the most contributing factor to 

inventory shrinkage, followed by shoplifting (32%), and then administrative and paper error 

(15%). The least-contributing factor was vendor fraud, which accounted for 5% of total retail sales 

(Hollinger & Davis, 2001). Even though 5% might not seem like much, when put in the context 

of $300 billion dollars, it surpasses the economies of some countries.   

Inventory managers who are capable of reducing or reversing these abject misfortunes 

prove valuable and add value to their organizations. Inventory control is one of the many 

challenges managers face in their attempt to alleviate financial loss due to inventory. One 

important inventory control tool at a manager’s disposal is the ABC inventory classification. This 

type of classification is applicable to all types of inventories, from finished goods and components 

to raw materials. Lack of proper control of an organization’s inventory could pose difficulties in 

trying to reduce shrinkage, obsolescence, excess inventory, and, most importantly, to set inventory 

policies and strategies for maximum customer satisfaction.  

One of the most important benefits of ABC classification is the simplistic prioritization of 

large volumes of inventory into three classes: A, B, or C. This simplistic approach is obvious in 

the traditional ABC classification (Flores & Clay Whybark, 1986). As a management practice, the 

prioritization of inventory sets the stage for other pertinent practices to track and account for 

inventory. ABC classification helps in setting the organization’s cycle-counting policies to 

accurately account for inventory. It can also guide managers in making decisions for the 

organization’s manufacturing strategy when it comes to make-to-stock, make-to-assemble, or 

make-to-order. The ABC analysis can be further used for product rationalization where recurrent 

C items would be considered for discontinuation.   
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As the name suggests, classes in the ABC classification are A-class items, which are critical 

items and have the highest priority in terms of control to the organization; B-class items, which 

are second in terms of tight control; and then C-class items, which are loosely controlled yet 

important. In most of the literature, ABC classes are discussed in terms of importance, with C-

class items being the least important. However, the word “important” must be put in the context 

of control to avoid managers, inventory personnel, and procurement professionals ignoring them. 

A missed sale of a product due to a C-class component stock-out is just as costly as a lost sale from 

an A-class item. Some will argue that the loss is greater as a result of the C-class component stock-

out. Even though some classification methods extend the classes beyond ABC, most ABC 

classification methods maintain this three-class structure, in order to circumvent complications and 

dilution of the traditional three-class potency, which applies the Pareto principle.  

ABC classification scheme is based on the Pareto principle, or the 80/20 rule. It 

uses the, ‘‘vital few and trivial many” rule of thumb (Yu, 2011). Applying the 80/20 rule to ABC 

classification could be somewhat arbitrary and left to the inventory manager in many cases. In 

most inventory systems, the percent distributions are specified, and the SKUs are automatically 

classified as A, B, or C. That is, the delineation of classes is based on percent frequency.  Different 

class scenarios can be tested by the manager by simply altering their percent distribution. This 

gives the manager a quick way to test and make decisions. Performing ABC inventory 

classification on the entire organization’s inventory can lead to misrepresentation. Separate 

classification needs to be performed on end items, components, and raw materials as individual 

groups. In the event that an open classification of inventory is run, finished goods will make up 

most of the A-class list, especially if it is a single criterion.     
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Traditional ABC inventory classification organizes inventory into three classes, using the 

annual usage value as its sole criterion. Even though the approach is simplistic, it has provided the 

desired results for many inventory managers. This simplistic approach is deemed its advantage as 

well as its disadvantage. The disadvantage has led several researchers to look into more than one 

criterion classification solution. A SKU’s activity generates footprints that are of importance to an 

organization for future use in supply chain planning. Multi-criteria inventory control classifies 

inventory into ABC echelons based on value, quantity, demand, availability, and sometimes even 

weight and volume (Dhoka & Choudary, 2015).  

Some researchers have used other criteria in inventory classification (Dhoka & Choudary, 

2015; Ramanathan, 2006; Rezaei & Dowlatshahi, 2010), and determined their performance against 

established methodologies such as the analytic hierarchy process (AHP) and other methodologies. 

Multi-criteria inventory decision making should not complicate the managerial process but rather 

aid in the provision of a reasonable set of inventory policies to enhance the inventory manager’s 

capabilities to manage overall inventory (Flores et al., 1992). Therefore, it is in the spirit of ease 

of use that we propose a rapidly deployable model. We consider an equal-weight model to avoid 

the subjectivity involved in weight assignment. An equal-weight model could be considered as a 

scaled-down model since the weights reduce the magnitude of the criteria values.   

We define RDM as a technique that uses values within criteria for quick normalization in order to 

generate ABC classes for SKUs. Our proposed model normalizes the criteria values, which are 

assumed to be positive by transforming them to a [0, 1] interval. Depending on whether the criteria 

used is positive or negative, normalization could take different forms. For example, positive 

criteria focuses on the greatest value when normalizing while negative criteria focuses on the least 

value. In either case the comparisons of the decision maker are assumed consistent else pairwise 
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comparison gets to be cumbersome (Guvenir & Erel, 1998). For example, the highest annual dollar 

usage (ADU) SKU will be assigned 1 to denote its importance relative to other SKUs for that 

specific criterion. Likewise, a long-lead-time item will also gain scrutiny. A high transformed 

value adds to a SKU score and enhances its percolation towards a potential A-class item. In the 

presence of copious data in today’s enterprise resource planning environment, it is prudent to 

carefully select meaningful criteria that are aligned with organization-wide inventory strategies 

and goals. This model was validated against other models (Hadi-Vencheh, A. (2010); Ramanathan, 

R. (2006); Zhou, P., & Fan, L. (2007) that have been previously developed in the literature. For 

all the models the prospoed model was evaluated against, see appendixes 3A and 3B.  An equal-

weight model minimizes the subjectivity present in many of the models in the literature. Equal 

weight is assigned to criteria, since criteria selection requires careful consideration. The 

importance of a criterion is in its selection, and therefore no further preference is necessary. We 

do acknowledge that there are situations where weights are appropriate, for example in situations 

such as capital projects. The importance of a criterion in multi-criteria inventory control should be 

determined by the current established inventory goals and or future inventory goals of the 

organization. Therefore, we assume that all criteria are equally important and that the importance 

of a SKU will be determine by its summed transformed criteria values, or score. Transformation 

is a central component of MCIC, and our model leverages it by making it the fulcrum of our 

methodology.  

Once SKUs are transformed, it provides them context within a criterion. We have utilized 

statistical techniques in order to determine the model’s correlations and concordance in terms of 

ranking and classification to chosen models from the literature.  All of the criteria in our model are 

benefit criteria. This paper is organized into sections. Following this introduction is discussion of 
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the past work within the area of MCIC. The section on data collection discusses how the data was 

derived and how it is utilized here. The model development section is where we propose our model, 

with detailed discussion on its procedure. Following the model proposal is the synthesis for its 

validation, using existing models, and their testing. We share the results and analysis, and then end 

with a conclusion.  

3.1.1 Linear Models 

Dawes (1979) presented evidence that showed that improper linear models possess more 

robustness and superiority over clinical intuition. when predicting a numerical criterion from 

numerical predictors. According to Dawes (1979) linear models could be proper or improper.  

A proper linear model is one in which the weights given to the predictor variables are 

chosen in such a way as to optimize the relationship between the prediction and the criterion. Of 

these models, simple regression analysis is the most common; the predictor variables are weighted 

in such a way as to maximize the correlation between the subsequent weighted composite and the 

actual criterion. 

An improper linear model is one in which the weights are chosen by some non-optimal 

method. They may be chosen to be equal, they may be chosen on the basis of the intuition of the 

person making the prediction, or they may be chosen at random. Dawes (1979) has provided 

several examples where improper models outperformed proper models.   

A closer look at the traditional model, which is a sole criterion model, applies a unit weight 

of 1. This model can even be deemed weightless since a weight of 1 does not alter the position or 

direction of the criterion values. We have considered an improper model where a unit weight is 

applied. All the criteria are assigned equal weight. We also tested a proper form of the model 
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output using regression and evaluated its correlation against other models developed in the extant 

literature.      

3.2 Literature Review 

One of the most important reasons for instituting an ABC inventory control program is the 

number of SKUs that exist in practice. These numerous SKUs cannot be individually managed and 

therefore require prioritization (Ernst & Cohen, 1990). Since its development in the 1950s, 

traditional ABC classification, which relies on a single criterion, usually annual dollar usage, has 

been researched extensively, and several other models have been suggested. ABC is an effective 

method of classifying inventory into three different categories. Due to the amount of inventory 

that organizations hold, it is easier to plan for classes of inventory rather than individual SKUs.  

