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ABSTRACT: Nowadays, the variety and complexity of products, particularly electronicproducts are so high that 
most users prefer to consult an expert before making a purchase. Thus, an attempt was made to design a system that 
notifies the user of some important aspects of the commodity. In the proposed approach, with the help of data 
mining algorithms, an attempt is made to explore the relationships between diverse attributes of the product and 
save the resulting rules to be utilized in the system. The system attempts at notifying the user and leads him/her to 
a better purchase by revealing these rules.  
By observing these principles, the user reconsiders his/her choice and repeats the search process. This continues 
until the user is assured that the requested product has exactly the same attributes. After this stage, from the 
attributes of the product that the user has requested and related attributes that have been discovered as association 
rules, a structure will be created as “Relation graph”, then “utility graph” is dynamically created for the user and 
by using the Analytic Hierarchy Process (AHP) with a few changes, Finally the most suitable and profitable 
commodities are suggested for the purchase. 
 

KEYWORDS: Analytic Hierarchy Process; Multi attribute search; Product search;Multi-Criteriarecommender 
systems. 
 

1 INTRODUCTION 

One of the most important demands of customers in e-commerce is to find the right product in terms of their 
needs, quality and the price. Hence, a tool to help the user to find appropriate goods is very important.  

What the user needs most is to know what each attribute of the product is and what effect it has on other 
attributes and whether there is a product that can meet all of their requirements. 

One way to solve this problem is to use probabilities. In that sense, when several conflicting attributes are 
given as input, the product that has a greater number of attributes or is more probable to meet the user's 
expectations can be suggested. The problem with this approach is the user's unawareness of the “confliction”. 

In the proposed approach, the user is directed toward a product that provides him/her with the most 
satisfaction and benefit. Thus, through the discovery of rules among the attributes of products and storing them, 
the user becomes aware of these hidden relationships among attributes of products and can reconsider the 
attributes if deemed necessary. With these rules, the “utility graph” is then dynamically created for the user and 
according to that, the product that provides the user with the most benefits and is more likely to be purchased is 
identified and suggested. 

In fact, the proposed system guides the user and somehow plays the role of an "advisor” in purchasing 
goods. 

 
 

2 Background 

 
In some systems, users can explicitly provide their general preferences on the multi-attribute content of 

items that can be used by various searching and filtering techniques to find the most relevant items [2]. In some 
recent researches, implicit features are also included.  

For example, [3] is a system which suggests hotels that are personalized and tailored for the given user. The 
system employs natural language processing and topic modeling techniques to assess the sentiment of the users’ 
reviews and extract implicit features. The entire recommender engine contains multiple sub-systems, namely 
users clustering, matrix factorization module, and the hybrid recommender system. Each sub-system 
contributes to the final composite set of recommendations through covering a specific aspect of the problem. 
Another example is [4], which presents a novel multi-criteria recommendation, based on the idea of clustering 
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users in “preference lattices” according to their criteria preferences and overall ratings of items are used for 
prediction. 

[5] and [6] can also be classified into a new category in which features are retrieved rather than user 
preferences. [5], uses a fuzzy-based similarity metric to retrieve relevant products/services and their associated 
information from the product taxonomy file. [6], combine collaborating filtering and taxonomy of products and 
present a taxonomy-aware denoising autoencoder based model which incorporates taxonomy-aware side 
information into denoising autoencoder based recommendation models. 

Some case-based recommender systems [7, 8] allow users to “critique” the recommendation results by 
refining their requirements as part of the interactive and iterative recommendation process, which uses various 
search and filtering techniques to continuously provide the user with the updated set of recommendations [2]. 

According to [9], these systems are divided into three major types: Natural conversational critiques systems, 
System-suggested critiquing systems and User-initiated critiquing systems. Some recent works are also a 
hybrid of these three types. For instance, [10] motivates a model in which consumers learn (update) their 
preference weights. When consumers learn preference weights, it may not be optimal to recommend the 
product with the highest option value, as in most search models, or the product most likely to be chosen, as in 
traditional recommendation systems.Dzyabura and Hauser in [10] believe that recommendations are improved 
if consumers are encouraged to search products with diverse attribute levels, products that are undervalued, or 
products for which recommendation-system priors differ from consumers’ priors. 

