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ABSTRACT 
 
 

This research deals with the inventory classification via multi-criteria optimization 

models. The idea behind this study is to educate readers about what factors must be 

considered when selecting inventory classification models. The factors that are more or less 

important depending on the datasets and variability in the input variables have been explored 

in this study.  

It has been learned that demand increase can make an initial inventory classification 

invalid, which is a critical factor considered in this study. This research shows how to first 

determine demand increase levels specific to an inventory item, which can change its 

classification. The next step is to test the feasibility of the model in classifying inventory items. 

Here, a discriminating power test has been introduced. Then, methods have been proposed to 

compare the performance of different multi-criteria models. Model selection criteria specific to 

datasets have been introduced and are intended to enhance customer service levels (CSLs) as 

well as reduce safety stock costs at the same time. Sensitivity analysis is used to show readers 

that varying the levels of input variables affects the performance of the selected model. 

Regression analysis is used to determine those levels that show when an originally selected 

model no longer gives the highest customer service. 

It can be concluded that although there are many classification models available in the 

literature, it is not possible to recommend any one model for obtaining the best performance in 

all cases. The procedure explained in this study should be followed in order to select the best 

model for a given dataset, thus improving service levels and reducing inventory cost.  
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PREFACE 
 
 

This dissertation comprises the author’s original work. The author was a Ph.D. student 

at Wichita State University in the Department of Industrial, Systems, and Manufacturing 

Engineering (ISME) under the supervision of Dr. Don Malzahn and Dr. Lawrence E. Whitman. 

The author’s interest topics and area of expertise are supply chain management, supplier 

management, demand management, and inventory management.  

The research herein specifically focuses on multi-criteria inventory classification systems 

and their use in managing inventory cost and order fulfillment. This dissertation is part of the 

requirement for obtaining the doctor of philosophy degree and includes four research papers. 

Two of these papers have been accepted for publications in peer-reviewed journals. The 

research findings, methods proposed, and results of the research is intended to benefit the 

manufacturing industry.  

This dissertation consists of five chapters. Chapter 1, Introduction, presents the 

introduction of the topic and related literature review. It also discusses the importance of the 

topic, the problem statement, and contribution of the research. 

Chapter 2 contains Paper 1, “Capturing the Effect of Demand Change on Inventory 

Classification via the Transition Point Method.” This paper, which discusses the effect of 

demand variation on the inventory classification, has been submitted to and accepted for 

publication by the journal International Journal of Supply Chain and Inventory Management, 

from Inderscience Publishers. 

Chapter 3 contains Paper 2, “Evaluating the Discriminating Power of Single-Criteria and 

Multi-Criteria Model for Inventory Classification.” This paper introduces a discriminating power 
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test to evaluate the strength of inventory classification models towards inventory classification. 

This paper, which has been accepted for publication by Computers & Industrial Engineering 

from Elsevier, is available online at 

http://www.sciencedirect.com/science/article/pii/S0360835216304752   

Chapter 4 contains Paper 3, “Statistical Analysis of Multi-Criteria Inventory Classification 

Models in the Presence of Forecast Upsides.” This paper compares the performance of a multi-

criteria model towards reducing safety stock cost and filling customer orders. The paper is 

currently under review by the journal Production and Manufacturing Research from the Taylor 

& Francis Group. 

Chapter 5 contains Paper 4, “Selecting a Multi-Criteria Inventory Classification Model to 

Improve the Customer Order Fill Rate.” The paper proposes a method of finding a cut-off point 

of two or more inventory classification models to enhance the order fill rate. The paper has 

been submitted and accepted for publication by the journal Advances in Decision Sciences, from 

the Hindawi Publishing Corporation. 

Chapter 6, the concluding chapter, provides a summary of the findings of these research 

papers and the methods used, and discusses future research in this area of study. 
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CHAPTER 1 
 

INTRODUCTION 
 
 

1.1 Background 
 

Effective inventory management is the key to success of a supply chain (Yu, 2011). 

Companies maintain different varieties of products, namely stock-keeping units (SKUs). 

Controlling and giving them appropriate attention is not easy and productive (Kabir & Hasin, 

2011). A systematic approach to managing and controlling inventory can increase the 

company’s flexibility to build products and be efficient in supporting customer demand (Kabir & 

Hasin, 2011).  

A large variety of items complicates the control of inventory. Therefore, it is useful to 

categorize the inventory into a small number of groups under some criteria and apply 

appropriate inventory control policies to each group (Mohammaditabar, Ghodsypour, & 

O’Brien, 2012). The control policies include maintaining an appropriate safety stock level, 

customer order fill rate, and reorder points (Cohen & Ernest, 1988; Babai, Ladhari, & Lajali, 

2015). Companies use the inventory classification process that is appropriate to their 

manufacturing environment. In addition to inventory management, this classification also helps 

in selecting proper forecasting methods for each group of items. Different inventory 

classification methods have been discussed in the literature.  The literature is summarized in 

section 1.2. 

1.2 Literature Review 

The classification scheme divides inventory items into the number of classes based on 

similarity under certain criteria. When classifying inventory, two basic questions need to be 
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addressed: (1) How many classes are used? and (2) How do you determine the borders 

between these classes? (van Kampen, Akkerman, & van Donk, 2012). ABC classification is a 

well-known method and actively discussed in the literature.  In general, ABC classification is 

discussed in the context of single-criteria and multi-criteria inventory classifications (MCICs). 

1.2.1 Single-Criteria ABC Classification 

Traditional ABC classification is based on Pareto’s principle. The criterion used is annual 

dollar usage. The method assumes that 20% of items are responsible for 80% of the annual 

dollar usage (Lei, Chen, & Zhou, 2005). The items are then categorized into A, B, or C items. The 

A items are the highest annual usage items that require more attention from managers. They 

constitute approximately 15–20% of the total items but contribute to 80% of the total annual 

dollar usage or annual revenue. B items are considerably less important and constitute 25–30% 

of total items but contribute to 10–15% of the annual dollar usage or annual revenue. The least 

important are C items, which contribute to the lowest annual usage but contain a large portion 

of inventory items. They constitute more than 50% of the total items but contribute to 5–10% 

of the annual dollar usage or annual revenue, as shown in Figure 1.1. The company can afford 

to keep a higher stock of B and C items, rather than A items, because A items need to be 

monitored very closely (Beheshti, Grgurich, & Gilbert, 2012). 

This method is simple and easy to use. Since it uses only one criterion, it has been 

argued in the literature that this is not a very good classification method when other factors can 

also play a role, which, for example, could include lead time, inventory cost, and obsolescence 

(Torabi, Hatefi, & Pay, 2012). It has been suggested to use other criteria as well when classifying 

inventory. This method is called multi-criteria inventory classification. 
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Figure 1.1.  Traditional ABC inventory classification 

1.2.2 Multi-Criteria Inventory Classification 

In today’s world, a moderate-size company must deal with thousands of inventory 

items, and inventory classification decisions may become challenging. Multi-criteria ABC 

inventory classification considers more than one factor that can impact inventory classification, 

including cost of the item, lead time, criticality, obsolescence, durability, stockability, order size 

requirement, commonality, substitutability, and repairability (Guvenir & Erel 1998; Partovi & 

Anandarajan, 2002; Ramanathan, 2006; Ng, 2007; Zhou & Fan, 2007; Torabi et al., 2012). The 

literature indicates that many techniques are used, including matrix-based methodology, 

cluster analysis, analytic hierarchy process (AHP), genetic algorithms, and neural networks, as 

listed in Table 1.1. This list is extracted from the literature review discussed in the work of van 

Kampen et al. (2012), and it is further modified to include more recent studies as well.  
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TABLE 1.1 

METHODS AND TECHNIQUES USED IN ABC INVENTORY CLASSIFICATION 

Method Techniques Research 

Single-Criteria Traditional ABC 
Canen & Galvão, 1980; Chrisman, 1985; Gardner, 
1990; Portougal, 2002; Onwubolu & Dube, 2006 

Multi-Criteria 

Analytic Hierarchy Process 
Gajpal, Ganesh, & Rajendran, 1994; Nan-fang & 
Xue, 2004; Molenaers, Baets, Pintelon, & 
Waeyenbergh, 2012 

Cluster Analysis 
Ernest & Cohen, 1990; Canetta, Cheikhrouhou, & 
Glardon, 2005 

Decision Tree 
Huiskonen, 2001; Boylan, Syntetos & Karakostas, 
2008 

Distance Modeling Chen, Li, Kilgour, & Hipel, 2008 

Genetic Algorithm Guvenir & Erel, 1998 

Graphical Matrix 
D’Alessandro & Baveja, 2000; Ghobbar & Friend, 
2002; Syntetos, Boylan, & Croston, 2005 

Neural Network 
Partovi & Anandarajan, 2002; Yu, 2011; Kabir & 
Hasin, 2013 

Optimization Models 

Ramanathan, 2006; Ng, 2007; Zhou & Fan, 2007; 
Hadi-Vencheh, 2010; Hatefi & Torabi, 2010; 
Torabi, Hatefi, & Pay, 2012; Park, Bae, & Bae, 
2014 

Source: van Kampen et al., 2012 
 

1.2.3. Multi-Criteria Inventory Classification Techniques 

Techniques used in multi-criteria inventory classifications are discussed in this section. 

1.2.3.1 Analytic Hierarchical Process  

AHP involves a pairwise comparison. The decision maker specifies the relative 

importance of each criterion and each system and then converts these descriptive evaluations  

to numerical values. Once the preference matrix is developed, the weight of the criteria is 

calculated. Each weight is divided by the largest weight to assist in the rating of each criterion 

for each inventory items. These individual weights are then summed to obtain the total weight 

for each item (Partovi & Burton, 1993).  
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The AHP method has also been used in ABC inventory classification.  Examples are found 

in the work of Gajpal et al. (1994), Partovi and Burton (1993), and Nan-fang and Xue (2004), and 

Molenaers et al. AHP is based on subjectivity in the analysis. The decision maker decides both 

the direction and degree of preference (Ng, 2007). 

1.2.3.2 Cluster Analysis 

Cluster analysis has also been used in inventory classification. Ernst and Cohen (1990) 

mentioned that the general procedure involves three steps: (1) sample selection and data 

analysis, (2) factor analysis, and (3) group formation by cluster analysis. This process requires 

substantial data and the use of complicated statistical procedures to process the data, which 

makes it difficult for industry managers when they lack expertise in statistical techniques and 

procedures (Partovi & Burton, 1993). 

1.2.3.3 Graphical Analysis 

In this method, tables or matrices are used to analyze the inventory. For example, 

D’Alessandro and Baveja (2000) analyzed demand variability and plotted the products to four 

quadrants with weekly average demand on the X-axis and coefficient of variation on the Y-axis. 

Here, production strategy is developed for each quadrant (van Kampen et al., 2012). 

1.2.3.4 Other Methods 

The decision tree has also been used to classify inventory. Here, classification is 

performed step wise for each characteristic. A specific inventory control technique is suggested 

for each combination (van Kampen et al., 2012). Some researchers used distance modeling 

(Chen et al., 2008). Preferences over alternatives are made institutively using weighted 

Euclidean distances to a predefined reference point for all characteristics (Chen et al., 2008; van 
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Kampen et al., 2012). Artificial neural network (ANN) techniques have also been employed in 

inventory classification using back propagation and genetic algorithms. These models simulate 

a manager’s decision regarding the importance of both quantitative and qualitative criteria and 

final judgment (Partovi & Anandarajan, 2002). 

1.2.3.5 Linear Optimization Models 

Recently, optimization models have gained attention in inventory classification. 

Ramanathan (2006) proposed first weighted linear optimization model to rank inventory. He 

mentioned that the optimization model has an advantage over other techniques because it 

provides optimal inventory scores without the need of user to specify weights. After 

Ramanathan (2006), many other studies have been done on this subject. 

This dissertation is focused on optimization models, which will be discussed in the 

following subsections. 

1.2.3.5.1 R-Model 

Ramanathan (2006) presented a weighted linear optimization model to use in inventory 

classification. The weight of each item’s criterion is automatically generated when the model is 

run. Also, after the model is run, the aggregate inventory score,  termed the optimal inventory 

score, is provided for each inventory item. Based on these scores, the items can be classified as 

A, B, or C. The criteria used in the model can be changed by the user. The R-model is shown in 

equation (1.1): 
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𝑚𝑎𝑥   ∑ 𝑣𝑚𝑗

𝐽

𝑗=1

𝑦𝑚𝑗  

 𝑠. 𝑡.   (1.1) 

∑ 𝑣𝑚𝑗

𝐽

𝑗=1

𝑦𝑛𝑗 ≤  1, n = 1, 2, … , N 

𝑣𝑚𝑗  ≥ 0, 𝑗 = 1,2, … 𝐽 

Notation: 

j = criteria 

m = inventory items 

𝑣𝑚𝑗 = weight of mth inventory item under criteria j 

𝑦𝑚𝑗 = score of mth inventory item under criteria j 

The objective function maximizes the inventory score for each inventory item with 

respect to each criterion and gives the aggregate inventory score for each item. The model is 

solved repeatedly for each item by changing the objective function. The scores are used to 

classify each item. 

The first constraint is a normalization constraint, which ensures that the weighted sum 

of an inventory item for all jth criteria is not greater than 1. The equation is written for all “n” 

inventory items. The second constraint ensures that the weight of the jth criteria on the mth 

inventory item is not negative. 

1.2.3.5.2 Ng-Model 

Ng (2007) presented an alternative linear optimization model. In addition to proposing a 

linear optimizing model, he also presented a transformation technique to ensure that results 
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can be obtained without using a linear optimizer. Unlike the R-model, he ranked the criteria in 

descending order in the model to ensure that each criterion contains an unequal weight when 

it is solved. The Ng-model is shown in equation (1.2): 

𝑚𝑎𝑥 𝑆𝑖 = ∑ 𝑤𝑖𝑗

𝐽

𝑗=1

𝑦𝑖𝑗 

 𝑠. 𝑡.   (1.2) 

∑ 𝑤𝑖𝑗

𝐽

𝑗=1

= 1 

𝑤𝑖𝑗 − 𝑤𝑖(𝑗+1)  ≥ 0,    𝑗 = 1,2, … , (𝐽 − 1) 

𝑤𝑖𝑗  ≥   0,   𝑗 = 1,2, … , 𝐽 

Notation: 

j = criteria 

i = inventory items 

𝑤𝑖𝑗 = weight of ith inventory item under criteria j 

𝑦𝑖𝑗  = score of ith inventory item under criteria j 

The objective function gives the maximal score of each item based on the optimization 

model. Weights are automatically generated when the model is solved. The first constraint is a 

normalization constraint, which ensures that the summation of weights received on the ith 

inventory item by criteria j is equal to 1. The second constraint is an ordering constraint, which 

shows that criterion 1 is more important than criterion 2, and criterion 2 is more important 

than criterion 3. This can be interpreted in mathematical form as follows: 𝑤𝑖1 > 𝑤𝑖2 > 𝑤𝑖3 >

𝑤𝑖𝑗. 
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The advantage of using the Ng-model is that it allows the user to identify which criterion 

is considered more important than others, while ranking the inventory items, unlike the R-

model, which treats all criteria as independently important.  

1.2.3.5.3 ZF-Model 

Zhou and Fan (2007) pointed out that the R-model will always give an aggregate score of 

1 to an item if it scores a higher value than other items with a certain criterion, even if it scores 

low in the other criteria. This can result in an item be classified as an A item. To correct this 

problem, the authors calculate a good and bad index for each item. Then the two indexes are 

combined to produce a composite index. The bad index is calculated by the optimization model 

shown in equation (1.3): 

𝑏𝐼𝑖 = 𝑚𝑖𝑛 ∑ 𝑤𝑖𝑛
𝑏

𝑁

𝑛=1

𝑦𝑖𝑛 

 𝑠. 𝑡.   (1.3) 

∑ 𝑤𝑖𝑛
𝑏 𝑦𝑚𝑛

𝑁
𝑛=1 ≥ 1,   k=1,2,…m 

𝑤𝑖𝑛
𝑏 ≥   0 ;   j=1,2,…n 

𝑚 = 1,2, … , 𝑀 

Notation: 

i = inventory items 

n = criteria 

𝑦𝑖𝑛 = score of ith inventory item under criteria n 

𝑤𝑖𝑛
𝑏  = weight of ith inventory item under criteria n 

𝑏𝐼𝑖 = least favorable aggregate score of ith inventory item 
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The first constraint ensures that the weighted sum for all the items based on the same 

set of weights must be greater than or equal to 1. The second constraint ensures that the sum 

of weights on ith item is greater than 0. The model is a linear optimization function. The 

objective function gives a score on each inventory, which the authors termed as “least 

favorable” or “bad index.”   

The authors used the R-model to obtain the most favorable score or good index. The 

good index is calculated by the optimization model shown in equation (1.4): 

𝑔𝐼𝑖 = 𝑚𝑎𝑥 ∑ 𝑤𝑖𝑗
𝑔

𝑛

𝑗=1

𝐼𝑖𝑗 

 𝑠. 𝑡.   (1.4) 

∑ 𝑤𝑖𝑗
𝑔

𝐼𝑘𝑗
𝑛
𝑗=1 ≤ 1,      k=1,2,…,m 

𝑤𝑖𝑛
𝑔

≥   0,j=1,2,…,n 

Notation: 

𝑔𝐼𝑖  = most favorable aggregate score of ith inventory item 

Furthermore, the two indices are combined to produce a composite index using the 

following formula: 

𝑛𝐼𝑖(𝜆) = (λ (𝑔𝐼𝑖  - 𝑔𝐼𝑖) / (𝑔𝐼 *- 𝑔𝐼𝑖) ) + ((1- λ) (𝑏𝐼𝑖 - 𝑏𝐼𝑖) / (𝑏𝐼 *- 𝑏𝐼𝑖) ) 

Notation: 

𝑔𝐼 * = maximum value of good index 

𝑏𝐼 * = minimum value of bad index 

𝜆 = control parameter that is specified by user 

𝑛𝐼𝑖  = composite index for an item i 
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The resulting composite are indices are then used to rank the inventory item to assist in 

classification. 

1.2.3.5.4 HV-Model 

Hadi-Vencheh (2010) pointed out that the inventory score of an item from the Ng-model 

is independent of the weights associated with each criterion. This implies that the weight of 

each criterion becomes irrelevant in determining the aggregate score of an item. He extended 

the Ng-model and attempted to correct this issue by using the squared sum of the weights in 

the normalization constraint. This converts the model into a non-linear model. The HV-model is 

shown in equation (1.5): 

𝑚𝑎𝑥 𝑆𝑖 = ∑ 𝑦𝑖𝑗

𝐽

𝑗=1

𝑤𝑗 

 𝑠. 𝑡.   (1.5) 

∑ 𝑤𝑗
2

𝐽

𝑗=1

= 1 

𝑤𝑗 ≥ 𝑤𝑗+1  ≥ 0,    𝑗 = 1,2, … , (𝐽 − 1) 

𝑤𝑗  ≥   0,   𝑗 = 1,2, … , 𝐽 

Notation: 

𝑤𝑗 = relative importance weight attached to jth criteria 

𝑦𝑖𝑗  = score of ith inventory item under criteria j 
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The objective function maximizes the aggregate score for each inventory item. The first 

constraint ensures that the sum of squared values of all the weights is 1, and the second 

constraint ensures that weights are in ascending order. All weights are greater than zero. 

1.2.3.5.5 HT-Model 

Hatefi and Torabi (2010) extended the ZF-model to use a common weights approach to 

construct composite indicators (CIs). They claimed that this approach has more discriminating 

power than that of the ZF-model to discriminate entities that have a CI score of 1. In the ZF-

model, the control parameter “λ” must be defined by the user. In this model, there is no such 

requirement. The HT-model is shown in equation (1.6): 

𝑚𝑖𝑛 𝑀 

 𝑠. 𝑡.   (1.6) 

𝑀 − 𝑑𝑖 ≥ 0,    𝑖 = 1,2, … , 𝑚 

  ∑ 𝑤𝑗

𝑛

𝑗=1

𝐼𝑖𝑗 + 𝑑𝑖 = 1,    𝑖 = 1,2, … , 𝑚 

𝑤𝑗 ≥ 0, 𝑑𝑖 ≥ 0,    𝑖 = 1,2, … , 𝑚; 𝑗 = 1,2, … 𝑛 

The objective function and constraints in the model are like the ZF-model maximization 

function, shown previously in equation (1.4). This model replaced 𝑔𝐼𝑖  with 1 −  𝑑𝑖 . The authors 

used a set of common weights across all entities to enable a fair comparison among them. The 

notation 𝑤𝑗 represents a common weight with respect to subindicator j among all entities, and 

𝑀 − 𝑑𝑖 ≥ 0 ensures that M = max{𝑑𝑖, 𝑖 = 1,2, … 𝑚}. 
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1.2.3.5.6 THP-Model 

Torabi et al. (2012) claimed that the Hatefi and Torabi (2010) model does not account 

for qualitative criteria. They extended and modified the model to use both qualitative and 

quantitative criteria in their model. This model is based on the common weight approach. They 

introduced weak ordinal relation (WOR) constraints that capture the critical factors of items. 

The THP-model is shown in equation (1.7): 

𝑚𝑖𝑛 𝑀 

 𝑠. 𝑡.   (1.7) 

𝑀 − 𝑑𝑖 ≥ 0;     𝑖 = 1,2, … , 𝑁 

∑ 𝑤𝑗𝑦𝑖𝑗 + ∑ 𝑦𝑖𝑗

𝑗∈𝑞

+ 𝑑𝑖 = 1;     𝑖

𝑗∉𝑞

= 1,2, … , 𝑁 

WOR Constraints:  

𝑦𝑖𝑗 ≥ 𝜀;     𝑖 = 1,2, … , 𝑁,   𝑗 ∈ 𝑞 

- 𝑦𝑖𝑗-
∗ = 𝐶1;     𝑖 ∈ 𝑣𝑒𝑟𝑦 𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙,     𝑗 ∈ 𝑞 

𝑦𝑖𝑗-
∗ = 𝐶2;     𝑖 ∈ 𝑚𝑜𝑑𝑒𝑟𝑎𝑡𝑒𝑙𝑦 𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙,     𝑗 ∈ 𝑞 

𝑦𝑖𝑗-
∗ = 𝐶3;     𝑖 ∈ 𝑛𝑜𝑛 𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙,     𝑗 ∈ 𝑞 

𝐶𝑘 ≥ 0;     𝑘 = 1,2,3 

𝑤𝑗 ≥ 0;     𝑗 = 1,2, … , 𝐽 

𝑑𝑖 ≥ 0;     𝑖 = 1,2, … , 𝑁 

The THP-model is like the HF-model shown in equation (1.6), except that qualitative-

type constraints, referred to as WOR’ Constraints,  in which a critical factor takes linguistic 

values such as very critical, moderately critical, and non-critical. The values of 𝑦𝑖𝑗  are 

determined by solving the model, and 𝑦𝑖𝑗 ≥ 𝜀 ensures that 𝑦𝑖𝑗 is greater than zero. 
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1.2.3.5.7 PBB-Model 

Park et al. (2014) proposed an optimization model that gives a cross-efficiency optimal 

score. First, an optimal inventory score is calculated using the R-model, which the authors 

termed the weighted linear optimization (WLO) model. Then, they introduced another model to 

achieve the cross-efficiency optimal scores for an item evaluated by another item as shown in 

equation 1.8).  

𝐶𝑝𝑘 = 𝑀𝑖𝑛 ∑ 𝑢𝑟𝑘

𝑠

𝑟=1

𝑦𝑟𝑝 

 𝑠. 𝑡.   (1.8) 

∑ 𝑢𝑟𝑘

𝑠

𝑟=1

𝑦𝑟𝑘 = 𝑙𝑘
 

∑ 𝑢𝑟𝑘
𝑠
𝑟=1 𝑦𝑟𝑗 ≤ 1; 𝑗 = 1, … , 𝑛, 𝑗 ≠ 𝑘 

𝑢𝑟𝑘  ≥ 0    ∀𝑟 

Notation: 

urk  = weight given to the rth criterion of the kth item (yrk) 

yrk = score on k item under criterion r 

lk = optimal performance of inventory score as received from R-model 

= optimal cross-efficiency score for item p evaluated by item k 

Table 2 provides a summary of the optimization models and their mathematical 

formulations found in the literature for ABC classification.  
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TABLE 1.2 

SUMMARY OF OPTIMIZATION MODELS USED IN ABC CLASSIFICATION 
 

Model  Objective Function Constraints Criteria  Comments 

R-Model 
𝑚𝑎𝑥   ∑ 𝑣𝑚𝑗

𝐽

𝑗=1

𝑦𝑚𝑗  

 

∑ 𝑣𝑚𝑗
𝐽
𝑗=1 𝑦𝑛𝑗 ≤  1, n =

1, 2, … , N, 
 
𝑣𝑚𝑗  ≥ 0, 𝑗 = 1,2, … 𝐽 

 

Average unit 
cost, annual 
dollar usage, 
critical factor, 
lead time 

 First model used in 
inventory 
classification 

 Applies equal weight 
to all criteria  

Ng-Model 𝑚𝑎𝑥 𝑆𝑖

= ∑ 𝑤𝑖𝑗

𝐽

𝑗=1

𝑦𝑖𝑗  

 

∑ 𝑤𝑖𝑗

𝐽

𝑗=1

= 1,  𝑤𝑖𝑗 − 𝑤𝑖(𝑗+1)  

≥ 0, 
𝑗 = 1,2, … , (𝐽 − 1),  
𝑤𝑖𝑗  ≥   0, 

𝑗 = 1,2, … , 𝐽 

Annual dollar 
usage, average 
unit cost, lead 
time 

 Provides 
transformation to 
avoid the need of 
linear optimizer 

 Avoids subjectiveness 
in determining 
weights (Hadi-
Vencheh, 2010) 

ZF-Model 
(maximization 
function) 

𝑔𝐼𝑖

= 𝑚𝑎𝑥 ∑ 𝑤𝑖𝑗
𝑔

𝑛

𝑗=1

𝐼𝑖𝑗  

∑ 𝑤𝑖𝑗
𝑔

𝐼𝑘𝑗
𝑛
𝑗=1 ≤ 1, k=1,2,…,m, 

 

𝑤𝑖𝑛
𝑔

≥   0,       j=1,2,…,n 

Average unit 
cost, annual 
dollar usage, 
lead time 

 Calculates most 
favorable and less 
favorable score, and 
combines them to 
produce a composite 
index 

 Extreme weighting 
can be unrealistic and 
produce poor 
discriminating power 
(Hatefi & Torabi, 
2010) 

ZF-Model 
(minimization 
function) 

𝑏𝐼𝑖

= 𝑚𝑖𝑛 ∑ 𝑤𝑖𝑛
𝑏

𝑁

𝑛=1

𝑦𝑖𝑛 

∑ 𝑤𝑖𝑛
𝑏 𝑦𝑚𝑛

𝑁
𝑛=1 ≥ 1,   k=1,2,…m 

 

𝑤𝑖𝑛
𝑏 ≥   0 ;   j=1,2,…n 

Average unit 
cost, annual 
dollar usage, 
lead time 

HV-Model 
𝑚𝑎𝑥 𝑆𝑖 = ∑ 𝑦𝑖𝑗

𝐽

𝑗=1

𝑤𝑗  

 

𝑠. 𝑡.  ∑ 𝑤𝑗
2

𝐽

𝑗=1

= 1, 𝑤𝑗 ≥ 𝑤𝑗+1  

≥ 0,   
  𝑗 = 1,2, … , (𝐽 − 1) 
𝑤𝑗  ≥   0,    

𝑗 = 1,2, … , 𝐽 

Average unit 
cost, annual 
dollar usage, 
lead time 

 Modified-Ng-model 
to use squared sum 
of weights in 
constraint 

 Unlike Ng-model, 
needs optimization 
software to solve the 
model 

HT-Model 𝑚𝑖𝑛 𝑀 
𝑀 − 𝑑𝑖 ≥ 0,    
 𝑖 = 1,2, … , 𝑚  
 

∑ 𝑤𝑗

𝑛

𝑗=1

𝐼𝑖𝑗 + 𝑑𝑖 = 1,    𝑖

= 1,2, … , 𝑚 
𝑤𝑗 ≥ 0, 𝑑𝑖 ≥ 0 

𝑖 = 1,2, … , 𝑚; 
𝑗 = 1,2, … 𝑛 

Energy efficiency 
indicator, 
renewable 
energy indicator, 
climate change 
indicator 

 Uses set of common 
weights to evaluate 
entities 

 Model does not 
account for 
qualitative criteria 
(Torabi et al., 2012) 
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TABLE 1.2 (continued) 
 

THP-Model 
 

𝑚𝑖𝑛 𝑀 
𝑀 − 𝑑𝑖 ≥ 0;    
𝑖 = 1,2, … , 𝑁 
 

∑ 𝑤𝑗𝑦𝑖𝑗 + ∑ 𝑦𝑖𝑗

𝑗∈𝑞

+ 𝑑𝑖

𝑗∉𝑞

= 1;     𝑖
= 1,2, … , 𝑁 

𝑊𝑂𝑅′ 𝐶𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠; 
𝑦𝑖𝑗 ≥ 𝜀;     

𝑖 = 1,2, … , 𝑁,   𝑗 ∈ 𝑞 
𝑦𝑖𝑗-

∗ = 𝐶1;     

𝑖 ∈ 𝑣𝑒𝑟𝑦 𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙,     𝑗 ∈ 𝑞 
𝑦𝑖𝑗-

∗ = 𝐶2;    

 𝑖 ∈ 𝑚𝑜𝑑𝑒𝑟𝑎𝑡𝑒𝑙𝑦 𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙,
𝑗 ∈ 𝑞 

𝑦𝑖𝑗-
∗ = 𝐶3;     𝑖

∈ 𝑛𝑜𝑛 𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙,     
𝑗 ∈ 𝑞 
 
𝐶𝑘 ≥ 0;     𝑘 = 1,2,3 
𝑤𝑗 ≥ 0;     𝑗 = 1,2, … , 𝐽 

𝑑𝑖 ≥ 0;     𝑖 = 1,2, … , 𝑁 
 

Average unit 
cost, annual 
dollar usage, 
lead time 

 Model takes both 
quantitative and 
qualitative criteria 
into account 

PBB-Model 𝐶𝑝𝑘

=  𝑚𝑖𝑛 ∑ 𝜇𝑟𝑘

𝑠

𝑟=1

𝑦𝑟𝑝 

∑ 𝜇𝑟𝑘
𝑠
𝑟=1 𝑦𝑟𝑘  = 𝑙𝑘

∗  
∑ 𝜇𝑟𝑘

𝑠
𝑟=1 𝑦𝑟𝑘  ≤ 1; j=1,…,n,j≠k 

𝜇𝑟𝑘 ≥ 0 

Average unit 
cost, annual 
dollar usage, 
critical factor, 
lead time 

 Introduces cross-
efficiency inventory 
score 

 Proposes a model 
that calculates cross-
efficiency of an item 
with another 

 
1.3. Role of ABC Classification in Inventory Management and Forecasting 

Inventory classification is widely used to support decision making in inventory 

management and forecasting. Once inventory is classified into A, B, or C classes, then the 

classes can be used in determining order and production quantities, safety stock, and reorder 

points (van Kampen et al., 2012; Beheshti et al., 2012). For example, A class items can have a 

different settings than B and C class items, and vice versa. Beheshti et al. (2012) showed how 

results from ABC classification can be used in the Economic Order Quantity (EOQ) model in 

setting up days of supply and ordering decisions. Large reductions in the inventory cost can be 
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obtained by setting out these levels based on inventory classification (Tampen et al. 2012; 

Viswanathan & Bhatnagar, 2005; Beheshti et al., 2012). 

