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Abstract. ABC inventory classification systems are widely used by business firms to streamline the
organization and management of inventories consisting of very large numbers of distinct items. In this paper,
we use machine learning (ML) techniques to perform inventory classifications. Five ML techniques are utilized
to reduce the class imbalance produced by six multi-criteria inventory classification techniques. An empirical
investigation is conducted using a classical benchmark inventory data. The effectiveness of these ML
techniques is assessed through three criteria: class distribution, accuracy and total inventory cost. We show the
reduction of class imbalance in the classification provided by ML techniques, as well as high performance
accuracy and lower inventory cost whilst still achieving the specified class distribution constraint.
Keywords: Machine learning classifier, Imbalanced data set, Inventory classification, ABC analysis.

1 Introduction
The ABC analysis is a popular and widely used technique for the inventory classification problem. Standard ABC
classification categorizes inventory items into three groups: A, B, or C based on annual dollar usage of an inventory
item in order to establish appropriate levels of control over each group. However, many enterprises have taken
seriously the task of replacing the conventional ABC classification by the multi-criteria inventory classification
(MCIC) in order to fit in with the changing circumstances. Several MCIC approaches have been introduced to take
other important criteria into consideration.
The MCIC problem was addressed by several methods in the literature among which we can cite the weighted
optimization models ([15], [13], [20], [7], [4]). Machine learning (ML) techniques were also employed to handle
the MCIC problem. Indeed, ML is converging from several sources. One of the disciplines that have contributed
to ML is artificial intelligence because ML usually performs tasks associated with artificial intelligence. One of
the most popular techniques in knowledge discovery in databases namely the association rule was applied on
inventory problems [8]. It aims at ranking items with the consideration of cross-selling effect. The artificial neural
networks (ANNs) were also used for ABC classification of stock keeping units (SKUs) in a pharmaceutical
company [14]. Two learning methods were utilized in the ANNs, namely: back propagation networks (BPNs) and
genetic algorithms. Furthermore, the ANN models were compared with the multiple discriminate analysis (MDA)
technique with two datasets. The results showed that both ANN models had higher predictive accuracy than MDA.
Furthermore, [19] addressed the inventory classification problem by three ML classification techniques: BPNs,
Support vector machines (SVMs), and the k-Nearest Neighbors (kNN) algorithm. The classification performances
were compared with the statistical techniques of MDA.
The aim of this paper is to use the classification results of six MCIC techniques (namely: AHP [16] and five
weighted optimization models proposed by [15], [20], [13], [7] and [4]) as input for five well known ML techniques
in order to examine their effectiveness in reducing the class imbalance of the MCIC classifications. We recall that
for a classification a class imbalance happens when one class is more heavily represented than the others. The
investigation is based on the inventory data provided in [6] which consist of 47 inventory items. Three criteria,
namely: the average unit cost, the annual dollar usage and the lead-time, are used in the MCIC methods.
The rest of this paper is organized as follows. Section 2 reviews ML classification techniques considered in this
paper. Section 3 provides the evaluation measures considered for assessing the performance of ML classification
techniques. We introduce in Section 4 our proposed algorithm to handle class imbalanced problem. The utility of
the proposed solution is empirically assessed in Section 5. The paper concludes in Section 6 with a summary of
the findings and directions for future research.