Among new System-suggested critiquing systems, we can mention [11], in which we learn the user 
expectations by different learning-to-rank methods. These methods include Pointwise Ranking, Pairwise 
Ranking and Listwise Ranking. Yong have applied utility-based methods to multi-criteria recommendations. 

Another example of the hybrid solutions is [12], which proposes an approach that extends in 
experience-based critiquing (EBC), an effort to improve its efficiency over both standard critiquing and 
incremental critiquing. 

 
Multi-criteria ratings 

According to [2], some researches tried to design a total order on items and obtained a single global optimal 
solution for each user, whereas others took one of the possible partial orders of the items and found multiple 
(Pareto optimal) solutions. For example, the approach by FrancescoLolliet al. [13] could fall into the second 
category. ItStarts from a linear optimisation model aimed at searching for the most discriminating vector of 
weights, three quadratic variants are proposed subsequently to overcome the issues arising from the linear 
model. An iterative quadratic optimisation model is proposed to fit the real setting in which the application 
should operate, where the eliciting procedure must be launched iteratively and converge over time to the vector 
of weights. Finally, three experiments are performed to confirm the effectiveness and the differences between 
the proposed models. Another model [14], which is called “Bayesian probabilistic tensor factorization for 
multicriteria (BPTF-MC),” predicts the overall rating and the rating from each viewpoint simultaneously.It 
does this by using multicriteria latent features as additional factors. Manouselis and Costopoulou [15] propose 
a method that calculates total utility U either by summing the k predicted partial utilities on each criterion (Uc) 
or by weighting the predicted ratings that the user would give on each criterion c by the user’s importance 
weights (Wc). 

Based on a new categorization method [16], Multi-criteria recommendation techniques can be classified by 
their utility function into two categories: memory-based and model-based techniques. In memory-based 
techniques, the similarity can be computed from the multi-criteria ratings in two ways: the first approach 
aggregates traditional similarities values that are calculated separately on each criterion into a single similarity 
using one of the following aggregation methods (average [17], worst-case [17], and weighted sum of individual 
similarities [18]). The second approach calculates the distance between multi-criteria ratings directly using 
multidimensional distance metrics (Euclidean, Manhattan, and Chebyshev distance metrics) [17]. Model-based 
approaches build a predictive model in order to predict unknown ratings, such as the 
Aggregation-function-based approach [17] coming from the assumption that an item’s overall rating is not 
independent of other ratings but, rather, there exists a relation between the overall rating and the multi-criteria 
ratings; Probabilistic Modeling [19], Support Vector Regression (SVR) [20], Multilinear Singular Value 
Decomposition (MSVD) [21], and Genetic Algorithm (GA) [22]. 

One solution for rating (can be categorized as the first approach mentioned abow), is using AHP which is 
used in this paper. AHP was proposed by Saaty (1977, 1980) to model the subjective decision-making 
processes based on multiple attributes in a hierarchical system [23]. The first level indicates the goal for the 
specific decision problem which is “buy or not” in our field. For example, in [24] to recommend a product 
while considering it as multi criteria, a hierarchical structure is used which can meet “and”/“or” conditions. 
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The main focus of our study is edges between nodes in the criteria tree that are not based on the include 
relationship like [24] but based on effect. However, our edges can also have the include relationship and the 
solution is the same. 

3 Description of the Proposed System 

 
The architecture of our system is shown in Figure 1. As it can be seen, the system consists of two 

components, each component presented in details as follows: 
- Discovering the relationships1 between the attributes of a product and creating the “relation graph”. 

- Creating the customer “utility graph” and comparing each item with it and selecting the best and most 
profitable goods.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. System architecture 
An attempt is initially made to explore the relationships between different attributes of a product and save 

the result which would be utilized in the system. Thus, by presenting these results to the user, the system 
attempts to notify the user to make a better purchase. These relationships can be recorded in the system by an 
expert or be done with the help of data mining algorithms. However, a product’s variety of attributes should be 
considered in advance. Initially, we examine the variety of attributes of a typical product, a washing machine:  

- Numerical and quantitative attributes such as price and users’ rating. 
- Grouped or non-ordinal attributes such as company, color, country of production. 
- Grouped-ordinal attributes such as energy consumption category. 