Inventory classification is also helpful in demand forecasting. Integrating inventory 

classification into demand forecasting can result in better forecasts (Bacchetti & Saccani, 2012). 

Bacchetti and Saccani (2012) present an integrated approach that ties together parts 

classification, demand forecasting, and inventory management. Boylan et al. (2008) also 

discussed the application of inventory classification into forecasting spare parts. Xiao-yan 

(2006) used the classification scheme in demand forecasting and inventory control.  

Van Kampen et al. (2012) argued that inventory classification is also used in production 

strategy decisions. For example, D’Alessandro and Baveja (2000) used inventory classification in 

make-to-order and make-to-stock decisions. A similar study by Hoekstra and Romme (1992) 

suggested the use of inventory classification in make-to-order and make-to-stock decisions. 

Fisher (1997) discussed the use of an appropriate supply chain for a specific product based on 

demand predictability. Similar studies have been done by Pagh and Cooper (1998), Stavrulaki 

and Davis (2010), and Vonderembse Uppal, Huang, and Dismukes (2006). 

1.4 Motivation and Contribution 

Different methods and techniques are available in the literature. Management must 

decide and choose an appropriate classification method that is relevant and most applicable to 

their industry. Ramanathan (2006) introduced a linear optimization technique to use in 

inventory classification that showed how linear optimization can be used to classify inventory. 

Later on, several other models were proposed in newer studies. 
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There are still gaps in the literature. The contributions of this research are as follows: 

 Demand variation on the inventory classification has not been explored and modeled. 

Change in the forecast or demand can affect original inventory classification of the 

items. A manager should know what demand accuracy should be maintained in order to 

keep the original inventory classification. This issue is addressed in the second chapter 

of  this dissertation with Paper 1: “Capturing the Effect of Demand Change on Inventory 

Classification via Transition Point Method,” which proposes a method to determine the 

transition points of inventory classes A, B, and C. 

 A feasibility check of the models for a given dataset also plays a role in selecting the 

right model.  A model performing best for one dataset may not be feasible for another 

dataset. A method to assess the feasibility of a model for a dataset is needed. The third 

chapter of this dissertation includes Paper 2, “Evaluating Discriminating Power of Single-

Criteria and Multi-Criteria Models for Inventory,” which introduces a discriminating 

power test to assess the ability of the models to provide a distinctive score to the items 

as possible, and relate it to the scores of other items in all three classes (A, B, and C). 

 The fourth chapter of this dissertation focuses on Paper 3, “Statistical Analysis of Multi-

Criteria Inventory Classification Models in the Presence of Forecast Upsides,” which 

discusses how the multi-criteria model is effective in reducing safety stock cost and 

filling customer orders when actual demand is higher than the forecast. In the real 

world, we see the scenario when customer bookings are higher than the original 

forecast numbers. In that case, it becomes a challenge for a company to support the 
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excess orders. This paper shows how the selection of right inventory classification model 

can improve the firm’s ability to fill customer orders at minimum safety stock cost. 

 Once a model is found to be the best performing for a dataset, it is also important to 

know if the same model would outperform other models when the values of the input 

variables change. The fifth chapter of this dissertation addresses this issue with Paper 4, 

“Selecting a Multi-Criteria Inventory Classification Model For Maximum Order Fill Rate.” 

Here a cut-off point method is proposed and includes sensitivity analysis and regression 

testing to determine the cut-off point of two or more multi-criteria models. The cut-off 

point is calculated based on the holding of an item and the standard deviation of 

demand. The cut-off point will show which model to use below or above this point.  

Keeping in mind the above gaps in the available literature, the aim of this study was to 

address these issues. The enhancement and improvement in the inventory classification 

proposed here will be useful to the manufacturing industry.  

1.5. Research Questions 

In light of the literature review and gaps in the literature, the following research 

questions have been formulated: 

Research Question 1: How does the choice of a multi-criteria model impact inventory 

cost and customer service when forecast inaccuracy is present? 

Research Question 2: How is the classification of items affected when forecast 

inaccuracy is present? 

Research Question 3: How do changes in the input variables impact the performance of 

a multi-criteria model? 
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Research Question 4: How can the feasibility of multi-criteria models be measured? 

1.6. Research Application 

The methods suggested are applicable to an inventory setting in either build-to-order or 

build-to-forecast manufacturing operations environments. In cases, where the company must 

deal with a high number of inventory items, the models suggested can be very useful in 

classifying the inventory into groups that can be better managed. 

Four papers coming out of this research strengthen the effectiveness of ABC 

classification in managing inventory to support customer demand more efficiently.  While 

classifying the inventory, the findings of these papers can be used in selecting the right model 

to improve inventory performance. The research method used linear optimization to optimize 

the inventory scores for better classification under the presence of multiple criteria. The 

method and models suggested are valid for any type of manufacturing industry. However, 

criteria selection depends on the types of inventory items and the manufacturing industry itself. 

In cases where the lead time of manufacturing parts varies widely, the lead time can be a very 

important criterion. In an industry where the product life cycle is very low, obsolescence can be 

a good criterion. 

The choice of the model depends on the ultimate aim. One model may not be the best 

to attain all goals. For example, one model can turn out to be the best model when the aim is to 

reduce safety stock cost; however, the same model may underperform when the aim is to 

improve the order fill rate. A user can consider selecting the model that combines all goals. In 

this case, the aggregate performance of the model must be considered. 
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CHAPTER 2 
 

PAPER 1: CAPTURING THE EFFECT OF DEMAND CHANGE ON INVENTORY CLASSIFICATION VIA 
TRANSITION POINT METHOD 

 
 

Abstract 

ABC classification is widely used for efficient control of inventory. Traditionally, this 

classification has been solely based on a single criterion, i.e., annual dollar usage. Recently, 

multi-criteria methods that consider more than one criterion while classifying inventory have 

been used. Linear optimization is one of the techniques that optimizes an inventory score under 

multiple criteria. The criteria most commonly used are annual dollar usage, cost of the items, 

and lead time. However, a change in demand may affect the classification status of the 

originally classified items. This paper studies the effect of a percentage change in a forecast on 

the classification of items and suggests a method for determining the level of change in a 

forecast that can move an item from one class to another. This level is called the transition 

point, which suggests to management the right time to revise the inventory classification of 

items. First, a modified linear optimization model is presented to assist in inventory 

classification. Then a method is proposed to determine the transition points. 

2.1 Introduction 

The most common approach for classifying inventory is with ABC analysis (Chen, 2011). 

In traditional ABC classification, inventory items are ranked into A, B, or C items, depending on 

their annual usage. Items in the A class receive get more management attention than items in 

the B class, and B items receive more focus than C items (Beheshti, Grgurich, & Gilbert, 2012). 

The classification can also be used in forecasting to ensure that A and B items are more 
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accurately forecasted because the impact of stockouts of A and B items in the revenue is much 

greater than that of C items (van Kampen, Akkerman, & van Donk, 2012).  

Since traditional ABC classification uses only one criterion to classify inventory, there 

may be a need to include other criteria as well to make inventory classification more effective 

(Torabi, Hatefi, & Pay, 2012).  Other criteria that have been used in literature include lead time, 

obsolescence, cost, and criticality (Ramanathan, 2006; Ng, 2007; Hadi-Vencheh, 2010; Zhou & 

Fan, 2007; Chen, 2011). Several methods have been proposed to solve this multi-criteria 

problem. They are discussed in literature review in section 2.2. 

Change in demand can affect the ABC classification of originally classified items. 

Capturing the effect of demand variation on inventory classification can be of great importance, 

because it may move an item from one class to another. For example, an A class item can move 

to B or C class if demand drops below a certain level. This may lead to a situation where the 

allocation of resources to manage inventory is not aligned with the class of the items. As a 

result, customer demand cannot be supported appropriately. For management, it is very 

important to know at what forecast inaccuracy level an item can alter its original classification 

of A, B, or C. Previous studies have not addressed this problem.  

The contribution of this paper is twofold. First, a model that provides an aggregate score 

that is aligned with the importance level of the criteria is proposed. Second, a transition point 

technique to determine the change in classification of an item when its demand goes up or 

down is proposed. 
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2.2 Literature Review 

 
The ABC inventory classification can involve a single criteria or multiple criteria. The 

relevant literature in the context of multi-criteria inventory classification (MCIC) was reviewed. 

Different techniques used in the multi-criteria method are listed in Table 2.1. This list is 

extracted from the literature review discussed by van Kampen et al. (2012) and further 

modified to include more recent studies.  

TABLE 2.1 
 

METHODS AND TECHNIQUES USED IN ABC INVENTORY CLASSIFICATION  
 

Method Techniques Research 

Single-Criteria Traditional ABC 
Canen & Galvão, 1980; Chrisman, 1985; Gardner, 
1990; Portougal, 2002; Onwubolu & Dube, 2006 

Multi-Criteria 

Analytic Hierarchy Process 
Gajpal, Ganesh, & Rajendran, 1994; Nan-fang & 
Xue, 2004; Molenaers, Baets, Pintelon, & 
Waeyenbergh, 2012 

Cluster Analysis 
Ernest & Cohen, 1990; Canetta, Cheikhrouhou, & 
Glardon, 2005  

Decision Tree 
Huiskonen, 2001; Boylan, Syntetos & Karakostas, 
2008 

Distance Modeling Chen, Li, Kilgour, & Hipel, 2008 

Genetic Algorithm Guvenir & Erel, 1998 

Graphical Matrix 
D’Alessandro & Baveja, 2000; Ghobbar & Friend, 
2002; Syntetos, Boylan, & Croston, 2005 

Neural Network 
Partovi & Anandarajan, 2002; Yu, 2011; Kabir & 
Hasin, 2013 

Optimization Models 
Ramanathan, 2006; Ng, 2007; Zhou & Fan, 2007; 
Hadi-Vencheh, 2010; Hatefi & Torabi, 2010; 
Torabi, Hatefi, & Pay, 2012; Park, Bae, & Bae, 2014 

Source: van Kampen et al., 2012 

2.2.1 Multi-Criteria Inventory Classification 

Multiple techniques are used in these studies.  Historically, non-optimization methods 

were used with regards to inventory classification. They include but are not limited to AHP, 
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cluster analysis, decision trees, graphical analysis, and neural networks. These methods do not 

involve optimization models, so their results are not optimal (Ramanathan, 2006). Optimization 

models including linear and non-linear optimization models have been proposed in the 

literature in recent years. They are discussed in the section below. 

2.2.1.1 Optimization Models 

Ramanathan (2006) proposed a weighted linear optimization model to solve the MCIC 

problem. A weighted additive function is used to aggregate the performance of each item 

under multiple criteria. The model uses a maximization objective function. Weights are 

automatically assigned when the model is solved. The output also gives an aggregate inventory 

score. This is referred to as the optimal inventory score. All criteria are assumed to be positively 

related to the importance of an item. This model is called the R-model in the literature.  

Zhou and Fan (2007) claimed that in the R-model, an item with a high score in less 

favorable criteria may receive a higher aggregate score, regardless of how poorly it scores 

under favorable criteria. To overcome this deficiency, they introduced two sets of weights for 

each item: most favorable and least favorable. This model is called the ZF-model in the 

literature. 

Chen (2011) extended the ZF-model by introducing a peer-estimation approach. This 

method selected two common sets of criteria weights: most favorable and least favorable. A 

comparison with the previous linear optimization model was also presented. 

Ng (2007) further extended the R-model. He introduced constraints to normalize the 

weight of each criterion. He also ranked the criteria in descending order. The values of weights 

of each criterion for any item are automatically generated when the model is solved. This 
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model maximizes the aggregate score of each item. He presented a transformation technique 

to avoid the use of a linear optimizer.  

Hadi-Vencheh (2010) determined that the Ng-model had an issue. He observed that the 

final aggregate score received from the Ng-model was independent of the weights of each 

criterion. This classified items inappropriately into A, B, or C classes. He proposed a non-linear 

optimization model to correct this issue. He modified a constraint of the Ng-model to use the 

squared sum of weights of each criterion for an item. The objective function is the same as used 

in the Ng-model, which maximizes the aggregate score of each item.  

Torabi et al. (2012) developed a model to incorporate both quantitative and qualitative 

criteria. This model is unique in that it can use both quantitative and qualitative criteria to 

classify inventory into A, B, or C classes. 

Recently, Park et al. (2014) proposed a cross-evaluation-based weighted linear 

optimization (CE-WLO). Inspired by Talluri (2000), they used a pairwise efficiency game 

formulation to do pairwise comparison between items. In the end, each inventory item gets 

optimal weights that maximize its inventory score and minimize the inventory score of other 

competitor items at the same time.  

Ng (2007) introduced an optimization model that allows decision maker to rank the 

criteria in descending order. Owing to the simplicity of this model, the Ng-model has received 

greater attention in the literature. However, the literature following the Ng-model identified 

some issues with this model (Hadi-Vencheh, 2010). Hadi-Vencheh (2010) tried to rectify the 

issues by either modifying the Ng-model or presenting new models. A summary is provided in 

Table 2.2. 
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TABLE 2.2 
 

ABC CLASSIFICATION ISSUES WITH NG-MODEL  
 

Item 
Annual 
Dollar 
Usage 

Average 
Unit Cost 

Lead 
Time 

Annual Dollar 
Usage 

(Transformed) 

Average Unit 
Cost 

(Transformed) 

Lead Time 
(Transformed) 

Score 
by Ng-
Model 

ABC 
Classification 
by Ng-Model 

28 313.6 78.4 6 0.05 0.36 0.83 0.41 B 

29 268.68 134.34 7 0.04 0.63 1.00 0.56 A 

31 216 72 5 0.03 0.33 0.67 0.34 B 

33 197.92 49.48 5 0.03 0.22 0.67 0.30 B 

34 190.89 7.07 7 0.03 0.01 1.00 0.35 B 

39 119.2 59.6 5 0.02 0.27 0.67 0.32 B 

40 103.36 51.68 6 0.01 0.23 0.83 0.36 B 

45 34.4 34.4 7 0.00 0.14 1.00 0.38 B 

 Source:  Ng, 2007 

Hadi-Vencheh (2010) found that the Ng-model avoids subjectivity in determining 

weights. However, the resulting score of each item is independent of the weights for each item. 

Therefore, an item will receive a higher inventory score even if it scores low in the favorable 

criteria. This can inappropriately classify items into A or B classes, which does not reflect the 

real position of the inventory. The scores for all items can be found in Ng (2007). In Table 2.2, 

we just showed those items where classification issues are observed. From Table 2.2, it can be 

seen that items 28, 29, 31, 33, 34, 39, 40, and 45 have scores very low (less than 0.06) under 

criterion 1, but aggregate scores of all of these items are high enough so the resultant 

classification is either class A or class B.  

Hadi-Vencheh (2010) modified the Ng-model to correct the issue. He changed the 

normalization constraint, which converts the model into a non-linear optimization model. He 

used the same three criteria as used in the Ng-model (annual dollar usage, average unit cost, 

and lead time), but he used average unit cost as the first criterion. Although he addressed the 

non-subjectivity of the Ng-model, there are still issues when aggregate scores are obtained 
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from this model. For example, as shown in the model comparison in Table 2A-1 in Appendix A 

of Chapter 2, item 34 has a very low score under average unit cost (0.01), but it still receives a 

higher aggregate score that puts it in class B. 

Torabi et al. (2012) also proposed a linear optimization model to incorporate both 

quantitative and qualitative criteria. They also used the average unit cost as the first criterion. 

The resulting scores for some items are still high, even if they score very low under this 

criterion. For example, item 11 has a score of 0.00 under average unit cost, but the resulting 

classification is class B, as shown in Appendix Table 2A-1. 

A recent approach presented by Park et al. (2014) uses a CE-WLO model. Their criteria 

of annual dollar usage, average unit cost, and lead time criteria were similar to that of the Ng-

model. However, some items that scored low (less than 0.06) under criterion 1 (annual dollar 

usage) still received a higher classification. Examples include items 28, 29, 31, 33, 34, 37, 39, 40, 

43, and 45, which are placed in either class A or class B. This is shown in Table 2.3. 

TABLE 2.3 
  

ITEMS WITH LOW SCORE IN CRITERION 1 BUT CLASSIFIED AS A OR B  
 

Item 
Criterion 1 

(Annual Dollar Usage) 
Transformed Score Classification 

28 313.6 0.05 A 

29 268.68 0.04 A 

31 216 0.03 B 

33 197.92 0.03 B 

34 190.89 0.03 A 

37 150 0.02 B 

39 119.2 0.02 B 

40 103.36 0.01 A 

43 59.78 0.01 B 

45 34.4 0.00 A 

Source:  Park et al., 2014 
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We noted that in above models, items can still receive a higher classification (class B 

or C), even though their scores under criterion 1 (the most important criterion) is very low. 

Therefore, items may receive a classification that is not aligned with the importance level of the 

criteria used. Also, the effect of change in demand on the classification of items is not 

addressed in previous studies. This paper fills this gap by proposing a model to address the 

misalignment of inventory classification regarding importance level of the criteria. Also, this 

paper has introduced a transition point method to determine the level of demand change 

which can move an item from one class to another.  

2.3 Proposed Model 

The model proposed in this study ranks criteria in descending order by considering 

criterion 1 as the most important. The model ensures subjectivity in determining weights, so 

the resulting scores are dependent on weights associated with each criterion. This model also 

ensures that items having low scores on criterion 1 should not be put in class A or B. This is 

controlled by parameter “α” in the model, which gives the user a choice to select its value. 

Guidelines for selecting this parameter are provided in section 2.4.2. Further, the results of the 

model are compared with other models discussed previously in section 2.2.1. 

The proposed model is modified, assuming i inventory items are classified into A, B, or C 

classes under J criterion, and presented as follows: 

 max 𝑆𝑖 =  ∑ 𝑊𝑖𝑗𝑌𝑖𝑗
𝐽
𝑗=1  (2.1) 

 s.t. 

 ∑ 𝑊𝑖𝑗 = 1𝐽
𝑗=1 , (2.2) 

 𝑊𝑖𝑗 ≥   0, 𝑗 = 1,2, … , 𝐽 (2.3) 

 𝛼. 𝑊𝑖1 + ∑ 1𝑊𝑖(𝑗+1)
𝐽
𝑗=1 <  𝛽 (2.4) 
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Notation:  

Wij = weight associated to criterion j for an item i 

Yij = measurement of ith item under jth criterion 

This proposed model is an extended version of the Ng-model. It maximizes the 

aggregate score of each item, which is referred to as the optimal score of an item. Constraint 

(2.2) is a normalization constraint that converts the weights into normalized weights. Constraint 

(2.3) is a non-negativity constraint. Constraint (2.4) is a new constraint that is introduced to 

modify the Ng-model. This constraint ensures that if the score of an item is less than or equal to 

a certain value (α) in criterion 1, then the aggregate score of that item will be lower than a 

certain value (β). These values are selected in such a way that the resulting classification of that 

item falls into class C. By selecting values of these parameters, it can be ensured that items will 

not be classified as A or B, if their scores in criteria 1 is very low (below “α”). An illustrative 

example in the next section further elaborates the proposed model’s application.  

2.3.1 Illustrative Example 

The model is applied to the same data (47 items) used in other multi-criteria inventory 

problems (Ng, 2007; Hadi-Vencheh, 2010; Torabi et al., 2012; Park et al., 2014). LINDO software 

is used to solve the model. The criteria used are annual dollar usage, average unit cost, and lead 

time of the items. The measurement is transformed to a 0-1 scale for all 47 items using the 

formula mentioned in the work of Ng (2007) to ensure that all measures are in a comparable 

base. 

 
(𝑌𝑖𝑗−𝑚𝑖𝑛𝑖=1,2,…,𝐼{𝑌𝑖𝑗})

(𝑚𝑎𝑥𝑖=1,2…𝐼{𝑌𝑖𝑗}− 𝑚𝑖𝑛𝑖=1,2,…,𝐼{𝑌𝑖𝑗}
 (2.5) 
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The results are shown in the model comparison Table 2A-1 in Appendix A of Chapter 2, 

which contains the scores received for each criterion into a 0-1 scale using formula equation 

(2.5). This table also shows the aggregate scores of each item, which are obtained by solving 

the model for each item. For comparison purposes, the same classification distribution as used 

in previous studies is used here, i.e., 10 items class A, 14 items class B, and 23 items class C. 

2.3.1.1 Selection of Parameters α and β 
 

The values of α and β play a very important role in controlling item movements from 

classes A or B to class C, and from class C to classes A or B. In this case, only 23 items are 

needed in class C to ensure that items with low value in criterion 1 get classified as class C. As 

shown in Table 2.4, the score of item 24 under criterion 1 is 0.06. This can be considered the 

value for α and will classify 23 items in class C. For a β value less than 0.06, the model results in 

an infeasible solution. The model is now tested at higher values (β = 0.06, 0.07, 0.08, 0.09, and 

0.10). In addition to item 24, items 28 and 29 were selected in order to test the model for which 

scores of criterion 1 are below that of item 24, but their scores in criteria 2 and 3 combined are 

higher than any other item between items 25 and items 47. This means that if the aggregate 

score of items 28 and 29 is lower than that of item 24, then the aggregate score of any other 

item between items 25 and 47 will be lower than item 24. This will classify all items between 24 

and 47 as class C items. Table 2.4 also shows that at β = 0.10 and β = 0.09, the aggregate scores 

of items 29 and 28 are higher than that of item 24, respectively, which will classify items 29 and 

28 as class B, even if their values in criterion 1 are lower than that of item 24.  
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TABLE 2.4 
 

AGGREGATE SCORES OF ITEMS 24, 28, AND 29 AT α  = 0.06 AND DIFFERENT VALUES OF β  
 

Item 
Annual Dollar 

Usage 
(Transformed) 

Average Unit 
Cost 

(Transformed) 

Lead Time 
(Transformed) 

Aggregate 
Score  

(β  = 0.10) 

Aggregate 
Score 

(β = 0.09) 

Aggregate 
Score 

( β = 0.08) 

Aggregate 
Score  

(β = 0.07) 

Aggregate 
Score 

(β = 0.06) 

24 0.06 0.14 0.33 0.067 0.066 0.064 0.061 0.060 

28 0.05 0.36 0.83 0.073 0.067 0.061 0.055 0.050 

29 0.04 0.63 1.00 0.073 0.064 0.056 0.048 0.040 

 
It is evident that usable values for β can be between 0.06 and 0.08 (0.06 ≤ β ≤ 0.08).  

For the sake of illustration, β = 0.08 was used for the model, and the results are shown in Table 

2A-1 in Appendix A of Chapter 2. 

As mentioned previously in section 2.3.1, the goal is to classify 10 items in class A, 14 

items in class B, and 23 items in class C to follow the same classification distribution as used in 

previous studies. The score where an item moves from one class to another is referred to as the 

cut-off point in this study. From Appendix Table 2A-1, it can be seen that the cut-off point of AB 

is 0.413, and the cut-off point for BC is 0.062. The model results show that below the value of α 

(i.e., the value of 0.06 in criterion 1), aggregate scores of all items are low enough to be 

classified as C items. In other words, the values of α of 0.06 and β of 0.08 are producing the 

desired results. The model results also show that aggregate scores are dependent on the 

weights associated with each criterion. Criterion 1 (i.e., annual dollar usage) is considered the 

most important, and criterion 3 (i.e., lead time) is considered the least important. Appendix 

Table 2A-1 shows that where the criterion 1 value is high, the aggregate scores of the 

respective items are also high. For two or more items, with equal scores under criterion 1, the 

score of criterion 2 and then criterion 3 decide which item will get the higher aggregate score. 

Examples here are items 21, 22, and 23. Each item has the same score under criterion 1 (i.e., 
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0.07), but item 23 has a higher score in criterion 2 and criterion 3; therefore, item 23 receives a 

higher aggregate score than items 21 and 22. This shows that the model results are aligned with 

the importance level of the criteria selected. Also, the aggregate scores are dependent on the 

weights associated with each criterion 

2.3.1.2 Comparison with Other Models 
 

As noted in section 2.2.1, other models can classify items as A or B even if their scores in 

criterion 1 are very low (below 0.06). Examples can be seen for items 28, 29, 31, 33, 34, 37, 39, 

40, 43, and 45 in the PBB-model; Item 11 in the THP-model; item 34 in the HV-model; and items 

28, 29, 31, 33, 34, 39, 40, and 45 in the Ng-model. All of these items score very low (below 0.06) 

in their respective model in criterion 1, but they are still classified as either class A or class B. 

This issue has been corrected in the proposed model. When the model is solved, all of these 

items receive low aggregate scores so that in the resulting classification they receive a C 

classification. The comparison is shown in Table 2.5.  

As can be seen, items that were originally classified as A or B in the other four models 

are classified as C items in the proposed model, except for item 11, which is classified as B in 

the proposed model because the criterion 1 (annual dollar usage) value is higher than 0.06. The 

proposed model is appropriate in cases where a user does not want an item to receive a higher 

classification when it scores very low in criterion 1. This is controlled by parameters α and β in 

the model.  
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TABLE 2.5 
 

COMPARISON OF PROPOSED MODEL AND OTHER FOUR MODELS 
 

Item 
Ng-Model 

Classification 
HV-Model 

Classification 
THP-Model 

Classification 
PBB-Model 

Classification 

Proposed 
Model 

Classification 

11 C C B C B 

28 B B B A C 

29 A A A A C 

31 B B B B C 

33 B B C B C 

34 B B C A C 

37 C C C B C 

39 B B B B C 

40 B B C A C 

43 C C C B C 

45 B B C A C 
 

To demonstrate the effectiveness of the proposed model, it is applied in a case study of 

a high-tech business. Later, the same data will be used to discuss the impact of forecast 

changes on the inventory classification. 