The mechanism of MCIC is to determine inventory performance based on set criteria and 

then aggregate those performances to a single score, which is then used to determine the rank of 

SKUs. Flores et al. (1992) and Partovi and Burton (1993) have suggested MCIC models that 

consider both quantitative and qualitative criteria based on the analytic hierarchy process 

developed by (Saaty, 1999). The AHP technique has proven to be effective in many instances, 

especially when items to be compared are few. Despite its success, AHP has its challenges when 

items to be compared are many, thus posing a pairwise comparison challenge, particularly during 

crisp number assignment.  

By adding lead time and item criticality to the classical method’s annual usage criterion, 

Chen et al. (2008) developed a dominance-based rough set approach to ABC classification. Their 

results, when compared with the AHP-based method using both a decision rule generation 

comparison and comparisons of classification, were reasonably accurate and could provide a good 

approximation to the AHP approach.  
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Rezaei and Dowlatshahi (2010) constructed a rule-based MCIC methodology using fuzzy 

logic. Their method was based on a set of crisp data from a real case study. Results of their study 

were compared with the AHP. Their model focused on quantitative data that could make it 

ineffective, especially in situations where qualitative criteria are deemed important in the decision-

making process.   

 Cohen and Ernst (1988) used cluster analysis, a method rooted in statistics, to group items 

for classification. This approach employs a large number of criteria, not just the three to five 

criteria present in most of the literature. One benefit of this method is its ability in reclassifying 

items when new SKUs become active in the item mix. In practice, item reclassification is inevitable 

as markets or priorities change, and that change dictates an item’s new class. A challenge to this 

method is determining a cluster’s class since there is no predefined class. In such a case, a well-

trained manager or one who is knowledgeable about the inventory must intervene, and thus 

subjectivity becomes part of the classification process.  

 Hatefi et al. (2013) proposed an MCIC linear optimization model that emanated from the 

data envelope analysis (DEA) model put forward by Cook et al. (1996), which concurrently utilizes 

quantitative and qualitative criteria. Ramanathan (2006) developed a multi-criteria model that uses 

the DEA methodology as well to determine weights of criteria, thus eliminating the subjectivity 

that has made other models questionable.  This model outputs a single score used for classifying 

SKUs.  

The R model, proposed by Ramanathan, is capable of generating an aggregated 

performance score of 1 for many items, thereby adding a layer of complexity to further classifying 

those tied items and in other cases causing criterion dominance in determining aggregated 

performance (Lajili et al., 2012).  To mitigate some of the challenges of the R model, Zhou and 
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Fan (2007) revised the weighted linear optimization R model by using two sets of weights: one 

weight favorable and the other least favorable. The Zhou and Fan model (Z-F model) is a 

minimization problem that extends the R model by using the least-favorable weights to reclassify 

those tied SKUs inherent in the R model during classification.  

Ng (2007) proposed a weighted linear optimization model that attempted to simplify the 

classification steps for calculating and aggregating the SKU score in the absence of a linear 

optimizer. Due to the SKU weight independence of the Ng model and its resultant propensity to 

misclassify the SKU, Hadi-Vencheh (2010) advanced a non-linear programming model that 

improved the Ng model. 

 Keskin and Ozkan (2012) proposed fuzzy C-means (FCM) clustering to a multi-criteria 

ABC classification problem to make a decision under fuzzy circumstances. FCM clustering 

addresses the subjectivity in determining the criteria weight in some MCIC models. It clusters 

items according to membership degrees pertinent to the ABC classification. Their results show 

relatively the same number of items classified as A, B, or C, which tends to go against the Pareto 

principle in which ABC classification is rooted. Clustering is also difficult when there is no prior 

knowledge of SKU performance, and trying to determine cut-offs for clusters gives rise to 

subjectivity.  

 Guvenir and Erel (1998) fused the AHP with a genetic algorithm to propose genetic 

algorithm multi-criteria inventory control (GAMIC). Their results showed that GAMIC performed 

better, in terms of the number of items misclassified when evaluated against the AHP. One 

drawback of GAMIC is that it is quantitative criteria-focused approach, unlike other models that 

can incorporate qualitative criteria, such as some recent models that seem to emphasize qualitative 

criteria. 
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Other researchers have also tried different techniques to address MCIC. Bhattacharya et al. 

(2007) used the technique for order performance by similarity to the ideal solution (TOPSIS), 

while Chu et al. (2008) suggested a fuzzy classification similar to that of Keskin and Ozkan (2012). 

Tsai and Yeh (2008) proffered particle swarm optimization as a solution to the MCIC problem.  

We have observed that most of the literature on MCIC falls into three major categories: (1) 

methods that rely on weights and then sorting to obtain the final classifications; (2) optimization-

based methods to determine weights; however, these weighted models face problems in their SKU 

scores since different SKUs can share the same score, thus making them difficult to rank according 

to classes as dictated by ABC classification; and (3) weighted and clustering methods that use 

some sort of machine learning to generate classes of items. 

Advantages and disadvantages are associated with each method. For example, weight-

based models could be inconsistent due to subjectivity in assigning weight to the qualitative 

variable for the mixed-variable types. Optimization models could take considerable time and 

computing resources. While machine learning requires periodic recalibration of the model and 

training sets when new items are added or there is a criterion change, a manager who has excellent 

SKU memory will be needed to decipher classes from the model output in the case of those trying 

to use clustering, such as the self-organizing map. However, the model proposed here assigned 

equal weight to all of the criteria. Assigning equal weight removes criterion preferential treatment 

and, as a result, makes the problem a scale problem.     

3.3 Data 

We used data that was present in the literature (Chen et al., 2008; Flores & Clay Whybark, 

1986; Guvenir & Erel, 1998; Lapata, 2006; Raman et al., 2001; Ramanathan, 2006; Soylu & 

Akyol, 2014; Zhou & Fan, 2007). The data is comprised of 47 SKUs and four criteria: average 
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unit cost (AUC), annual dollar usage, lead time, and critical factor (CF). Three of these criteria are 

quantitative, while CF is qualitative. The classification of CFs includes the following: VC = very 

critical, MC = moderately critical, and NC = non-critical). AUC and ADU are both in dollar values. 

These 47 SKUs were used initially by Reid (1987) in his study of MCIC.      

3.4 Proposed Model Development 

Our proposed model is a quantitative equal-weight model; therefore, any qualitative 

criterion must be transformed to quantitative values (Chen et al., 2008; Guvenir and Erel, 1998; 

Ng, 2007; Zhou & Fan, 2007). We first assigned equal weights to the criteria (𝑊𝑗). In a multi-

criteria problem, the criteria have different values that need to be standardized. Since all the criteria 

are assumed to be positive, we standardized each inventory item’s value to the [0, 1] interval using 

equation (7). 

 𝑥𝑖𝑗
# =  

𝑥𝑖𝑗 −min 𝑥𝑖𝑗

max 𝑥𝑖𝑗−min 𝑥𝑖𝑗 
 (7) 

where 𝑥𝑖𝑗
#  is the standardized value of the 𝑖𝑡ℎ item (alternative) for criterion 𝑗𝑡ℎ, 𝑥𝑖𝑗 is the 𝑖𝑡ℎ item 

for criterion 𝑗𝑡ℎ, min 𝑥𝑖𝑗 is the minimum value for criterion 𝑗𝑡ℎ, max 𝑥𝑖𝑗 is the maximum value for 

criterion 𝑗𝑡ℎ, j = 1,…….,J, and i = 1,……..I. 

To scale the standardized value of each alternative, we used equation (8): 

 𝑆𝑖𝑗 =  𝑤𝑗  . 𝑥𝑖𝑗
#

 (8) 

where Sij is the scaled value of the ith alternative for the jth criterion, and wj is the weight of the jth 

criterion. The sum of the weights is equal to 1. That is, 

∑ 𝑤𝑗 = 1

𝐽

𝑗=1
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A weighted additive approach was used to aggregate the performance of an inventory 

alternative. This was done by summing up all the scaled values to a single score for ranking 

purpose. The formula for aggregating scaled-weights is 

 𝑇𝑖𝑗 =  ∑ 𝑤𝑗 . 𝑥𝑖𝑗
#𝐽

𝑗=1  (9) 

Equation (9) sums all of the SKUs value as its score. The objective of scoring is for distinct 

ranking; however, there are instances when ties do occur. In our case, we had no tie ranks. We 

applied the same classification method as other researchers, where the first 21 percent of SKUs 

are classified as A, 30 percent are classified as B, and 49 percent as C. This follows SKUs 

classification by Flores et al., 1992; Hatefi et al., 2013, and Lajili et al., 2012. For example, Gupta 

et al. (2007) used total cost consumption of 70%, 20% and 10% which produced 10 A-class SKUs, 

20 B-class SKUs, and 70 C-class SKUs in their classification of drugs.  Maintaining the 10-14-23 

SKU class count provides consistency to compare model performance against previous models 

developed. Figure 9 shows the procedure for the proposed model. 