3.1 Declarations 

In accordance with any of attribute types, a method must be presented to calculate the relationships between 
attributes. In order to discover these relationships, a hybrid method was used [25]. These relationships actually 
consist of "association rules"([26]) plus hierarchical relationships or sub-relationships that will be exemplified 
later. 

To increase the precision and accuracy of the discovered rules, revisions on rules are made with the 
supervision of an expert (an expert can add rules that are correct and uncovered in data mining due to lack of 
information), these rules must be stored in an ontology or graph. Figure 2 illustrates an example of this graph. 

 

 

 
                                                             
1
These relationships are introduced in detail in "Declarations" section. 

DB 
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System 

Relation Graph 

Utility Graph 

Data mining 

User 



JOURNAL OF CRITICAL REVIEWS 

ISSN- 2394-5125 VOL 08, ISSUE 02, 2021 

 
 

 

1105 

 

 

 

 

 
 

 

 

 

 

 

 

 

 
 
 
 

Figure 2.An example of relation graph between product attributions 

The relation graph is defined as below: 

G = (V, E) 

E = {E1∪ E2 ∪ E3} 

V: {attributes of a product ∪ (possible values of an attribute | V is a non-quantitative attribute)} 

E1: {dotted line between two nodes} 

E2: {dotted line between an edge and a node} 

E3: {solid line} 

|E|: number of discovered rules or relationships 

|V|: number of attributes or their offspring which are connected to the edges or rules. 

In figure 2, possible values of an attribute can be added to the graph only if it is a non-quantitative attribute 
like “Made-In” or “color”. 

The dotted lines indicate the impact of an attribute on the others (association rules). 

The solid lines represent the relationship between “parent” and “child” or “composed of”. For example, 
“security” is an attribute and “air bag” is its child. 

In addition, in this graph, one edge may impact an attribute, meaning that the change is from one attribute or 
amount to another. For example, if the user chooses value 2 of attribute 5 instead of value 1 of the same 
attribute, attribute 3 increases by 20%. 

So, in relation graph we have three types of edges: 

The solid edge represents the parent and child hierarchical relationship (like consumption which consists of 
water, electricity, etc.) or an attribute with its possible values (like color which could be white, black, … based 
on our data) we call this kind of edge as "Hierarchical edge". 

The dotted edge that connects the two nodes indicates the impact of a numerical (or non-numerical) 
attribute on another (like the clothing capacity which impacts the price at the rate of 1.2) we call this edge 
"Association edge". 

The dotted edge that connects an edge with a node indicates the impact of changing the value of an attribute 
on another (like price change, if the color changes from white to silver) we call this edge "Transition effect 

edge". 

3.2 Creating product utility graph for the customer 
So far, we have come to the conclusion that the user or customer demands his or her requested item along 

with one or more desirable attributes. After extracting these attributes from user queries, it is time to guide the 

Value 2 of Att 5 

Value 1 of Att 5 

Value 1 of Att 

2 

Attribute 5 
Attribute 1 

Attribute 3 
Attribute 2 
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user. That is, by searching in the relation graph of a product, we must see whether the demanded attribute has 
influenced other attributes or not, and if it has, inform him/her of this relationship. To achieve this goal, we 
refer to the relation graph, find the user-specific attributes, and search for the edges. By finding Association 

edge and Transition effect edge and then presenting them to the user, he/she may reconsider his/her search, or 
disregard it. This process continues until the customer is certain of his/her considered attributes and without 
looking back to modify the inquiry, he/she looks for the product. At this moment, according to the user's 
demanded attributes and the relation graph, our system enters the next phase and seeks to find the most suitable 
and profitable product for the customer. In the following phase, finding the suitable product for the costumer 
turns to a decision-making issue with multi attributes or the Multi Attributes Utility Theory (MAUT) [27]. 

Similar to [24], we consider the benefit or score of each item or attribute as below: 

(Here, ∑ 𝑊𝑖𝑛𝑖=1 does not need to be 1.) 