2.4.      Case Study 

The methods discussed in section 2.3 are applied to a case study from a manufacturing 

company that operates as a high-tech business.  Suppliers and customers are spread over 

different parts of the world. The manufacturing environment is a build-to-forecast setting. This 

company makes products based on the forecast in advance of customer orders. The forecast is 

generated by the sales and marketing team and reviewed monthly, and adjustments are made 

if needed. All purchasing and manufacturing activities are derived from the forecast. The 

methods of ABC classification and determining transition points are applied to 100 of their 

active-selling products.  
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2.4.1. Classifying Inventory into A, B, and C Classes 

The proposed model is applied in this case study for inventory classification. The criteria 

used are annual requirement, average unit cost, and lead time. The most important criterion is 

annual requirement, and the least important is lead time. In this industry, the focus is more on 

fulfilling customer demand than on keeping a low inventory, hence the reason for selecting 

annual requirement or demand as the first criterion. Items having a higher annual requirement 

or demand per year should receive a higher classification.  

The values for parameters α and β are selected to ensure that items having very low 

scores under criterion 1 do not get a classification of A or B.  Item scores under criterion 1 less 

than 0.05 are considered too low, so it is necessary to ensure that any item scoring less than or 

equal to 0.05 under criterion 1 will be classified as C. The parameter α is set to 0.05, and the 

value of  β is selected. The value of β ensures that items having an aggregate score below this 

value will receive a C classification. Classification distribution is made in such a way that items 

receiving very low aggregate score (less than 0.1) should receive classification C, because these 

items contribute the least to the total demand of all items combined. Similarly, items that 

contribute more should receive a higher classification. In this case, 0.40 is set as the cut-off 

point for class A, and items receiving an aggregate score of 0.40 or higher will be classified as A. 

The remaining items that do not fall into A or C classes will be classified as B items. The results 

are summarized in Appendix B of Chapter 2 in Table 2B-1. 

Based on the cut-off points, we classify 10 items in class A, 37 items in class B, and 53 

items in class C. Items C share a very small portion of the total demand of all 100 items but 

contain a majority of the items. On the other hand, class A items share the largest portion of 
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the total demand but contain very few items. More focus should be given to A and B items 

because they contribute more to total demand. It is desirable to have no or few stockouts on 

these high-demand items.  

Model results show that constraints added to the model are working properly and have 

corrected the issues that were experienced with the Ng-model. Model results are aligned with 

the importance level of the criteria selected.  

2.4.2. General Guidelines to Select Values α and β 

The aim of parameters α and β is to ensure that items having a very low score under 

criterion 1 will not be classified as A or B. The choice of value selection depends on what score 

of criterion 1 is considered low. As a general rule, the company does not want to focus or spend 

time on C items. However, a major portion of the item population falls into the C category, 

regardless of what criteria is selected. So when values of α and β are selected, the aim is to 

ensure that at least 70–80% fall into class C, following the Pareto 80-20 rule. This distribution 

allows for more focus on A and B items.  

2.5 Impact of Forecast Changes on Inventory Classification 

The aim of the second part of this study is to determine the effect of demand changes 

on item classification. The data and results from the previous section are used to develop 

transition points. The transition point is defined as a level of a forecast drop or increase that 

can move an item from one class to another. For the sake of simplicity, the transition point of 

class A items that can make them class B items is determined.  

The formula to calculate the transition point (TABᵢ) of an item belonging to class is as 

follows: 
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TABᵢ = ABS (original score of ith item under criterion 1 – score of ith item at transition point  

under criterion 1) / original score of ith item under criterion 1 

In mathematical form, this can be written as 

 TABᵢ  =  
𝐴𝐵𝑆(𝑌𝑖1−(

𝑆𝐴𝐵−(𝑌𝑖2∗𝑊𝑖2+𝑌𝑖3∗𝑊𝑖3)

𝑊𝑖1
))

𝑌𝑖1
 (2.6) 

Notation: 

SAB = cut-off level A to B 

SBC = cut-off level B to C 

TABᵢ = transition point of ith item from class A to class B 

Wij = weight of ith item under criterion J 

Yij = score of ith item under criterion J 

ABS = absolute value 

The formula calculates the change in score of an ith item under criterion 1 from its 

original score in criterion 1 to the score it can receive at the transition point. For example the 

transition point of item 25 (which is a class A item) can be given as 

TAB25 = 
𝐴𝐵𝑆(0.50 −(

0.4−(0.34∗0.026+1∗0.026)

0.947
))

0.50
 

 
TAB25 = 0.228 or 22.8% 

 

This is interpreted as follows: 

A minimum of 22.8% demand or forecast drop is needed to convert item 25 from class A 

to class B. This is referred to as the transition point (A→B) of item 25. The transition point will 

automatically suggest the need to revise the classification of an item. This reduces the time and 

effort to run the optimization model each time for each item.  
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The transition point for each item can be calculated using the formula shown in 

equation (2.6). In Table 2.6, shows the transition point for each A class item when it moves to B 

class. Also it shows the transition point of B class items that will move them to C class. Similarly, 

a transition point can also be calculated for upward movement, meaning class B to class A, and 

class C to class B, using formula 1.  

TABLE 2.6 
 

TRANSITION POINTS OF A (A→B) AND B (B→C) CLASSIFIED ITEMS (DATA FROM CASE STUDY) 

 

Item 
ABC Classification of 

Proposed Model 
Transition Point 

(%) 

9 A 60.00 

4 A 57.65 

48 A 49.60 

2 A 45.84 

68 A 37.06 

79 A 33.52 

25 A 22.26 

51 A 15.57 

6 A 13.30 

49 A 12.70 

50 B 73.91 

10 B 78.25 

1 B 76.82 

69 B 67.96 

76 B 65.53 

12 B 63.99 

32 B 68.05 

59 B 67.65 

65 B 62.11 

90 B 63.64 

11 B 55.77 

3 B 62.12 

20 B 53.65 

42 B 56.50 

66 B 65.51 

23 B 58.79 

92 B 48.10 

15 B 47.81 

41 B 43.97 
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TABLE 2.6 (continued) 

19 B 42.69 

85 B 45.27 

13 B 38.79 

5 B 43.27 

89 B 40.42 

18 B 40.90 

35 B 39.09 

44 B 34.57 

22 B 36.98 

84 B 32.80 

57 B 28.62 

21 B 31.06 

16 B 25.69 

17 B 22.29 

7 B 5.39 

27 B 1.37 

53 B 0.25 

46 B 4.56 

 

The transition points of A items (TAB) are depicted in Figure 2.1, which shows that the 

highest forecast change is 60% and the lowest is 12.7%. This means that a forecast drop as high 

as 60% will convert all A items to B items. Also, any forecast drop less than 13% will not change 

the status of any A item; i.e., the items will hold their original classification. 

 
 

Figure 2.1.  Transition points of A items (TAB) as percent forecast drop 
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The 25th, 50th, and 75th percentiles of the observations were also calculated and are 

shown in Table 2.7. As can be seen, a forecast drop of approximately 16% in all A items will 

move 25% of the A items to B items. A 37% drop in the forecast will move half of the A items to 

B items. And a 50% forecast drop will convert 75% of A class items to B class items. 

TABLE 2.7 

PERCENTILES OF FORECAST DROP OF ALL CLASS A ITEMS 

Percentile 
Forecast Drop 

(%) 

25 15.57 

50 37.06 

75 49.60 
 

A similar analysis can be shown for the forecast drop in B class items and a forecast 

increase in B and C items. These results are very important in management decisions. Managers 

can determine how much forecast accuracy they should maintain for each item to minimize the 

impact of forecast change on the classification of items.  

2.6 Results and Discussion 

The goal of this paper is to provide the impact analysis of forecast or demand change on 

the original classification of items. To present the analysis, a classification scheme of inventory 

items is needed. Therefore, the analysis is divided into two parts. First, the classification 

scheme of items is developed, and second, the impact analysis of forecast change is analyzed.  

The first part is accomplished by proposing an improved multi-criteria linear 

optimization model to classify items. The proposed model rectifies the issue observed in the 

Ng-model and other recent optimization models. The model is applied to 47 items used in 

previous literature studies (Ramanathan, 2006; Ng, 2007). The results are compared with other 
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models to show that the proposed model has addressed the issues successfully. To further 

explain the usefulness of the new model, it is applied to the data received from a high-tech 

company.  The criteria used in the model are selected according to the ultimate objective of the 

ABC classification. When inventory dollar reduction is the foremost priority, annual dollar usage 

is selected as the first criterion. When filling customer orders on time is the topmost priority, 

annual demand or requirement is a better candidate for criterion 1. The parameters α and β are 

introduced in the model to control the movement of class A and B items to class C items. 

The second part of this paper deals with the impact analysis of forecast changes on the 

classification of different items. The transition point method is introduced to determine the 

level of forecast change that can move an item from class A to class B. When the forecast 

change of an item is much higher than the transition point level of A→B, the item may move 

directly from class A to C, thus bypassing class B. Therefore, it is also necessary to know the 

transition point level of A→C. This will show at what forecast change level an item will move 

from class A to class C.  The formula equation (2.6) can be modified into equation (2.7): 

 TACᵢ = 
ABS(Yi1−(

SAC−(Yi3∗Wi3+Yi2∗Wi2)

Wi1
))

Yi1
 (2.7) 

The transition points A→B and A→C are shown in Figure 2.2. It can be seen that as 

much as a 90% forecast drop is required to move all class A items to class C items. Also, a 

forecast drop as low as 78.32% is required to move at least one item from class A to class C. In 

other words, a minimum threshold for class A→C items is a 78.32% forecast change and for 

class A→B items a 12.70% forecast change.  
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Figure 2.2. Comparison of transition points of class A→B and class A→C items 
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classification of items and to propose a method for quantifying it. The method determines the 

forecast change or transition point of each item, which, at a glance, informs management of 

which items have been impacted when there is a forecast change. This minimizes the effort and 

massive calculation needed to classify items each time there is a change in demand. 

2.7 Conclusion 

In the real world, an average-size manufacturing company deals with thousands of items 

and experiences changes in demand of their items when the market condition changes. The 
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in the forecast for an item, the analysis will show which items have lost their original 

classification, thus allowing a revision of the inventory classification for those items only, 

instead of revisiting the classification of all items. This saves time and makes inventory 

classification more efficient. While making inventory control policies, management can use this 

impact analysis to set appropriate inventory settings and levels for each item.  

For future research, this method could be modified to factor in changes in other criteria 

as well. Also, when there is a change in more than one criterion value at the same time, the 

formula proposed in this approach must be modified. 
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APPENDIX A OF CHAPTER 2 
 

ABC CLASSIFICATION COMPARISON 
 
 

TABLE 2A-1 
 

ABC CLASSIFICATION USING PROPOSED MODEL AND COMPARISON WITH OTHER MODELS 
 

Item 
Annual Dollar 

Usage 
(Transformed) 

Average Unit 
Cost 

(Transformed) 

Lead Time 
(Transformed) 

Score by 
Proposed 

Model 

ABC 
Classification 
by Proposed 

Model 

Ng-
Model 

HV-
Model 

THP-
Model 

PBB-
Model 

1 1.00 0.22 0.17 1.000 A A A A B 

2 0.97 1.00 0.67 0.971 A A A A A 

3 0.86 0.09 0.50 0.860 A A A B B 

4 0.82 0.11 0.00 0.820 A A A C C 

5 0.59 0.26 0.33 0.590 A A A B C 

6 0.50 0.13 0.33 0.500 A A B C C 

7 0.48 0.11 0.33 0.480 A B B C C 

8 0.45 0.24 0.50 0.450 A B B C B 

9 0.41 0.33 0.83 0.413 A A A A A 

10 0.41 0.76 0.50 0.417 B A A A B 

11 0.18 0.00 0.17 0.180 B C C B C 

12 0.17 0.08 0.67 0.184 B B B C B 

13 0.17 0.40 1.00 0.181 B A A A A 

14 0.15 0.51 0.67 0.159 B B A A A 

15 0.14 0.32 0.33 0.143 B C C A C 

16 0.13 0.19 0.33 0.132 B C C C C 

17 0.12 0.05 0.50 0.123 B C C C C 

18 0.10 0.22 0.83 0.109 B B B B A 

19 0.09 0.21 0.67 0.097 B B B B B 

20 0.08 0.26 0.50 0.086 B C C B B 

21 0.07 0.09 0.50 0.074 B C C B C 

22 0.07 0.29 0.50 0.076 B C C B B 

23 0.07 0.40 0.50 0.078 B B B A B 

24 0.06 0.14 0.33 0.063 B C C B C 

25 0.06 0.16 0.00 0.062 C C C C C 

26 0.05 0.14 0.33 0.053 C C C C C 

27 0.05 0.39 0.00 0.057 C C C C C 

28 0.05 0.36 0.83 0.061 C B B B A 

29 0.04 0.63 1.00 0.056 C A A A A 

30 0.03 0.25 0.00 0.034 C C C C C 

31 0.03 0.33 0.67 0.040 C B B B B 



51 

Item 
Annual Dollar 

Usage 
(Transformed) 

Average Unit 
Cost 

(Transformed) 

Lead Time 
(Transformed) 

Score by 
Proposed 

Model 

ABC 
Classification 
by Proposed 

Model 

Ng-
Model 

HV-
Model 

THP-
Model 

PBB-
Model 

32 0.03 0.23 0.17 0.034 C C C A C 

33 0.03 0.22 0.67 0.038 C B B C B 

34 0.03 0.01 1.00 0.040 C B B C A 

35 0.03 0.27 0.33 0.035 C C C C C 

36 0.02 0.17 0.33 0.024 C C C B C 

37 0.02 0.12 0.67 0.027 C C C C B 

38 0.02 0.30 0.33 0.026 C C C B C 

39 0.02 0.27 0.67 0.029 C B B B B 

40 0.01 0.23 0.83 0.021 C B B C A 

41 0.01 0.07 0.17 0.012 C C C C C 

42 0.01 0.16 0.17 0.013 C C C C C 

43 0.01 0.12 0.67 0.018 C C C C B 

44 0.00 0.21 0.33 0.005 C C C C C 

45 0.00 0.14 1.00 0.012 C B B C A 

46 0.00 0.12 0.33 0.004 C C C C C 

47 0.00 0.02 0.67 0.007 C C C C C 
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APPENDIX B OF CHAPTER 2 
 

ABC CLASSIFICATION OF PROPOSED MODEL 
 
 

TABLE 2B-1 
 

ABC CLASSIFICATION OF PROPOSED MODEL (CASE STUDY) 
 

Item 
Annual 

Requirement 

Average 
Unit 
Cost 

(Dollars) 

Lead 
Time 

(Weeks) 

Annual 
Requirement 

(Transformed) 

Average Unit 
Cost 

(Transformed) 

Lead Time 
(Transformed) 

Annual 
Requirement 

Dollar 
(Transformed) 

Score by 
Proposed 

Model 
(Aggregate 

Score) 

ABC 
Classification 
of Proposed 

Model 

9 120000 2.21 8 1.00 0.00 0.33 0.047 1.000 A 

4 113544 25.32 6 0.94 0.14 0.17 0.522 0.940 A 

48 96000 2.21 8 0.79 0.00 0.33 0.037 0.790 A 

2 89600 2.49 12 0.74 0.00 0.67 0.039 0.740 A 

68 77612 53.67 12 0.64 0.31 0.67 0.758 0.640 A 

79 73684 74.59 8 0.60 0.43 0.33 1.000 0.600 A 

25 61408 58.87 16 0.50 0.34 1.00 0.657 0.508 A 

51 58800 34.99 8 0.47 0.20 0.33 0.373 0.470 A 

6 57360 70.32 4 0.46 0.40 0.00 0.733 0.460 A 

49 56228 62.34 12 0.45 0.36 0.67 0.637 0.453 A 

50 48276 38.1 8 0.38 0.21 0.33 0.334 0.380 B 

10 44000 95.03 10 0.35 0.55 0.50 0.760 0.360 B 

1 44460 39.25 12 0.35 0.22 0.67 0.316 0.355 B 

69 40000 2.49 6 0.31 0.00 0.17 0.017 0.310 B 

76 37444 34.99 6 0.29 0.20 0.17 0.237 0.290 B 

12 36000 2.49 8 0.28 0.00 0.33 0.015 0.280 B 

32 35200 34.99 10 0.27 0.20 0.50 0.223 0.274 B 

59 33840 69.04 8 0.26 0.40 0.33 0.424 0.267 B 

65 34400 2.12 8 0.26 0.00 0.33 0.012 0.260 B 

90 30480 69.36 8 0.23 0.40 0.33 0.384 0.238 B 

11 30000 34.99 6 0.23 0.20 0.17 0.190 0.230 B 

3 28200 81.45 6 0.21 0.47 0.17 0.417 0.223 B 

20 28800 34.99 6 0.22 0.20 0.17 0.182 0.220 B 

42 26320 66.69 8 0.19 0.38 0.33 0.318 0.200 B 

66 20800 170.95 10 0.15 1.00 0.50 0.646 0.194 B 

23 24000 96.66 12 0.17 0.56 0.67 0.421 0.193 B 

92 24120 34.99 8 0.18 0.20 0.33 0.152 0.184 B 

15 24000 35.17 8 0.17 0.20 0.33 0.152 0.175 B 

41 23400 34.99 4 0.17 0.20 0.00 0.148 0.171 B 

19 24000 25.56 4 0.17 0.14 0.00 0.110 0.170 B 
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Item 
Annual 

Requirement 

Average 
Unit 
Cost 

(Dollars) 

Lead 
Time 

(Weeks) 

Annual 
Requirement 

(Transformed) 

Average Unit 
Cost 

(Transformed) 

Lead Time 
(Transformed) 

Annual 
Requirement 

Dollar 
(Transformed) 

Score by 
Proposed 

Model 
(Aggregate 

Score) 

ABC 
Classification 
of Proposed 

Model 

85 22800 42.62 8 0.16 0.24 0.33 0.176 0.166 B 

13 20952 36.95 8 0.15 0.21 0.33 0.140 0.156 B 

5 20400 38.1 12 0.14 0.21 0.67 0.140 0.155 B 

89 19700 34.99 12 0.14 0.20 0.67 0.124 0.155 B 

18 20160 69.69 6 0.14 0.40 0.17 0.255 0.153 B 

35 20000 64.36 8 0.14 0.37 0.33 0.233 0.152 B 

44 20840 2.36 8 0.15 0.00 0.33 0.007 0.150 B 

22 18776 36.73 12 0.13 0.21 0.67 0.124 0.146 B 

84 20000 37.29 4 0.14 0.21 0.00 0.134 0.143 B 

57 20000 2.49 6 0.14 0.00 0.17 0.008 0.140 B 

21 19200 2.26 10 0.13 0.00 0.50 0.006 0.136 B 

16 18800 2.12 8 0.13 0.00 0.33 0.006 0.131 B 

17 18672 4.01 4 0.13 0.01 0.00 0.012 0.130 B 

7 16000 2.55 6 0.11 0.00 0.17 0.006 0.110 B 

27 13640 20.86 12 0.09 0.11 0.67 0.050 0.105 B 

46 10600 152.88 7 0.06 0.89 0.25 0.294 0.103 B 

53 13860 59.01 5 0.09 0.34 0.08 0.148 0.103 B 

64 12788 64.42 10 0.08 0.37 0.50 0.149 0.098 C 

36 13600 25.51 8 0.09 0.14 0.33 0.062 0.097 C 

91 13600 37.68 4 0.09 0.21 0.00 0.092 0.096 C 

80 13840 6.31 8 0.09 0.03 0.33 0.014 0.094 C 

24 12000 66.02 12 0.07 0.38 0.67 0.143 0.093 C 

98 13200 34.99 8 0.08 0.20 0.33 0.083 0.089 C 

47 12000 2.49 5 0.07 0.00 0.08 0.004 0.070 C 

83 12000 3.66 4 0.07 0.01 0.00 0.007 0.070 C 

96 11520 2.49 6 0.07 0.00 0.17 0.004 0.070 C 

45 9112 68.04 8 0.05 0.39 0.33 0.111 0.067 C 

28 9204 42.81 10 0.05 0.24 0.50 0.070 0.066 C 

34 8300 69.17 12 0.04 0.40 0.67 0.103 0.066 C 

60 8712 88.76 8 0.04 0.51 0.33 0.139 0.064 C 

14 10000 34.3 8 0.05 0.19 0.33 0.061 0.061 C 

55 10000 35.46 8 0.05 0.20 0.33 0.063 0.061 C 

30 6000 129.94 10 0.02 0.76 0.50 0.141 0.058 C 

70 5280 152.88 12 0.01 0.89 0.67 0.146 0.056 C 

62 8000 3.51 12 0.04 0.01 0.67 0.004 0.055 C 

86 7608 76.78 10 0.03 0.44 0.50 0.105 0.053 C 

93 6408 103.66 12 0.02 0.60 0.67 0.120 0.052 C 

72 3860 165.29 4 0.00 0.97 0.00 0.115 0.051 C 

82 8000 3.66 10 0.04 0.01 0.50 0.004 0.051 C 
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Item 
Annual 

Requirement 

Average 
Unit 
Cost 

(Dollars) 

Lead 
Time 

(Weeks) 

Annual 
Requirement 

(Transformed) 

Average Unit 
Cost 

(Transformed) 

Lead Time 
(Transformed) 

Annual 
Requirement 

Dollar 
(Transformed) 

Score by 
Proposed 

Model 
(Aggregate 

Score) 

ABC 
Classification 
of Proposed 

Model 

100 7200 70.76 6 0.03 0.41 0.17 0.091 0.050 C 

94 7560 69.59 8 0.03 0.40 0.33 0.094 0.049 C 

40 6000 67 12 0.02 0.38 0.67 0.072 0.046 C 

43 8000 2.42 8 0.04 0.00 0.33 0.002 0.046 C 

81 6152 87.98 8 0.02 0.51 0.33 0.097 0.045 C 

77 8000 3.66 6 0.04 0.01 0.17 0.004 0.042 C 

52 6000 26.64 12 0.02 0.15 0.67 0.028 0.040 C 

26 6000 65.24 8 0.02 0.37 0.33 0.070 0.038 C 

88 6080 34.99 10 0.02 0.20 0.50 0.037 0.037 C 

97 7440 2.12 8 0.03 0.00 0.33 0.001 0.037 C 

73 3820 112.32 12 0.00 0.65 0.67 0.077 0.034 C 

8 5652 41.09 8 0.02 0.23 0.33 0.041 0.033 C 

39 5600 3.51 10 0.02 0.01 0.50 0.002 0.032 C 

54 6000 34.99 8 0.02 0.20 0.33 0.037 0.032 C 

61 4000 104.38 8 0.00 0.61 0.33 0.075 0.032 C 

38 4400 72.31 8 0.01 0.42 0.33 0.056 0.031 C 

71 4460 72.56 8 0.01 0.42 0.33 0.057 0.031 C 

75 4960 68.11 6 0.01 0.39 0.17 0.060 0.030 C 

56 6400 11.55 8 0.02 0.06 0.33 0.012 0.029 C 

95 4200 74.31 12 0.00 0.43 0.67 0.055 0.028 C 

78 4080 64.24 10 0.00 0.37 0.50 0.046 0.022 C 

31 4000 31.02 10 0.00 0.17 0.50 0.021 0.017 C 

63 3900 39.37 8 0.00 0.22 0.33 0.026 0.014 C 

58 4000 48.25 6 0.00 0.27 0.17 0.034 0.014 C 

37 4000 3.51 10 0.00 0.01 0.50 0.001 0.013 C 

99 4880 8.51 4 0.01 0.04 0.00 0.006 0.011 C 

74 3708 36.36 4 0.00 0.20 0.00 0.023 0.010 C 

87 4000 2.04 8 0.00 0.00 0.33 0.000 0.008 C 

67 4000 3.66 7 0.00 0.01 0.25 0.001 0.006 C 

29 4000 3.66 6 0.00 0.01 0.17 0.001 0.004 C 

33 4000 3.66 6 0.00 0.01 0.17 0.001 0.004 C 
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CHAPTER 3 
 

PAPER 2: EVALUATING DISCRIMINATING POWER OF SINGLE-CRITERIA AND MULTI-CRITERIA 
MODELS FOR INVENTORY CLASSIFICATION 

 
 

Abstract 

Both single- and multi-criteria models are used for inventory classification. In this paper, 

single-criteria and multi-criteria models are evaluated in terms of their feasibility to classify 

inventory items for a given dataset. The concept of a discriminating power test is introduced. 

Two datasets are used, and lead time is the most important criterion. The relative performance 

of the models are compared. The ZF-model is modified by using a descending ranking order 

criteria constraint to address potentially infeasible classifications. Results show that using 

criteria in descending order reduces the classification infeasibility. A probability distribution to 

find the probability of infeasibility for a given dataset against several identical scoring items is 

proposed. 

3.1 Introduction 

Inventory items are classified into class A, B, or C based on scores they receive from the 

classification model. Class A is the smallest class and contains the highest-scoring items, 

followed by class B and then class C. Following Pareto analysis, class A contains 15–20% of the 

items, class B contains 30–35% of the items, and class C contains 45–55% of the items.  

Ramanathan (2006) used a data envelopment analysis (DEA) approach for inventory 

classification. He presented a weighted additive model for more than one criterion in the model 

that generates the best possible score for each item. Later, scores of the items are ranked in a 
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descending order and then items are classified into A, B, or C class. This model is noted as the R-

model in the literature. 

After the R-model, several other models were developed. In general, models can be 

categorized into two classes: those that do not assign unequal weights to multiple criteria 

(Ramanathan, 2006; Zhou & Fan, 2007), and those that assign unequal weights to criteria using 

the descending ranking order criteria constraint (Ng, 2007; Hadi-Vencheh, 2010). The Park, Bae, 

& Bae (2014) model is an exception, in that they used a different approach, which they called 

cross-evaluation weighted linear optimization. In this approach, items are cross evaluated by 

each other. Then the cross-evaluation scores for a given item are averaged to obtain the final 

score of that item. The mathematical expressions of these models are shown in appendix 3A. 

A good multi-criteria optimization model should provide nonidentical scores for each 

inventory item. For example, ten items are to be classified into A, B, or C class with 20% in class 

A, 30% in class B, and 50% in class C. Then, when a model gives an identical score to more than 

two highest scoring items, it becomes infeasible to classify those items because class A cannot 

contain more than two items. Previous studies have not addressed this issue. 

The contribution of this paper is twofold. First, it provides a test to evaluate multi-

criteria models for generating identical scores to multiple inventory items. This is measured in 

terms of classification infeasibility. When models are compared with respect to classification 

infeasibility, a user would know which model results in less infeasibility so he can make an 

intelligent decision in selecting the model for inventory classification. This test is referred to as 

the discriminating power test. Second, the probability distribution of infeasibility at different 

levels of identical scoring items is developed and shown in a graphical format. This provides 
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insight about the probability of having infeasibility in classifying inventory items when the 

number of identical-scoring items increases or decreases. It also assists in comparing models for 

classification infeasibility.  

3.2 Discriminating Power Test 

Model fitness, or the discriminating power test, is used to judge the ability of a model to 

classify inventory items without resulting in infeasibility for a given dataset. Here a model 

fitness test is applied on single-criteria and multi-criteria optimization models using two 

datasets.  

3.2.1 Sample Dataset 1 

A ten-item dataset used in the work of Park et al. (2014) is considered here. Lead time, 

annual demand, and average unit cost are used as the first, second, and third criterion, 

respectively. This dataset is shown in Table 3.1. 

TABLE 3.1 

SAMPLE DATASET 1 INVENTORY ITEMS 

Item 
Lead Time 

(weeks) 
Annual Demand 

(units) 
Average Unit Cost 

(USD) 

1 7 0.483 71.21 

2 4 8.000 58.45 

3 3 4.000 40.82 

4 2 4.004 19.8 

5 7 1.200 86.5 

6 4 12.000 71.2 

7 4 4.000 78.4 

8 6 2.000 51.68 

9 4 48.000 14.66 

10 5 3.000 72 
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It is necessary to evaluate how models behave when values of the first criterion for 

multiple items are identical. This will highlight the shortcomings of single-criteria and multi-

criteria models. For this reason, lead time is selected as the first criterion. Each model is run for 

above inventory items using Lingo software. Final scores from the models are summarized in 

Table 3.2. 

TABLE 3.2 

SCORES AND CLASSIFICATION OF ITEMS IN DATASET 1 

 

In a single-criterion model, lead time is the only criterion that is used to classify 

inventory in classes A, B, and C. It is found that items 9, 6, 7, and 2 all have the same lead time. 

But all four items cannot be classified into class B, thereby resulting in classification infeasibility. 

This makes further classification of the items infeasible. In the single-criterion method, there 

are four infeasibilities. 