  
Figure 9: Proposed model procedure 

1
• Standardize SKU values

2
• Assign weights to criteria 

4

• Scale SKU values 
3

• Sum SKU's scaled values to get score

5
• Sort scores in non-ascending order

6
• Rank items from 1 - N

7
• Assign class to items: 1st 21% SKUs = A; next 30% SKUs = B; last 49% SKUs = C
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3.4.1 Model Validation 

To test the performance of the proposed model, we used the original data set of 47 SKUs 

as was done by Reid (1987). Other researchers (Flores et al., 1992; Ng, 2007; Ramanathan, 2006; 

Yu, 2011) have used this data set to validate their models’ performances. The data set consisted of 

$ AUC, $ ADU, CF, and LT measured in weeks. These four criteria were assumed to be positive. 

The critical factor (VC, MC, or NC) was transformed into numerical values where VC = 3, MC = 

2, and NC = 1. Therefore, all SKUs assigned the critical factor VC had a higher value than those 

assigned MC or NC. In that respect, VC > MC > NC. We maintained the same distributions as 

others (Flores et al., 1992; Hatefi et al., 2013; Ramanathan, 2006) in our assignment of ABC 

classes after sorting in non-ascending order (A = first ten SKUs, B = 14 SKUs after A SKUs, and 

C = bottom 23 SKUs). Appendix 3A shows the result of the model’s ranking and classification. 

Appendix 3B shows hits against the models. A hit is the assignment of the same class by models. 

For example, as shown in Appendix 3A, SKU S02 is assigned an A by all models except the R 

model. In such a case, a hit is attributed to all models except the R model. In the case of SKU S14, 

the proposed model, the Hatefi and Torabi model, and the Z-F model are assigned a hit, but AHP 

and the Soylu model are a non-hit because of their differences in class assignments. Appendix 3A 

shows the proposed model ranking and classification compared to other models.   

With different models present in the extensive literature, we were compelled to investigate 

the correlation between their ranking and classification. We tested the null hypothesis of no 

association among model rankings using Kendall’s tau (Appendixes 3C and 3D) and class 

concordance using Kendall’s coefficient of concordance W (Appendix 3E). Their corresponding 

hypotheses and test statistics are shown below.  
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3.4.2 Kendall’s Rank Correlation Coefficient (Tau-B) 

To determine the strength of the rank relationship between models, we used Kendall’s tau 

and its accompanying test. Even though the SPSS statistical package has only tau-b, it can 

appropriately conduct tests on data sets that have no ties, otherwise previously reserved for 

Kendall’s tau-a. Kendall’s tau-b is an extension of tau-a by considering tied ranks. Kendall’s tau-b 

establishes the similarity of the ranks given by each of the models. In the case of the data used, 

there were no tie ranks. However, our classes had ties when transformed numerically. Kendall’s 

correlation coefficient is represented by different symbols; however, we used 𝜏 as its 

representation (Bolboaca & Jäntschi, 2006; Lajili et al., 2012).   

To determine whether there was a correlation between the different models’ rankings and 

classification of SKUs, we set up the below hypotheses and then formulated 𝜏:  

Hypotheses: 

𝐻0 : 𝑇ℎ𝑒 𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑 𝑚𝑜𝑑𝑒𝑙 𝑎𝑛𝑑 𝑒𝑥𝑖𝑠𝑡𝑖𝑛𝑔 𝑚𝑜𝑑𝑒𝑙𝑠 𝑎𝑟𝑒 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡. 

𝐻𝐴 : 𝑇ℎ𝑒𝑟𝑒 𝑖𝑠 𝑒𝑖𝑡ℎ𝑒𝑟 𝑎 𝑑𝑖𝑟𝑒𝑐𝑡 𝑜𝑟 𝑖𝑛𝑣𝑒𝑟𝑠𝑒 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑚𝑜𝑑𝑒𝑙𝑠. 

The test statistic (Abdi, 2007) is 

 𝜏 =  
1

2
𝑁(𝑁−1) − 𝑑∆(℘1,℘2) 

1

2
𝑁(𝑁−1)

 (10) 

Equation (10) is written as 

 𝜏 = 1 −
2 x [𝑑∆(℘1,℘2)] 

𝑁(𝑁−1)
 (11) 

The symmetric difference distance between two sets of ordered pairs ℘1 and ℘2 is denoted as 

𝑑∆(℘1, ℘2), where 𝜏 is in the range of − 1 to + 1,   𝜏 = 1 when there is a perfectly positive 

correlation in rankings, 𝜏 = –1 when there is a perfectly negative correlation in rankings, and 𝜏 = 

0 denotes no correlation.  
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3.4.3 Kendall’s Coefficient of Concordance (W) 

Kendall’s W is a measure of agreement among the models with 0 ≤ W ≤ 1, where 0 denotes 

no agreement among models, and 1 denotes perfect agreement. Due to multiple models and the 

impossibility of complete disagreement, we formulated the null hypothesis in terms of models, 

assigning the ranks and classes to the SKUs independently and at random.  To proceed with testing, 

we transformed the classes into numerical values with A = 1, B = 2, and C = 3. This applies only 

to Appendix 3D. The models’ independence hypotheses are set below, and W, the test statistic, is 

formulated as equation (12).    

Hypotheses: 

      𝐻0 : 𝑇ℎ𝑒 𝑚𝑜𝑑𝑒𝑙𝑠 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 𝑟𝑎𝑛𝑘𝑠 𝑎𝑛𝑑 𝑐𝑙𝑎𝑠𝑠𝑒𝑠 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡𝑙𝑦 𝑎𝑛𝑑 𝑎𝑡 𝑟𝑎𝑛𝑑𝑜𝑚. 

      𝐻𝐴 : 𝑇ℎ𝑒 𝑚𝑜𝑑𝑒𝑙𝑠 𝑑𝑖𝑑 𝑛𝑜𝑡 𝑎𝑠𝑠𝑖𝑔𝑛 𝑟𝑎𝑛𝑘𝑠 𝑎𝑛𝑑 𝑐𝑙𝑎𝑠𝑠𝑒𝑠 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡𝑙𝑦 𝑎𝑛𝑑 𝑎𝑡 𝑟𝑎𝑛𝑑𝑜𝑚. 

The test statistic is 

 W = 
12 ∑  𝑅𝑗

2−3𝑏2𝐾(𝐾+1)2𝐾
𝑗=1

𝑏2𝐾(𝐾2 − 1)
 (12) 

where b is the number of set of rankings by models, K is the number of SKUs ranked, and 𝑅𝑗 is 

the sum of the ranks assigned to the 𝑗𝑡ℎ SKU. Equation (12) applies to data without ties. For tied 

ranks, we assigned each the mean of the rank position for which it was tied. Therefore, determining 

W for data with tie ranks requires an adjustment of the denominator in equation (12) to 

𝑏2K(𝐾2 − 1) − 𝑏 ∑(𝑡3 − 𝑡) 

where t is the number of observations in any set of rankings tied for a given rank. We tested 

concordance on the ranking and classification of the models.  



80 

3.5 Results and Analysis 

Stock-keeping unit classification of the proposed model is shown in Appendix 3A, where 

the table is sorted by rank and class. The first ten SKUs are classified as A, the next 14 SKUs are 

classified as B, and the rest (23) are classified as C. Appendix 3A shows the proposed model’s 

classification against other models’ classifications. Appendix 3B is the tabulation of the class hits 

expressed in percentages. For example, comparison of the proposed model and the traditional 

model shows that 90 percent of the SKUs have the same A-class, 86 percent of the SKUs were 

classified in the B-class, and 91 percent have the same B-class. These percentages show the percent 

agreement in-class between models. Appendix 3C shows SKUs rank correlation among five 

models including the proposed model. We used Kendall’s tau-b to determine pairwise correlation 

of the proposed model with other models and found the model to be significantly correlated with 

each of the models. The AHP and Park model when compared with the proposed model showed 

correlation coefficients of 0.852 and 0.700, respectively. This suggests a close ranking of SKUs 

among the model, i.e., the distance between SKUs rankings to be less than that of other compared 

models. Class correlation (Appendix 3D) shows the correlation between the models in classifying 

SKUs. Appendix 3D compares 12 models, including the proposed model, for class correlation. 

The HV and NG models have the highest correlation coefficient (0.965). Since the classes were 

transformed into numerical values, the results suggest the smallest distance between SKUs values 

for the two models. The proposed model and the traditional model have a correlation coefficient 

of 0.841. Models with a high correlation coefficient can be substituted for classification purposes. 