2 Research Background
Classification is considered as one of the most commonly applied supervised ML techniques. It aims to arrange
data into predefined groups then make predictions about future instances. Several ML techniques are available in
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literature. In this paper, we utilize five well-known ML techniques: Decision trees (DTs), Naive Bayesian
Networks (NBNs), ANNs, SVMs and kNN algorithm which have been applied successfully to solve problems in
numerous fields. It is worth mentioning that the last three techniques were applied for inventory classification in
[19]. Whereas, to the best of our knowledge, DTs and NBNs weren't used before to address an inventory
classification problem. A brief background description on these techniques is provided below.
 Decision Trees: DT is a data structure used as a model for classification. It is one of the simplest forms of
supervised ML techniques. Moreover, it is a recursive method based on the old concept `divide to reign' in order
to create more pure sub-groups. DT algorithm recursively partitions the data records until all the data items are
assigned to classes. At each node of the tree, a decision of the best split is made using different splitting measures
such as Gini index, information gain or gain ratio.
 Naive Bayesian Networks: NBNs is a special case of Bayesian networks which are formed of directed acyclic
graphs with only one parent representing the class node and other observed children nodes. The NB classifier is a
simple probabilistic classifier based on applying Bayes' Theorem but with is fundamentally based on the strong
assumption of independence among child nodes or features given the context of their parent. Naïve Bayes approach
has been widely used for clustering and classification of various problems.
 k-Nearest Neighbours: The kNN is a non-parametric and an instance based ML technique for classifying
observations. The principle of kNN classification is that similar instances will generally exist in close proximity
to each other because they share similar properties. Thus, in order to assign a class label to a newly introduced
item, the kNN classifier begins first by identifying a certain number of nearest instances to the concerned item
according to some similarity measure and then determining its class by locating the majority class label in the set
of these nearest neighbors.
 Support Vector Machines: SVMs granted a considerable interest in the community of ML due to their ability
to generalize in several learning problems. SVMs are built around the concept of the margin resulting from the
separation of two data classes by a hyperplane. The main idea behind the SVMs is to identify the separating
hyperplane that minimizes an upper bound on the expected generalization error while maximizing the margin.
Thereby, the hyperplane should maximize the separation between classes and generate the largest distance between
it and the closest instances on either side.
 Artificial Neural Network: Inspired by the biological nervous systems of the human brain, the ANNs are
mathematical based models capable of learning and generalizing from experience. A typical feed-forward network
is composed of several of layers of interconnected neurons or nodes; an input layer, an output layer and a hidden
layer. Raw information is introduced to the network via the input nodes then the input data are weighted by the
connections between the input and hidden layer. Hidden layer nodes are simultaneously fed of weighted signals
from input nodes. Each node processes these signals through an activation or transfer function and produces a
transformed output signal to other nodes or external outputs. Then, the output nodes project the sum of incoming
weighted signals on the transfer function.

3 Performance evaluation of the ML classifiers
In order to study the effectiveness of ML classification techniques in the inventory context, the performance of the
classifiers' results should be estimated through appropriate measures.
3.1 Accuracy
Evaluation measures play a crucial role in assessing the classification performance. Generally, accuracy is used to
measure the performance of ML classification techniques. Evaluation is based on the counts of test instances
correctly and incorrectly predicted by the classifier. This performance metric is defined as follows:
�������� � �����������������������������⁄���������������������������

In order to get more reliable results and to use the data in much more efficient way, the accuracy is computed using
3-fold cross validation. In 3-fold cross validation, the inventory data are randomly partitioned into three mutually
exclusive and exhaustive sets or folds of equal size. Then, the classifier is executed three times. Each time, one
fold is held-out for validation, and the model is trained on the union of all the remaining two folds. Therefore, each
SKU is introduced in a test set exactly once, and introduced in a training set two times. The average accuracy of
each subset is therefore an estimate of the classifier accuracy. Depending on the accuracy criterion, a model is
considered as performing if it reaches high accuracy.
Noting that to our best knowledge ([19], [9]) is the only work that employed ML classification techniques to handle
inventory management classification. Besides, the evaluation of the classification results was performed based on
the accuracy metrics.
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3.2 Cost evaluation
The performance of some inventory classification methods has been empirically investigated in [1] and [17]. In
this work, a new cost based performance measure was proposed in order to address the lack of valid assessment
metrics aiming at effectively measure the performance of different techniques. Therefore, the comparison between
different inventory classifiers may be possible and meaningful. In order to explain the procedure of the cost
calculation, we introduce the following notation:
��� : Class of item i provided by the MCIC model
�
�� : Class of item i provided by the ML technique j
���� : Inventory cost of item i based on the classification of the MCIC model
�
��� : Inventory cost of item i based on the jth ML classification
��� � Total inventory cost of the classification provided by the MCIC model
��� � : Total inventory cost of the classification provided by the jth ML classification