In the R-model, four items (item 1, 5, 6, and 9) receive identical scores that are highest 

in value. Since class A cannot contain more than two items, it becomes infeasible to classify all 

four items into this class. From this dataset, it can be seen that the R-model does not show a 

good discriminating power among inventory items. The ZF-model is an extended version of the 

R-model used to improve the inventory classification of the R-model. The ZF-model is evaluated 

to see if it can resolve the classification issue of the R-model. It is found that the ZF-model gives 

Single 

criteria

Items

Lead time

 (weeks)

Annual 

demand

 (units)

Avg unit

 cost

 ($) Score Score Class Score Class Score Class Score Class Score Class Score Class

5 7 1.20 86.50 A 1.000 Infeasible 1.233 A 0.551 B 1.000 A 0.998 A 1.000 A

1 7 0.48 71.21 A 1.000 Infeasible 1.145 A 0.500 Infeasible 0.939 A 0.862 B 1.000 A

8 6 2.00 51.68 B 0.808 0.890 B 0.398 0.719 B 0.647 C 0.800 B

10 5 3.00 72.00 B 0.832 0.849 C 0.458 0.657 B 0.786 C 0.600 B

9 4 48.00 14.66 Infeasible 1.000 Infeasible 0.990 B 0.500 Infeasible 0.835 B 0.921 A 0.700 B

6 4 12.00 71.20 Infeasible 1.000 Infeasible 0.853 B 1.000 A 0.646 C 0.894 B 0.477 C

7 4 4.00 78.40 Infeasible 0.939 0.785 C 0.535 B 0.537 C 0.800 B 0.453 C

2 4 8.00 58.45 Infeasible 0.750 0.676 C 0.653 A 0.535 C 0.688 C 0.400 C

3 3 4.00 40.82 0.419 0.364 C 0.199 0.237 C 0.378 C 0.210 C

4 2 4.00 19.80 0.137 0.081 C 0.000 0.000 C 0.113 C 0.047 C

Ng modelR model HV model ZF model Modified ZF Model PBB model
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more distinctive scores to items than the R-model. But after classifying items 5 and 7 to class B, 

the next highest scoring items are items 1 and 9, which are identical in value. Both cannot be 

classified into class B because this class cannot contain more than three items. Therefore, it is 

impossible to proceed further in the classification of items, hence making the classification of 

items infeasible. However, the ZF-model reduces the number of infeasibilities from four to two. 

In all other models (Ng-model, HV-model, and PBB-model), there is no classification 

infeasibility, although there are items with identical scores in the Ng-model. Next, it is 

necessary to determine if adding a descending ranking order criteria constraint in the ZF-model 

can improve its classification infeasibilities. The descending rank order criteria constraint allows 

the user to prioritize the criteria based on the level of importance. In other words, all criteria 

are not considered of equal importance.  

3.2.2 Modified-ZF-Model 

A descending ranking order constraint is added in both the maximization and 

minimization model. These models are presented in equations (3.1 and (3.2), respectively. 

 Maximization Model: 

𝑔𝐼𝑖 = 𝑚𝑎𝑥 ∑ 𝑤𝑖𝑛
𝑔

𝑁

𝑛=1

𝑌𝑖𝑛 

 𝑠. 𝑡.   (3.1) 

∑ 𝑤𝑖𝑛
𝑔

𝑦𝑚𝑛
𝑁
𝑛=1 ≤ 1,   m = 1,2,…,M 

 𝑤𝑖𝑛
𝑏 −  𝑤𝑖(𝑛+1)

𝑏 ≥ 0𝑛 = 1,2, … , (𝑛 − 1) 

 𝑤𝑖𝑛
𝑔

≥   0 
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 Minimization Model: 

𝑏𝐼𝑖 = 𝑚𝑖𝑛 ∑ 𝑤𝑖𝑛
𝑏

𝑁

𝑛=1

𝑦𝑖𝑛 

 𝑠. 𝑡. (3.2) 

∑ 𝑤𝑖𝑛
𝑏 𝑦𝑚𝑛

𝑁
𝑛=1 ≥ 1,   𝑚 = 1,2, … 𝑀 

 𝑤𝑖𝑛
𝑏 −  𝑤𝑖(𝑛+1)

𝑏 ≥ 0   𝑛 = 1,2, … , (𝑛 − 1) 

 𝑤𝑖𝑛
𝑏 ≥   0 

Constraint (3.2) (modified-ZF-model: 𝑤𝑖𝑛
𝑏 −  𝑤𝑖(𝑛+1)

𝑏 ≥ 0 ) is the descending ranking order 

criteria constraint.  The classification scores are shown in Table 3.3. It can be seen that 

infeasibilities from the ZF-model are removed in the modified-ZF-model. Using the descending 

right order criteria reduced the infeasibilities of the ZF-model. 

TABLE 3.3 
 

COMPARISON OF  ZF-MODEL AND MODIFIED-ZF-MODEL INFEASIBILITIES 
 

    ZF-Model Modified-ZF-Model 

Items 
Lead Time 
 (weeks) 

Annual  
Demand 
 (units) 

Average 
Unit Cost 

($) 
Score Class Score Class 

5 7 1.2000 86.5000 0.5506 B 1.0000 A 

1 7 0.4831 71.2100 0.5000 Infeasible 0.9388 A 

9 4 48.0000 14.6600 0.5000 Infeasible 0.8351 B 

8 6 2.0000 51.6800 0.3976  0.7189 B 

10 5 3.0000 72.0000 0.4581  0.6569 B 

6 4 12.0000 71.2000 1.0000 A 0.6463 C 

7 4 4.0000 78.4000 0.5353 B 0.5372 C 

2 4 8.0000 58.4500 0.6533 A 0.5346 C 

3 3 4.0000 40.8200 0.1985  0.2367 C 

4 2 4.0040 19.8000 0.0000  0.0000 C 
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3.2.2. Sample Dataset 2 

The discriminating power of the models is tested using a second dataset. The data 

contains 47 inventory items used in previous studies (Flores, Olson, & Dorai, 1992; 

Ramanathan, 2006; Ng, 2007). Here 7 items are classified in class A (15%), 12 items in class B 

(25%), and 28 items in class C (60%). The score of the models and classification of items is 

shown in Table 3.4. 

In the case of the single-criterion model, there are four infeasibilities. Since class A 

should contain seven items, four items can be classified, but after that, the next four items have 

identical lead times. It is unclear as to which three items to put in class A, hence making further 

classification of items infeasible. 

In the case of the R-model, 7 items can be classified in class A. Only 12 items can be in 

class B, but after classifying 9 items in class B, it is found that 6 items have identical scores.  

Hence, it becomes infeasible to classify which three items to put in class B, and further 

classification of items is not possible. No classification infeasibilities are found in the other 

models. 

The model fitness test exposes models that can be unfit for a given dataset. It is 

important to note that many items have the same lead time (first criterion). Since a single 

criterion uses lead time as the only criterion, it becomes unclear how to classify items into 

different classes. Infeasibilities were observed when classifying items in both sample datasets, 

indicating the weakness of a single-criterion model. Thus, the use of multi-criteria models is 

advised. 
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TABLE 3.4 

SCORES AND CLASSIFICATION OF ITEMS IN DATASET 2 

 

 

Single criteria

Items

Lead time

 (weeks)

Annual demand

 (unit)

Average unit

 cost ($) Class Score Class Score Class Score Class Score Class Score Class

13 7 12.00 86.50 A 1.0000 A 1.0494 A 0.8517 A 0.9135 A 1 A

29 7 2.00 134.34 A 1.0000 A 1.0947 A 0.6411 A 0.9453 A 1 A

34 7 27.00 7.07 A 1.0000 A 1.0072 A 0.5000 B 0.8486 A 1 A

45 7 1.00 34.40 A 1.0000 A 1.0048 A 0.5000 B 0.8486 A 1 A

9 6 33.00 73.44 Infeasible 0.9055 B 0.8967 A 0.7632 A 0.8081 A 0.83 A

18 6 12.00 49.50 Infeasible 0.8571 B 0.8516 B 0.6423 A 0.7619 B 0.83 A

28 6 4.00 78.40 Infeasible 0.8571 B 0.8702 B 0.6114 B 0.7783 B 0.83 A

40 6 2.00 51.68 Infeasible 0.8571 B 0.8547 B 0.5301 B 0.7501 B 0.83 B

2 5 27.00 210.00 B 1.0000 A 1.0373 A 1.0000 A 0.8355 A 0.67 B

12 5 50.00 20.87 B 0.7863 B 0.7128 B 0.4466 B 0.6762 B 0.67 B

14 5 8.00 110.40 B 0.7588 B 0.7711 B 0.6080 B 0.7037 B 0.67 B

19 5 12.00 47.50 B 0.7158 B 0.6947 B 0.5246 B 0.6440 B 0.67 B

31 5 3.00 72.00 B 0.7142 Infeasible 0.7118 B 0.4621 B 0.6504 B 0.67 B

33 5 4.00 49.48 B 0.7142 Infeasible 0.6894 B 0.4496 B 0.6344 B 0.67 B

37 5 5.00 30.00 B 0.7142 Infeasible 0.6772 B 0.4093 C 0.6172 B 0.67 B

39 5 2.00 59.60 B 0.7142 Infeasible 0.6966 B 0.4268 B 0.6398 B 0.67 B

43 5 2.00 29.89 B 0.7142 Infeasible 0.6753 C 0.3617 C 0.6130 C 0.67 B

47 5 3.00 8.46 B 0.7142 Infeasible 0.6703 C 0.3209 C 0.5940 C 0.67 B

3 4 212.00 23.76 B 1.0000 A 1.0644 A 0.6345 A 0.8129 A 0.75 B

10 4 15.00 160.50 C 0.7812 B 0.7710 B 0.6965 A 0.6511 B 0.5 C

8 4 48.00 55.00 C 0.6621 C 0.5964 C 0.4761 B 0.5911 C 0.5 C

17 4 48.00 14.66 C 0.6454 C 0.5485 C 0.3065 C 0.5512 C 0.5 C

23 4 5.00 86.50 C 0.6000 C 0.5815 C 0.4126 C 0.5564 C 0.5 C

21 4 19.00 24.40 C 0.5872 C 0.5159 C 0.3093 C 0.5161 C 0.5 C

22 4 7.00 65.00 C 0.5787 C 0.5488 C 0.3955 C 0.5291 C 0.5 C

20 4 8.00 58.45 C 0.5779 C 0.5404 C 0.3977 C 0.5326 C 0.5 C

7 3 100.00 28.20 C 0.6280 C 0.5762 C 0.3509 C 0.5331 C 0.4 C

6 3 94.00 31.24 C 0.6165 C 0.5597 C 0.3502 C 0.5226 C 0.385 C

5 3 60.00 57.98 C 0.5784 C 0.5048 C 0.3882 C 0.4983 C 0.33 C

15 3 12.00 71.20 C 0.4830 C 0.4211 C 0.3280 C 0.4368 C 0.33 C

16 3 18.00 45.00 C 0.4597 C 0.3812 C 0.2733 C 0.4191 C 0.33 C

38 3 2.00 67.40 C 0.4531 C 0.3923 C 0.1927 C 0.4174 C 0.33 C

24 3 12.00 33.20 C 0.4416 C 0.3563 C 0.2310 C 0.3982 C 0.33 C

35 3 3.00 60.60 C 0.4398 C 0.3848 C 0.2196 C 0.4116 C 0.33 C

26 3 10.00 33.84 C 0.4376 C 0.3536 C 0.2298 C 0.4099 C 0.33 C

36 3 4.00 40.82 C 0.4285 C 0.3536 C 0.2020 C 0.3937 C 0.33 C

44 3 1.00 48.30 C 0.4285 C 0.3618 C 0.1420 C 0.3964 C 0.33 C

46 3 1.00 28.80 C 0.4285 C 0.3407 C 0.1420 C 0.3775 C 0.33 C

11 2 210.00 5.12 C 0.9905 A 0.8202 B 0.4940 B 0.5612 C 0.58 C

1 2 117.00 49.92 C 0.7070 C 0.5546 C 0.4123 C 0.4684 C 0.36 C

32 2 4.00 53.02 C 0.3227 C 0.2402 C 0.1123 C 0.2908 C 0.17 C

42 2 2.00 37.70 C 0.2884 C 0.2042 C 0.0542 C 0.2716 C 0.17 C

41 2 4.00 19.80 C 0.2857 C 0.1791 C 0.0525 C 0.7474 B 0.17 C

4 1 172.00 27.73 C 0.8469 B 0.5832 C 0.4041 C 0.4227 C 0.405 C

27 1 4.00 84.03 C 0.4001 C 0.2309 C 0.1242 C 0.2146 C 0.1333 C

30 1 4.00 56.00 C 0.2666 C 0.1501 C 0.0405 C 0.1815 C 0.0866 C

25 1 10.00 37.05 C 0.2019 C 0.1154 C 0.0000 C 0.1690 C 0.0666 C

Ng modelR model HV model ZF model PBB model
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In using multi-criteria models, it was observed that the R-model results in infeasibilities 

in classifying items in both datasets. The ZF-model, which is an extended version of the R-model 

performs better than the R-model but still shows some infeasibility in classifying items in the 

first dataset. The use of a descending ranking order criteria constraint is proposed to ensure 

that unequal weights are assigned to criteria in the ZF-model. The modified-ZF-model addresses 

the issue of infeasibilities in the ZF-model.  

3.2.3. Probabilities of Infeasibility 

If we select ABC classification distribution as 20%, 30%, and 50% for classes A, B, and C 

items respectively, then in a sample of ten items, two items should be classified as A, three 

items should be classified as B, and five items should be classified as C. It is possible to develop 

a relation between the number of identical aggregate scores of items and infeasibility. The 

probability of classification infeasibility against a given number of the identical aggregate scores 

can be found using hypergeometric distribution. The probability of infeasibility when scores of 

four items are identical is calculated in this example. The probability of feasibility can be found 

using the formula shown in equation (3.3), and then 1 is subtracted to obtain the probability of 

infeasibility. Classification will be feasible if all four items having identical scores fall into class C. 

The hypergeometric distribution formula and calculations are shown below: 
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Notation: 

N = total number of items (10) 
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n = number of items drawn (n = 4) 

y = number of class C items in the sample drawn (y = 4) 

r = number of C class items in the total number of items (r = 5) 

P = Probability of feasibility 

Q = 1–P = Probability of infeasibility 

𝑃 (𝑦 = 4)
(5

4
)(10−5

4−4
)

(10
4

)
 

= 0.0238 

Q = 1- 0.0238 = 0.9761 

Probability of infeasibility (at four identical aggregate scores) = 0.9761 

Similarly, infeasibility can be found at other numbers of identical aggregate scores. This 

is summarized in Figure 3.1. 

 
 

Figure 3.1.  Probability of infeasibility against percent of items with identical scores 
 

It should be noted from Figure 3.1 that when identical scoring items go above 50%, the 

probability of classification infeasibility reaches 1. This is understandable because the maximum 
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percentage of items that can fall into class C without resulting in classification infeasibility is 

50%. Any identical scoring items beyond 50% will fall into other classes, thereby resulting in 

classification infeasibility. 

This analysis provides an important insight to the user. Before proceeding to select a 

classification model, a user will know if the given classification model will result in infeasibility, 

thereby allowing a better decision in selecting a model.  

3.3. Conclusion 

In this paper, a model fitness test exposed the weakness of using a single-criterion 

model and the R-model. Test results also showed that using descending ranking order criteria in 

the model results in less infeasibility. As shown, adding descending ranking order criteria in the 

ZF-model reduces infeasibilities in that model. Also, since the Ng-model and HV-model already 

use descending ranking order criteria, their ability to classify items into A, B, and C classes is 

comparatively better than that of the R-model and the ZF-model. This is an important result, 

suggesting the use of descending ranking order criteria in the model.  

The model fitness test used in this study is a very effective tool in comparing models 

with regards to classification infeasibility. Therefore, this test is recommended for preliminary 

analysis of model appropriateness in each dataset. Using descending ranking order criteria in 

the model to make it more effective is also recommended. The relationship observed between 

the probability of infeasibility and the number of identical-scoring items also provides good 

insight for a decision maker when selecting a model for a given dataset. 
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APPENDIX A OF CHAPTER 3 
 

MATHEMATICAL FORMULATIONS OF MULTI-CRITERIA MODELS 
 
 

R-Model 

𝑚𝑎𝑥   ∑ 𝑣𝑚𝑗

𝐽

𝑗=1

𝑦𝑚𝑗  

 𝑠. 𝑡. (3A-1) 

∑ 𝑣𝑚𝑗

𝐽

𝑗=1

𝑦𝑛𝑗 ≤  1, n = 1, 2, … , N 

𝑣𝑚𝑗  ≥ 0, 𝑗 = 1,2, … 𝐽 

Notation: 

j = criteria 

m = inventory items 

𝑣𝑚𝑗 = weight of mth inventory items under criteria j 

𝑦𝑚𝑗 = score of mth inventory items under criteria j 

Ng-Model 

𝑚𝑎𝑥 𝑆𝑖 = ∑ 𝑤𝑖𝑗

𝐽

𝑗=1

𝑦𝑖𝑗 

 𝑠. 𝑡.   (3A-2) 

∑ 𝑤𝑖𝑗

𝐽

𝑗=1

= 1 

𝑤𝑖𝑗 − 𝑤𝑖(𝑗+1)  ≥ 0,    𝑗 = 1,2, … , (𝐽 − 1) 

𝑤𝑖𝑗  ≥   0,   𝑗 = 1,2, … , 𝐽 
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Notation: 

j = criteria 

i = inventory items 

𝑤𝑖𝑗 = weight of ith inventory item under criteria j 

𝑦𝑖𝑗  = score of ith inventory item under criteria j 

ZF-Model 

𝑏𝐼𝑖 = 𝑚𝑖𝑛 ∑ 𝑤𝑖𝑛
𝑏

𝑁

𝑛=1

𝑦𝑖𝑛 

 𝑠. 𝑡. (3A-3) 

∑ 𝑤𝑖𝑛
𝑏 𝑦𝑚𝑛

𝑁
𝑛=1 ≥ 1,   m=1,2,…M 

𝑤𝑖𝑛
𝑏 ≥   0 

Notation: 

i = inventory items 

n = criteria 

𝑦𝑖𝑛 = score of ith inventory item under criteria n 

𝑤𝑖𝑛
𝑏  = weight of ith inventory item under criteria n 

𝑏𝐼𝑖 = least favorable aggregate score of ith inventory item 

𝑔𝐼𝑖 = 𝑚𝑎𝑥 ∑ 𝑤𝑖𝑛
𝑔

𝑁

𝑛=1

𝑌𝑖𝑛 

 𝑠. 𝑡.   (3A-4) 

∑ 𝑤𝑖𝑛
𝑔

𝑦𝑚𝑛
𝑁
𝑛=1 ≤ 1,      m=1,2,…,M 

𝑤𝑖𝑛
𝑔

≥   0 
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Notation: 

𝑔𝐼𝑖  = most favorable aggregate score of ith inventory item 

Furthermore, the two indexes are combined to produce a composite index using the 

formula (3A-5): 

 𝑛𝐼𝑖(𝜆) = (λ (𝑔𝐼𝑖  - 𝑔𝐼𝑖) / (𝑔𝐼*- 𝑔𝐼𝑖) ) + ((1- λ) (𝑏𝐼𝑖 - 𝑏𝐼𝑖) / (𝑏𝐼*- 𝑏𝐼𝑖) ) (3A-5) 

Notation: 

𝑔𝐼* = maximum value of good index 

𝑏𝐼* = minimum value of bad index 

𝜆 = control parameter that is specified by user 

𝑛𝐼𝑖  = composite index for an item 

HV-Model 

𝑚𝑎𝑥 𝑆𝑖 = ∑ 𝑦𝑖𝑗

𝐽

𝑗=1

𝑤𝑗 

 𝑠. 𝑡. (3A-6) 

∑ 𝑤𝑗
2𝐽

𝑗=1 = 1  

𝑤𝑗 ≥ 𝑤𝑗+1  ≥ 0,    𝑗 = 1,2, … , (𝐽 − 1) 

𝑤𝑗  ≥   0,   𝑗 = 1,2, … , 𝐽 

Notation: 

𝑤𝑗 = relative importance weight attached to jth criteria 

𝑦𝑖𝑗  = score of ith inventory item under criteria j 
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PBB-Model 

𝐶𝑝𝑘 = 𝑀𝑖𝑛 ∑ 𝑢𝑟𝑘

𝑠

𝑟=1

𝑦𝑟𝑝 

 𝑠. 𝑡.  (3A-7) 

∑ 𝑢𝑟𝑘

𝑠

𝑟=1

𝑦𝑟𝑘 = 𝑙𝑘 ∗ 

∑ 𝑢𝑟𝑘
𝑠
𝑟=1 𝑦𝑟𝑗 ≤ 1; 𝑗 = 1, … , 𝑛, 𝑗 ≠ 𝑘 

𝑢𝑟𝑘  ≥ 0    ∀𝑟 

Notation: 

𝑢𝑟𝑘 = weight given to the rth criterion of the kth item (yrk) 

𝑦𝑟𝑘 = score on k item under criterion r 

𝑙𝑘 ∗ = optimal performance of inventory score as received from R-model 

𝐶𝑝𝑘 = the optimal cross-efficiency score for item p evaluated by item k 
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CHAPTER 4 
 

PAPER 3: STATISTICAL ANALYSIS OF MULTI-CRITERIA INVENTORY CLASSIFICATION MODELS 
IN THE PRESENCE OF FORECAST UPSIDES 

 
 

Abstract 

The impact of inventory classification using the multi-criteria optimization models on 

inventory cost reduction and customer orders needs to be investigated. Also, the forecast is 

typically never accurate. Companies may receive forecast upsides that can undermine their 

ability to support customer demand on time. To better understand the model's performance in 

fulfilling customers’ orders (measured as order fill rate) and maintaining safety stock cost, it is 

critical to include forecast upsides in the model's comparative analysis. It is also useful to know 

if the performance of any multi-criteria inventory classification (MCIC) model is significantly 

different from others. This study focuses on that subject, and  includes statistical methods and 

sensitivity analysis to determine the performance of which MCIC model is statistically 

significant with respect to inventory and customer order fill rate. Results show that the PBB-

model outperforms other models when forecast upside is present, and the result is statistically 

significant. On the other hand, when no forecast upside is present, the R-model, which does not 

use descending ranking criteria, outperforms other models, and the difference here is 

statistically significant. It is also found that adding descending ranking criteria to the R-model 

and ZF-model does not improve their service-cost performance index (SCPI).  

4.1 Introduction 

ABC classification is a well-known method of inventory classification. This classification 

scheme divides the stock-keeping units (SKUs) into a number of classes based on certain 
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criteria. When classifying inventory, two questions need to be addressed: (1) How many classes 

must be used? and (2) How do we determine the borders between these classes (van Kampen, 

Akkerman, & van Donk, 2012)? 

The traditional ABC classification is based on the Pareto principle. The criterion used is 

annual dollar usage. This method assumes that 20% of items are responsible for 80% of the 

annual dollar usage (Chu, Liang, & Liao, 2008). Items are then categorized into class A, B, or C. 

Class A items are the highest annual dollar usage items that require more attention from 

managers, constituting approximately 15% to 20% of the total SKUs. Class B items are 

considerably less important and constitute 25% to 30% of items. Their annual dollar usage is 

less than that of A items. The least important are class C items, which contribute the lowest 

annual dollar usage but contain a large number of inventory items. They are approximated at 

5% to 10% of the annual dollar usage value and more than 70% of the total number of items. 

Companies can afford to keep a higher stock of class B and C items than class A items, whereas 

class A items need to be monitored very closely (Beheshti, Grgurich, & Gilbert, 2012). 

The traditional method is simple and easy to use. It is argued in the literature that other 

factors can also play a role in inventory classification, including lead time, inventory cost, and 

obsolescence (Torabi, Hatefi, & Pay, 2012). Therefore, multi-criteria inventory classification 

(MCIC) has been used in recent studies in the context of inventory classification. 

Multi-criteria ABC classification considers more than one factor or criterion that can 

impact inventory classification. Criteria used in the literature are cost, lead time, criticality, 

obsolescence, durability, stockability, order size requirement, commonality, substitutability, 

and repairability (Guvenir & Erel, 1998; Partovi & Anandarajan, 2002; Ramanathan, 2006; Ng, 
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2007; Zhou & Fan 2007; Torabi et al. 2012). The literature shows that many techniques have 

been used to classify inventory, including matrix-based methodology, cluster analysis, analytic 

hierarchy process (AHP), genetic algorithm, neural networks, and optimization models.  

Companies maintain different varieties of products, namely SKUs. Controlling and giving 

them equal attention is not easy or productive (Kabir & Hasin, 2011). Inventory-control policies 

include maintaining an appropriate safety stock level, customer order fill rate, and reorder 

points (Cohen & Ernst, 1988; Babai, Ladhari, & Lajali, 2015). Inventory classification can help in 

developing inventory control policies (Guvenir & Erel, 1998). For example, since class A consists 

of a smaller number of items but is responsible for a higher annual dollar usage, it is suggested 

to maintain a tighter inventory control, which includes regular cycle counting and better 

forecasting methods for class A items.  

It is useful to understand the performance of MCIC models on inventory cost reduction 

and customer order fill rate. The customer order fill rate is defined as the probability of filling 

an entire customer order within a specified period of time (Song, 1998). Babai et al. (2015) 

presented a service-cost performance index (SCPI) analysis of four MCIC models (Ng-model, 

H-model, ZF-model, and R-model). They concluded that the R-model and ZF-model perform 

better in a combined SCPI. The reason for this is that in the Ng-model and H-model, the criteria 

are ranked in descending order (𝑊𝑖1 ≥ 𝑊𝑖2 ≥ … ≥ 𝑊𝑖𝑗). And since the unit cost and higher annual 

dollar usage are used as the most important criteria, items having a higher unit cost and higher 

annual dollar usage receive a higher classification (class A or B) in the Ng-model and H-model. 

When the safety stock costs of all items are summed, this results in a higher total safety stock 

cost in these models. 



75 

The tern “forecast upside” is defined as a scenario when actual demand is higher than 

the forecast. In this study, is also referred to as positive forecast error or simply forecast error. 

When actual customer demand becomes higher than the forecast, it can result in inventory 

shortages, which will eventually impact the customer order fill rate. Babai et el. (2015) did not 

consider a model comparison when the forecast upside is present. They also did not include the 

PBB-model in the comparison. Also, it is not evident how the R-model and ZF-model will 

perform when descending criteria ranking is included in these models, as found with the Ng-

model and H-model, and whether there will be any difference in the SCPI. It is also not known if 

the difference in the performance of models differs significantly. This study fills these gaps by 

focusing more on fulfilling order fill rate and does not include the scenario of a forecast 

downside. In the case of a forecast downside, actual customer demand becomes lower than the 

forecast, which creates an inventory surplus. This poses a risk of having higher inventory cost 

than having a lower order fill rate. The contributions of this paper follow. 

Comparative analysis of the SCPI of MCIC is studied in three different scenarios: (1) 

when forecast error is not present; (2) when forecast error is present but the same across all 

classes A, B, and C; and (3) when forecast error is present but different for classes A, B, and C. 

Hypothesis testing that assesses the significance of differences between the inventory 

performance of MCIC models is included. The recent PBB-model (Park, Bae, & Bae, 2014), 

modified-R-model, and modified-ZF-model are included in the comparison. The modified-R-

model and modified-ZF-model add descending criteria ranking functionality to these models so 

that criteria can be ranked in descending order. Altogether, seven models are used for 
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comparison: R-model, Ng-model, ZF-model, H-model, PBB-model, modified-R-model, and 

modified-ZF-model.  

4.2 Literature Review 

In today’s world, a moderate-size company must deal with thousands of inventory 

items, and inventory classification decisions may become challenging. Different methods and 

techniques used in the ABC classification of inventory are listed in Table 4.1, which is extracted 

from the work of van Kampen et al. (2012) and further modified to include more recent studies. 

This study is focused on optimization models, which will be discussed in the next section. 