U(X) = ∑ 𝑊𝑖  × 𝑈𝑖(𝑋𝑖)𝑛𝑖=1  
Wi is the weight of the significance of theith attributefor the userand Xiis the scoreof the ith attribute that 

would be defining in the following. 
Scoring method 

In this section, we want to describe our method for scoring each node and finally each product. Initially, the 
utility graph is constructed based on the relation graph between the product attributes (figure 2). 

AS it was mentioned, in figure 2, we have three types of edges. In constructing our suggested utility graph, 
the first and second edges are easily used, but the third edge is slightly transformed to the second edge and then 
used. 

Thus, in constructing the utility graph, the intended user attributes are considered, and all the offspring 
attributes (nodes having type Hierarchical edge in figure 2) are scaled to the last level (the level that there are 
no input edges to the nodes anymore.). Then, we include other attributes that impact the user-specific attributes 
(nodes having type Association edge in figure 2) and scale them to the last level. The user-specific 
attributesalong with all scaled attributes are added to the utility graph. 

We add the entire scaled path along with the attributes in between to the utility graph (along with the impact 
rate of that attribute). If the sum of these rates is not 1, no problem occurs because normalization takes place. 

To convert a third type edge to a second type, the following is applied. As it is known, the third type edge is 
as follows: 𝐴 → 𝐵 ⇒ 𝐶 → 𝑥𝐶 

 This means that by changing the attribute A to B (They are children or values of another attribute, having 
type Hierarchical edge in Fig. 2), the attribute C changes with the rate of x. Based on "Propositional Logic", 
equation above is equivalent to: 𝐵 → 𝑥𝐶 

Thus, one of the attributes is eliminated and the other attributes are relatively solved. 
The equation above, similar to the second type edge (Association edge), is as follows: 𝐵 𝑥→𝐶 
The equation above means attribute B will change value of attribute C with the rate of x. Note that if the 

new rule already existed in our discovered rules, we would no longer add it.  
Regarding the price attribute, we consider two subsets or nodes that are called "value" and "real price". The 

subset of the value or usefulness of the attributes found in the database impacts the value of the products 
(potential price), and the real price is the same as the actual price of the product (real value in database), and the 
goal is in fact to introduce a product whose potential price is high compared to its real price. 

At this stage, our graph has been completely constructed, thus, we have to choose a method to score nodes. 
As stated above, the AHP uses the weighted average (existing in MAUT) to score nodes. The proposed method 
is useful for general scoring of nodes, but in scoring, other issues should also be considered such as nodes in 
which the sum of weights of their subset or children edges is less than one or negative. 

Initially, we consider two modes for the nodes: 
1. Nodes in which a greater value is desirable, such as power. 
2. Nodes in which less value is desirable, such as energy or fuel consumption. 
 
The first group of nodes is abbreviated as HVHD2, and the second group of nodes, LVHD3. 

                                                             
2 Higher Value Higher Desirable 
3 Low Value Higher Desirable 
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For both groups, we initially find set of entries which it’s absolute value of weights among all subsets of 
entries, is maximum and call it “MaxW”. Therefore, according to the relation below, we calculate the score of 
each node or attribute i for the product j: 

First situation: if attributeiis a Grouped or non-ordinalone (like “red” as a color): 𝑆𝑐𝑜𝑟𝑒𝑖𝑗 = 1, If product j has the attribute i and 𝑆𝑐𝑜𝑟𝑒𝑖𝑗 = 0, If product j doesn’t have attribute i. 
Second situation:Assume “n” is number of products of the same type. Letbe thevalue of attribute i of 

product j: 𝑆𝑐𝑜𝑟𝑒𝑖𝑗  = 
𝑉𝑖𝑗𝑀𝑎𝑥(|𝑉𝑖𝑘|)  𝑘=1 𝑡𝑜 𝑛 

In the above formula, if “i” is a LVHD attribute, multiply Score by -1. If the user has specified the desired 
value, Max Vik would be desired value, and whenever Score ij is more than 1, we use 1 instead.  

If attribute “i” was not numeric and was Grouped-ordinal (type 3), we use the level instead of the value 
(according to the scoring function). 