In this paper, as in [1] we consider the safety stock cost in order to compare the inventory cost performance of the
classification techniques. Once the inventory cost of each item is computed, the total inventory cost is the sum of
all the sub costs. Equations (1) and (2) represent the total inventory cost of the original classification provided by
the benchmark models and the classifications provided by ML classifiers respectively.
��� � � ∑���� ����

and

�

��� � � ∑���� ���

4 Adaptive ML classifiers for inventory classification problem
The most powerful feature of ML algorithms is their potential to gain the ability to perform important tasks by
generalizing from examples. Despite the great number of areas investigated by ML, as to the best of our knowledge,
inventory management classification field was explored only by [19]. Therefore, developing successful ML
applications in this field requires to deal with the specific imbalanced class distribution characteristic of inventory
management data.
4.1 Imbalanced data set problem
The problem of learning from imbalanced or skewed data sets occurs when one class is more heavily represented
than the other. Recently, ML community acknowledged that the current learning methods perform poorly in
applications dealing with imbalanced data sets [18]. It is due to the fact that when classifying data with biased
class distribution, the standard ML algorithm has a predilection to learn simply to predict the majority class by
assuming balanced class distribution or equal misclassification cost. The ML community has given a great
attention to the skewed data set problem and there have been several proposals for coping with this issue ([11],
[2]). Several solutions to the class imbalance problem have been proposed at both data level and algorithm level.
 Data level methods for handling imbalance: Typically, to deal with imbalanced data at the data level, the
existing approaches attempt to establish balanced data distribution through various techniques of over-sampling
and down-sampling. The over-sampling of the minority class consists in duplicating the existing examples or
generating additional examples of the under-represented class to match the size of the majority class. Contrary,
the down-sampling of the majority class is performed by removing examples. Another way to handle the
imbalanced data distribution is to combine both mentioned methods [2]. It is important to mention that most of the
techniques are focused on improving the minority class prediction due to its relatively higher importance in many
applications.
Addressing the imbalanced class distribution problem by processing the data through sampling methods has known
disadvantages. The first disadvantage with over-sampling is the increase of the training size without any gain in
information and will obviously increase the time necessary to learn the classifier. The second disadvantage of oversampling lies in the increase of the likelihood of occurring over-fitting because of replicating the exact same
examples. In the other hand, the main disadvantage with down-sampling is the discarding of potentially useful
data which may lead to loss of information [18].
 Algorithm level methods for handling imbalance: Changing the class distribution is not the only way to
improve classifier performance when learning from imbalanced data sets. A second approach is to adapted existing
algorithms and techniques to the particular characteristics of the unequal class distribution of data sets. Adjusting
algorithm can be performed through cost-sensitive learning [10] or one-class learning [3]. However, both of them
are limited to solve some kinds of applications.
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Cost-sensitive learning takes the misclassification costs into consideration and treats the different
misclassifications with unequal error cost. Therefore, a cost matrix is needed for different types of errors that may
occur during classification. Then, class penalty is given depending on the defined cost. The main idea behind this
type of learning is to train a cost sensitive classifier with the misclassification cost of the minority class greater
than that of the majority class.
It should be mentioned that most research on imbalanced data sets has traditionally focused on two-class problems.
However, this is not the only scenario where the class imbalance problem prevails. In the case of multi-class data
sets, it is much more difficult to distinguish the majority and minority classes. For instance, one class A can be
majority with respect to class B, but minority with respect to another class C. In order to deal with this issue, multiclass problem with imbalanced data can be transformed into a sets of binary classification problems and then
conventional two-class learning methods can be applied. However, [21] have shown that some two-class
techniques are often not so effective when being applied to multi-class problems directly. Only few works directly
addressed the imbalance multi-class problem.
It was observed that in inventory management, datasets are inevitably and intentionally imbalanced. In inventory
management classifications, this imbalance is a deliberate property of inventory data. The proportions of each class
is intentionally fixed by the manager so that class A contains less inventory items than class B, and similarly for
inventory items classified in class B with respect to those classified in class C. From the inventory management
point of view, this distribution of data input must be maintained in the output classification which is in clear
contradiction with the principles of ML learners. Indeed, standard ML classifiers made no restriction on the number
of SKUs in each class provided by the classifier output. Accordingly, when tested with such intricate imbalanced
data sets, these ML algorithms fail to properly depict the distributive characteristics of the inventory data and
resultantly provide unfavorable accuracy across the classes of the data. Therefore, the existing solutions including
changing the class distribution and adapting standard learners to the particular characteristic of inventory data are
ineffective and useless in such peculiar context. Considering this fact, the best research strategy is to concentrate
on how ML algorithms can deal most effectively with this particular data feature. Thus, the research must focus in
developing new learning methods using standard ML classifiers while preserving the distributive characteristics
of the inventory data in the input as well as in the output of the classification. In this work, we propose a solution
to class imbalance problem for the inventory classification not at the data level but at the algorithm level which
does not affect the algorithm itself, but use it within a new learning procedure. The steps of the proposed algorithm
is detailed in Section 4.2.
4.2 Proposed algorithm
The different steps of the proposed algorithm are detailed in Algorithm 1. In order to understand the functioning
of the algorithm, we need to introduce the following notations:

���� : Stock keeping unit i
�� : MCIC of ���� (Input for ML classifier)
��� : ML classification of ����
���� : Common classification of ���� MCIC model and ML classifier
��∗ : Adjusted ML classification of ����
�� : Score of ���� provided by the MCIC model
�̅� ��� �̅ : The ���� sets of class A, class B and class C respectively
�� � �� � �� : Centers of �̅� ��� �̅ sets respectively
��� � ��� � ��� : Score variation between ���� and �� � �� � �� respectively

Firstly, the algorithm starts by determining the inventory items which were classified in the same class by both
� � �̅ . If
techniques (MCIC and ML). Secondly, each one of these SKUs will be assigned in its respective class, �̅� �
class A, B or C is empty, we proceed to elect a representative SKU in each class. That means, for class A and class
C, we choose the inventory item with the highest and the lowest score respectively. Regarding class B, the elected
SKU is that of which the gap between its score and the average score of all the B SKUs is minimal. Then we
proceed to the classification of the remaining SKUs. We begin by computing the center of each inventory class
(�� � �� � �� ) which is the average sum of its newly assigned items. Then, we calculate for each SKU the variation
value between the benchmark technique score Si and the center of each class �� � �� � �� denoted as ��� � ��� � ��� .
Finally, the SKU is assigned to the nearest class, i.e. the class of which the variation between its center and the
score of the SKU is the minimum among the variation between the score of the same SKU and the centers of the
other inventory classes. This process is repeated until the final classification is stable; i.e. the resulting
classification does not change for two successive iterations.
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4.3 Illustrative example
In order to better understand the ML classification adjustment process which is proposed to provide the closest
class distribution to the target distribution, we introduce an illustrative example as shown in Table 1.
Table 1: Input data, intermediate results and output classification of Algorithm 1

The data used in this example contain 16 items. Based on a set of scores, these items has been classified by a MCIC
model (R model) into three classes: 3 A-class items, 5 B-class items and 8 C-class items. This classification is
denoted as (C). Additionally, the same data associated with (C) has been processed by the ML classifier (DT) so
to provide another classification (C') which adopts a different distribution of items in the three classes. Classes A,
B and C contains 4, 7 and 5 items respectively. The main issue here is to adjust (C') in order to get as close as the
distribution of items in (C). That does not mean that the adjustment assured by Algorithm 1 aims to generate the
same classification of (C). The input data, the intermediate results and the output classification are presented in
Table 1.
The fifth column in Table 1 depicts the common classification generated in Step 1 of Algorithm 1. Step 2 consists
� � �̅ so that ��̅ ={7, 11}, ��� ={3, 12} and ��̅ ={10, 14, 16}. Consequently, the centers of
then in initializing �̅� �
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the three groups are OA=0.92, OB=0.76 and OC=0.25. In the first iteration, Algorithm 1 computes distance values
di between the score of each item and �� � �� � �� . These values are represented in Bold in Table 2. The assignment
of each item to its appropriate class (C*1) is performed according to the minimum di. As a result, �̅� ={7, 11, 1},
��� ={3, 12, 2, 6, 8, 13} and ��̅ ={10, 14, 16, 4, 5, 9, 15}. Based on ��∗ , in the second iteration new centers are
�� ={3, 12, 2,
calculated: OA=0.95, OB=0.71 and OC=0.33. ��∗ is similarly generated as for ��∗ and �̅� ={7, 11, 1}, �
6, 8} and ��̅ ={10, 14, 16, 4, 5, 9, 13, 15}. At the end of iteration 2, the new centers are OA=0.95, OB=0.75 and
OC=0.35. Likewise, iteration 3 ends by providing ��∗ which is identical to ��∗ . Therefore, Algorithm 1 stops and
takes ��∗ as the adjusted classification � ∗ .
Table 2: Minimum distance values and adjusted classification in each iteration