TABLE 4.1 
 

METHODS AND TECHNIQUES USED IN ABC CLASSIFICATION 
 

Method Techniques Research 

Single-Criteria Traditional ABC 
Canen & Galvão, 1980; Chrisman, 1985; Gardner, 
1990; Portougal, 2002; Onwubolu & Dube, 2006 

Multi-Criteria 

Analytic Hierarchy Process 
Gajpal, Ganesh, & Rajendran, 1994; Nan-fang & 
Xue, 2004; Molenaers, Baets, Pintelon, & 
Waeyenbergh, 2012 

Cluster Analysis 
Ernest & Cohen, 1990; Canetta, Cheikhrouhou, & 
Glardon, 2005  

Decision Tree 
Huiskonen, 2001; Boylan, Syntetos & Karakostas, 
2008 

Distance Modeling Chen, Li, Kilgour, & Hipel, 2008 

Genetic Algorithm Guvenir & Erel, 1998 

Graphical Matrix 
D’Alessandro & Baveja, 2000; Ghobbar & Friend, 
2002; Syntetos, Boylan, & Croston, 2005) 

Neural Network 
Partovi & Anandarajan, 2002; Yu, 2011; Kabir & 
Hasin, 2013 

Optimization Models 

Ramanathan, 2006; Ng, 2007; Zhou & Fan, 2007; 
Hadi-Vencheh, 2010; Hatefi & Torabi, 2010; 
Torabi, Hatefi, & Pay, 2012), Park, Bae, & Bae, 
2014 

Source: van Kampen et al., 2012 
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4.2.1 Optimization Models 

Recently, linear optimization models have gained attention in inventory classification. 

Ramanathan (2006) used a weighted linear optimization (WLO) model to rank inventory. He 

noted that this type of optimization model has an advantage over other techniques because it 

gives optimal inventory scores without the user having to specify weights. In addition to the 

R-model, many other models have been proposed.  

 4.2.1.1 R-Model 

Ramanathan (2006) presented a WLO model to use in inventory classification, whereby 

the weight of each criterion on each item is automatically generated when the model is run. 

Also, after the model is run, the inventory score is provided for each inventory item, which he 

termed  the optimal inventory score. Based on this score, items can be classified into classes A, 

B, or C. The R-model is shown below: 

𝑚𝑎𝑥   ∑ 𝑣𝑚𝑗

𝐽

𝑗=1

𝑦𝑚𝑗  

 𝑠. 𝑡. (4.1) 

∑ 𝑣𝑚𝑗

𝐽

𝑗=1

𝑦𝑛𝑗 ≤  1, n = 1, 2, … , N 

𝑣𝑚𝑗  ≥ 0, 𝑗 = 1,2, … 𝐽 

Notation: 

j = criteria 

m = inventory items 

𝑣𝑚𝑗 = weight of mth inventory items under criteria j 

 𝑦𝑚𝑗 = score of mth inventory items under criteria j 
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The objective function gives the optimal inventory score for the mth item. The model is 

solved repeatedly for each item by changing the objective function. The scores are used to 

classify the inventory items. The first constraint is a normalization constraint, which ensures 

that the weighted sum of an inventory item for all jth criteria is not greater than 1. The equation 

is written for all “n” inventory items. The second constraint ensures that the weight of the jth 

criteria on the mth inventory item is not negative. 

4.2.1.2 Ng-Model 

Ng (2007) presented an alternative linear optimization model and also presented a 

transformation technique, which ensures that results can be obtained without using a linear 

optimizer. He ranked the criteria in descending order in the Ng-model, which is shown below: 

𝑚𝑎𝑥 𝑆𝑖 = ∑ 𝑤𝑖𝑗

𝐽

𝑗=1

𝑦𝑖𝑗 

 𝑠. 𝑡.   (4.2) 

∑ 𝑤𝑖𝑗

𝐽

𝑗=1

= 1 

𝑤𝑖𝑗 − 𝑤𝑖(𝑗+1)  ≥ 0,    𝑗 = 1,2, … , (𝐽 − 1) 

𝑤𝑖𝑗  ≥   0,   𝑗 = 1,2, … , 𝐽 

Notation: 

j = criteria 

i = inventory items 

𝑤𝑖𝑗 = weight of the ith inventory item under criteria j 

𝑦𝑖𝑗  = score of ith inventory item under criteria j 
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When the model is solved, the objective function gives the optimal score for each item. 

Weights are automatically generated when the model is solved. The first constraint is a 

normalization constraint, which ensures that summation of the weights received on the ith 

inventory item by criteria j is equal to 1. The second constraint is a descending ranking of the 

criteria, which shows that criterion 1 is more important than criterion 2, and criterion 2 is more 

important than criterion 3. In other words, this can be interpreted in mathematical form as 

follows: 𝑤𝑖1 > 𝑤𝑖2 > 𝑤𝑖3 > 𝑤𝑖𝑗. The advantage of employing the Ng-model is that it lets the 

user identify which criterion s/he considers more important than others while ranking the 

inventory items. The R-model does not use this constraint. 

4.2.1.3 ZF-Model 

Zhou and Fan (2007) pointed out that the R-model will always give an aggregate score of 

1 to an item if it scores a higher value than other items in the certain criterion, even if it scores 

low in other criteria. Hence, that item is assigned an A classification. To correct this problem, 

the authors calculated good and bad indexes for each item using a maximization and 

minimization linear programming model, respectively. Then the two indexes were combined to 

produce a composite index. In the minimization problem, aggregate scores of the items were 

minimized so that each item gets a least-favorable weight for itself. The minimization ZF-model 

is shown below:   

𝑏𝐼𝑖 = 𝑚𝑖𝑛 ∑ 𝑤𝑖𝑛
𝑏

𝑁

𝑛=1

𝑦𝑖𝑛 

 𝑠. 𝑡. (4.3) 

∑ 𝑤𝑖𝑛
𝑏 𝑦𝑚𝑛

𝑁
𝑛=1 ≥ 1,   m=1,2,…M 

 𝑤𝑖𝑛
𝑏 ≥   0 
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Notation: 

i = inventory items 

n = criteria 

𝑦𝑖𝑛 = score of ith inventory item under criteria n 

𝑤𝑖𝑛
𝑏  = weight of ith inventory item under criteria n 

𝑏𝐼𝑖 = least favorable aggregate score of ith inventory item 

The first constraint ensures that the weighted sum for all items based on the same set of 

weights must be greater than or equal to 1. The second constraint ensures that the sum of the 

weights on the ith item is greater than 0. The ZF-model is a WLO model. The objective function 

scores each inventory, which the authors term “least favorable” or “bad index.”  

Zhou and Fan (2007) used the R-model for the maximization problem. The resulting 

scores from the model are referred to as a good index, which ensures that each item receives 

the most favorable weight for itself that maximizes its score when the model is solved. The 

maximization ZF-model is shown below: 

𝑔𝐼𝑖 = 𝑚𝑎𝑥 ∑ 𝑤𝑖𝑛
𝑔

𝑁

𝑛=1

𝑌𝑖𝑛 

 𝑠. 𝑡.   (4.4) 

∑ 𝑤𝑖𝑛
𝑔

𝑦𝑚𝑛
𝑁
𝑛=1 ≤ 1,      m=1,2,…,M 

𝑤𝑖𝑛
𝑔

≥   0 

Notation: 

𝑔𝐼𝑖  = most favorable aggregate score of ith inventory item 
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Furthermore, the two indexes are combined to produce a composite index using the 

formula shown in equation (4.5). 

 𝑛𝐼𝑖(𝜆) = (λ (𝑔𝐼𝑖  - 𝑔𝐼𝑖) / (𝑔𝐼*- 𝑔𝐼𝑖) ) + ((1- λ) (𝑏𝐼𝑖 - 𝑏𝐼𝑖) / (𝑏𝐼*- 𝑏𝐼𝑖) ) (4.5) 

Notation: 

𝑔𝐼* = maximum value of good index 

𝑏𝐼* = minimum value of bad index 

𝜆 = control parameter that is specified by user 

𝑛𝐼𝑖  = composite index for an item i. 

The resulting composite indexes are then used to rank the inventory item to assist in 

inventory classification. 

4.2.1.4 H-Model 

Hadi-Vencheh (2010) pointed out that the inventory score of an item from the Ng-model 

is independent of the weights associated to each criterion. This means that the weight of each 

criterion becomes irrelevant in determining the aggregate score of an item. Hadi-Vencheh 

(2010) extended the Ng-model and attempted to correct this issue. He used the sum of the 

squared weights in the normalization constraint, which converts the model into a non-linear 

model. The H-model is shown below: 

𝑚𝑎𝑥 𝑆𝑖 = ∑ 𝑦𝑖𝑗

𝐽

𝑗=1

𝑤𝑗 

 𝑠. 𝑡. (4.6) 

∑ 𝑤𝑗
2

𝐽

𝑗=1

= 1 

𝑤𝑗 ≥ 𝑤𝑗+1  ≥ 0,    𝑗 = 1,2, … , (𝐽 − 1) 
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𝑤𝑗  ≥   0,   𝑗 = 1,2, … , 𝐽 

Notation: 

𝑤𝑗 = relative importance weight attached to jth criteria 

𝑦𝑖𝑗  = score of ith inventory item under criteria j 

The objective function maximizes the aggregate score for each inventory item. 

Constraint 1 ensures that the sum of the squared values of all weights equals 1. Constraint 2 

ensures that the weights are in ascending order. All weights are greater than zero. 

4.2.1.5 PBB-Model 

Park et al. (2014) proposed an optimization model that provides a cross-efficiency 

optimal score. First, an optimal inventory score is calculated using the R-model, which the 

authors termed WLO model. Then, they introduced another model to achieve the cross-

efficiency optimal scores for an item evaluated by another item as shown below: 

𝐶𝑝𝑘 = 𝑀𝑖𝑛 ∑ 𝑢𝑟𝑘

𝑠

𝑟=1

𝑦𝑟𝑝 

 𝑠. 𝑡.  (4.7) 

∑ 𝑢𝑟𝑘

𝑠

𝑟=1

𝑦𝑟𝑘 = 𝑙𝑘
 

∑ 𝑢𝑟𝑘
𝑠
𝑟=1 𝑦𝑟𝑗 ≤ 1; 𝑗 = 1, … , 𝑛, 𝑗 ≠ 𝑘 

𝑢𝑟𝑘  ≥ 0    ∀𝑟 

Notation: 

𝑢𝑟𝑘 = weight given to the rth criterion of the kth item (yrk) 

𝑦𝑟𝑘= score on item k under criterion r 

𝑙𝑘
*= optimal performance of inventory score as received from R-model 

𝐶𝑝𝑘= optimal cross-efficiency score for item p evaluated by item k 
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4.2.1.6 Modified-R-Model 

In the modified-R-model, a descending ranking criteria constraint is included. While 

solving the model, criteria with higher importance receive higher weights. All other constraints 

and the objective function used in the R-model remain unchanged.  The modified-R-model is 

shown below: 

𝑚𝑎𝑥   ∑ 𝑣𝑚𝑗

𝐽

𝑗=1

𝑦𝑚𝑗  

 𝑠. 𝑡.   (4.8) 

∑ 𝑣𝑚𝑗

𝐽

𝑗=1

𝑦𝑛𝑗 ≤  1, n = 1, 2, … , N 

𝑣𝑚𝑗 − 𝑣𝑚(𝑗+1)  ≥ 0,    𝑗 = 1,2, … , (𝐽 − 1) 

𝑣𝑚𝑗  ≥ 0, 𝑗 = 1,2, … 𝐽 

4.2.1.7 Modified-ZF-Model 

Similar to the modified-R-model, a descending-order criteria constraint is included in the 

modified-ZF-model. Due to this constraint, weights are assigned to the criteria based on the 

importance level when the model is solved. All other constraints and the objective function 

used in the ZF-model remain unchanged. The modified-ZF-model is shown below: 

𝑏𝐼𝑖 = 𝑚𝑖𝑛 ∑ 𝑤𝑖𝑛
𝑏

𝑁

𝑛=1

𝑦𝑖𝑛 

 𝑠. 𝑡. (4.9) 

∑ 𝑤𝑖𝑛
𝑏 𝑦𝑚𝑛

𝑁
𝑛=1 ≥ 1,   𝑚 = 1,2, … 𝑀 

𝑤𝑖𝑛
𝑏 −  𝑤𝑖(𝑛+1)

𝑏 ≥ 0 𝑛 = 1,2, … , (𝑛 − 1) 

𝑤𝑖𝑛
𝑏 ≥   0 
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4.3 Method 

Formulations of the seven models were shown previously in section 4.2. The analysis of 

these models involves a three-step process. In the first step, each model is solved for all 

inventory items using Lingo optimization software. Items are classified into classes A, B, or C. 

The second step involves evaluation of the service-cost performance index for each model using 

the safety stock cost and overall fill rate (FRT), as done by Babai et al. (2015). The notation and 

formula used are shown in Appendix A of Chapter 4. The SCPI of each model is compared in 

three different categories: with no forecast upside; with constant forecast upside across all 

classes, whereby forecast errors ranging from 15% to 40% are used; and with variable forecast 

error across classes A, B, and C. Forecast error for class A ranges from 20% to 45%, for class B 

from 25% to 50%, and for class C from 30% to 55%. To assist in the sensitivity analysis, a wide 

range of forecast error is used at multiple customer service levels (CSLs), which fall into the 

following categories:  

First: Class A = 99% CSL, Class B = 95% CSL, and Class C = 90% CSL 

Second:  Class A = 95% CSL, Class B = 90% CSL, and Class C = 85% CSL 

Third:  Class A = 90% CSL, Class B = 85% CSL, and Class C = 80% CSL 

The sensitivity analysis will attempt to answer the following questions: Does a model 

outperform others for a wide range of forecast errors? Does more than one model outperform 

others at different forecast error levels? Do the results differ at different CSLs? 

To calculate the positive forecast error, or in other words to know how much the actual 

demand is higher than the forecast, the following formula (Hartnett and Romcke 2000) is used: 

 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑒𝑟𝑟𝑜𝑟 =
(𝐴𝑐𝑡𝑢𝑎𝑙 𝑑𝑒𝑚𝑎𝑛𝑑−𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡)

𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡
∗ 100 (4.10) 
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The third step involves hypothesis testing. An analysis of variance (ANOVA) table is 

constructed using a randomized block design, where the inventory performance of items under 

each model is considered treatment, and each block refers to a certain forecast error applied 

on each item. The structure of the randomized block design (Bhattacharyya & Johnson, 1977) is 

shown in Table 4.2, and the resulting ANOVA is shown in Table 4.3. 

TABLE 4.2 
 

DATA STRUCTURE FOR RANDOMIZED BLOCK DESIGN WITH B BLOCKS AND K TREATMENTS 
 

 

  
  

Treatments 

Ng H PBB R ZF Modified-R Modified-ZF Block Mean 

Blocks 
 

  

With No Error y11 y12 y13 y14 y15 y16 y17 y1. 

15% Forecast Error y21 y22 y23 y24 y25 y26 y27 y2. 

20% Forecast Error y31 y32 y33 y34 y35 y36 y37 y3. 

25% Forecast Error y41 y42 y43 y44 y45 y46 y47 y4. 

30% Forecast Error y51 y52 y53 y54 y55 y56 y57 y5. 

35% Forecast Error y61 y62 y63 y64 y65 y66 y67 y6. 

40% Forecast Error y71 y72 y73 y74 y75 y76 y77 y7. 

Treatment Means y.1 y.2 y.3 y.4 y.5 y.6 y.7 
Grand 
Mean 

 

 
TABLE 4.3 

 
ANOVA TABLE FOR RANDOMIZED BLOCK DESIGN 

 

Source Sum of Squares d.f. Mean Square F-Ratio 

Treatments SST k–1 MST = SST/k–1 MST/MSE 

Blocks SSB b–1 MSB = SSB/b–1 MSB/MSE 

Residual SSE (b–1) (k–1) MSE = SSE/(b–1)(k–1)  

Total Total SS bk–1   
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 SST = 𝑏 ∑ (𝑦.𝑗− 𝑦. . )2𝑘
𝑗=1 , with d.f. = k-1 (4.11) 

 SSB = 𝑘 ∑ (𝑦𝑖. − 𝑦. . )2𝑏
𝑖=1 , with d.f. = b-1 (4.12) 

 SSE = ∑ ∑ (𝑦𝑖𝑗 −  𝑦𝑖. − 𝑦.𝑗 +  𝑦. . )2𝑘
𝑗=1

𝑏
𝑖=1  (4.13) 

The hypotheses are set as follows: 

Ho: No treatment difference (T1 = T2 =…= Tk) 

vs. 

H1: At least one treatment difference occurs 

4.3.1 Illustrative Example 1 (47 Inventory Items) 

Methods described in the previous section are applied on two different data sets:  one 

with 47 inventory items that were used in the previous literature (Flores, Olson, & Dorai 1992; 

Babai et al., 2015; Ramanathan, 2006; Ng, 2007) and the other with ten inventory items that 

were used by Park et al. (2014). Experimental results of the first dataset of 47 items will be 

presented first as Illustrative Example 1. A holding cost 20% of the average unit cost and a 

standard deviation of 2.62% of the annual forecasted demand, as used by Babai et al. (2015), is 

assumed. Two cases are evaluated: first, when forecast error is present and does not vary 

across classes A, B, and C; and second, when forecast error is present and varies across classes 

A, B, and C. 

Case 1:  47 items when forecast error is present and does not vary across classes A, B, and C 

Table 4.4 is extracted from the work of Babai et al. (2015) and modified by adding a 15% 

forecast error, values for the new annual demand are recalculated using equation (4.10), and 

the calculated revised (new) stock cost and overall FRT  are determined using equations (4A-1) 
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and (4A-2), which are included in Appendix A of Chapter 4. The analysis is shown below in the 

shaded portion of Table 4.4. 

TABLE 4.4 

SAFETY STOCK COST AND OVERALL FRT FOR H-MODEL WITHOUT FORECAST ERROR AND AT 
15% FORECAST ERROR (99%, 95%, AND 90% CSL FOR CLASSES A, B, AND C, RESPECTIVELY) 

 

Lead 

time Item

Class 

from H-

model

Avg 

unit 

cost

Annual 

demand

Ordering 

qty (Qi)

Std dev 

demand x 

sqrt LT

Holding 

cost unit CSL

Safety 

factor G(Ki) FRT

Satisfied 

demand

Inventory 

cost from H-

model

New std 

dev

New 

Annual 

demand

Forecast 

error

New 

ordering 

qty (Qi)

New Inventory 

cost from H-

model New FRT

New 

satisfied 

demand

2 1 A 49.92 117 4.841 4.336 9.984 0.99 2.326 0.003 0.99731 116.68568 100.694 3.525 134.550 0.15 5.192 115.7981 0.99711918 134.16239

5 2 A 210 27 1.134 1.582 42 0.99 2.326 0.003 0.99582 26.887015 154.549 0.814 31.050 0.15 1.216 177.7311 0.99551205 30.910649

4 3 A 23.76 212 9.446 11.112 4.752 0.99 2.326 0.003 0.99647 211.25204 122.823 6.388 243.800 0.15 10.130 141.2460 0.99621651 242.87759

1 4 A 27.73 172 7.876 4.508 5.546 0.99 2.326 0.003 0.99828 171.70476 58.153 5.182 197.800 0.15 8.446 66.8762 0.99815918 197.43589

3 5 A 57.98 60 3.217 2.724 11.596 0.99 2.326 0.003 0.99746 59.847653 73.473 1.808 69.000 0.15 3.450 84.4934 0.99727701 68.812113

6 9 A 73.44 33 2.120 2.118 14.688 0.99 2.326 0.003 0.997 32.901101 72.360 0.994 37.950 0.15 2.273 83.2140 0.99678582 37.828022

4 10 A 160.5 15 0.967 0.786 32.1 0.99 2.326 0.003 0.99756 14.963423 58.686 0.452 17.250 0.15 1.037 67.4893 0.99738432 17.20488

7 13 A 86.5 12 1.178 0.832 17.3 0.99 2.326 0.003 0.99788 11.974579 33.480 0.362 13.800 0.15 1.263 38.5014 0.99772794 13.768646

5 14 A 110.4 8 0.851 0.469 22.08 0.99 2.326 0.003 0.99835 7.9867822 24.087 0.241 9.200 0.15 0.913 27.7000 0.99822872 9.1837043

7 29 A 134.3 2 0.386 0.139 26.868 0.99 2.326 0.003 0.99892 1.997845 8.687 0.060 2.300 0.15 0.414 9.9898 0.99884405 2.2973413

3 6 B 31.24 94 5.486 4.267 6.248 0.95 1.645 0.021 0.98367 92.468502 43.856 2.832 108.104 0.15 5.883 50.4345 0.98248711 106.21084

3 7 B 28.2 100 5.955 4.539 5.64 0.95 1.645 0.021 0.984 98.399707 42.112 3.013 115.000 0.15 6.386 48.4287 0.98283852 113.02643

4 8 B 55 48 2.954 2.516 11 0.95 1.645 0.021 0.98212 47.141733 45.527 1.446 55.200 0.15 3.168 52.3561 0.9808265 54.141623

5 12 B 20.87 50 4.895 2.93 4.174 0.95 1.645 0.021 0.98743 49.371663 20.118 1.507 57.500 0.15 5.249 23.1358 0.98652277 56.725059

6 18 B 49.5 12 1.557 0.77 9.9 0.95 1.645 0.021 0.98961 11.875356 12.540 0.362 13.800 0.15 1.670 14.4208 0.9888612 13.646285

5 19 B 47.5 12 1.589 0.703 9.5 0.95 1.645 0.021 0.99071 11.888508 10.986 0.362 13.800 0.15 1.704 12.6341 0.99003925 13.662542

4 23 B 86.5 5 0.760 0.262 17.3 0.95 1.645 0.021 0.99276 4.9638026 7.456 0.151 5.750 0.15 0.815 8.5745 0.99223945 5.7053768

6 28 B 78.4 4 0.714 0.257 15.68 0.95 1.645 0.021 0.99245 3.9697992 6.629 0.121 4.600 0.15 0.766 7.6233 0.99190656 4.5627702

5 31 B 72 3 0.645 0.176 14.4 0.95 1.645 0.021 0.99428 2.9828332 4.169 0.090 3.450 0.15 0.692 4.7945 0.99386829 3.4288456

5 33 B 49.48 4 0.899 0.234 9.896 0.95 1.645 0.021 0.99453 3.9781039 3.809 0.121 4.600 0.15 0.964 4.3807 0.99413052 4.5730004

7 34 B 7.07 27 6.180 1.872 1.414 0.95 1.645 0.021 0.99364 26.828285 4.354 0.814 31.050 0.15 6.627 5.0075 0.9931796 30.838226

5 39 B 59.6 2 0.579 0.117 11.92 0.95 1.645 0.021 0.99575 1.9915006 2.294 0.060 2.300 0.15 0.621 2.6383 0.99544496 2.2895234

6 40 B 51.68 2 0.622 0.128 10.336 0.95 1.645 0.021 0.99567 1.9913331 2.176 0.060 2.300 0.15 0.667 2.5028 0.99535355 2.2893132

7 45 B 34.4 1 0.539 0.069 6.88 0.95 1.645 0.021 0.9973 0.9972993 0.781 0.030 1.150 0.15 0.578 0.8981 0.99710467 1.1466704

2 11 C 5.12 210 20.252 7.783 1.024 0.9 1.282 0.047 0.98194 206.20786 10.217 6.327 241.500 0.15 21.718 11.7499 0.98063544 236.82346

3 15 C 71.2 12 1.298 0.545 14.24 0.9 1.282 0.047 0.98028 11.763382 9.949 0.362 13.800 0.15 1.392 11.4417 0.97885833 13.508245

3 16 C 45 18 2.000 0.817 9 0.9 1.282 0.047 0.9808 17.654479 9.427 0.542 20.700 0.15 2.145 10.8405 0.97941498 20.27389

4 17 C 14.66 48 5.722 2.516 2.932 0.9 1.282 0.047 0.97934 47.008338 9.457 1.446 55.200 0.15 6.136 10.8758 0.97784531 53.977061

4 20 C 58.45 8 1.170 0.419 11.69 0.9 1.282 0.047 0.98316 7.8652827 6.279 0.241 9.200 0.15 1.255 7.2213 0.9819401 9.0338489

4 21 C 24.4 19 2.790 0.996 4.88 0.9 1.282 0.047 0.98323 18.681337 6.231 0.572 21.850 0.15 2.992 7.1658 0.98201751 21.457083

4 22 C 65 7 1.038 0.367 13 0.9 1.282 0.047 0.98339 6.8837407 6.116 0.211 8.050 0.15 1.113 7.0339 0.98218508 7.9065899

3 24 C 33.2 12 1.901 0.545 6.64 0.9 1.282 0.047 0.98654 11.838438 4.639 0.362 13.800 0.15 2.039 5.3352 0.98556329 13.600773

1 25 C 37.05 10 1.643 0.262 7.41 0.9 1.282 0.047 0.99251 9.9250517 2.489 0.301 11.500 0.15 1.762 2.8622 0.99196211 11.407564

3 26 C 33.84 10 1.719 0.454 6.768 0.9 1.282 0.047 0.98759 9.8759251 3.939 0.301 11.500 0.15 1.843 4.5300 0.98669472 11.346989

1 27 C 84.03 4 0.690 0.105 16.806 0.9 1.282 0.047 0.99286 3.9714458 2.262 0.121 4.600 0.15 0.740 2.6016 0.99234412 4.5647829

1 30 C 56 4 0.845 0.105 11.2 0.9 1.282 0.047 0.99417 3.9766836 1.508 0.121 4.600 0.15 0.906 1.7338 0.99375011 4.5712505

2 32 C 53.02 4 0.869 0.148 10.604 0.9 1.282 0.047 0.99198 3.9679362 2.012 0.121 4.600 0.15 0.931 2.3138 0.99139971 4.5604387

3 35 C 60.6 3 0.704 0.136 12.12 0.9 1.282 0.047 0.99091 2.9727335 2.113 0.090 3.450 0.15 0.755 2.4301 0.99024773 3.4163547

3 36 C 40.82 4 0.990 0.182 8.164 0.9 1.282 0.047 0.99138 3.9655297 1.905 0.121 4.600 0.15 1.062 2.1906 0.9907578 4.5574859

5 37 C 30 5 1.291 0.293 6 0.9 1.282 0.047 0.98934 4.946679 2.254 0.151 5.750 0.15 1.384 2.5918 0.98856388 5.6842423

3 38 C 67.4 2 0.545 0.091 13.48 0.9 1.282 0.047 0.99217 1.9843461 1.573 0.060 2.300 0.15 0.584 1.8085 0.99160243 2.2806856

2 41 C 19.8 4 1.421 0.148 3.96 0.9 1.282 0.047 0.9951 3.9803917 0.751 0.121 4.600 0.15 1.524 0.8641 0.99474436 4.5758241

2 42 C 37.7 2 0.728 0.074 7.54 0.9 1.282 0.047 0.99522 1.9904315 0.715 0.060 2.300 0.15 0.781 0.8226 0.99487199 2.2882056

5 43 C 29.89 2 0.818 0.117 5.978 0.9 1.282 0.047 0.99327 1.9865355 0.897 0.060 2.300 0.15 0.877 1.0312 0.99278044 2.283395

3 44 C 48.3 1 0.455 0.045 9.66 0.9 1.282 0.047 0.99531 0.9953124 0.557 0.030 1.150 0.15 0.488 0.6409 0.99497331 1.1442193

3 46 C 28.8 1 0.589 0.045 5.76 0.9 1.282 0.047 0.99638 0.9963789 0.332 0.030 1.150 0.15 0.632 0.3821 0.99611845 1.1455362

5 47 C 8.46 3 1.883 0.176 1.692 0.9 1.282 0.047 0.99561 2.9868394 0.382 0.090 3.450 0.15 2.019 0.4390 0.99529587 3.4337708

Sum 1415.00 1401.47 999.80 1627.25 1149.78 1610.57
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As can be seen in Table 4.4, the safety stock cost and overall FRT for the H-model when there is 

no forecast error (non-shaded region) and also when the forecast error is 15% across all items 

(shaded region). When summed, the total safety stock cost for all 47 items is found to be 

$999.80 with no forecast error, and $1,149.78 with 15% forecast error. The overall FRT with 

and without forecast error is calculated as follows:  

Overall FRT (from H-model) = 1401/1415 = 0.9904 

Overall FRT (from H-model) with 15% forecast error = 1610/1627 = 0.9895 

The same calculations performed for the other six models are shown in Table 4.5, which 

includes a positive forecast error across six different forecast error levels, ranging from 15% to 

40%. The given forecast error is constant across all items. For example, at 15% forecast error, all 

items received a 15% forecast error, regardless of the class to which they belong.  