For example, a manager can substitute the NG model with the HV model, and vice versa. We 

examined the rankings of the individual SKUs for the 12 models and concluded that the models 

are assigning ranks to SKUs independently and at random (w = 0.012) (see Appendix 3E).           
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The ease of formulation and simplicity of the proposed model is not a serious disadvantage, 

since it is positively correlated with all of the models, and is highly correlated with fairly 

established and sophisticated models such as AHP and the Park model. All of the P-values in the 

first column of Appendix 3C show values less than 𝛼 (0.01 and 0.05). This led us to reject the null 

hypothesis and conclude that there is significant positive correlation between the respective 

models. This shows that the models are not far apart in their ranking of the same SKU, and they 

are certainly not ranking in the opposite direction, except in the case of the R model. For example, 

if the proposed model ranks SKU S01, 5, and the Hatefi and Torabi model ranks it 42, or if the 

Hatefi andTorabi model ranks SKU S13, 4, and the proposed model ranks it 43, then in both cases, 

the models are likely inversely correlated for that particular SKU and not the entire model. 

Appendix 3D shows a similar result of the correlation by classes. As stated earlier, we transformed 

the ABC classes into numeric values 1, 2, 3, respectively, to test for correlation (𝜏𝑏). This means 

that SKUs in the classes were treated as tied ranks. That is, all A-class items had the same ranks, 

and likewise B-class and C-class items. Appendix 3D shows some inverse correlations between 

models, particularly the R model, because in a three-category classification, a couple of 

diametrically opposed classes could skew the relationship. 

A sufficiently large value of W in this case (Appendix 3E) led us to reject the null 

hypothesis. It is easy to have a positive correlation between model rankings as long as the ranks 

are not widely distant. MCIC is not a decision-making tool for producing specific SKUs in a 

manufacturing environment. Rather, it is a decision-making tool for placing a level of control on 

a group of SKUs. The key word in such decision making is “control.” Unlike in large-scale projects 

with financial magnitude where the decision is on which project to undertake, control is not the 

driving factor.  The selection of an investment project is a typical example of a financial decision-
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making problem where the decision maker selects one or a few alternatives (Zopounidis and 

Doumpos, 2002) unlike MCIC. 

3.6 Conclusion  

In this paper, we developed and presented a rapidly deployable model to inventory 

classification that is easy to formulate, understand, and use by inventory managers. The simplicity 

of the model makes it employable and effective in classifying inventory. We were able to show 

the correlation of the proposed model in relation to existing models. In most cases, at the 95 and 

99 percent confidence intervals, there is enough evidence to conclude that the models in Appendix 

3C are assigning ranks independently and at random. Also in most cases, at the 95 and 99 percent 

confidence intervals, there is enough evidence to conclude that there is either a direct or inverse 

class relationship between models.  

The effectiveness of the model is expressed in its correlation values with other models. The 

compactness of the proposed model, in addition to advantages mentioned, makes it superior, as 

evident in the number of hits generated. This model is a close extension of the traditional method 

but goes beyond a single criterion. We believe that the equal weights assigned to the criteria 

reduced the added subjectivity and gave the proposed model its superior performance. This paper 

also shows the statistical relationships of models in multi-criteria inventory control, which can be 

used by managers to substitute one model for another if the need arises. For example, it would be 

prudent to use our proposed model in place of AHP in situations where there are many SKUs and 

criteria. Appendixes 3C and 3D can be used by practitioners as a model substitutability reference. 
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APPENDIX 3A 

 

PERFORMANCE OF PROPOSED MODEL IN COMPARISON TO OTHER MODELS 
 

 

 Models 

Item 

Proposed 
Model 
Class 

Traditional 
Model AHP R Model ZF(0.5) 

Soylu 
Model 

Linear 
U UTADIS 

Hatefi 
& 

Torabi 

Chen 
Model 

(a) 
HV 

Model 
NG 

Model 

S02 A A A C A A A A A A A A 

S09 A A A C A A A B A A A A 

S13 A A A C A A A A A A A A 

S03 A A A C A A A B A A A A 

S01 A A A B A A A A B A A A 

S10 A A B C A B B B A A A A 

S23 A A A B B B B B B B B B 

S14 A A B A A C B B A A A B 

S15 A B A A C B B B B B C C 

S29 A A B A A B B B A A A A 

S21 B B A B C B B B C C C C 

S18 B B A A A B B B A B B B 

S24 B B A C C B B B C C C C 

S36 B B B C C B B B C C C C 

S31 B B B B B C B B B B B B 

S19 B B B A B C B C B B B B 

S06 B B C C C C B C C B B A 

S32 B C B C C B B B C C C C 

S07 B B C C C C B C C B B B 

S12 B B B C B C B C B C B B 

S22 B B B B B C B B B B C C 

S11 B C B C C B B B C C C C 
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 Models 

Item 

Proposed 
Model 
Class 

Traditional 
Model AHP R Model ZF(0.5) 

Soylu 
Model 

Linear 
U UTADIS 

Hatefi 
& 

Torabi 

Chen 
Model 

(a) 
HV 

Model 
NG 

Model 

S20 B B B B B C B C B C C C 

S28 B B C A A C C B A A B B 

S08 C B C C B C C C B A B B 

S05 C A B C B B B C B B A A 

S17 C C B B C C B C C C C C 

S16 C C C A C C B C C C C C 

S38 C C C C C C B C C C C C 

S45 C C B A B B B B A B B B 

S40 C C C B B C C C B B B B 

S34 C C C A B C C C B C B B 

S39 C C C B B C C C B B B B 

S04 C C C A C C C C C B A A 

S33 C C C B B C C C B B B B 

S37 C C C B B C C C C C C C 

S43 C C C B C C C C C C C C 

S47 C C C B C C C C C C C C 

S35 C C C C C C C C C C C C 

S44 C C C C C C C C C C C C 

S26 C C C C C C C C C C C C 

S46 C C C C C C C C C C C C 

S27 C C C B C C C C C C C C 

S42 C C C C C C C C C C C C 

S30 C C C C C C C C C C C C 

S41 C C C C C C C C C C C C 

S25 C C C C C C C C C C C C 
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APPENDIX 3B 

MATRIX OF COMPARATIVE CLASS HITS OF MODELS 

 

 

 

Note: SKUs classified in the same class by different models = Hit 

Proposed 

Model
Traditional AHP R Z-F (0.5)

Soylu 

Model
Linear U UTADIS

Hatefi & 

Torabi
Chen(a) HV Ng 

A - 90% 70% 30% 80% 50% 50% 30% 70% 80% 80% 70%

B - 86% 57% 29% 36% 43% 93% 64% 36% 43% 50% 43%

C - 91% 87% 48% 65% 91% 78% 96% 70% 70% 65% 65%

A 90% - 60% 20% 80% 50% 50% 30% 70% 80% 80% 90%

B 86% - 43% 29% 43% 36% 86% 57% 50% 50% 57% 50%

C 91% - 83% 48% 74% 87% 74% 87% 78% 78% 74% 74%

A 70% 60% - 20% 60% 50% 50% 30% 50% 50% 50% 50%

B 57% 43% - 29% 50% 50% 50% 64% 43% 36% 29% 36%

C 87% 83% - 52% 70% 100% 83% 96% 74% 65% 61% 61%

A 30% 20% 20% - 40% 0% 0% 0% 50% 30% 30% 20%

B 29% 29% 29% - 57% 14% 43% 29% 57% 43% 36% 36%

C 48% 48% 52% - 65% 57% 39% 61% 65% 61% 57% 57%

A 30% 80% 60% 40% - 50% 50% 30% 90% 30% 30% 30%

B 29% 43% 50% 57% - 21% 57% 29% 86% 64% 71% 71%

C 48% 74% 70% 65% - 74% 52% 74% 96% 83% 83% 83%

A 50% 50% 50% 0% 50% - 50% 30% 40% 50% 50% 50%

B 43% 36% 50% 14% 21% - 86% 79% 21% 36% 36% 21%

C 91% 87% 100% 57% 74% - 83% 113% 78% 78% 74% 74%

A 50% 50% 50% 0% 50% 50% - 30% 40% 50% 50% 50%

B 93% 86% 50% 43% 57% 86% - 100% 57% 71% 57% 57%

C 78% 74% 83% 39% 52% 83% - 78% 57% 57% 52% 52%

A 30% 30% 30% 0% 30% 30% 30% - 20% 30% 30% 30%

B 64% 57% 64% 29% 29% 79% 100% - 29% 43% 36% 43%

C 96% 87% 96% 61% 74% 113% 78% - 78% 78% 70% 70%

A 70% 70% 50% 50% 90% 40% 40% 20% - 80% 70% 60%

B 36% 50% 43% 57% 86% 21% 57% 29% - 64% 64% 64%

C 70% 78% 74% 65% 96% 78% 57% 78% - 87% 87% 87%

A 80% 80% 50% 30% 30% 50% 50% 30% 80% - 80% 70%

B 43% 50% 36% 43% 64% 36% 71% 43% 64% - 71% 64%

C 70% 78% 65% 61% 83% 78% 57% 78% 87% - 91% 91%

A 80% 80% 50% 30% 30% 50% 50% 30% 70% 80% - 90%

B 50% 57% 29% 36% 71% 36% 57% 36% 64% 71% - 93%

C 65% 74% 61% 57% 83% 74% 52% 70% 87% 91% - 100%

A 70% 90% 50% 20% 30% 50% 50% 30% 60% 70% 90% -

B 43% 50% 36% 36% 71% 21% 57% 43% 64% 64% 93% -

C 65% 74% 61% 57% 83% 74% 52% 70% 87% 91% 100% -

Linear U

UTADIS

Hatefi & 

Torabi

Chen(a)

