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ABSTRACT 

As a vast number of products have been flooding into the electronic commerce market, it would be almost impossible for 
customers to consider all the alternatives and make sensible choices. This problem motivates us to investigate the 
implementation of purchasing assistant for buyers in multi-agent trading settings. Towards this end, we formally define 
domain knowledge using ontology builder, and compile customers’ preferences into personal profile. Based on personal 
profile, our recommendation agents prioritize the products according to their total utilities. In the experiment, it turns out 
that our recommendation agents properly advise a specific product based on the customer’s preferences. 
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1. INTRODUCTION 

A vast number of products and services have been flooding into the electronic commerce (e-commerce) 
market. It would be almost impossible for customers to consider all the alternatives and make sensible 
choices. If customers are tired of sorting out information needed for their purchase or they are not satisfied 
with their own resulting choices for their pains, they will not hesitate to leave the e-market. The suppliers 
also will not tolerate slow response from customers and uncertain orders which do not reflect customers’ 
preferences faithfully. As the e-market is expanding all the more, its constituent members, that is, market 
providers, merchants, and customers will definitely require an assistant tool to make the e-market run in an 
active and efficient manner [6, 7, 9, 14]. 

This paper will focus on a purchasing assistant from customer’s point of view. Our agent as a purchasing 
assistant recommends the feasible number of probable choices for customers using personal profiles in multi-
agent trading settings. The role of our recommendation agent is to compile customers’ preferences into their 
personal profiles, filter unprofitable choices based on the profiles, and hence recommend best choices among 
a huge number of products and services. This will lead to timely response between customers and merchants 
by reducing the range of choices, and more accurate purchasing decisions through analysis of customers’ 
preferences. 

As a case study, we implement a digital camera trading system as a multi-agent e-commerce market. The 
system will define domain knowledge in the form of ontology, which help communicate between the 
components of the system. Building the digital camera domain ontology, then, we test the quality of 
recommendation for the customers by computing the utilities of products given their preferences. 

In the following section, we introduce an e-commerce trading system in multi-agent settings, and explain 
the components of the system. The ontological issues and customers’ preferences will be discussed. In 
experiment, students as customers will evaluate digital cameras and their feedback will be stored in the form 
of their profiles. In conclusion, we summarize our results and further research issues. 



2. MULTI-AGENT TRADING SYSTEM 

To provide trading markets on the Internet, various trading environments have been suggested [6, 9, 14]. This 
paper examines the general skeleton of the trading markets, and introduces a multi-agent trading system 
which facilitates buyers and suppliers in the e-commerce market. The multi-agent trading system represents 
each role of the components, which are market provider, merchant agent, and recommendation agent, as 
depicted in figure 1. We implement the system using Java programming language so that the agents can be 
applicable regardless of any platforms. 

     

 
Figure 1. A multi-agent trading system architecture. The system consists of market provider, merchant agent, and 

recommendation agent. 

 
The market provider module produces a specific ontology, using its ontology builder shown in figure 2, 

given an application domain. The generated ontology can be shared with merchant agent and 
recommendation agent through communication module of each agent, and enables the agents to interchange 
their knowledge [11, 13]. The market provider manages not only the ontology but also the information about 
the other agents. For example, to get the instantiations of products/items, the recommendation agent requests 
IP address of merchant agent from market provider. The peer-to-peer connection between the 
recommendation agent and the merchant agent can be established, and then the merchant agent provides the 
recommendation agent with the actual instantiations of products. 

The merchant agent provides a graphic user interface (GUI) used to instantiate a tapestry of products from 
suppliers, and a list of products to recommendation agents, in which customers may be interested, given the 
ontology generated. The list of products and their instances can be passed over the recommendation agent 
whenever the recommendation agent requires. 

As we mentioned, this paper focuses on the role of purchasing assistant, who prioritizes products based 
on personal profile. The recommendation agent as a purchasing assistant [2, 3, 7, 8] composes of learning 
module, filtering module, and communication module. The learning module of the recommendation agent 
compiles customers’ preferences into user profile, and continuously updates the user profile to represent the 
up-to-date customers’ preferences. Its filtering module recommends best products tailored to the customers’ 
needs, based on their personal profile. Since the filtering module narrows down the number of alternatives far 



from the customers’ likeliness, it leads to practical choices among the huge number of products. The filtering 
process, thus, improves the responsiveness between the market and a specific customer, and reduces the 
ambiguity of the customer’s decision. 