TABLE 4.5 
 

SAFETY STOCK COST AND FRT OF VARIOUS MCIC MODELS WITHOUT FORECAST ERROR AND 
WHEN FORECAST ERROR VARIES ACROSS CLASSES A, B, AND C 

 

 

It can be seen that the R-model results in the lowest safety stock when there is no 

forecast error, which is similar to the findings of Babai et al. (2015). However, when the 

forecast error is present, the PBB-model results in the lowest safety stock cost. These results 

Model

Safety 

stock cost FRT

Safety 

stock cost FRT

Safety 

stock cost FRT

Safety 

stock cost FRT

Safety 

stock cost FRT

Safety 

stock cost FRT

Safety 

stock cost FRT

Ng-model 1010.89 0.9913 1162.444 0.9907 1213.09 0.9905 1263.635 0.9903 1314.18 0.9901 1364.726 0.9899 1415.271 0.9897

H-model 999.79 0.9904 1149.775 0.9897 1199.765 0.9895 1249.775 0.9893 1299.745 0.9891 1349.736 0.9889 1399.726 0.9887

PBB-model 854.496 0.9787 982.671 0.9772 1025.396 0.9767 1068.121 0.9762 1110.846 0.9757 1153.57 0.9753 1196.295 0.9748

R-model 739.327 0.9843 996.83 0.9738 1040.17 0.9732 1083.511 0.9726 1126.851 0.9721 1170.192 0.9716 1213.532 0.9710

ZF-model 945.305 0.9842 1155.571 0.9842 1205.813 0.9839 1256.055 0.9835 1306.297 0.9832 1356.54 0.9829 1406.782 0.9826

Modified

R-model 1000.758 0.9911 1150.873 0.9904 1200.911 0.9902 1250.949 0.9900 1300.987 0.9899 1351.025 0.9896 1401.063 0.9894

Modified

ZF-model 996.219 0.9897 1145.65 0.9889 1195.46 0.9887 1245.27 0.9885 1295.08 0.9883 1344.89 0.9880 1394.71 0.9878

Forecast error 35% Forecast error 40%No forecast error Forecast error 15% Forecast error 20% Forecast error 25% Forecast error 30%
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will be discussed in detail in the next section. In order to be consistent and make the 

comparison simple, the values are normalized on a scale from 0 to 1 and shown in Table 4.6. 

TABLE 4.6 
 

SUMMARY OF SAFETY STOCK COST AND CUSTOMER ORDER FILL RATE FOR MCIC MODELS  
AT 15% FORECAST ERROR 

 

Model Cost Achieved FRT 
Normalized Cost  

(A) 
Normalized FRT  

(B) 
Sum 

(A+B) 

Ng-Model 1162.4440 0.9907 0.8453 1.0000 1.8453 

H-Model 1149.7750 0.9897 0.8547 0.9991 1.8537 

PBB-Model 982.6710 0.9772 1.0000 0.9864 1.9864 

R-Model 996.8300 0.9738 0.9858 0.9829 1.9687 

ZF-Model 1155.5710 0.9842 0.8504 0.9935 1.8438 

Modified-R-Model 1150.8730 0.9904 0.8538 0.9997 1.8536 

Modified-ZF-Model 1145.6540 0.9889 0.8577 0.9982 1.8559 

 

In the case of safety stock cost, a normalized value of 1 corresponds to the lowest safety 

cost. This is referred to as “x,” and the remaining values are percentages of “x.” In the case of 

an achieved FRT, a normalized value of 1 corresponds to the highest FRT. This is referred to as 

“y,” and the remaining values are a percentage of “y.” These two normalized values are 

summed for each model and are called the service-cost performance index. This index makes it 

easier to compare the inventory performance of the models. The model that results in the 

highest SCPI score outperforms the other models. Table 4.7 presents a summary of the various 

forecast error levels.  It can be seen that the PBB-model received the highest SCPI. 
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TABLE 4.7 
 

SCPI AT VARIOUS FORECAST ERROR LEVELS AND 99%, 95%, AND 90% CSL  
FOR CLASSES A, B, AND C, RESPECTIVELY 

 
Forecast  

Error 
Ng-Model H-Model PBB-Model R-Model ZF-Model 

Modified- 
R-Model 

Modified- 
ZF-Model 

0% 1.7313 1.7385 1.8525 1.9929 1.7749 1.7385 1.7405 

15%  1.8453 1.8537 1.9863 1.9687 1.8438 1.8535 1.8559 

20%  1.8452 1.8536 1.9860 1.9683 1.8436 1.8535 1.8559 

25%  1.8452 1.8536 1.9857 1.9679 1.8435 1.8535 1.8559 

30%  1.8452 1.8536 1.9855 1.9676 1.8434 1.8536 1.8559 

35%  1.8452 1.8536 1.9852 1.9672 1.8432 1.8535 1.8558 

40%  1.8452 1.8536 1.9849 1.9669 1.8431 1.8535 1.8557 

 

4.3.1.1 ANOVA and Testing Hypothesis for Illustrative Example 1 Case 1: For 47 Items When 
Forecast Error is Present and Does Not Vary across Classes A, B, and C 

 
The purpose of the hypothesis testing is to determine if there is a significant difference 

in the SCPI among the different MCIC models. Using the method explained previously in section 

4.3, an ANOVA table when forecast error is present and does not vary across classes A, B, and C, 

is created and is shown in Table 4.8. 

TABLE 4.8 

ANOVA FOR SERVICE-COST INVENTORY PERFORMANCE OF MCIC MODELS WHEN FORECAST 
ERROR DOES NOT VARY ACROSS CLASSES A, B, AND C 

 Some of Squares d.f. Mean Square F-Ratio F Alpha 

Treatments SST = 0.13854 k–1 = 6 0.023089549 311341.3 F0.95(6,30) = 2.4205 

Blocks SSB = 1.78611E-06 b–1 = 5 2.97685E-07 4.014013  

Residual SSE = 2.2E-06 (b–1)(k–1) = 30 7.41615E-08   

Total 0.138541303 bk–1 = 41    

 

The hypotheses are set as follows: 

Ho: No significant difference of SCPI among different MCIC methods 

 vs 

H1: Significant difference of SCPI among MCIC methods exists 
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The interpretation of these results is as follows:  The null hypothesis is rejected when Fratio for 

treatment or MST/MSE > Fα (k–1, (b–1)(k–1)). It is found that F0.95(6,30) = 2.4205 and Fratio for 

treatment = 311341.3. The null hypothesis is rejected, and it can be concluded that the 

treatment difference exists at the 95% confidence interval. In other words, the SCPI of all MCIC 

methods is not statistically equal. In order to find which MCIC method is significantly different, 

multiple-t confidence intervals are constructed for pairwise comparisons of treatment means 

using Bonferroni’s method (Mendenhall & Sincich, 2016). Bonferroni’s formula is given as 

 𝐵𝑖𝑗 = 𝑡(
𝛼

2𝑔
,𝜈) ∗ 𝑆 ∗ √

1

𝑛𝑖
+

1

𝑛𝑗
 (4.14) 

Notation: 

p = number of sample (treatment) means in the experiment 

g = number of pairwise comparison [g = p(p–1)/2] 

α = error rate 

ν = number of df associated with MSE 

S = √𝑀𝑆𝐸 

Bij = critical value for each treatment pair (ij) 

A treatment discrepancy exists when the difference of the treatment means (y.i–y.j) is 

greater than Bij. These calculations are shown in a comparison of treatment means for 47 items 

for Case 1 in Table 4B-1 in Appendix B of Chapter 4 and Table 4C-1 in Appendix C of Chapter 4. 

As can be seen, the mean of treatment 3 significantly exceeds the mean of all other treatments. 

In other words, treatment 3 significantly outperforms other treatments. This is shown in Figure 

4C-1 in Appendix C of Chapter 4. 
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Case 2:  47 items when forecast error is present and varies across classes A, B, and C 

In this case, the MCIC inventory performance is evaluated when the positive forecast 

error is unique to classes A, B, and C but different across them. Table 4.9 shows the safety stock 

cost and overall FRT, with values calculated at 99%, 95%, and 90% CSLs for classes A, B, and C, 

respectively. Results are shown in Table 4.9 and Figure 4.1. Table 4.9 shows that the PBB-model 

results in the highest SCPI at all forecast error levels. A similar result is shown in Figure 4.1.  

TABLE 4.9 
 

SAFETY STOCK COST AND OVERALL FRT FOR MCIC MODELS WHEN FORECAST ERROR VARIES 
AND CSL IS 99%, 95%, AND 90% FOR CLASSES A, B, AND C, RESPECTIVELY 

 

 

 

 
Point 1: A = 20%, B = 25%, C = 30%; Point 2: A = 25%, B = 30%, C = 35%; Point 3: A = 30%, B = 35%, C = 40%; 
Point 4: A = 35%, B = 40%, C = 45%; Point 5: A = 40%, B = 45%, C = 50%; Point 6: A = 45%, B = 50%, C = 55%. 

 
Figure 4.1.  Graphical analysis of service-cost performance index 

 

Model

Safety 

stock cost FRT SCPI

Safety 

stock cost FRT SCPI

Safety 

stock cost FRT SCPI

Safety 

stock cost FRT SCPI

Safety 

stock cost FRT SCPI

Safety 

stock cost FRT SCPI

Ng-model 1230.689 0.9900 1.8630 1281.2340 0.9898 1.8623 1331.7800 0.9896 1.8617 1382.3260 0.9894 1.8611 1432.8710 0.9892 1.8605 1483.4170 0.9890 1.8600

H-model 1218 0.9890 1.8705 1268.6960 0.9888 1.8698 1318.6870 0.9886 1.8692 1368.6770 0.9884 1.8686 1418.6670 0.9882 1.8681 1468.6570 0.9880 1.8676

PBB-model 1062.091 0.9757 1.9856 1104.8160 0.9753 1.9853 1147.5400 0.9748 1.9850 1190.2660 0.9744 1.9848 1232.9910 0.9739 1.9845 1275.6760 0.9734 1.9842

R-model 1094.362 0.9700 1.9503 1137.7030 0.9694 1.9505 1181.0430 0.9689 1.9507 1224.3830 0.9684 1.9509 1267.7230 0.9678 1.9510 1311.0650 0.9673 1.9511

ZF-model 1242.987 0.9816 1.8460 1293.2290 0.9813 1.8457 1343.4710 0.9810 1.8455 1393.7130 0.9807 1.8452 1443.9560 0.9803 1.8449 1494.1980 0.9800 1.8447

Modified

R-model 1211.758 0.9896 1.8704 1269.7950 0.9894 1.8694 1319.8350 0.9892 1.8691 1369.8720 0.9890 1.8685 1419.8910 0.9889 1.8681 1469.9480 0.9887 1.8675

Modified

ZF-model 1214.86 0.9881 1.8724 1264.6710 0.9879 1.8717 1314.4820 0.9877 1.8711 1364.2930 0.9874 1.8704 1414.1040 0.9872 1.8699 1463.9150 0.9870 1.8694

A=45%,B=50%,C=55%A=20%,B=25%,C=30% A=25%,B=30%,C=35% A=30%,B=35%,C=40% A=35%,B=40%,C=45% A=40%,B=45%,C=50%
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4.3.1.2 ANOVA and Testing Hypothesis for Illustrative Example 1 Case 2: For 47 Items When 
Forecast Error is Present and  Varies across Classes A, B, and C 

 
Table 4.10 shows the analysis of variance when the forecast error is different across 

classes A, B, and C. 

TABLE 4.10 
 

ANOVA FOR SERVICE-COST INVENTORY PERFORMANCE OF MCIC MODELS WHEN FORECAST 
ERROR VARIES ACROSS CLASSES A, B, AND C 

 
 Some of Squares d.f. Mean Square F-Ratio F-Alpha 

Treatments SST = 0.10025073 k–1 = 6 0.016708455 60554.694 F0.95(6,30) = 2.4205 

Blocks SSB = 1.85473E-05 b–1 = 5 3.09122E-06 11.2031821  

Residual SSE = 8.2777E-06 (b–1)(k–1) = 30 2.75923E-07   

Total 0.100277553 Bk–1 = 41    

 

The hypotheses are set as follows: 

Ho: No significant difference of SCPI among different MCIC methods 

vs 

H1: Significant difference of SCPI among MCIC methods exists 

The interpretation of these results is as follows:  It is found that the Fratio for treatment = 

60,554.694, which is greater than F0.95(6,30) = 2.4205. The null hypothesis is rejected, and it can 

be concluded that a treatment difference exists at the 95% confidence interval at variable 

forecast error levels across classes A, B, and C. In other words, the SCPI of all MCIC methods is 

not statistically equal. Multiple-t confidence intervals are constructed for pairwise comparisons 

of treatment means using Bonferroni’s method (Mendenhall & Sincich, 2016). It is found that 

the mean of treatment 3 (PBB-model) significantly exceeds that of all other treatments. This is 

shown in Figures 4C-2 in Appendix C of Chapter 4. It can be concluded that the PBB-model 

significantly outperforms other models.  
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4.3.2 Illustrative Example 2 (Ten Inventory Items) 

The data used for example 2 is from Park et al. (2014) and consists of ten inventory 

items. Safety stock cost and overall FRT are calculated for both Case 1 and Case 2. In Case 1, the 

forecast error does not vary across classes A, B, and C. In Case 2, the forecast error varies across 

classes A, B, and C.  Results are transformed into a service-cost performance index. Cases 1 and 

2 for Illustrative Example 2 are discussed below. 

Case 1:  10 items when forecast error is present and does not vary across classes A, B, and C 

In this case, the SCPI of MCIC models is evaluated when the forecast error is present and 

does not vary across classes A, B, and C. Results are summarized in Table 4.11 with 99%, 95%, 

and 90% CSLs for classes A, B, and C, respectively. As can be seen, the PBB-model results in the 

highest SCPI.  

TABLE 4.11 
 

SCPI OF MCIC MODELS WHEN FORECAST ERROR DOES NOT VARY ACROSS CLASSES A, B, AND C 
 

 

4.3.2.1 ANOVA and Testing Hypothesis for Illustrative Example 2 Case 1: 10 Items When 
Forecast Error Does Not Vary across Classes A, B, and C  

 
ANOVA results after hypothesis testing are shown in Table 4.12.  

Models

Safety 

stock

 cost FRT SCPI

Safety 

stock

 cost FRT SCPI

Safety 

stock

 cost FRT SCPI

Safety 

stock

 cost FRT SCPI

Safety 

stock

 cost FRT SCPI

Safety 

stock

 cost FRT SCPI

Safety 

stock

 cost FRT SCPI

Ng-model 57.65 0.9958 1.8929 66.29 0.9956 1.8930 69.18 0.9954 1.8930 72.06 0.9953 1.8929 74.94 0.9952 1.8929 77.82 0.9951 1.8930 80.712 0.9951 1.8929

H-model 52.11 0.9854 1.9775 59.93 0.9844 1.9766 62.54 0.9841 1.9765 65.14 0.9837 1.9762 67.75 0.9834 1.9758 70.35 0.9831 1.9758 72.96 0.9827 1.9753

PBB-model 51.49 0.9854 1.9894 59.21 0.9844 1.9886 61.79 0.9840 1.9883 64.36 0.9836 1.9880 66.93 0.9833 1.9878 69.51 0.983 1.9876 72.08 0.9827 1.9873

R-model 52.11 0.9854 1.9775 59.93 0.9844 1.9766 62.54 0.9841 1.9765 65.14 0.9837 1.9762 67.75 0.9834 1.9758 70.35 0.9831 1.9758 72.96 0.9827 1.9753

ZF-model 54.84 0.9864 1.9293 63.07 0.9855 1.9285 65.81 0.9851 1.9284 68.56 0.9848 1.9280 71.3 0.9845 1.9278 74.04 0.9842 1.9277 76.78 0.984 1.9274

Modified

R-model 58.02 0.9960 1.8875 66.73 0.9957 1.8873 69.63 0.9956 1.8874 72.53 0.9955 1.8874 75.43 0.9954 1.8873 78.34 0.9953 1.8873 81.24 0.9953 1.8872

Modified

ZF-model 57.95 0.9930 1.8855 66.64 0.9926 1.8853 69.54 0.9924 1.8853 72.44 0.9922 1.8851 75.34 0.9921 1.8851 78.23 0.9919 1.8851 81.13 0.9918 1.8849

At 35%

 fcst error

At 40%

 fcst error

No forecast

 upside

At 15% 

fcst error

At 20%

 fcst error

At 25%

 fcst error

At 30%

 fcst error
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TABLE 4.12 
 

ANOVA FOR SCPI OF MCIC MODELS WHEN FORECAST ERROR DOES NOT VARY ACROSS  
CLASSES A, B, AND C 

 
 Some of Squares d.f. Mean Square F-Ratio F Alpha 

Treatments SST = 0.076341 k–1 = 6 0.012723439 346275.1 F0.95(6,30) = 2.4205 

Blocks SSB = 2.99631E-06 b–1 = 5 4.99385E-07   

Residual SSE = 1.32E-06 (b–1)(k–1) = 30 3.67437E-08   

Total 0.076344952 bk–1 = 41    

The hypotheses are set as follows: 

Ho: No significant difference of SCPI among different MCIC methods 

vs 

H1: Significant difference of SCPI among MCIC methods exists 

The interpretation of these results is as follows: It is found that F0.95(6,30) = 2.4205 < Fratio for 

treatments = 346275.1. The null hypothesis is rejected, and it can be concluded that a 

treatment difference exists at the 95% confidence interval at non-variable forecast error levels 

across classes A, B, and C. This shows that the SCPI of all MCIC methods is not statistically equal. 

Multiple-t confidence intervals are created for pairwise comparisons of treatment means. 

Treatment means are compared with critical values of each treatment pair (Bij). It is found that 

the mean of treatment 3 (PBB-model) significantly exceeds the mean of all other treatments. In 

other words, the PBB-model significantly outperforms the other models. This is shown in 

Figures 4C-3 in Appendix C of Chapter 4. 

Case 2:  10 items when forecast error is present and varies across classes A, B, and C  

In this case, the SCPI of MCIC models is evaluated when the forecast error varies and the 

values are calculated at 99%, 95%, and 90%  CSLs for classes A, B, and C, respectively. Results 



96 

are summarized in Table 4.13. As can be seen, the PBB-model results in the highest SCPI for all 

categories. Next, we tested hypothesis to investigate if PBB-model outperforms other models. 

TABLE 4.13 
 

SCPI OF MCIC MODELS WHEN FORECAST ERROR VARIES ACROSS CLASSES A, B, AND C 
 

 

4.3.2.2 ANOVA and Testing Hypothesis for Illustrative Example 2 Case 2: 10 Items When 
Forecast Error Varies across Classes A, B, and C  

 
ANOVA results after hypothesis testing are shown in Table 4.14. 

TABLE 4.14 
 

ANOVA FOR SCPI OF MCIC MODELS WHEN FORECAST ERROR VARIES ACROSS  
CLASSES A, B, AND C 

 
 Some of Squares d.f. Mean Square F-Ratio F-Alpha 

Treatments SST = 0.057955 k–1 = 6 0.009659169 40597.6194 F(6,30) = 2.4205 

Blocks SSB = 9.86045E-06 b–1 = 5 1.64341E-06 6.9072712  

Residual SSE = 8.57E-06 (b–1)(k–1) = 30 2.37925E-07   

Total 0.057973439 bk–1 = 41    

 

The hypotheses are set as follows: 

Ho: No significant difference of SCPI among different MCIC methods 

vs 

H1: Significant difference of SCPI among MCIC methods exists 

Models

Safety

stock

cost FRT SCPI

Safety

stock

cost FRT SCPI

Safety

stock

cost FRT SCPI

Safety

stock

cost FRT SCPI

Safety

stock

cost FRT SCPI

Safety

stock

cost FRT SCPI

Ng-model 70.914 0.9951 1.9061 73.79 0.995 1.9057 76.67 0.9949 1.9052 79.56 0.9949 1.9048 82.44 0.9948 1.9043 85.32 0.9956 1.9039

H-model 64.95 0.9834 1.9776 67.55 0.9831 1.9775 70.16 0.9828 1.9771 72.68 0.9825 1.9780 75.37 0.9822 1.9765 77.98 0.9844 1.9778

PBB-model 64.27 0.9831 1.9877 66.85 0.9828 1.9875 69.42 0.9825 1.9873 72 0.9823 1.9871 74.57 0.9820 1.9869 77.14 0.9844 1.9886

R-model 64.95 0.9832 1.9774 67.55 0.9829 1.9773 70.16 0.9825 1.9768 72.76 0.9823 1.9767 75.37 0.9820 1.9763 77.98 0.9844 1.9778

ZF-model 67.89 0.9843 1.9356 70.63 0.984 1.9352 73.37 0.9837 1.9347 76.11 0.9835 1.9344 78.86 0.9832 1.9338 81.6 0.9855 1.9351

Modified

R-model 71.32 0.9953 1.9011 74.22 0.9952 1.9007 77.12 0.9951 1.9002 80.02 0.9951 1.8998 82.92 0.9950 1.8993 85.82 0.9957 1.8989

Modified

ZF-model 71.23 0.9921 1.8991 74.12 0.992 1.8987 77.02 0.9918 1.8980 79.92 0.9917 1.8975 82.82 0.9916 1.8969 85.71 0.9926 1.8968

A=45%,B=50%,C=55%A=20%,B=25%,C=30% A=25%,B=30%,C=35% A=30%,B=35%,C=40% A=35%,B=40%,C=45% A=40%,B=45%,C=50%
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The interpretation of these results is as follows:  It is found that F0.95(6,30) = 2.4205 < Fratio for 

treatments = 40597.619. The null hypothesis is rejected, and it can be concluded that a 

treatment difference exists at the 95% confidence interval at variable forecast error levels 

across classes A, B, C. This means that the SCPI of all MCIC methods is not statistically equal. 

Multiple-t confidence intervals are constructed for pairwise comparisons of treatment means 

using Bonferroni’s method (Mendenhall & Sincich 2016). It is found that the mean of treatment 

3 (PBB-model) significantly exceeds the mean of all other treatments. In other words, the PBB-

model significantly outperforms other models. This is shown in Figures 4C-4 in Appendix C of 

Chapter 4. 

4.4. Results and Discussion 

In the Illustrative Examples 1 and 2 presented in section 4.3, the safety stock cost and 

overall FRT of MCIC models are analyzed at customer service levels of 99%, 95%, and 90% for 

classes A, B, and C, respectively. It is found that the PBB-model outperformed other models. In 

order to determine if the same result is true at other CSLs, Tables 4.15 and Table 4.16 are 

constructed in order to compare the results at other CSLs for both datasets. 
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TABLE 4.15 
 

SCPI FOR MCIC MODELS—FIRST DATASET OF 47 ITEMS 
 

  
CSL 

99%, 95%, 90% 
CSL 

95%, 90%, 85% 
CSL 

90%, 85%, 80% 

Model 
With No  
Forecast 

Error 

With 
Forecast 

Error 
(Constant 
between 

 Classes A, 
B, and C) 

With 
Forecast 

Error 
(Variable for  
Classes A, B, 

and C) 

With No  
Forecast 

Error 

With 
Forecast 

Error 
(Constant 
between 

 Classes A, 
B, and C) 

With 
Forecast 

Error 
 Variable for  
Classes A, B, 

and C) 

With No  
Forecast 

Error 

With 
Forecast 

Error 
(Constant 
between 

 Classes A, 
B, and C) 

With Forecast 
Error 

(Variable for  
Classes A, B, 

and C) 

Ng-Model 1.7314 1.8453 1.8630 1.785 1.880 1.899 1.7950 1.8925 1.9116 

H-Model 1.7386 1.8537 1.7704 1.577 1.886 1.904 1.7989 1.8969 1.9150 

PBB-Model 1.8525 1.9864 1.9856 1.874 1.982 1.980 1.8712 1.9783 1.9764 

R-Model 1.9929 1.9687 1.9520 1.997 1.941 1.923 2.0000 1.9343 1.9155 

ZF-Model 1.7749 1.8438 1.8474 1.828 1.851 1.854 1.8246 1.8534 1.8559 

Modified-R-Model 1.7386 1.8536 1.8704 1.791 1.887 1.905 1.8008 1.8989 1.9171 

Modified-ZF-Model 1.7406 1.8559 1.8724 1.792 1.888 1.906 1.8007 1.8989 1.9164 

 

 
TABLE 4.16 

 
SCPI FOR MCIC MODELS—SECOND DATASET OF TEN ITEMS 

 
 CSL 

99%, 95%, 90% 
CSL 

95%, 90%, 85% 
CSL 

90%, 85%, 80% 

Model 
With No  
Forecast 

Error 

With 
Forecast 

Error 
(Constant 
between 

 Classes A, 
B, and C) 

With Forecast 
Error 

(Variable For  
Classes A, B, 

and C) 

With No  
Forecast 

Error 

With Forecast 
Error 

(Constant 
between 

 Class A, B, 
and C) 

With 
Forecast 

Error 
 (Variable 

For  
Class A, B, 

and C) 

With No  
Forecast 

Error 

With 
Forecast 

Error 
(Constant 
between 

 Class A, B, 
and C) 

With Forecast 
Error 

 (Variable For  
Class A, B, 

and C) 

Ng-Model 1.8929 1.8930 1.9052 1.918 1.918 1.930 1.9252 1.9255 1.9390 

H-Model 1.9775 1.9764 1.9771 1.978 1.977 1.976 1.9766 1.9760 1.9754 

PBB-Model 1.9894 1.9883 1.9873 1.986 1.985 1.983 1.9839 1.9828 1.9809 

R-Model 1.9775 1.9764 1.9768 1.978 1.977 1.976 1.9766 1.9760 1.9754 

ZF-Model 1.9293 1.9284 1.9347 1.939 1.944 1.944 1.9397 1.9388 1.9453 

Modified-R-Model 1.8875 1.8874 1.9002 1.913 1.913 1.926 1.9198 1.9200 1.9344 

Modified-ZF-model 1.8855 1.8853 1.8980 1.905 1.904 1.918 1.9072 1.9069 1.9216 

 

Results of both datasets at various customer service levels show that the PBB-model 

displays better service-cost performance, both with non-variable and with variable forecast 

error, compared to other MCIC models. The lowest safety stock cost and highest overall FRT is 
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achieved from the PBB-model when forecast error is present, and the difference is statistically 

significant at the 95% confidence level. However, with no forecast error, the R-model results in 

a better SCPI in the first dataset, as was also seen by Babai et al. (2015), but in the second 

dataset, the R-model was second after the PBB-model. It cannot be concluded that the R-model 

will always result in better service-cost performance when the forecast error is not present. 

Since Babai et al. (2015) did not include the PBB-model in their study, the effect of this model 

on the comparative analysis is unknown. Babai et al. (2015) claimed that models that do not 

use descending ranking criteria result in better service-cost performance with no forecast error. 

This finding does not change, since the PBB-model does not use descending ranking criteria. 

According to Babai et al. (2015), the R-model outperforms other models, since it does 

not impose descending ranking order among criteria. To further investigate this, descending 

ranking orders are included between criteria, both in the R-model and the ZF-model; this is 

referred to this as the modified-R-model and modified-ZF-model. It was found that adding 

descending ranking criteria does not increase the performance of the models but rather 

decreases the performance. This also complements the findings of Babai et al. (2015).  

Although the PBB-model does not use descending ranking criteria, it does use a different 

approach than the R-model. It not only uses self-evaluation, as in the case of the R-model, but it 

also cross-evaluates other items while giving an optimal score to an item. When the PBB-model 

is solved for a given inventory item, it maximizes the inventory score of that item while 

simultaneously minimizing the scores of other competing items. Thus, the scores of items are 

further refined because they go through two different evaluations. Therefore, classification of 

items is much more stable, which minimizes the effect of forecast error on the service-cost 
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performance index. This can be seen when forecast error is present in the PBB-model, and it 

performs better than the other models at all forecast error levels.  

This study recommends the PBB-model over other MCIC models for inventory 

classification. The only problem with using the PBB-model is the extensive calculations.  This 

type of classification uses two models—one for self-evaluation and the other for peer-

evaluation. Results of the first model are used in solving the second model, which increases the 

number of calculations and adds complexity. However, in this age, a software program could be 

developed to facilitate the calculation of the models and make them less time consuming. 

4.5. Conclusion 

This study provides a comprehensive comparison of service-cost performance of seven 

MCIC models in three different scenarios: (1) when there is no forecast upside; (2) when 

forecast upside is present, but does not vary across classes A, B, and C; and (3) when forecast 

upside is present and varies across classes A, B, and C. It is found that at no forecast upside, 

models that do not use descending ranking criteria (R-model, PBB-model, ZF-model) show a 

higher SCPI than models that use descending ranking criteria (Ng-model and H-model). In both 

Cases 2 and 3, when forecast upside is present, the PBB-model outperforms other MCIC 

models, and the result is statistically significant. 