HV

Ng 

Proposed 

Model

Traditional

AHP

R

Z-F (0.5)

Soylu
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APPENDIX 3C 

 

PAIRWISE MATRIX OF MODEL CORRELATIONS BASED ON SKU RANKS 

 

 

  

Proposed

_Model Park Hatefi Traditional AHP

Correlatio

n 

Coefficient
1.000 .700

**
.512

**
.443

**
.852

**

Sig. (2-

tailed)
.000 .000 .000 .000

N 47 47 47 47 47

Correlatio

n 

Coefficient
.700

** 1.000 .611
**

.220
*

.774
**

Sig. (2-

tailed)
.000 .000 .029 .000

N 47 47 47 47 47

Correlatio

n 

Coefficient
.512

**
.611

** 1.000 .240
*

.452
**

Sig. (2-

tailed)
.000 .000 .018 .000

N 47 47 47 47 47

Correlatio

n 

Coefficient
.443

**
.220

*
.240

* 1.000 .351
**

Sig. (2-

tailed)
.000 .029 .018 .001

N 47 47 47 47 47

Correlatio

n 

Coefficient
.852

**
.774

**
.452

**
.351

** 1.000

Sig. (2-

tailed)
.000 .000 .000 .001

N 47 47 47 47 47

Kendall's 

tau_b

Proposed

_Model

Park

Hatefi

Traditional

AHP

**. Correlation is significant at the 0.01 level (2-tailed).

*. Correlation is significant at the 0.05 level (2-tailed).
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APPENDIX 3D 

 

PAIRWISE MATRIX OF MODEL PERFORMANCES BASED ON SKU CLASS CORRELATION 

 

 

  
Proposed 

Model 
Traditional AHP R ZF Soylu 

Linear 
Utility 

UTADIS 
Hatefi-
Torabi 

Chen HV NG 

Kendall's 
tau_b 

Proposed 
Model 

Correlation 
Coefficient 

1 .841** .749** 0.026 .506** .642** .761** .771** .532** .556** .462** .439** 

Sig. (2-
tailed) 

. 0 0 0.845 0 0 0 0 0 0 0.001 0.001 

N 47 47 47 47 47 47 47 47 47 47 47 47 

Traditional 

Correlation 
Coefficient 

.841** 1 .671** 
-

0.017 
.627** .583** .705** .622** .630** .678** .633** .607** 

Sig. (2-
tailed) 

0 . 0 0.896 0 0 0 0 0 0 0 0 

N 47 47 47 47 47 47 47 47 47 47 47 47 

AHP 

Correlation 
Coefficient 

.749** .671** 1 0.051 .442** .790** .816** .771** .486** .370** .325* .301* 

Sig. (2-
tailed) 

0 0 . 0.703 0.001 0 0 0 0 0.005 0.014 0.024 

N 47 47 47 47 47 47 47 47 47 47 47 47 

R 

Correlation 
Coefficient 

0.026 -0.017 0.051 1 0.25 
-

0.119 
-0.052 0.081 .301* 0.188 0.145 0.101 

Sig. (2-
tailed) 

0.845 0.896 0.703 . 0.06 0.377 0.698 0.551 0.024 0.157 0.277 0.447 

N 47 47 47 47 47 47 47 47 47 47 47 47 
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ZF 

Correlation 
Coefficient 

.506** .627** .442** 0.25 1 .376** .401** .482** .913** .757** .759** .708** 

Sig. (2-
tailed) 

0 0 0.001 0.06 . 0.005 0.003 0 0 0 0 0 

N 47 47 47 47 47 47 47 47 47 47 47 47 

Soylu 

Correlation 
Coefficient 

.642** .583** .790** 
-

0.119 
.376** 1 .721** .796** .416** .404** .376** .376** 

Sig. (2-
tailed) 

0 0 0 0.377 0.005 . 0 0 0.002 0.003 0.005 0.005 

N 47 47 47 47 47 47 47 47 47 47 47 47 

Linear_Utility 

Correlation 
Coefficient 

.761** .705** .816** 
-

0.052 
.401** .721** 1 .684** .429** .427** .401** .401** 

Sig. (2-
tailed) 

0 0 0 0.698 0.003 0 . 0 0.001 0.002 0.003 0.003 

N 47 47 47 47 47 47 47 47 47 47 47 47 

UTADIS 

Correlation 
Coefficient 

.771** .622** .771** 0.081 .482** .796** .684** 1 .516** .507** .358** .325* 

Sig. (2-
tailed) 

0 0 0 0.551 0 0 0 . 0 0 0.009 0.017 

N 47 47 47 47 47 47 47 47 47 47 47 47 

Hatefi_Torabi 

Correlation 
Coefficient 

.532** .630** .486** .301* .913** .416** .429** .516** 1 .779** .728** .678** 

Sig. (2-
tailed) 

0 0 0 0.024 0 0.002 0.001 0 . 0 0 0 

N 47 47 47 47 47 47 47 47 47 47 47 47 
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Chen 

Correlation 
Coefficient 

.556** .678** .370** 0.188 .757** .404** .427** .507** .779** 1 .829** .798** 

Sig. (2-
tailed) 

0 0 0.005 0.157 0 0.003 0.002 0 0 . 0 0 

N 47 47 47 47 47 47 47 47 47 47 47 47 

HV 

Correlation 
Coefficient 

.462** .633** .325* 0.145 .759** .376** .401** .358** .728** .829** 1 .965** 

Sig. (2-
tailed) 

0.001 0 0.014 0.277 0 0.005 0.003 0.009 0 0 . 0 

N 47 47 47 47 47 47 47 47 47 47 47 47 

NG 

Correlation 
Coefficient 

.439** .607** .301* 0.101 .708** .376** .401** .325* .678** .798** .965** 1 

Sig. (2-
tailed) 

0.001 0 0.024 0.447 0 0.005 0.003 0.017 0 0 0 . 

N 47 47 47 47 47 47 47 47 47 47 47 47 

*Correlation is significant at the 0.05 level (2-tailed). 
 
**Correlation is significant at the 0.01 level (2-tailed). 
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APPENDIX 3E 

 

KENDALL’S COEFFICIENT OF CONCORDANCE (W) FOR RANKED SKUS 

 

 

Test Statistics 

N 47 

Kendall's Wa .012 

Chi-Square 2.261 

df 4 

Asymp. Sig. .688 

aKendall's Coefficient of Concordance 
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CHAPTER 4 

 

ASSESSEMENT OF INVENTORY CLASS PERFORMANCE UTILIZING INVENTORY 

TURN AND DAYS ON HAND 

 

 

ABSTRACT 

 

Inventory performance is typically based on individual SKU rather than on class of SKUs.  

This research evaluated ABC inventory classes for performance based on inventory turn. Multiple 

multi-criteria inventory control models were used to classify 47 stock-keeping units into A, B, and 

C categories, and the annual performance of the ABC classes was evaluated for each model. 

Results show that the A class consistently had the highest turns compared to the B and C classes. 

For the eight models evaluated, all but the R model showed higher turns for the A class compared 

to both B and C classes.  The B and C classes turned inventory relatively the same number of 

times, with the exception of the R model. The R model turned C-class inventory higher than A-

class or B-class inventory, contrary to ABC principles. Results also show that inventory 

classification can be limited to A and B classes instead of the numerous classes sometimes 

recommended and practiced in many firms Therefore, assigning resources for inventory control 

purposes beyond the B class does not improve inventory turn. 