2.1 Building an ontology 

The ontology, in this paper, could be defined as the entity representing the hierarchy of information (or 
concepts) which various types of software agents communicate in multi-agent settings [1, 11, 13]. The 
ontology can interlink the market provider, merchant agent, and recommendation agent within the electronic 
trading system on the Internet, by providing terminologies and meanings. Thus, the ontology enables them to 
define their formal knowledge about the world, to share their knowledge, and to interchange their 
information. 

As an ontology development tool, they have developed ONTOLINGUA [5], PROTÉGÉ-2000 [12], 
WebODE [1], etc. Duineveld et al. [4] and Noy and McGuinness [13] have surveyed their weaknesses and 
advantages for comparative studies. We have also designed and implemented an ontology builder using Java 
programming language, which easily define and edit attributes, and represent the hierarchical relation 
between the attributes. 

The ontology in our framework hierarchically defines domain knowledge, and, from merchant agent’s 
perspective, serves as a basic template of instantiation for a product and, from recommendation agent’s 
perspective, serves as personal profile to represent customers’ preferences. For example, the market provider 
defines a digital camera domain knowledge in form of ontology, as depicted in figure 2, using our ontology 
builder. ‘Digital Camera’ in figure 2 is the root class in the concepts of hierarchy. ‘Spec’ and ‘CCD’ are the 
objects, in the different level of the ontology, of the ‘Digital Camera’ class. The values of the leaves in the 
ontology, for example, 1 mega pixel, are the attributes in the form of slots. 
 

 
Figure 2. An example screen of ontology for digital camera. The digital camera domain ontology was generated by using 

our ontology building tool. 



2.2 Calculating customers’ preferences 

Building domain ontology, the recommendation agent as a purchasing assistant maintains customers’ 
preferences and prioritizes alternatives based on their preferences. To evaluate the preferences, our agents 
follow the multi-attribute utility theory [15, 16, 17, 18]. The utility represents user’s preference or happiness. 
The total utility associated with a product can be summed up using weights of attributes. If a customer 
prefers a product, therefore, its utility could be greater than those of other products. The value or utility, V, of 
a product x at current time t can be computed as follows: 
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where Wi is the weight of i-th attribute. Equation 1 is a function evaluating the value of a product, which 
presents customer’s preference. 

The customers refine their preferences and make purchasing decisions. To maintain up-to-date customer’s 
preferences, the recommendation agent gets their feedback and updates the weights of attributes in their 
personal profile as follows: 

WtxWtxW ii ∆+−= )1|()|(                                                                                              (2) 

In equation 2, when the customer replies with ‘good,’ ∆W is given to 0.5; otherwise, ∆W is 0. 
 

Table 1. An example of customer’s feedback in a digital camera domain  Pixels CCD Optical Zoom Manufacturer Evaluation Camera A 2 MP 3× Sony No Good Camera B 3 MP 5× Samsung Good Camera C 2 MP None Samsung No Good Camera D 3 MP 5× Canon No Good 
 

For example, let us consider table 1. Table 1 contains four digital cameras from Camera A to Camera D. 
When a customer evaluates them as shown in table 1, the weights of the attributes of Camera B rated with 
‘good’ increase by 0.5. According to equations 1 and 2, the resulting utilities of the four digital cameras 
should be changed as follows: 

 
V(A|t) = 0 + 0 + 0 = 0 
V(B|t) = 0.5 + 0.5 + 0.5 = 1.5 
V(C|t) = 0 + 0 + 0.5 = 0.5 
V(D|t) = 0.5 + 0.5 + 0 = 1.0 

 
As a result, the utility of camera B, V(B|t) = 1.5, is the greatest value among those of four digital cameras, 

and the camera B could be the best product considering customer’s preference. 

3. IMPLEMENTATION AND EVALUATION 

We have implemented the multi-agent trading system1 using Java programming language. To evaluate our 
purchasing assistant within the multi-agent trading system, we tested the system with 20 students who took 

                                                 
1 For demonstration of the multi-agent trading system, refer to “http://cis.catholic.ac.kr/.” 



the computer seminar class. The goal of the experiment is to assess the quality of recommendation tailored to 
customers’ personal preferences. 