Third situation: If productjdoes not have a value in the database for attributei. 𝑆𝑐𝑜𝑟𝑒𝑖𝑗 = ∑ (𝑆𝑐𝑜𝑟𝑒𝑘𝑗 ∗ 𝑊𝑘𝑖)𝑘=𝑑𝑘=1∑ (𝑀𝑎𝑥(|𝑘=𝑑𝑘=1 𝑆𝑐𝑜𝑟𝑒𝑘𝑗|) ∗𝑊𝑘𝑖)𝑘 | 𝑊𝑘𝑖 ∈ 𝑀𝑎𝑥𝑊 𝑎𝑛𝑑 𝑗 = 1 𝑡𝑜 𝑛  
If “i” is a LVHD attribute, multiply Score by -1. 
In the equations mentioned above is the score of product j in attribute i, n is the number of products, k is the 

attribute having a relationship with attribute i and affecting it (i’s child), d is the number of attributes affecting 
attribute i and is the weight of the relation between attributes k and I, also as it was mentioned, MaxW is a 
subset of edges that maximize the absolute total of weights. 

Regarding the price which also has a real value in addition to the value obtained by the rules (potential 
value), we must consider the weight of both groups, that is, the weight of the rules and the weight of the real 
value. This weight can be considered arbitrarily by the system administrator, or the absolute total of weights in 
MaxW (called “MaxTotal”) can be considered for the node of the rules and 1- MaxTotal for the real value. 

3.3 Running the method by an example 
Suppose that after data mining and recording the rules, the relation graph is obtained according to figure 3. 
 
 

 
 
 
 
 

 
 
 
 
 
 
 

Figure 3.Example of relation graph 
 

Suppose that attribute “A” is important to the user and requests it at maximum value. As mentioned above, 
to create the utility graph, we take attribute “A” from the product relation graph and then follow all the solid 
and dotted edges entering it, and add each node in the path, so that no edges remain. We use the edge weighs 
0.3 to guide the user, and if the user has chosen the attribute D or G, by displaying this edge as a rule, it is used 
for awareness and guidance or advice to the user. Also, as previously explained, this edge is put forth as the 
following rule: 

D
0.3→ B 

So, our utility graph would be as follows: 
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Figure 4.Utility graph 
 

Suppose our products are in accordance with Table 1. 

Table 1. Example of products 
Name NodeD NodeE Node F 

P1 1 30 0 
P2 1 24 1 
P3 0 35 1 

 
In order to calculate the score for all three products of node “C”, first we will count MaxW (here {EC, DC}). 

Node “C” is the kind not having a value in the database,so we calculate it from the second formula (assuming 
the attribute as HVHD type). 𝑆𝑐𝑜𝑟𝑒𝐶𝑃1 (0 ∗ −0.1) + (30 ∗ 0.02) + (1 ∗ 0.1)(35 ∗ 0.02) + (1 ∗ 0.1) = 0.87 𝑆𝑐𝑜𝑟𝑒𝐶𝑃2 (1 ∗ −0.1)+ (24 ∗ 0.02)+ (1 ∗ 0.1)(35 ∗ 0.02) + (1 ∗ 0.1) = 0.6 𝑆𝑐𝑜𝑟𝑒𝐶𝑃1 (1 ∗ −0.1)+ (35 ∗ 0.02)+ (0 ∗ 0.1)(35 ∗ 0.02) + (1 ∗ 0.1) = 0.75 

 
The score of the product “P1” in attribute “C” is the highest. 

4 Assessment 

The proposed system is dependent on user satisfaction or dissatisfaction more than anything else. For this 
purpose, a benchmark has been used to measure customer satisfaction after and before using this system. For 
this overall evaluation, the t-test has been used with SPSS software. The details of this assessment are 
described below. 

4.1 Assessment assumptions 
In implementing this test, the following assumptions are made: 
The dependent variable in this test is the users ranking of the system after using it, before using it and 

through the normal search, which contains numerical values from 0 to 5. 

The independent variables or groups in this test are the normal search system (similar to Digikala [1]) and 
the proposed system (our test type is Paired t-test). 

The number of participants in this assessment is 50. 
The hypothesis in this test is that the degree of user satisfaction with system guidance and proposed 

commodities is more than the exact and normal searching system. 
The zero hypothesis in this test is that user satisfaction rate has not changed or has decreased. 