A service-cost performance evaluation of the MCIC models provides an understanding 

of how the models would behave in different forecast scenarios. When companies are not able 

to improve the accuracy of their forecast, they would like to use an inventory classification 

method that minimizes the risk of increase in inventory cost and at the same times increases 

the fill rate of orders. 
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For future research, performance of MCIC models could be further evaluated by 

changing the criteria used in the models to determine if the comparative results change, that is, 

whether a given MCIC model would outperform with variable criteria sets. Also, a scenario of 

forecast downside could be considered in future research. 
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APPENDIX A OF CHAPTER 4 
 

FORMULA FOR SAFETY STOCK AND OVERALL FRT 
 
 

The total cost of safety stock and overall FRT is given by (Babai et al., 2015) as follows: 

 𝐶𝑇 = ∑ ℎ𝑖
𝑁
𝑖=1 𝑘𝑖𝜎𝑖√𝐿𝑖  (4A-1) 

 𝐹𝑅𝑖 = 1 −   
𝜎𝑖√𝐿𝑖 𝐺(𝑘𝑖)

𝑄𝑖
  (4A-2) 

Notation: 

𝑁 = Number of SKUs in inventory system 

𝐶𝑇 = Total safety stock cost for all inventory items 

𝑘𝑖  = Safety factor for item i against customer service level  

ℎ𝑖  = Unit inventory holding cost of item i 

𝐷𝑖  = Mean annual demand of item i 

𝜎𝑖 = Standard deviation of annual demand for item i 

𝐿𝑖  = Lead time of item i 

𝑄𝑖 = Order quantity of item i 

𝐹𝑅𝑖 = Fill rate of item i 

𝐹𝑅𝑇 = Overall fill rate of the inventory system 

𝐺(𝑥) = Loss function of standard normal distribution 
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APPENDIX B OF CHAPTER 4 
 

ANOVA FOR CASE 1 
 
 

TABLE 4B-1 
 

ANOVA FOR 47 ITEMS FOR CASE 1 WHEN FORECAST ERROR IS PRESENT AND DOES NOT VARY 
ACROSS CLASSES A, B, AND C 

 

 

  

Treatments (K) 

1 2 3 4 5 6 7

Ng HV PBB R ZF New R New ZF SSB

1 15% forecast error 1.8453491 1.853718 1.986375 1.968706 1.8438411 1.853562 1.85593735 1.886784 y1. 6.49181E-07

2 20% forecast error 1.8452761 1.853698 1.986079 1.968336 1.8436995 1.853562 1.85593754 1.886655 y2. 2.16515E-07

Blocks (b) 3 25% forecast error 1.8452765 1.853664 1.985789 1.967972 1.8435607 1.853558 1.85593354 1.886536 y3. 2.25856E-08

4 30% forecast error 1.8452769 1.853658 1.985505 1.967616 1.8434246 1.853611 1.85592561 1.886431 y4. 1.64333E-08

5 35% forecast error 1.8452759 1.853638 1.985226 1.967265 1.8432897 1.853539 1.85581158 1.886292 y5. 2.46055E-07

6 40% forecast error 1.8452763 1.853619 1.984952 1.966922 1.8431586 1.853524 1.85579646 1.886178 y6. 6.35342E-07

1.8452885 1.853666 1.985654 1.967803 1.8434957 1.853559 1.85589035 SSB total 1.78611E-06

y.1 y.2 y.3 y.4 y.5 y.6 y.7 1.886479

k=7

b=6

SST 0.0101802 0.00646 0.059014 0.039681 0.0110856 0.006502 0.00561417 SST total 0.138537

SSE 5.948E-08 6.37E-08 1.73E-07 3.59E-07 1.672E-09 9.13E-08 6.6321E-08

3.543E-08 2.07E-08 6.19E-08 1.28E-07 7.798E-10 2.99E-08 1.6559E-08

4.727E-09 3.42E-09 6.09E-09 1.26E-08 6.751E-11 3.33E-09 1.8516E-10

1.36E-09 1.68E-09 1.02E-08 1.92E-08 5.12E-10 1.01E-08 7.0089E-09

3.06E-08 2.54E-08 5.8E-08 1.23E-07 3.433E-10 2.78E-08 1.1819E-08

8.356E-08 6.48E-08 1.61E-07 3.36E-07 1.287E-09 7.06E-08 4.3008E-08

SSE total 2.22E-06
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APPENDIX C OF CHAPTER 4 
 

COMPARISON OF TREATMENT MEANS IN CASE 1 
 
 

TABLE 4C-1 
 

COMPARISON TREATMENT MEANS FOR 47 ITEMS FOR CASE 1 
 

t (0.05/2*21, d.f) = t(0.00119,30) = 3.385 

Bij = t(0.00119,30)* sqrt(MSE)* sqrt(2/b)   

Bij = 4.93E-04   

*Calculation of Bij (critical value for treatment pair, from Bonferroni’s method) 
 

y.2–y.1 0.008377225 treatment difference significant 

y.3–y.2 0.131988402 treatment difference significant 

y.3–y.1 0.140365627 treatment difference significant 

y.4–y.3 –0.017851388 treatment difference significant 

y.4–y.2 0.114137014 treatment difference significant 

y.4–y.1 0.122514239 treatment difference significant 

y.5–y.4 –0.124306982 treatment difference significant 

y.5–y.3 –0.14215837 treatment difference significant 

y.5–y.2 –0.010169968 treatment difference significant 

y.5–y.1 –0.001792743 treatment difference significant 

y.6–y.5 0.010063629 treatment difference significant 

y.6–y.4 –0.114243353 treatment difference significant 

y.6–y.3 –0.132094741 treatment difference significant 

y.6–y.2 –0.000106339 treatment difference not significant 

y.6–y.1 0.008270886 treatment difference significant 

y.7–y.6 0.00233099 treatment difference significant 

y.7–y.5 0.012394619 treatment difference significant 

y.7–y.4 –0.111912363 treatment difference significant 

y.7–y.3 –0.129763751 treatment difference significant 

y.7–y.2 0.002224651 treatment difference significant 

y.7–y.1 0.010601876 treatment difference significant 

*Pairwise comparison of treatment means   
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Figure 4-C.1.  Comparison of treatment differences for sample dataset 1 for Case 1  
with 47 items    

 

 

Figure 4-C.2.  Comparison of treatment differences for sample dataset 1 for Case 2  
with 47 items 

 

 

Figure 4-C.3.  Comparison of treatment differences for sample dataset 2 for Case 1  
with 10 items 

 

 

Figure 4-C.4. Comparison of treatment differences for sample dataset 2 for Case 2  
with 10 items  
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CHAPTER 5 
 

PAPER 4 : SELECTING A MULTI-CRITERIA INVENTORY CLASSIFICATION MODEL TO IMPROVE 
CUSTOMER ORDER FILL RATE 

 
 

Abstract 

Multi-criteria models have been proposed for inventory classification in previous 

studies. However, it is important to understand when a particular multi-criteria inventory 

classification model is preferred over other models, and if the highest performing model 

remains the highest performing at all times. The customer order fill rate (FRT) is a common 

metric of comparison because it suggests how many customer orders can be filled in a given 

amount of time, thus providing an indication of what percent of expected revenue can be 

attained.  This study provides a method to calculate the cut-off point, which indicates when a 

model currently in use should be dropped in favor of another model in order to increase 

revenue. Sensitivity analysis is also performed to determine how holding cost and demand 

uncertainty affects the performance metric. Finally, regression analysis and hypothesis testing 

inform the reader how a model’s performance differs from other models at various values of 

holding cost and standard deviation of demand. 

5.1 Introduction 

To efficiently manage inventory, companies use an ABC classification by assigning items 

to one of three classes so that specific inventory control policies can be applied (Ng, 2007). 

Class A is considered very important, Class B is considered moderately important, and Class C is 

considered the least important (Partovi & Anandarajan, 2002). The traditional ABC classification 

is based on Pareto analysis, and the criterion typically used is annual dollar value usage 
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(Ramanathan, 2006). This criterion is most frequently used in practice because managers pay 

more attention to inventory that has a high dollar value (Stanford & Martin, 2007).   

The traditional ABC method is easy to use because it only considers dollar usage. The 

following studies have suggested that using other criteria in combination makes inventory 

classification more effective. The criteria that are often used in multi-criteria methods include 

lead time, commonality, obsolescence, and criticality (Hautaniemi & Pirttilä, 1999; Guvenir & 

Erel, 1998; Partovi & Anandarajan, 2002; Jamshidi & Jain, 2008). The analytic hierarchy process 

(AHP), distance-based modeling, and neural network techniques have also been used in 

different studies (Partovi & Burton, 1993; Gajpal, Ganesh & Rajendran, 1994; Guvenir & Erel, 

1998; Bhattacharya, Sarkar, & Mukherjee, 2007). In later studies, optimization models are used 

to classify inventory. These are discussed in the literature review. This study focusses on 

optimization models. 

Since the single-criteria method is easy to use, it is most widely employed in classifying 

inventory. However, the multi-criteria literature claims that more than one criterion should be 

used to enhance the inventory classification. This argument cannot be validated unless results 

of the single- and multi-criteria models are compared quantitatively with a common metric.  

Inventory classification directly affects the ability of inventory to satisfy customer 

orders. On the one hand, poor inventory classification will result in inventory buildup of those 

items that are not needed to satisfy customer demand; on the other hand, this may cause 

inventory shortages of items when they are needed the most. The metric that is usually used in 

the industry is customer order fill rate (FRT), which is defined as the probability of filling an 

entire customer order within a specified period of time (Song, 1998). A comparison of order fill 
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rates obtained by inventory classification from different models will highlight the shortcomings 

of using one model over other models. This has not been shown in the literature. 

This study fills these gaps. The contributions of this paper follow: (1) the performance of 

the models is compared using the order FRT; (2) since inventory holding cost and standard 

deviation of demand may vary with time, this can affect the decision of model selection; 

therefore, the assessment of model behavior at varying levels of holding cost and standard 

deviation of demand is presented using sensitivity analysis; (3) hypothesis testing is included to 

understand if the difference in model behavior is significant at varying levels of inventory 

holding cost and standard deviation of demand; and (4) a cut-off point method is introduced to 

understand the revenue impact when the highest performance shifts from one model to 

another. 

5.2 Literature Review 

Both single-criteria and multi-criteria methods are used to classify inventory. Several 

different techniques are used in multi-criteria classification. In general, inventory classification 

techniques can be divided into non-optimization techniques and optimization techniques. 

Studies that use these methods are listed in Table 5.1. In optimization methods, linear or non-

linear optimization models are used. In these models, items receive an aggregate optimal 

inventory score based on the objective function (Ramanathan, 2006). Scores of inventory items 

are maximized, and later they are classified into A, B, or C categories. Table 5.1 summarizes 

these models.  
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TABLE 5.1 
 

METHODS AND TECHNIQUES USED IN ABC CLASSIFICATION 
 

Method Techniques Research 

Single-Criteria Traditional ABC 
Canen & Galvão, 1980; Chrisman, 1985; Gardner, 
1990; Portougal, 2002; Onwubolu & Dube, 2006 

Multi-Criteria 

Analytic Hierarchy Process 
Gajpal, Ganesh, & Rajendran, 1994; Nan-fang & 
Xue, 2004; Molenaers, Baets, Pintelon, & 
Waeyenbergh, 2012 

Cluster Analysis 
Ernest & Cohen, 1990; Canetta, Cheikhrouhou, & 
Glardon, 2005  

Decision Tree 
Huiskonen, 2001; Boylan, Syntetos & Karakostas, 
2008 

Distance Modeling Chen, Li, Kilgour, & Hipel, 2008 

Genetic Algorithm Guvenir & Erel, 1998 

Graphical Matrix 
D’Alessandro & Baveja, 2000; Ghobbar & Friend, 
2002; Syntetos, Boylan, & Croston, 2005 

Neural Network 
Partovi & Anandarajan, 2002; Yu, 2011; Kabir & 
Hasin, 2013 

Optimization Models 

Ramanathan, 2006; Ng, 2007; Zhou & Fan, 2007; 
Hadi-Vencheh, 2010; Hatefi & Torabi, 2010; 
Torabi, Hatefi, & Pay, 2012; Park, Bae, & Bae, 
2014 

Source:  van Kampen et al., 2012 

Techniques that do not use optimization models may include the analytic hierarchy 

process, cluster analysis, decision tree, distance modeling, graphical matrix, and neural 

network. AHP is widely used in earlier studies. This process is based on a pairwise comparison 

of all criteria, where the user must define the direction and degree of preference. The method 

is criticized for its limitation that involves subjective judgment when making pairwise 

comparisons (Ramanathan, 2006).  

Since this research focusses on using optimization models in classifying inventory, the 

literature review discusses only these models. 
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5.2.1 Multi-Criteria Analysis Using Weighted Linear Optimization 

Ramanathan (2006) proposed an approach called the weighted linear optimization 

model, which uses multiple criteria. The Ramanathan model (R model) employs a weighted 

additive function to aggregate the performance of each inventory item into a single score, 

referred to as the optimal inventory score. The model is a maximization objective function. 

Weights are automatically assigned when the model is solved. The output also gives the optimal 

inventory score. Several modifications to this model have been suggested.  

Ng (2007) presented a modified version of the R-model, referred to as the Ng-model. He 

ranked the criteria in descending order and used normalized weights. He also proposed a 

transformation technique to solve the model without the need of linear optimization software.  

Zhou and Fan (2007) pointed out shortcomings of the R-model, whereby an item can get 

classified as A when it scores high in less-favorable criteria. This leads to an inappropriate 

classification of ABC items. Their proposed model (ZF-model) uses the most favorable and least 

favorable weights for each item. 

Chen (2011) further improved the ZF-model by introducing a peer-estimation approach. 

This method selects two common sets of criteria weights, namely the most-favorable and least-

favorable weights. The resulting scores are then aggregated for each item without any 

subjectivity.  

Hadi-Vencheh (2010) observed that in the Ng-model, the final scores of each item do 

not depend on the weights of each criterion obtained from the model; hence, the items may be 

inappropriately classified. He modified the Ng-model and proposed a non-linear optimization 

model (HV-model). 
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Torabi, Hatefi, and Ray (2012) proposed a model to incorporate both quantitative and 

qualitative criteria. This is the first model of its kind that uses both quantitative and qualitative 

criteria to classify inventory into A, B, or C categories. The authors refer to it as a modified 

linear programming model instead of an optimization model. Jeddou (2014) used the Ng-model 

to classify vehicle spare parts items. 

Park, Bae, and Bae (2014) developed a cross-evaluation-based weighted linear 

optimization (CE-WLO) model, using cross-efficiency evaluations in weighted linear optimization 

to provide a classification of inventory items. Their model (PBB model) performs in a peer-

evaluation mode.  

Iqbal and Malzahn (2016) modified the ZF-model to include descending ranking criteria 

to ensure that each criterion gets unequal weight when the model is solved. The authors 

wanted to see the effect of using descending ranking criteria on the model performance.  

Mathematical formulations of the aforementioned multi-criteria models are shown in 

Appendix A of Chapter 5. 

Recently, a model fitness test was proposed by Iqbal and Malzahn (2017). This test 

shows that a model providing identical scores to multiple items may not be a good model in 

classifying inventory. The test evaluates the ability of models to classify items without resulting 

in infeasibility. The user can compare different models by comparing infeasibility resulting from 

each model, before making a choice in model selection for inventory classification. The test 

suggests that models using a descending ranking criteria constraint result in low or no 

classification infeasibility. 
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It will also be useful to know if models classifying items using descending ranking criteria 

perform any better than other models. In this study, the performance of models in fulfilling 

customer orders was evaluated using the order fill rate a measure of comparison.  

5.3 Method 

This model uses three criteria: lead time, average annual demand, and average unit 

cost. These criteria have consistently been used in other studies [1, 3, 31]. Lead time was 

considered the first criterion because the higher the lead time of an item, the more time it 

takes to replenish it when stockout occurs, which can affect a company’s ability to satisfy 

customer demand. The Ng-model, ZF-model, HV-model, PBB-model, and modified-ZF-model 

were used in the analysis. However, models that result in classification infeasibility, such as 

those investigated of the  work of Iqbal and Malzahn (2017), were excluded These exclusions 

were the single criteria model and R-model. The reason for including the modified-ZF-model 

was to understand if descending ranking criteria improve the performance of the model. 

5.3.1 Order Fill Rate  

To determine how suitable an inventory classification model is, the order fill rate was 

calculated for each model, and these were compared to determine which model results in the 

highest order FRT. The method to calculate order FRT is explained in the work of Babai, Ladhari, 

and Lajili (2015). The formulae used in the calculations are as follows: 

 

 𝐹𝑅𝑖 = 1 −   
𝜎𝑖√𝐿𝑖 𝐺(𝑘𝑖)

𝑄𝑖
 (5.1) 

 𝐹𝑅𝑇 =
∑ 𝐹𝑅𝑖𝐷𝑖

𝑁
𝑖=1

∑ 𝐷𝑖
𝑁
𝑖=1

 (5.2) 
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Notation: 

𝑁 =  Number of inventory items in the inventory system 

ℎ𝑖   = Unit inventory holding cost of item i 

𝑘𝑖  = Safety factor for item i against the customer service level  

𝐷𝑖  = Mean annual demand of item i 

𝜎𝑖 = Standard deviation of annual demand for item i 

𝐿𝑖  = Lead time of item i 

𝑄𝑖 = Order quantity of item i 

𝐹𝑅𝑖 = Fill rate of item i 

𝐹𝑅𝑇 = Overall fill rate of the inventory system 

𝐺(𝑥) = Loss function of the standard normal distribution 

5.3.1.1 Order Fill Rate for Sample Dataset 1 

The order fill rate has been calculated for several multi-criteria models. First, the sample 

dataset 1, which contains ten items, is used. This dataset is extracted from the work of Park et 

al. (2014). Holding cost and standard deviation of demand are not known. To calculate the 

order FRT, it is assumed that the annual holding cost of 20% of the average unit cost is used, as 

in the work of Park et al. (2014), and the standard deviation of demand is 2.5%. In the 

sensitivity analysis section, multiple values of the holding cost and standard deviation are used, 

and how these affect the final result is evaluated. A summary of calculations of the overall 

order FRT for the modified-ZF-model is shown in Table 5.2. 
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TABLE 5.2 
 

SUMMARY OF CALCULATIONS OF OVERALL ORDER FILL RATE FOR MODIFIED-ZF-MODEL  
(FIRST DATASET) 

 

Lead 
Time 

Item 
Class of 

Modified-
ZF 

Average 
 Unit Cost 

Annual 
Demand  

(Di) 

Ordering 
Quantity  

(Qi) 

Holding 
Cost  
Unit 

CSL 
Safety 

Factor (Ki) 
G (Ki) Fri 

Satisfied 
Demand 

(Fri x Di) 

7 1 A 71.21 0.483 0.260 14.242 0.99 2.326 0.003 1 0.4829 0.4829 

7 5 A 86.5 1.200 0.372 17.3 0.99 2.326 0.003 0.999 1.1992 1.1992 

6 8 B 51.68 2.000 0.622 10.336 0.95 1.645 0.021 0.996 1.9917 1.9917 

4 9 B 14.66 48.000 5.722 2.932 0.95 1.645 0.021 0.991 47.5772 47.5772 

5 10 B 72 3.000 0.645 14.4 0.95 1.645 0.021 0.995 2.9836 2.9836 

4 2 C 58.45 8.000 1.170 11.69 0.9 1.282 0.047 0.984 7.8714 7.8714 

3 3 C 40.82 4.000 0.990 8.164 0.9 1.282 0.047 0.992 3.9671 3.9671 

2 4 C 19.8 4.004 1.422 3.96 0.9 1.282 0.047 0.995 3.9853 3.9853 

4 6 C 71.2 12.000 1.298 14.24 0.9 1.282 0.047 0.978 11.7393 11.7393 

4 7 C 78.4 4.000 0.714 15.68 0.9 1.282 0.047 0.987 3.9474 3.9474 

    
Sum = 
86.687 

      
Sum = 

85.7453 
 

 

FRT = 
∑ (𝐹𝑟𝑖 𝑥 𝐷𝑖)𝑖=10

𝑖=1

∑ (𝐷𝑖𝑖=10
𝑖=1 )

 = 85.7453/86.6871 = 0.9891 

 
A summary of the overall order fill rate of all other multi-criteria models is shown in 

Table 5.3. The single-criteria method, the R-model, and the ZF-model were excluded because 

they all resulted in classification infeasibility (Iqbal & Malzahn, 2017). But once the descending 

ranking criteria constraint is added to the ZF-model, the classification infeasibility does not 

exist. This is referred to as the modified-ZF-model (Iqbal & Malzahn, 2017). The PBB model 

resulted in the highest order FRT. It can be seen that the resulting order FRT from the modified-

ZF-model and Ng-model are identical. This is because both models classify items identically in 

dataset 1, which may not be the case for other datasets where sample size is large. In the next 

section, multi-criteria models using 47 items dataset are tested. 
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TABLE 5.3 
 

SUMMARY OF OVERALL ORDER FILL RATE FOR OTHER MULTI-CRITERIA MODELS  
FROM DATASET 1 

 

Method Model Order Fill Rate 

Multi-Criteria 
Models 

HV 0.9905 

Modified-ZF 0.9891 

PBB 0.9949 

Ng 0.9891 

 
 
5.3.1.2 Order Fill Rate for Sample Dataset 2 

The second dataset containing 47 inventory items is used in the work of Ramanathan 

(2006). The order FRT for the multi-criteria models was calculated using a holding cost of 20% 

of the average unit cost and a standard deviation of 2.5% of demand. The ABC classification of 

items used in these calculations is shown in Appendix B of Chapter 5. Here a 99% service level is 

set for class A items, 95% service level for class B items, and 90% service level for class C items. 

The results are shown in Table 5.4. 

TABLE 5.4 
 

SUMMARY OF OVERALL ORDER FILL RATE FOR MULTI-CRITERIA MODELS FROM DATASET 2 
 

Method Model Order Fill Rate 

Multi-Criteria  
Models 

HV 0.9813 

ZF 0.9822 

Modified-ZF 0.9886 

PBB 0.9799 

Ng 0.9762 

 
As can be seen, the results for dataset 2 shown in Table 5.4 are more distinctive than 

the results for dataset 1. It was found that the order FRT of the modified-ZF-model is better 

than that of the ZF-model, which shows that adding a descending-order constraint improves 
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the performance of the ZF-model. These results are consistent with those of sample dataset 1. 

In this example, the modified-ZF-model results in the highest order FRT. 

It can also be seen that in dataset 1, the modified-ZF-model improved the classification 

feasibility. And in dataset 2, apart from improving classification feasibility, it also improved the 

order FRT. This infers that using criteria in descending order (some criterion more important, 

some less) provides an equal or better order FRT compared to when this constraint is not 

considered in the model.  

5.3.2. Sensitivity Analysis 

 

In calculating the order fill rate for example dataset 1, a standard deviation of 2.5% of 

demand and a holding cost 20% of average unit cost are used. These values can differ, which 

may change the results of the findings. Sensitivity analysis was done to investigate how the 

results change at different levels of demand uncertainty and holding cost. 

5.3.2.1 Sensitivity Analysis for Sample Dataset 1 

Four models were used in this analysis for comparison: HV, modified-ZF, PBB, and Ng. 

The R-model and ZF-model were not included because inventory classification results in  

infeasibility (Iqbal & Malzahn, 2017). The order fill rate was calculated at five different values of 

standard deviation of demand (2.5%, 1%, 0.5%, 0.25%, 0.1%), and for each value of standard 

deviation, a different values of holding cost, ranging from 0.1% to 50% of the average cost, was 

used. Here,  99% service level was used for class A items, 95% service level for class B items, 

and 90% service level for class C items. Some of these plots are shown in Figure 5.1. 
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Figure 5.1.  Overall order fill rate from multiple models for dataset 1 
 

Graphs at standard deviation 0.5%, 0.25%, and 0.1% of demand are not shown because 

they show a similar trend as we have seen at 2.5% and 1%. It is interesting to see how models 

behave when the standard deviation of demand changes at a constant value of the holding 

cost. We used an annual holding cost of 20% of the average unit cost and ran the models at 

different values of standard deviation. Results are shown in Figure 5.2. 
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Figure 5.2. Order fill rates at different values of standard deviation of demand 
with constant holding cost 

 
There is little difference among these four models at lower values of holding cost. The 

PBB model scores the highest overall FRT at all values of standard deviation and holding cost. 

The Ng-model and modified-ZF-model provide the same model value, which is why their lines 

overlap. Two more important results can be drawn from Figures 5.1 and 5.2. First, the 

difference in FRT among models is reduced when holding cost is decreased at any given value of 

demand uncertainty. At a standard deviation of 0.25% of demand or below, when the holding 

cost reaches 0.001 or 0.1% of the average cost, the difference between the order FRTs of the 

models becomes nearly zero. Therefore, it becomes irrelevant which model is used for 

inventory classification when the standard deviation drops below 0.25% and the holding cost is 

0.1% or below. The analysis shows that at lower values of holding cost, it does not make much 

difference which model should be used for inventory classification. But care should be taken 

when the inventory holding cost is high. Second, the increasing trend in the FRT when the 

standard deviation is decreasing means that the standard deviation of demand cannot be 

ignored when comparing model results. It is always advantageous to perform a sensitivity 

analysis to determine which model results in the highest FRT at any given value of standard 
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deviation and holding cost. If a model results in the highest order FRT at a given value of 

standard deviation and holding cost, then it is wrong to assume that it will always result in the 

highest order FRT at any value of standard deviation and holding cost. 

A similar analysis was done at other service levels as well. In the second comparison, 

paired service levels of 95%, 90%, and 85% were used with class A, B, and C items, respectively. 

In the third comparison, we used the pairing of service levels at 90%, 85%, and 80% service for 

class A, B, and C items, respectively. The PBB model results in the highest FRT. This result is 

shown Figure 5C-1 in Appendix C of Chapter 5. The same trend is observed as shown in the first 

pair of service levels. That is, the difference in FRT is decreasing among models when the 

holding cost is decreasing. Also, the FRT improves for all models as the standard deviation of 

demand decreases. 

5.3.2.2. Sensitivity Analysis for Sample Dataset 2 

Sensitivity analysis of sample dataset 2 was done by varying the holding cost at different 

values of demand standard deviation while calculating the order fill rate. To be consistent, the 

values for the standard deviation of demand at 2.5%, 1%, 0.5%, 0.25%, and 0.1%, and the 

values of holding cost ranging from 0.1% to 50% of average cost are the same as used in the 

sensitivity analysis of dataset 1. In the first comparison, service levels of 99%, 95%, and 90% are 

paired with class A, B, and C items, respectively. The FRT is calculated for four models: HV, 

modified-ZF, PBB, and Ng. Results are shown in Figures 5.3 and 5.4. Graphs at 1%, 0.5%, 0.25%, 

and 0.1% standard deviation of demand are not shown because they show a similar trend. 
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Figure 5.3. Overall order fill rate from multiple models for dataset 2 
 

 

 
 

Figure 5.4.  Order fill rates at different values of standard deviation of demand  
with constant holding cost 

 
Here, a similar trend as shown for dataset 1 can be seen. With decreased standard 

deviation, the overall FRT is improved. Also, the overall FRT shows an increasing trend with 

decreasing holding cost. The difference between results of the four models is reduced when 

holding cost is reduced. However, the modified-ZF-model results in the highest overall FRT in 
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this case at all values of standard deviation, and holding cost used in the calculations, except 

when the holding cost becomes 0.1% of the average cost or drops below this value at the 

standard deviation of 0.25% of demand or below. This means that the standard deviation and 

holding cost should be given consideration when selecting the model. Sensitivity analysis will 

highlight which model results in the highest overall FRT. 

The overall FRT at other values of customer service levels is also calculated. The second 

pairing of service level is 95%, 90%, and 85% for class A, class B, and class C items. The third 

pairing of service level is 90%, 85%, and 80% for class A, class B, and class C items. Results for 

these are the same as shown in the case of the pair 1 service level. 

5.3.2.3 Regression Analysis for Difference in Slope 

Figures 5.2 and 5.4 show an increasing trend in fill rate at lower values of standard 

deviation; however, the slope of each model appears different. This difference indicates that 

the performance among models varies with respect to the standard deviation of demand. It is 

useful in decision making to analyze the difference in slope of the models. Case study 1, Figure 

5.2, is used to compare the slopes of different models.  The regression analysis to fit the 

individual model lines shown in Figure 5.2 was obtained using the software Minitab. Some of 

these statistics are shown in Table 5.5. 

TABLE 5.5 
 

SOME OUTPUT OF REGRESSION LINES 
 

  HV Modified-ZF PBB Ng 

Sample Size 6 6 6 6 

Slope -0.3773 -0.4345 -0.2 -0.4345 

SE Coefficient 0.000702 0.000727 0.000001 0.000727 

Degrees of Freedom 8 8 8 8 
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Hypothesis testing can be used to compare slopes in order to understand the significant 

difference between different models (Paternoster, Brame, Mazorelle, & Piquero, 1998). 