 

Key Words: Multi-criteria, inventory turn, inventory days on hands, ABC classification 
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4.1 Introduction 

Multi-criteria inventory control (Flores and Clay Whybark, 1986) is a subcategory of multi-

criteria decision making. MCIC has been extensively studied, and researchers interested in 

improving the inventory management function have proposed several models. Chu et al. (2008) 

proposed ABC-FC; Guvenir & Erel, 1998) proposed GAMIC, and Keskin & Ozkan (2012) 

prosped FCM model. MCIC uses multiple criteria to cluster the large amounts of inventory into 

fewer categories with the aim of achieving better control of the inventory. It is easier to set policies 

and implement strategies for fewer groups than for every item. Conceived from a single criterion 

classification model, MCIC models have proven effective and reliable in grouping inventory due 

to their multi-dimensional approach of prioritizing inventory. Business decisions are influenced 

by many factors, and the same factors should be used when determining resource allocation and 

control mechanisms. For example, a firm that is making decision on the inventory to stock and the 

quantity of that inventory would consider its lead time, usage, sales, cost, scrap factor, or other 

relevant factors. Hence, criteria selection may be influenced by the firm’s strategy. Since the 

adoption of the sole criterion, which is driven by annual usage or demand, there has been a 

proliferation of inventory criteria such as lead time, average unit cost, criticality, stock-out cost, 

commonality, reparability, durability, etc. in determining classes (Flores and Clay Whybark, 1986; 

Rezaei and Dowlatshahi, 2010).   

Despite the number of criteria used, the objective of MCIC remains the same; that is, to 

classify and control inventory in an effort to satisfy customer demand, improve service level, and 

meet the firm’s operational and financial strategies. MCIC was developed as an advancement of 

the traditional model that used single criterion with the Pareto-principle in mind. The Pareto-

principle came to light during Vilfredo Pareto’s study of the Italian economy. In that study, he 
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found that 80% of the wealth in Italy was held by 20% of the people—this became known as the 

80-20 rule and has been famously used in many disciplines especially in quality. The Pareto 

Principle or the 80-20 rule is also referred to as “the vital few and the trivial many.” Figure 10 

shows inventory classes based on the Pareto principle. According to Pareto in this case the A’s 

which comprise 20% of the items with an 80% annual cost usage would be considered the “vital 

few” while the B’s and C’s would be the trivial many.   

 

Figure 10:  Graphical presentation of ABC analysis  

Firms have used financial measures to evaluate their supply chain performance. Financial 

measures are justified and valid since the primary objective of firms is to be financially viable. 

However, a sole focus on financial performance tends to put operational performance on the back 

burner. Managers are cognizant of the fact that products are first made, then perhaps stored, and 

then sold to customers. This simple understanding of the supply chain process would dictate that 

prior to sales, the firm must do an effective job at producing, tracking, and measuring resources 

from a non-financial perspective, such as inventory turns, days of inventory on hand, scrap, quality, 

etc. Performance measures must be meaningful to the firm and complement the firm’s strategies. 

0

10

20

30

40

50

60

70

80

90

100

20 50 100

C
u

m
m

u
la

ti
ve

 P
er

ce
n

ta
ge

 o
f 

an
n

u
al

 c
o

st
 

u
sa

ge

Cummulative Percentage of Items

ABC Analysis

B CA

https://scholar.google.com/citations?user=JLbwVlUAAAAJ&hl=en&oi=sra


99 

It should not be an “off the shelf” balance scorecard that is now pervasive as a result of knowledge 

firms (Ittner and Larcker, 2003).  Some researchers have stressed the importance of inventory 

minimization for MCIC (Gupta et al., 2007; Khurana et al., 2013).  However, it is important to 

highlight the fact that inventory investment minimization is not the primary goal of MCIC. Even 

though cost is an important gauge for supply chain performance (Martin & Stanford, 2007; Teunter 

et al., 2010), it does not always have to be the driving factor in MCIC (Berrah et al., 2004). The 

driving factor for MCIC should be those factors that are important enough to affect performance 

at their place of evaluation. For example, a purchasing manager could run MCIC with lead time, 

quality, and reparability, if those criteria are the driving factors for the organization’s success. 

Similarly, a production manager could run MCIC based on setup time, run time, down time, change 

over time, etc. There are some cost elements in these criteria, but the primary focus is more on 

operational performance.  

Understanding the position of stock-keeping units from time to time helps in managerial 

decision making. Martin and Stanford (2007) have suggested that without a feedback mechanism 

on the effectiveness of an MCIC classification, there is no guarantee that the associated 

management processes have achieved their purpose or have even received a signal to update the 

model to conform to business norms. One of the most widely used inventory performance metrics 

is inventory turn.  Inventory turn is also referred to as inventory turnover or inventory turnover 

ratio (ITR). Once inventory turn is calculated, inventory days on hand (IDOH) can be easily 

derived. IDOH is the average amount of inventory on hand until the inventory is fully consumed 

at the current rate of consumption.  ITR is the number of times that an inventory cycles through 

the firm in a year. ITR is an important measure of performance that demonstrates the effective 

utilization of inventory within the firm (Gaur et al. 2005). ITR is frequently calculated based on 
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SKU. Improving a firm’s inventory performance yields a better financial performance measure, 

both at the gross profit and at the operating profit levels (Capkun et al., 2009). This is due to the 

firm being able to either increase sales or maintain optimal inventory investment. 

4.1.1 Role of Information Technology in Inventory Performance 

It is important to highlight the significance of information technology on inventory 

management. To have better inventory performance requires that inventory be visible at every 

level of the organization. Even with all controls that managers place on inventory, quite often they 

are not sufficient enough to ensure desired performance results. The role IT plays in enhancing 

these controls is pivotal to attaining inventory performance. Several studies have shown that IT 

allows business partners to share information related to customer orders and inventory positions 

in supply chains. Such facilitation of information sharing via IT should help manage inventories 

more effectively and streamline operations (Shah & Shin, 2007). IT makes collecting data, 

tracking, performance-measuring, and reporting on inventory easier, and the timeliness of 

inventory information to stakeholders makes for better planning and execution of the supply chain.  

4.1.2 Inventory Performance Evaluation and Reporting 

The widely held convention when it comes to inventory analysis and performance 

evaluation is to have it done annually.  Many companies have maintained their annual inventory 

counting, while research has shown that it is better to have a cycle-counting program that counts 

inventory frequently according to its relative importance, usually based on the ABC inventory 

classification (Rossetti et al. 2001). Similarly, firms continue to analyze their inventory 

performance on an annual basis. Analyzing inventory on an annual basis means that for eleven 

months, no one in the firm really knows how one of their most valued resources is performing. 

Inventory turns should be measured periodically, perhaps quarterly, to provide this valuable 
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information to stakeholders, similar to how sales are reported. In addition, most planning and 

reporting is done monthly and quarterly. For example, forecasting, demand planning, sales and 

operations planning, and financial reporting are activities performed on a monthly and quarterly 

basis. Some of the reasons why inventory is counted annually are attributed to the sales cycle or 

business strategy that a firm employs. If most of a firm’s sales happen at the end of the year, then 

it would be misleading and detrimental to act upon such a report.   

In order to determine IT, data of 47 SKUs from the literature were enhanced by assigning 

randomly generated numbers for the SKUs average inventory (AVG_INV) values.  This research 

used multiple MCIC models that classified the 47 SKUs according to A, B, or C. The results 

(classes) were assessed for turn performance using a method similar to that of Martin and Stanford 

(2006).  

4.2 Literature Review  

One of the most important reasons for instituting an ABC inventory control program is the 

number of SKUs that exist in practice. These numerous SKUs cannot be individually managed and 

therefore require prioritization (Ernst & Cohen, 1988). Since its development in the 1950s, 

traditional ABC classification, which relies on a single criterion, usually annual dollar usage, has 

been researched extensively, and several other models have been developed. ABC is an effective 

method of classifying inventory into three different categories. Due to the amount of inventory 

that organizations hold, it is easier to plan for classes of inventory rather than individual SKUs. 

The mechanism of MCIC is used to determine inventory prioritization based on set criteria that 

converge to a single score, which is then used to determine the rank of SKUs. 
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4.2.1 MCIC Models Review 

Teunter et al. (2010) proposed a new cost criterion based on the inventory theory. This 

model applies both demand value and demand volume as ABC ranking criteria, with fixed service 

levels per class. An advantage of the cost criterion is its incorporation of criticality with other 

pertinent parameters to come up with a single criterion to rank and categorize SKUs into classes. 

The cost parameters for consideration are shortage cost, demand rate, inventory holding cost, and 

SKU order quantity.  Their recommendation for fixed-cycle service levels for each class could 

negatively affect some SKUs in a class, since service level is unique for each SKU, depending on 

forecast performance or other parameters that fluctuate periodically.  