5 Experiment results
In our study, the considered ML classifiers are implemented, specifically: DT, NB, KNN, SVM and ANN
classification techniques. The utilized inventory management data is provided in [6]. We conducted this study
using three criteria namely average unit cost, annual dollar usage and lead-time. Each SKU can be categorized into
three groups A, B, or C. Firstly, the ML classifiers are applied on the outputs of our weighted techniques which
are AHP and the weighted optimization models namely R, ZF, Ng, H and Peer. Then, the resulting classifications
are introduced to our algorithm in order to improve the performance of ML classifiers.
For our particular problem, KNN uses the Euclidean distance as a similarity measure to compute distance between
items. The neighborhood parameter k is fixed to 3 as suggested by [12]. The studied ML classifiers were then
implemented using MATLAB. In order to assess the empirical performance of our studied classification
techniques, we considered three assessment measures which are class distribution, accuracy and total inventory
cost.
5.1 Class distribution
The class distribution adopted by the MCIC techniques is as follows: class A, class B and class C hold respectively
20%, 30% and 50% of the SKUs. Table 3 presents the resulting class distribution of the SKUs after performing
inventory classifications using ML classifiers and their adjusted versions.
Table 3: Class distribution of standard ML and adjusted ML classifications

From Table 3, we observe that the class distribution provided by the adjusted classifiers is closer to the required
distribution than that of the original classifiers. The fact that the class distribution results do not match the
distribution imposed by benchmark models doesn't constitute a handicap for ML techniques. In fact, the resulting
classifications comply completely with the principle of the ABC classification because the number of SKUs in
each inventory class is flexible. It is widely recognized that in most companies, a relatively small percentage (5%20%) of all items account for a relatively large percentage (55%-65%) of all sales. These are called type A items.
Further, there is a middle class of items consisting of 20%-30% of all items that account for 20%-40% of all sales
and there are type C items consisting of 50%-75% of all items and accounting for only 5%-25% of all sales [5].
Based on Table 3, the adjusted classifications cannot reach the required exact values but the adjustment helps
preserving the differential relationship between classes that is expressed by the size of each class. For instance,
class distribution generated by KNN with R, ZF, Ng models, DT with Peer model, NB with R model, doesn't
comply with the principle of the ABC analysis. Typically, class A is the most valuable. It holds high value items
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but counts for a small percentage of the total number of items. Contrary to the least important class, class C holds
the highest amount of SKUs but accounting for a small share of the overall inventory value. Class B is situated
between these two extremes. However, this fundamental principle is not respected in the classifications provided
by the cited models. Unlike, we can see that this issue is corrected in the classifications provided by the same
classifiers after adjustment.
5.2 Accuracy
In order to deepen the empirical evaluation, we measure the accuracy of all the studied models used to predict the
inventory classification. The obtained results are given in Table 4. As mentioned in Section 4, although accuracy
is the best known and most used measure for estimating the performance of ML classifiers, it is no longer an
appropriate measure with class imbalance data. However, after processing standard ML classifications by
Algorithm 1 and therefore eliminating the data imbalance problem, it becomes useful to assess classifiers based
on their accuracy values. Based on Table 4, it is clearly noticeable that the accuracy values of adjusted
classifications are significantly improved. The prediction performance of the five classification techniques is
remarkably different. On the same input, DT, NB and ANN present the highest accuracy values ranging from 91%
to 100%. KNN takes next position because the accuracy results are quite high as those of the previous classifiers
except for the prediction of ZF, Ng and Peer results. The lowest ranked classification technique is SVM. We also
observe that ML techniques perform differently depending on the MCIC model. For instance, the classification
accuracies of all the studied techniques when applied on R and H inputs are above 91%.
We should highlight the fact that a good accuracy does not systematically mean a good class distribution. Taking
for example DT and DT* based on R model. As shown in Table 4, accuracy values of DT and DT* are 83% and
94% respectively. Whereas, we observe from Table 3 that the class distribution of DT is closer than that of DT* to
the target distribution.
Table 4: Classification accuracy of standard ML and adjusted ML classifiers