A 

B C 

D E 
F 
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0.02 - 0.1 
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4.2 Results 

After collecting user information after and before using the system, the results are as follows: 

According to Figure 5, the mean of the second row1, which is the average rating after using the system, has 
increased. However, we should consider whether this increase is significant or random. 
The value of "sig (2-tailed)" indicates meaningfulness of the test: 
sig. = 0.290/2 = 0.145 

Given that 0.145 is not less than the first type error of 0.05, we cannot completely reject the zero hypothesis, 
that is, our problem is still open. 

 

Figure 5.Results of T-Test on the samples 
In the next stage, according to the relatively high standard deviation in the ranking average, we classify the 

participants and then repeat the test again. In this way, the participating users are asked to enter their 
knowledge level regarding the searched product in the form of "large", "moderate", and "low" values. 

After this stage, another variable is added to our t-test, which is the level of the user’s knowledge that we 
call "Knowledge Level". This variable is set with three values of 1, 2, and 3, which in turn represents the low, 
medium, and high level of knowledge. Afterwards, the evaluation is done in the presence of this new variable 
once again. 

 
The following results are achieved for the first category of people who have little knowledge.  
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Figure 6.Results of T-Test in the first category of users 
 

According to the amount of sig. (0.034), the zero hypothesis is rejected and the assumption hypothesis is 
correct. In the first category of users, or those who are less knowledgeable of the requested product or its 
market, the average user satisfaction of the system has increased. 

Figure 7, shows the evaluation results for the third category. This category of users has enough information 
about the product. As it is observed in this category, the average user satisfaction of the system has reduced 
compared to a simple and fast search of the product, and the assumption hypothesis is that the average 
satisfaction is less if the system is used. According to the P-Value (0.038), the zero hypothesis is false and the 
assumption hypothesis is correct. 

 

 
Figure 7.Results of the third category of users 

 
In the second category of users, it is not possible to come to a definite conclusion; however, the average 

satisfaction of these people has generally increased. 
Of course, if we remove the unconventional data from the samples, which consist of 3 users who give the 

system a low score outside the confidence interval of 95%, the evaluation results are as follows. According to 
the P-value (0.0275), it can be concluded that the average satisfaction of individuals has generally increased 
and our hypothesis is proven. 
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Figure 8. Results of 95% confidence interval 

5 Conclusion 

In this article, an attempt was made to design and implement a system to direct users in selecting more 
beneficial products. The innovation of this system is that it primarily guides the user with the help of the rules, 
which were discovered about the impacts of various attributes on each other so that the user is aware of the 
product attributes and its impact on the others. After this stage, the product utility graph is dynamically 
constructed and the effective rules impacting each other are used to construct this graph. Finally, a product is 
offered to the user that has a balance of the sum of requested user attributes and desirability. 

In the construction of the utility graph, AHP has been used differently and with regard to the negative edges 
and also the abnormal coefficients (the total weight of the edges is not equal to one).  

Based on the results of the evaluation done, users will be divided into two groups in accordance to such a 
system. Those who welcome the system because they have enough opportunity to examine the discovered 
principles and are not knowledgeable of the product, and the second category refers to those who were not 
interested in the system due to incompatibility of the proposed product with all the demanded attributes or the 
waste of time using the system. It seems that if people in the second category who are dissatisfied with the 
product offer, while receiving the proposed product, see the positive attributes of that product as principles, 
their satisfaction will increase. That is, in this case it becomes fully understood why this product is more 
profitable than the others. 

Another factor that may have a positive impact on user satisfaction is an increase in the readability of the 

rules presented to the user. For example, the user does not know what (capacity
+0.2→  price) means. By 

improving the readability of these principles, the user's understanding and satisfaction of the system will 
increase. 

 
6 Future studies 

It seems that measuring the impact rate of one particular attribute on another is of great significance. This 
rate is either determined by experts or by obtaining the average of rates. It is better to calculate this rate more 
accurately in the future. 

In Section 3, a correlation coefficient is used which almost linearly detects the effects of the attributes on 
each other. Identifying the impacts of attributes on each other using a nonlinear method would yield a positive 
study. For example, it is observed that as the price increases, user ranking for a product increases, but this trend 
is accurate up to a certain price. Afterwards, the user's ranking will decrease with increasing prices.  
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