For the experiment, we used a digital camera domain. First of all, the market provider defined a digital 
camera domain ontology, as depicted in figure 2, and the merchant agent provided a list of products using the 
ontology, as shown in figure 3. The recommendation agent provided customers with the instantiations of the 
products, as captured in figure 4, and, if the customers set their preferences, then the recommendation agent 
compiled the preferences into their personal profile. The customer could refer to the resulting ranks on the 
digital cameras, as depicted in the right-most table of figure 4. This mapping process from the user 
preference to the alternative products enabled the customers to choose best products given a tapestry of 
products. 

 

 

Figure 3. The screen of merchant agent shows a set of products provided by suppliers. 

 
In the experiment, the merchant agent provided 100 digital cameras, as shown in figure 3, and, given the 

digital cameras, the customer expressed their preferences of the products by choosing ‘good’ or ‘no good,’ as 
shown in figure 4. Using equations 1 and 2 in Section 2.1, we measured the weights of attributes updated 
through the customer’s feedback, and normalized the weights between 0 and 1. 

We also computed the posterior probabilities of attributes using naïve Bayesian classifier given that the 
customer evaluated products as ‘good.’ Bayes rule examines whether or not a property2 observed as evidence 
belongs to a specific hypothesis (or class), given a set of data distribution. Bayes theorem [10, 16] can be 
defined as follows: 
                                                 
2
 In this paper, the property corresponds to customer’s preference or propensity. 
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where, a set of observable attributes, X = {x1, x2, … ,xn}; a set of hypotheses in a domain, H = {h1, h2, 

… ,hm}; P(hj|xi) is the posterior probability of the hypothesis hj, hj ∈ H, given that xi, xi ∈ X, is an observable 
event. In our experiment, the set of observable attributes, X, consists of specification, function, appearance, 
and manufacturer of digital camera, and the hypotheses are either ‘good’ or ‘no good.’ Given the set of data 
as evidence naïve Bayesian classifier allows us to calculate the buyer’s preferences, P(xi|hj)P(hj). 

 

 

Figure 4. The recommendation agent provides a list of products instantiated. Customers set their personal preferences, 
and the recommendation agent, then, prioritizes the products based on the profile, as shown in the right-most table. 

 
Figure 5 shows the preferences of one of 20 students. In figure 5, the white bar presents the weights 

measured using the weight updating rule, as described in equation 2, and the black bar presents the 
conditional probabilities measured using naïve Bayesian classifier. In this example, the student evaluated 18 
alternatives as ‘good’ out of 96 digital cameras. To summarize the student’s preferences in figure 5, the 
customer preferred (1) above 5 mega pixels CCD, (2) CF memory, (3) built-in battery, (4) 4× ~ 5× optical 
zoom, (5) voice included, and (6) large size. Most of the preferences measured using weights and 
probabilities were similar. We summarized all of the students’ preferences using weight updating rule and 
naïve Bayesian classifier, and the resulting preferences were similarly represented by two methods. Thus, it 
turns out that our recommendation agents properly advised a specific product based on the customers’ 
preferences. 



 
Figure 5. The resulting preferences of a specific customer. The white bar presents the weights measured using the weight 

updating rule, as described in equation 2, and the black bar presents the probabilities measured using naïve Bayesian 
classifier. For comparison, the weights are normalized between 0 and 1. 

4. CONCLUSIONS 

This paper implemented a plausible trading environment in multi-agent settings and focused on a question of 
how customers could get best products based on their personal preferences. Towards this end, we formally 
defined domain knowledge using ontology builder, and compiled customers’ preferences into personal 
profile in a digital camera domain. Based on personal profile, our recommendation agents prioritized the 
products according to their total utilities. We compared the resulting weights of the attributes with the 
resulting posterior probabilities using naïve Bayesian classifier. The experiment showed that the customers 
within the electronic market were satisfied with the quality of recommendation. 

Our next step is to improve our system to reflect customers’ preferences in more refined manner. For 
example, the feedback could be classified by detailed levels, instead of ‘good’ or ‘no good.’ The 
recommendation agent, thus, interprets the strength or the weakness of a certain product, and quantifies the 
evaluation into some numbers. Further, we could extend our framework to other various e-commerce 
applications, for example, travel guidance, mobile contents, and so on. As well as buyer’s perspective in this 
paper, we will design and implement trustiness and reputation of suppliers. Within our e-society, the 
merchant agent can keep track of suppliers’ behaviors, and maintain trustworthy suppliers. By adding these 
functions, we hope we will develop a comprehensive multi-agent trading environment on the Internet. 
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