The analytical hierarchy process has been widely used in multi-criteria decision making in 

both academic research and in industrial practice. AHP has been implemented in almost all 

applications related to decision-making (Ariff et al., 2012). The purpose of using AHP is to 

determine the relative ranking of alternatives. To use AHP, decision makers must compare all 

alternatives. The decision maker must have a good understanding of the problem in order for an 

accurate comparison of the alternatives (Levary & Wan, 1999). Flores et al. (1992) and Partovi 

and Burton (1993) have suggested MCIC models that consider both quantitative and qualitative 

criteria based on the analytic hierarchy process developed by Saaty (1999). The AHP technique 

has proven to be effective in many instances, especially when there are few items to be compared. 

Despite its success, AHP has its challenges when there are many items to be compared, thus posing 

a pairwise comparison challenge. 

The R model, proposed by Ramanathan (2006), is capable of generating an aggregated 

performance score of 1 for many items, thereby adding a layer of complexity to further classifying 

those tied items and in other cases causing criterion dominance in determining aggregated 
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performance (Lajili et al. 2012). To mitigate some of the challenges of the R model, Zhou and Fan 

(2007) revised the weighted linear optimization R model by using two sets of weights: one weight 

favorable and the other least favorable. The Z-F model is a minimization problem that extends the 

R model by using the least-favorable weights to reclassify those tied SKUs inherent in the R model 

during classification. Ng (2007) proposed a weighted linear optimization model that attempted to 

simplify the classification steps for calculating and aggregating the SKU score in the absence of a 

linear optimizer. Due to the SKU weight independence of the Ng model and its resultant propensity 

to misclassify the SKU, Hadi-Vencheh (2010) advanced a non-linear programming model that 

improved the Ng model. Soylu and Akyol (2014) proposed a model where the preferences of the 

decision maker are incorporated into the decision-making process in terms of reference items in 

each class. They applied the utilities additives discriminantes (UTADIS) sorting method to the 

multi-criteria ABC inventory classification problem (Doumpos & Zopounidis, 2002). Since 

criteria priorities and class discrimination rules are industry or company specific, the decision 

maker’s judgement is considered.  In their research, information is inferred from reference items 

provided by the demand manager, and linear and piecewise linear utility functions are generated. 

A disadvantage of this method is that those SKUs that are not correctly ranked must be ranked 

manually, thereby injecting subjectivity into the SKU ranking process.   

4.2.2 Inventory Performance Metrics Review 

Inventory performance measures such as inventory turn are aligned with the operation of 

the firm but also linked to its strategic level and issues. This type of coherent linkage is what is 

needed in order to add value to a supply chain, particularly within a firm. Implementing 

performance measures must be methodically done since performance measures and metrics must 

be executed within a framework similar to a strategic planning model beginning with an 
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organization’s mission and vision as the focus for developing appropriate measures (Hervani et al. 

2005). Lee and Billington (1992) suggested that operations managers measure performance 

regularly and frequently, such as weekly or monthly, in order to mitigate pitfalls within a supply 

chain.  For example, The United States Agency for International Development implemented a 

web-based logistics management system in Pakistan to deliver contraceptives. Inventory turnover 

was used to analyze the effectiveness of the system. The inventory turnover indicator in Pakistan 

provided decision makers with insight into the impact of changes they made, both in terms of 

policy and system implementation.   

Lee et al. (2015) examined the impact of innovation on inventory turnover by using fixed-

effect panel regression models that considered both the firm and yearly fixed effects. Their results 

showed that both process and product innovation exhibit a significantly positive correlation with 

inventory turnover, suggesting that the more innovative the firm, the more efficient it is at 

managing its inventory. Further examination on how time and industry characteristics affect the 

impact of innovations on inventory turnover show that process innovation has a stronger and long-

lasting effect on inventory turnover than does product innovation. Using inventory turn as a 

measure of supply chain performance validates strategies that a firm might use. For example, 

assigning more inventory personnel to a cycle count of A-class items makes more sense than 

assigning more personnel to C-class items, because revenue from the A-class items is higher than 

that from the C-class items.   

Caplice and Sheffi (1994) distinguished inventory metrics into two categories: static 

metrics and flow metrics. According to them, flow metrics is deemed to be more meaningful and 

suited for measurement. Two of the most popular inventory flow metrics are ITR and IDOH. They 

highlighted usage ratios as a general way to measure nonfinancial resource use. For example, a 
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usage ratio such as inventory turn compares the amount of inventory consumed to the amount 

available.   

4.3 Performance Measurement Model 

The performance measurement used in this study is inventory turnover ratio. Inventory 

days on hand are also derived from the ITR. Companies frequently evaluate the inventory 

performance at the SKU level in order to determine its merit relative to other SKUs and to the 

company’s strategy. Therefore, to determine SKU turns, the cost of goods sold (COGS) is divided 

by its AVG_INV. This calculation is expressed as  

 𝑇𝑠 =
𝐶𝑠 𝑄𝑠

(𝐵𝑠+ 𝐸𝑠)/2
 (13) 

where the turn for item S is represented by 𝑇𝑠, the cost of the goods sold is 𝐶𝑠 , and the quantity 

sold for the period under evaluation is 𝑄𝑠. Therefore, the COGS is a product of 𝐶𝑠 𝑎𝑛𝑑 𝑄𝑠. The 

AVG_INV value for the period is the beginning inventory (𝐵𝑠) and ending inventory (𝐸𝑠) values 

divided by two. In the case of this study, we randomly generated (𝐵𝑠 +  𝐸𝑠)/2 values.  

Since we are concerned with performance of a group of SKUs in a class (𝐶𝑡) at a particular 

period, all of the individual SKUs COGS and AVG_INV values are summed, and their ratio is 

determined to obtain the turn for that class, as shown in equation (14). To descriptively align 

equation (14), the COGS is the product of AUC (𝐶𝑠 ) and ADU (𝑄𝑠).  

 𝐶𝑡 =
∑ 𝐶𝑠 𝑄𝑠

𝑆
𝑠=1

∑ (𝐵𝑠+ 𝐸𝑠)/2𝑆
𝑠=1

 (14) 

where s represents the SKUs in a class.  

Considering IDOH (𝐼𝑑) as another tool for inventory performance, we derived 𝐼𝑑 as the 

product of the inverse of 𝐶𝑡 , and 𝑑𝑝 shown by equation (15) as 

  



106 

 𝐼𝑑 =  (
∑ 𝐶𝑠 𝑄𝑠

𝑆
𝑠=1

∑
𝐵𝑠+ 𝐸𝑠

2
𝑆
𝑠=1

)

−1

(𝑑𝑝) (15) 

where (𝑑𝑝) is the number of days in the period under review. 

4.3.1 An Illustration 

To validate the practicality of the model, i.e., equation (14), we used the perennial 47 SKUs 

used by many researchers (Flores & Whybark, 1986, Flores et al., 1992; Ramanathan, 2006; Zhou 

& Fan, 2007; Ng, 2007; Hadi-Vencheh, 2010) in their study of multi-criteria inventory control.  

The AUC and ADU were extended to obtain the respective dollar usage or sales value of the SKUs. 

Since the original data for the 47 SKUs did not contain AVG_INV, average inventory was 

determined by assigning random numbers to SKUs and then using their respective AUC to obtain 

AVG_INV values. Inventory classes were obtained by using Ramanathan’s 2006 (R) weighted 

linear optimization model as shown below: 

 𝑚𝑎𝑥 ∑ 𝑣𝑚𝑗
𝐽
𝑗=1 𝑦𝑚𝑗 (16) 

subject to 

∑ 𝑣𝑚𝑗

𝐽

𝑗=1
𝑦𝑛𝑗  ≤ 1,    𝑛 = 1, 2, … … . , 𝑁 

𝑣𝑚𝑗 ≥ 0,     𝑗 = 1, 2, … … … . , 𝐽 

Table 8 shows the class obtained for the individual SKUs using Ramanathan’s (2006) 

model. Individual SKU turn was calculated for a year using Equation (13). Likewise, the class 

turns were calculated for all three classes – A, B, and C using Equation (14) to show their 

performance for a year. The results of the class turns are shown on the far right of Table 8. 
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TABLE 8 

SKU AND CLASS INVENTORY TURNOVER FROM R MODEL 

Item AUC ADU $ADU 

Avg. 