5.3 Total inventory cost
In addition to the previous assessment measures, we carry out a cost based analysis [1]. In order to calculate the
total inventory cost we need to consider some assumptions. Inventory holding cost is assumed to be 10% of the
item average cost. Also the demand is calculated by dividing annual dollar usage with the average item cost.
Table 5: Inventory cost of classifications provided by MCIC models, standard ML classifiers and adjusted ML classifiers

Table 5 summarizes the obtained inventory costs. We can see through this table that in 25 cases out of 30 the
inventory costs generated by the adjusted ML classifications are lower than that of the input classification of the
MCIC models. It is the opposite in only 3 cases out of 30. Furthermore, other than the fact that the adjusted
classifications present better performance in terms of accuracy than that of the standard classifiers, they also
provide the lowest costs in many instances. Taking for example the case of DT with the Ng classification. The
�� ∗ classification reaches 94% of accuracy and provides a total inventory cost equal 980 while the standard DT
classification achieves a low accuracy performance estimated as 66\% with relatively high total inventory cost
equals to 1034. Similarly, when comparing the adjusted classification cost with respect to the original cost of the
MCIC inventory classifications we can make the same comment. To illustrate this point, we note the inventory
costs generated by AHP model is equal to 1014, while cost of its �� ∗ version is 986.
Results depicted in Table 5 show that many resulting classification can provide the same accuracy value but
different inventory costs. For example the performance accuracy of �� ∗ and ��� ∗ with AHP is equal to 98%
however the inventory classification cost of ��� ∗ is estimated as 996 while that of �� ∗ equals 1016. This is due
to the fact that each classifier generates different class distribution but the same number of dissimilarities with the
classification given by MCIC model. In this particular case, the distributions of SKUs in class A, B and C provided
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by �� ∗ and ��� ∗ are 21%, 32%, 47% and 19%, 32%, 49%, in that order. Given this conditions, it is obvious
that ��� ∗ would be preferable than �� ∗ . Likewise, the same inventory cost can be achieved by two
classifications with different class distributions. �� ∗ and ��� ∗ with the R model illustrate this idea. Therefore,
the suitable classification should be the one of which the class distribution is the closest to that adopted by MCIC
models.

6 Conclusion
In this work, we have addressed the class imbalanced problem that arises in inventory classification by proposing
a new algorithm aiming at adapting ML classifiers to the particular characteristic of inventory data. Empirical
evaluation study was carried out based on three performance measures which are class distribution, accuracy and
total inventory cost. The results showed significant improvement of the ML classifiers performance. It was
demonstrated that the adjusted classifications present better performance in terms of accuracy than that of the
standard classifiers, while providing the lowest costs in many instances. Furthermore, we conducted a detailed
discussion through which we could identify different scenarios relative to the relationship between the three
evaluation measures. For instance, we found that a good accuracy does not systematically mean a good class
distribution and the same accuracy values can be associated with different inventory costs.
We believe that the use of this technique can enhance the effectiveness of inventory management since the adjusted
ML techniques provide lower inventory cost with high accuracy percentage with respect to the input classification.
Experimentations with other large data sets would be an interesting avenue for further work.
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