The hypothesis test is as follows: 

 Ho: b1 = b2 (no difference in slope) 

 vs 

 H1: b1 ≠ b2 (difference in slope exist) 

A t-test (since n < 25) is used, and the rejection region is set as follows: 

 |tc|> t(α,df) , where df = n1 + n2 -4 

We find t(0.95,8) = 1.8595 

Tstatistic is found from the formula: 𝑡𝑐 =
𝑏1−𝑏2

√𝑆𝐸𝑏1
2 +𝑆𝐸𝑏2

2
. 

Results of the hypothesis test are shown in Table 5.6. A comparison is made at  the 95% 

confidence interval. It is already known from Figure 5.2 that the PBB model results in the 

highest fill rate, and the difference between the PBB model and other models shrinks when the 

standard deviation of demand decreases. Table 5.6 provides insight into the fact that this 

difference is significant. Users should be careful in selecting a model when the variation in 

demand is high. A model can result in better performance at one value of standard deviation, 

but at other values, another model might outperform the first model.  



126 

TABLE 5.6 
 

TEST RESULTS OF SLOPES COMPARISON (FOR DATASET 1) 
 

Parameter 
HV-Model vs  
Modified-ZF-

Model 

HV-Model vs 
 PBB Model 

HV-Model vs 
 Ng-Model 

Modified-ZF-
Model vs 

 PBB Model 

Modified-ZF-
Model vs 

 Ng-Model 

PBB Model vs 
Ng-Model 

tc 56.96 –253.25 56.96 –325.66 0 325.66 

P Value 0 0 0 0 1 0 

Inference 

Slope of 
modified-ZF-
model is 
significantly 
higher than 
that of HV-
model 

Slope of HV-
model is 
significantly 
higher than 
that of PBB 
model 

Slope of Ng-
model is 
significantly 
higher than 
that of HV-
model 

Slope of 
modified-ZF-
model is 
significantly 
higher than 
that of PBB 
model 

Slopes of 
both models 
are not 
significantly 
different 

Slope of Ng-
model is 
significantly 
higher than 
PBB model 

 

5.4. Discussion 

In this study, a method for comparing the performance of the models is presented. 

Sensitivity analysis, regression analysis, and hypothesis testing are used to understand the 

effect of variability in inventory holding cost and standard deviation of demand on the model 

selection decision. The analysis also determines if descending ranking criteria has any 

significance in improving the results and performance of the model. Two datasets were used 

for the analysis.  

The performance of the model in fulfilling customer orders was evaluated. The metric 

used in industry is overall fill rate. Inventory classification that is received from each model is 

used in calculating the order FRT. Results were then compared to determine where each model 

stands in terms of satisfying customer orders. In the first dataset, it was found that the PBB 

model leads the other models. In the second dataset, it was found that the modified-ZF-model 
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shows the best performance. Therefore, the selection of a model to perform inventory 

classification depends on the dataset. 

In a comparative analysis, it was also revealed that after adding descending-order 

criteria to the ZF-model, the resulting order FRT was improved. This indicates that giving 

unequal weights to the criteria improves the performance of the model. 

Sensitivity analysis showed that holding cost and standard deviation play very important 

roles in determining which model results in the highest order FRT. By varying these values, the 

response of different models when compared was analyzed. It was determined that the 

difference in the order FRT of models is reduced as the holding cost and standard deviation of 

demand decreases. At one point, the difference is negligible. Below this point, it becomes 

insignificant which model is used for inventory classification. A given model cannot outperform 

other models at all values of holding cost and standard deviation of demand when comparing 

the order FRT. Sensitivity analysis helps in making an informed decision about model selection 

at a given value of holding cost and standard deviation of demand.  

Results from regression analysis and hypothesis testing showed that the difference 

between slopes of the models is significant, thus indicating that the best performing model may 

not be superior to other models when the standard deviation of demand is reduced. Selecting a 

model for the best performance depends on the standard deviation of demand and holding 

cost. Users should take this into consideration when doing a comparative analysis for model 

selection. 
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5.4.1 Model Cut-Off Point 

It was found that there is a point where the originally superior model does not remain 

superior to other models. As an example, consider a case for dataset 2, where holding cost is 

20% of the average unit cost of the item. The corresponding order fill rate for all models at 

varying standard deviation of demand is shown in Table 5.7. As can be seen, the modified-ZF-

model results in the highest order FRT. The regression equation for each model is shown in 

Table 5.7. The high R-square value confirms that the regression line fits the model very well. 

TABLE 5.7 
 

ORDER FILL RATE OF MODELS AND THEIR REGRESSION EQUATIONS AT HOLDING COST  
OF 20% OF UNIT COST 

 

Model 
Standard Deviation of Demand (x) 

Regression Equation 
0.05 0.04 0.03 0.02 0.01 

Modified-ZF 0.9772 0.9818 0.9863 0.9909 0.9954 y =-0.455x + 0.99997 

HV 0.9626 0.9700 0.9775 0.9850 0.9925 y =-0.748x + 0.99996 

PBB 0.9598 0.9678 0.9758 0.9839 0.9919 y =-0.803 + 0.99993 

Ng 0.9525 0.9620 0.9715 0.9810 0.9905 y =-0.95x + 1 

 
 

By solving regression equations simultaneously, x = 6.06 x 10-5 the order fill rate from 

the modified-ZF-model becomes equal to that of Ng-model. Here “x” denotes the standard 

deviation of demand. This is called the model cut-off point. There can be multiple cut-off points 

based on different values of holding cost. In this example, the cut-off point is calculated at the 

annual holding cost of 20% of the average unit cost of the item. Below this cut-off point value, 

the Ng-model becomes the highest-performing model. This finding can be interpreted as 

follows:  At 20% holding cost per year, the same level of order FRT is achieved from the Ng and 
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modified-ZF-models at the standard deviation of demand of 6.06 x 10-5. When equations are 

solved, this becomes equal to a 99.999% order FRT. In other words, 99.999% of customer 

orders can be filled in a given amount of time. But if the standard deviation of demand is 

reduced and the modified-ZF-model is still used, then fewer orders can be filled in a given 

amount of time than that of the Ng-model. Thus, this will be reflect as a loss in revenue. For 

example, at 1 x 10-5 standard deviation of demand, the order FRT achieved from the modified-

ZF-model is 99.996% and from the Ng-model is 99.999%. This means that if a company received 

one million orders per year with an average selling price of $1,000 per unit, then the company 

will fall short by $30,000 of revenue per year. 

ZF-model: 99.996%*1M*$1,000 = $999,960,000 

Ng-model: 99.999%*1M*$1,000 = $999,990,000 

5.5. Conclusion 

This paper compares the performance of various models using the order fill rate. It 

presents an analysis to show that the best-performing model does not remain the best at all 

times.  A method to calculate a model cut-off point is also shown, where the highest performing 

model loses to another model. Two different datasets are used in this study. Sensitivity analysis, 

regression analysis, and hypothesis test are also included to understand the usefulness and 

significance of the results. 

The study shows that the inclusion of a descending-criteria constraint improves the 

performance of the model. This means that when criteria are set in order of importance, the 

resulting classification of inventory items produces a  better order FRT. As was seen in the case 
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of the ZF-model, when the modified-ZF-model, which includes the descending ranking criteria, 

is used, the order FRT of the model is improved. 

An important relationship was also found between the results of each model when the 

holding cost and standard deviation of demand vary. Regression analysis shows that the slopes 

of the models are significantly different. Sensitivity analysis confirms that the end result of a 

models’ comparison does not change at other customer service levels. However, the lead of the 

highest-scoring model shrinks when the holding cost and standard deviation of demand 

decreases. This study also shows that selection of a model depends on the dataset and values 

of the holding cost and standard deviation of demand. 

The method explained in this study tends to improve the order fill if the results of 

comparative evaluation of models are used in selecting the model. For example, once a cut-off 

point of a model is determined and achieved, the user can switch to a new highest-performing 

model. By doing this, the order FRT is improved, which results in an increase in revenue in a 

specified period of time. 

For future research, it would be interesting to compare the results when a specific 

product has a variable lead time, especially when a product is purchased from more than one 

supplier, because each supplier may have different lead times for the same product. 
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APPENDIX A OF CHAPTER 5 
 

MATHEMATICAL FORMULATIONS OF MULTI-CRITERIA MODELS 
 
 

R-Model 

𝑚𝑎𝑥   ∑ 𝑣𝑚𝑗

𝐽

𝑗=1

𝑦𝑚𝑗  

 𝑠. 𝑡. (5A-1) 

∑ 𝑣𝑚𝑗

𝐽

𝑗=1

𝑦𝑛𝑗 ≤  1, n = 1, 2, … , N 

𝑣𝑚𝑗  ≥ 0, 𝑗 = 1,2, … 𝐽 

Notation: 

j = criteria 

m = inventory items 

𝑣𝑚𝑗 = weight of mth inventory items under criteria j 

𝑦𝑚𝑗 = score of mth inventory items under criteria j 

Ng-Model 

𝑚𝑎𝑥 𝑆𝑖 = ∑ 𝑤𝑖𝑗

𝐽

𝑗=1

𝑦𝑖𝑗 

 𝑠. 𝑡.   (5A-2) 

∑ 𝑤𝑖𝑗

𝐽

𝑗=1

= 1 

𝑤𝑖𝑗 − 𝑤𝑖(𝑗+1)  ≥ 0,    𝑗 = 1,2, … , (𝐽 − 1) 

𝑤𝑖𝑗  ≥   0,   𝑗 = 1,2, … , 𝐽 
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Notation: 

j = criteria 

i = inventory items 

𝑤𝑖𝑗 = weight of the ith inventory item under criteria j 

𝑦𝑖𝑗  = score of ith inventory item under criteria j 

ZF-Model 

𝑏𝐼𝑖 = 𝑚𝑖𝑛 ∑ 𝑤𝑖𝑛
𝑏

𝑁

𝑛=1

𝑦𝑖𝑛 

 𝑠. 𝑡. (5A-3) 

∑ 𝑤𝑖𝑛
𝑏 𝑦𝑚𝑛

𝑁
𝑛=1 ≥ 1,   m=1,2,…M 

𝑤𝑖𝑛
𝑏 ≥   0 

Notation: 

i = inventory items 

n = criteria 

𝑦𝑖𝑛 = score of ith inventory item under criteria n 

𝑤𝑖𝑛
𝑏  = weight of ith inventory item under criteria n 

𝑏𝐼𝑖 = least favorable aggregate score of ith inventory item 

𝑔𝐼𝑖 = 𝑚𝑎𝑥 ∑ 𝑤𝑖𝑛
𝑔

𝑁

𝑛=1

𝑌𝑖𝑛 

 𝑠. 𝑡.   (5A-4) 

∑ 𝑤𝑖𝑛
𝑔

𝑦𝑚𝑛
𝑁
𝑛=1 ≤ 1,      m=1,2,…,M 

𝑤𝑖𝑛
𝑔

≥   0 
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Notation: 

𝑔𝐼𝑖  = most favorable aggregate score of ith inventory item 

Furthermore, the two indexes are combined to produce a “composite index” using 

formula (5A-4): 

 𝑛𝐼𝑖(𝜆) = (λ (𝑔𝐼𝑖  - 𝑔𝐼𝑖) / (𝑔𝐼*- 𝑔𝐼𝑖) ) + ((1- λ) (𝑏𝐼𝑖 - 𝑏𝐼𝑖) / (𝑏𝐼*- 𝑏𝐼𝑖) ) (5A-5) 

Notation: 

𝑔𝐼* = maximum value of good index 

𝑏𝐼* = minimum value of bad index 

𝜆 = control parameter that is specified by user 

𝑛𝐼𝑖  = composite index for an item 

HV-Model 

𝑚𝑎𝑥 𝑆𝑖 = ∑ 𝑦𝑖𝑗

𝐽

𝑗=1

𝑤𝑗 

 𝑠. 𝑡.   (5A-6) 

∑ 𝑤𝑗
2

𝐽

𝑗=1

= 1 

𝑤𝑗 ≥ 𝑤𝑗+1  ≥ 0,    𝑗 = 1,2, … , (𝐽 − 1) 

𝑤𝑗  ≥   0,   𝑗 = 1,2, … , 𝐽 

Notation: 

𝑤𝑗 = relative importance weight attached to jth criteria 

𝑦𝑖𝑗  = score of ith inventory item under criteria j 
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PBB Model 

𝐶𝑝𝑘 = 𝑀𝑖𝑛 ∑ 𝑢𝑟𝑘

𝑠

𝑟=1

𝑦𝑟𝑝 

 𝑠. 𝑡.  (5A-7) 

∑ 𝑢𝑟𝑘

𝑠

𝑟=1

𝑦𝑟𝑘 = 𝑙∗
𝑘 

∑ 𝑢𝑟𝑘
𝑠
𝑟=1 𝑦𝑟𝑗 ≤ 1; 𝑗 = 1, … , 𝑛, 𝑗 ≠ 𝑘 

𝑢𝑟𝑘  ≥ 0    ∀𝑟 

Notation: 

𝑢𝑟𝑘 = weight given to the rth criterion of the kth item (yrk) 

𝑦𝑟𝑘= score on k item under criterion r 

𝑙∗
𝑘= optimal performance of inventory score as received from R-model 

𝐶𝑝𝑘= the optimal cross-efficiency score for item p evaluated by item k 

Modified-ZF-Model 

 Maximization Model: 

𝑔𝐼𝑖 = 𝑚𝑎𝑥 ∑ 𝑤𝑖𝑛
𝑔

𝑁

𝑛=1

𝑌𝑖𝑛 

 𝑠. 𝑡.   (5A-8) 

∑ 𝑤𝑖𝑛
𝑔

𝑦𝑚𝑛
𝑁
𝑛=1 ≤ 1,      m=1,2,…,M 

𝑤𝑖𝑛
𝑏 − 𝑤𝑖(𝑛+1)

𝑏 ≥ 0 𝑛 = 1,2, … , (𝑛 − 1) 

𝑤𝑖𝑛
𝑔

≥   0 
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 Minimization Model: 

𝑏𝐼𝑖 = 𝑚𝑖𝑛 ∑ 𝑤𝑖𝑛
𝑏

𝑁

𝑛=1

𝑦𝑖𝑛 

 𝑠. 𝑡. (5A-9) 

∑ 𝑤𝑖𝑛
𝑏 𝑦𝑚𝑛

𝑁
𝑛=1 ≥ 1,   𝑚 = 1,2, … 𝑀 

𝑤𝑖𝑛
𝑏 − 𝑤𝑖(𝑛+1)

𝑏 ≥ 0 𝑛 = 1,2, … , (𝑛 − 1) 

𝑤𝑖𝑛
𝑏 ≥   0 
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APPENDIX B OF CHAPTER 5 
 

ABC CLASSIFICATION OF DATASET 2  
 
 

TABLE 5B-1 
 

SCORES AND CLASSIFICATION OF ITEMS IN DATASET 2 
 

  

Single criteria

Items

Lead time

 (weeks)

Annual demand

 (unit)

Average unit

 cost ($) Class Score Class Score Class Score Class Score Class Score Class

13 7 12.00 86.50 A 1.0000 A 1.0494 A 0.8517 A 0.9135 A 1 A

29 7 2.00 134.34 A 1.0000 A 1.0947 A 0.6411 A 0.9453 A 1 A

34 7 27.00 7.07 A 1.0000 A 1.0072 A 0.5000 B 0.8486 A 1 A

45 7 1.00 34.40 A 1.0000 A 1.0048 A 0.5000 B 0.8486 A 1 A

9 6 33.00 73.44 Infeasible 0.9055 B 0.8967 A 0.7632 A 0.8081 A 0.83 A

18 6 12.00 49.50 Infeasible 0.8571 B 0.8516 B 0.6423 A 0.7619 B 0.83 A

28 6 4.00 78.40 Infeasible 0.8571 B 0.8702 B 0.6114 B 0.7783 B 0.83 A

40 6 2.00 51.68 Infeasible 0.8571 B 0.8547 B 0.5301 B 0.7501 B 0.83 B

2 5 27.00 210.00 B 1.0000 A 1.0373 A 1.0000 A 0.8355 A 0.67 B

12 5 50.00 20.87 B 0.7863 B 0.7128 B 0.4466 B 0.6762 B 0.67 B

14 5 8.00 110.40 B 0.7588 B 0.7711 B 0.6080 B 0.7037 B 0.67 B

19 5 12.00 47.50 B 0.7158 B 0.6947 B 0.5246 B 0.6440 B 0.67 B

31 5 3.00 72.00 B 0.7142 Infeasible 0.7118 B 0.4621 B 0.6504 B 0.67 B

33 5 4.00 49.48 B 0.7142 Infeasible 0.6894 B 0.4496 B 0.6344 B 0.67 B

37 5 5.00 30.00 B 0.7142 Infeasible 0.6772 B 0.4093 C 0.6172 B 0.67 B

39 5 2.00 59.60 B 0.7142 Infeasible 0.6966 B 0.4268 B 0.6398 B 0.67 B

43 5 2.00 29.89 B 0.7142 Infeasible 0.6753 C 0.3617 C 0.6130 C 0.67 B

47 5 3.00 8.46 B 0.7142 Infeasible 0.6703 C 0.3209 C 0.5940 C 0.67 B

3 4 212.00 23.76 B 1.0000 A 1.0644 A 0.6345 A 0.8129 A 0.75 B

10 4 15.00 160.50 C 0.7812 B 0.7710 B 0.6965 A 0.6511 B 0.5 C

8 4 48.00 55.00 C 0.6621 C 0.5964 C 0.4761 B 0.5911 C 0.5 C

17 4 48.00 14.66 C 0.6454 C 0.5485 C 0.3065 C 0.5512 C 0.5 C

23 4 5.00 86.50 C 0.6000 C 0.5815 C 0.4126 C 0.5564 C 0.5 C

21 4 19.00 24.40 C 0.5872 C 0.5159 C 0.3093 C 0.5161 C 0.5 C

22 4 7.00 65.00 C 0.5787 C 0.5488 C 0.3955 C 0.5291 C 0.5 C

20 4 8.00 58.45 C 0.5779 C 0.5404 C 0.3977 C 0.5326 C 0.5 C

7 3 100.00 28.20 C 0.6280 C 0.5762 C 0.3509 C 0.5331 C 0.4 C

6 3 94.00 31.24 C 0.6165 C 0.5597 C 0.3502 C 0.5226 C 0.385 C

5 3 60.00 57.98 C 0.5784 C 0.5048 C 0.3882 C 0.4983 C 0.33 C

15 3 12.00 71.20 C 0.4830 C 0.4211 C 0.3280 C 0.4368 C 0.33 C

16 3 18.00 45.00 C 0.4597 C 0.3812 C 0.2733 C 0.4191 C 0.33 C

38 3 2.00 67.40 C 0.4531 C 0.3923 C 0.1927 C 0.4174 C 0.33 C

24 3 12.00 33.20 C 0.4416 C 0.3563 C 0.2310 C 0.3982 C 0.33 C

35 3 3.00 60.60 C 0.4398 C 0.3848 C 0.2196 C 0.4116 C 0.33 C

26 3 10.00 33.84 C 0.4376 C 0.3536 C 0.2298 C 0.4099 C 0.33 C

36 3 4.00 40.82 C 0.4285 C 0.3536 C 0.2020 C 0.3937 C 0.33 C

44 3 1.00 48.30 C 0.4285 C 0.3618 C 0.1420 C 0.3964 C 0.33 C

46 3 1.00 28.80 C 0.4285 C 0.3407 C 0.1420 C 0.3775 C 0.33 C

11 2 210.00 5.12 C 0.9905 A 0.8202 B 0.4940 B 0.5612 C 0.58 C

1 2 117.00 49.92 C 0.7070 C 0.5546 C 0.4123 C 0.4684 C 0.36 C

32 2 4.00 53.02 C 0.3227 C 0.2402 C 0.1123 C 0.2908 C 0.17 C

42 2 2.00 37.70 C 0.2884 C 0.2042 C 0.0542 C 0.2716 C 0.17 C

41 2 4.00 19.80 C 0.2857 C 0.1791 C 0.0525 C 0.7474 B 0.17 C

4 1 172.00 27.73 C 0.8469 B 0.5832 C 0.4041 C 0.4227 C 0.405 C

27 1 4.00 84.03 C 0.4001 C 0.2309 C 0.1242 C 0.2146 C 0.1333 C

30 1 4.00 56.00 C 0.2666 C 0.1501 C 0.0405 C 0.1815 C 0.0866 C

25 1 10.00 37.05 C 0.2019 C 0.1154 C 0.0000 C 0.1690 C 0.0666 C

Ng modelR model HV model ZF model PBB model
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APPENDIX C OF CHAPTER 5 
 

OVERALL ORDER FILL RATE OF DATASET 1 
 

 
 
 

 
 
 

 
 

0.95

0.96

0.97

0.98

0.99

1

0.001 0.005 0.01 0.05 0.1 0.2 0.3 0.4 0.5

Fi
ll 

R
at

e

Holding Cost

Standard Deviation: 2.5% of Demand

HV

New ZF

PBB

Ng

0.98

0.982

0.984

0.986

0.988

0.99

0.992

0.994

0.996

0.998

1

0.001 0.005 0.01 0.05 0.1 0.2 0.3 0.4 0.5

Standard Deviation: 1% of Demand

HV

New ZF

PBB

Ng

0.988

0.99

0.992

0.994

0.996

0.998

1

0.001 0.005 0.01 0.05 0.1 0.2 0.3 0.4 0.5

Standard Deviation: 0.5% of Demand

HV

New ZF

PBB

Ng



142 

APPENDIX C OF CHAPTER 5 (continued) 
 
 

 
 
 

 
 

Figure 5C-1.  Overall order fill rate of dataset 1 at 95%, 90%, and 85% service levels  
for class A, B, and C items, respectively 
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CHAPTER 6 
 

CONCLUSION 
 
 

This section includes an explanation of how the research questions mentioned in 

Chapter 1 were addressed, a summary of the methods used, an explanation of the relation 

between papers, and ideas for future research.  

6.1. Main Focus 

Inventory classification has been a topic of discussion in the literature. Use of multi-

criteria models in classifying inventory has gained more attention when Ramanathan (2006) 

proposed a linear optimization model that can use more than one criteria for classifying 

inventory items. This study has focused on the effect of using multi-criteria model in classifying 

inventory items. While proposing different techniques to compare these models, the focus was 

to ensure that users make more informed decisions when making a selection among models. 

The focus has also been to ensure that comparison between models is based on quantitative 

analysis that can provide measurable indicators to the users. The criteria used to compare 

models should be those that directly impact a company’s performance and revenue. Keeping 

this in mind, safety stock cost, which impacts total inventory cost, and order fill rate, which 

impacts revenue for a given period, were considered while assessing the performance of multi-

criteria models.  

Four research questions have been addressed in this dissertation. The next section 

describes how these research questions have been addressed. 
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6.2. Research Questions Addressed 

The following four research questions  were identified in the introduction in Chapter 1.  

Each has been addressed in this study as explained below. 

Research Question 1: How does the choice of a multi-criteria model impact inventory 

cost and customer service when forecast inaccuracy is present? 

Research Question 2: How is the classification of items affected when forecast 

inaccuracy is present? 

Research Question 3: How do changes in the input variables impact the performance of 

a multi-criteria model? 

Research Question 4: How can the feasibility of multi-criteria models be measured? 

Paper 3 addressed Research Question 1 in Chapter 4. In Chapter 4, a method to 

compare multi-criteria models using different levels of forecast accuracy levels in the analysis 

was proposed. It was found that model performance differs when forecast uncertainty is 

observed. A model in the presence of forecast certainty may not keep its superiority when 

forecast inaccuracy is included in the analysis. Using two datasets, it was found that the PBB 

model showed the best performance when forecast uncertainty is present. However, a certain 

forecast, the R-model, results in the best performance. This study also found that adding a 

descending ranking of weights did not improve the performance of the models. The study 

provides an important insight. In selecting a model, forecast accuracy is an important factor to 

consider. 

Paper 1 addressed Research Question 2 in Chapter 2. This paper highlighted the 

weaknesses in previous models for classifying items when criteria are differently weighted. The 
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paper proposed a linear classification model to improve classification of items. Parameters α 

and β were introduced to further ensure that criteria used in the model receive unequal 

importance. The second part of the paper showed that forecast uncertainty may change the 

classification of items. It also showed what forecast accuracy level should be maintained to 

avoid misclassification of items. 

Paper 4 addressed Research Question 3 in Chapter 5. Here it was found that inventory 

holding cost and standard deviation of demand are important considerations when a model is 

selected. Selecting a model based solely on the model results and the criteria used in the model 

may mean that the wrong model will be chosen. A cut-off analysis showing levels of inventory 

holding cost and standard deviation of demand where a given model is preferred is also 

presented. This paper also showed that there is an effect on revenue if cut-off levels are not 

taken into consideration. 

Paper 2 addressed Research Question 4 in Chapter 3. This paper introduced the concept 

of a discriminating power test. Two or more Items with identical scores must be classified into 

the same class; otherwise, classification infeasibility results. This means that a model that gives 

fewer identical scores to items will have a low probability of recommending infeasible inventory 

classifications. The classification models are tested for providing a unique aggregate score to 

each item. A probability distribution chart that gives the probability of infeasibility for a given 

number of identical scoring items in a dataset is also developed. 

6.3. Methods Used 

In paper 3, safety stock cost and order fill rate were used to determine the performance 

of each model. The model that results in the lowest safety stock cost gets the highest score on 
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the inventory performance scale, and the model that results in the highest order fill rate 

receives the highest score on the customer service scale. First, the individual performance of a 

model is calculated for each inventory and service scale. Then the individual performance is 

aggregated and referred to as the service-cost performance index (SCPI). Forecast inaccuracy is 

included in the data, and the statistical analysis, which includes ANOVA and randomized block 

design experiment, is also included. The difference in performance of the models is significant. 

In paper 1, a transition point method was introduced. A formula to calculate the 

transition points for each of the items was derived. Transition points advise when an item can 

go from one class to another at specific levels of forecast inaccuracy.  

In paper 4, the order fill rate was calculated using formulas available in the literature. 

Inventory holding and standard deviation of demand were varied to observe their effect on 

order fill rate for each model. Sensitivity analysis was performed and model results were 

compared for various values of standard deviation of demand and inventory holding cost. This 

paper shows that there is a linear trend in the performance of all models. Regression analysis 

was used to find the equation of this trend line. The equations were then used to extend the 

results to other values of holding cost and standard deviation of demand. A point when the 

highest-performing model intersects with another model was observed.  This is referred to as 

the cut-off point. After this point, the highest performing item no longer remains the highest.  

In paper 2, the ZF-model was modified using descending ranking of criteria. A linear 

optimization model was presented. Then results of the models were compared to determine if 

a classification infeasibility exists. The hypergeometric distribution was used to find the 

probability of infeasibility at different levels of identical scoring items. The probability 
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distribution plot show a relationshiup between the probability of classification infeasibility and 

the percent of identical scoring items. 

6.4. Differences and Similarities between the Four Studies 

Very first thing before comparing models for the best performance, a user will want to 

know if the original classification of items is valid or reclassification of items is needed? 

Methods described in paper 1 are effective and can be used in this case. The topic of 

classification infeasibility presented in paper 2 is a preliminary data analysis process. It advises 

the decision maker that before comparing the models’  performance, it is wise to perform an 

infeasibility test. The test will indicate which models are not suitable for further comparative 

analysis for a given.  

Once models providing feasible classifications are identified, then they can be used. A 

user will want to know which model can improve inventory performance or customer service or 

both. In this case, the methods described in paper 3 are applicable. Model results are compared 

to inventory reduction cost and customer order fill rate for different levels of forecast 

inaccuracy. The best performing model can then be selected. 

In many cases, inventory holding cost is variable. A company may keep its inventory at 

multiple locations, with different holding costs.  Similarly, the uncertainty of demand may vary 

for a specified period of time. In these cases, the comparative analysis used in paper 3 may not 

be valid. A sensitivity analysis to compare results of the models at varying levels of inventory 

holding cost and varying levels of uncertainty can be used as described in paper 4. The 

comparative analysis shows the performance of models at different levels of inventory holding 

cost the best model can then be selected. 
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6.5. Future Research 

The research reported in this dissertation could be extended by using multiple lead 

times and costs in the models. This occurs when items are purchased from multiple suppliers. 

Each supplier can have multiple lead times and costs. 

Similarly, in some companies, the shelf life of an inventory item or a product life cycle is 

short. Inventory obsolescence cost can be a good criterion used in the models. The same item 

may have different product life cycles for different customers.  

An item may have multiple revisions. Each revision may have a different demand, cost, 

and product life cycle. This complicates the inventory classification. The criteria in the model 

may be modified accordingly. 