Inv. $AVG_INV Class 

SKU 

Turns 

Class  

Turn 

S14 $110.40 883 $97,505 605 $66,779 A 1   

S29 $134.34 269 $36,094 186 $24,932 A 1   

S15 $71.20 854 $60,833 341 $24,273 A 3   

S18 $49.50 594 $29,403 130 $6,413 A 5   

S19 $47.50 570 $27,075 9 $417 A 65   

S28 $78.40 314 $24,586 161 $12,598 A 2   

S04 $27.73 4770 $132,260 2473 $68,578 A 2   

S16 $45.00 810 $36,450 335 $15,077 A 2   

S34 $7.07 191 $1,350 177 $1,254 A 1   

S45 $34.40 34 $1,183 4 $126 A 9 2 

S01 $49.92 5841 $291,565 3180 $158,759 B 2   

S23 $86.50 433 $37,411 347 $29,980 B 1   

S20 $58.45 468 $27,331 249 $14,544 B 2   

S21 $24.40 464 $11,312 47 $1,144 B 10   

S22 $65.00 455 $29,575 449 $29,216 B 1   

S31 $72.00 216 $15,552 102 $7,340 B 2   

S17 $14.66 704 $10,316 346 $5,066 B 2   

S27 $84.03 336 $28,244 142 $11,950 B 2   

S33 $49.48 198 $9,793 190 $9,399 B 1   

S37 $30.00 150 $4,500 83 $2,490 B 2   

S39 $59.60 119 $7,104 18 $1,054 B 7   

S40 $51.68 103 $5,342 13 $665 B 8   

S43 $29.89 60 $1,787 1 $31 B 58   

S47 $8.46 25 $215 21 $174 B 1 2 

S02 $210.00 5670 $1,190,700 37 $7,839 C 152   

S03 $23.76 5037 $119,682 978 $23,243 C 5   

S05 $57.98 3479 $201,701 1572 $91,152 C 2   

S09 $73.44 2424 $177,983 29 $2,134 C 83   

S10 $160.50 2408 $386,404 1377 $221,003 C 2   

S13 $86.50 1038 $89,787 55 $4,770 C 19   

S06 $31.24 2937 $91,742 2577 $80,503 C 1   

S07 $28.20 2820 $79,524 676 $19,061 C 4   

S08 $55.00 2640 $145,200 1574 $86,547 C 2   

S12 $20.87 1044 $21,778 576 $12,018 C 2   

S24 $33.20 398 $13,227 202 $6,691 C 2   

S36 $40.82 163 $6,665 31 $1,266 C 5   

S11 $5.12 1075 $5,505 954 $4,885 C 1   
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Item AUC ADU $ADU 

Avg. 

Inv. $AVG_INV Class 

SKU 

Turns 

Class  

Turn 

S25 $37.05 371 $13,727 343 $12,705 C 1   

S26 $33.84 338 $11,451 136 $4,608 C 2   

S30 $56.00 224 $12,544 107 $5,992 C 2   

S32 $53.02 212 $11,244 210 $11,156 C 1   

S35 $60.60 182 $11,017 134 $8,134 C 1   

S38 $67.40 135 $9,086 40 $2,699 C 3   

S41 $19.80 79 $1,568 43 $845 C 2   

S42 $37.70 75 $2,843 61 $2,310 C 1   

S44 $48.30 48 $2,333 32 $1,539 C 2   

S46 $28.80 29 $829 4 $102 C 8 4 

 

4.4 Results 

Figure 11 shows the inventory turn to be highest for the A class, regardless of the model 

used, except for the R model. The A class had the highest turn in the AHP model, followed by the 

Hatefi and Torabi model, then the Z-F model, while the A class in the other models showed lower 

turns than the previous three models but still at higher turn than the B and C classes. 

Figure 12 shows that A-class SKUs had the lowest inventory days on hand for most of the 

models, with the exception of the R model and HV model. For the R model, the A class and B class 

tied for the lower IDOH, while the C class showed a fewer IDOH. For the HV model, both the 

A class and B class showed fewer IDOH than the C class. Classes B and C showed a virtual tie in 

IDOH for most models. 

Figure 13 shows that A-class SKUs consisted of the highest percent inventory cost, 

followed by B class and then C class SKUs for all models except the R model. The C class for the 

R model consisted of the higher percent inventory cost, with A class and B class tied. The R model 

exhibited inconsistencies contrary to ABC classification and performance measures (see Figures 

11, 12, 13). This could be inherent in the model’s development and its tendency to assign the same 

rank to multiple SKUs.       
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Figure 11: Inventory turnover by class per model 

 

 

Figure 12: Inventory days on hand by class per model 
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Figure 13: Percent of inventory cost by class per model 
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beyond the C class could be a waste of resources. For example, generating classes beyond B and 

assigning personnel for their cycle count could be a waste of resources. The cost of hiring and 

maintaining personnel to monitor and control the C class and beyond could be more effectively 

spent in other areas. Since all criteria are positive in this case, A-class items tended to be heavily 

weighted and therefore ranked higher due to their cumulative weights.  

For a practical application, Teunter et al. (2010) suggested setting the service level so that 

A-class items have the highest service level, followed by B-class items, and so on. In our case, that 

recommendation holds true for A-class items only but not for B-class items, since there is no 

difference between B-class and C-class items. Adopting the Teunter et al. (2010) recommendation 

could increase inventory in a supply chain for the B class or C class in an ABC classification, since 

service level is positively correlated to inventory level.  The notion that service level should be set 

according to class is not unique to Teunter et al. (2010), since some firms uphold that practice. In 

practice, A class is assigned a make-to-stock, B class is assigned a make-to-assemble, and C class 

is assigned a make-to order, due to their lowest turn among the three classes. Likewise, the level 

of inventory to hold is being based on class performance in some firms. For future research, the 

R model could be scrutinized for coherence and robustness when it comes to classifying and 

ranking SKUs. Its persistent contradiction to all of the models in terms of performance as shown 

by the results could be due to model formulation. 
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CHAPTER 5 

 

CONCLUSION AND FUTURE RESEARCH 

 

 

5.1 Conclusion 

 Supply chain planning and control is an integral function to an effective supply chain 

operation. An efficient supply chain anticipates demand and keeps the right inventory at the right 

place to service customers. In order to appropriately anticipate demand, the customer orders time-

series must be used. This time-series provides a better data set than the sales orders time-series for 

anticipation of customer demand. Our examination of the customer orders time-series and sales 

orders time-series showed that the customer orders time-series gave a better estimation of demand 

from period to period. Use of the sales orders time-series gave a suboptimal forecast and hence 

lower inventory position, which in turn affected demand fulfillment and service levels. Cost 

implications result from materials being expedited from suppliers, shop floor scheduling and 

rescheduling, and overtime due to disparity between supply and demand. Mitigating these costs 

requires a change in the planning for demand. The closer the data used for forecasting is to 

customers, the better the plan for demand. Collaborative planning, forecasting, and replenishment 

that uses point-of-sale data and customer-supplier collaboration has delivered significant results to 

supply chain partners. In the absence of POS data, the customer orders time-series gave an 

improved forecast over the upstream time-series, such as the shipments and sales orders time-

series. 

The right forecasting, planning, and execution result in inventory. Monitoring inventory 

has always been a challenge due to the increased number of SKUs that inventory managers control. 

The rise of sophisticated models to classify inventory has not helped due to their esoteric 

algorithms. This, in part, has given rise to the use of the traditional model. However, the sole 
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criterion aspect of the traditional model has made it the main focus of criticism among researchers. 

A rapidly deployable model of equal weight has proven to be better than most of the intricate 

models examined. The main benefit of the RDM is its ease of formulation and deployment. 

Weights in the RDM are evenly assigned and criteria values are transformed to a [0,1] range.  

Irrespective of model used in classifying inventory into categories, the objective must be 

to relieve the inventory planner or manager of the onerous responsibility of controlling hundreds 

of SKUs. Over the years, many researchers have deviated from the Pareto 80/20 rule and ventured 

into classifying inventory into several categories. Those classes of inventory require periodic 

monitoring, evaluation, and control. Their performance could be used as the basis in allocating 

resources for their control. From a performance perspective, inventory needs to be classified into 

only two classes, A and B. Classes beyond B perform similar to that of the B class and can be 

controlled using the same resources allocated to that class. The paramount benefits of this finding 

mean that reduced classes mean reduced cost of controlling inventory as well as more focus and 

planning time for the A class. The better-planned A class is a higher value to the supply chain 

given the criteria chosen. 

5.2 Future Research 

 Inventory classification has always focused on models that could provide the optimal SKU 

classes. The RDM also followed that path. Potential areas for research could emerge from criteria 

selection and optimization as well as variant time-series. 

5.2.1 Criteria Selection and Optimization 

 The selection of criteria could maximize a specific objective such as revenue or profit. 

Competitive pressure on firms demand that they find innovative ways to manage resources more 
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prudently. Knowing which criteria contribute most to revenue or profit would make SKUs more 

visible and give them more meaning. 

5.2.2 Variant Time-series 

A study of the characteristics of the time-series of a product or service demands that are 

censored and truncated, in the case of retailers that offer BOGO free or BOGO half, would be 

beneficial. Product discounts in one form or another cause a short-term shift in the demand curve. 

Investigating whether the shift in demand proportionately affects an inventory position, as in the 

case of a time-series without sales enticement, would be beneficial. 


