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Abstract. Recommender System provides certain products adapted to
a target user, from a large number of products. One of the most successful
recommendation algorithms is Collaborative Filtering, and it is used in
many websites. However, the recommendation result is influenced by
community characteristics such as the number of users and bias of users’
preference, because the system uses ratings of products by the users at
the recommendation.
In this paper, we evaluate an effect of community characteristics on recommender system, using multi-agent based simulation. The results show
that a certain number of ratings are necessary to effective recommendation based on collaborative filtering. Moreover, the results also indicate
that the number of necessary ratings for recommendation depends on
the number of users and bias of the users’ preference.
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Introduction

Many E-commerce sites offer hundreds of thousands or even millions of products
for sale. Although various products can be obtained on the web, a customer has
to invest time and effort to find satisfactory products. A recommender system
provides personalized recommendation for each customer to reduce the problem
[1, 2]. One of the most successful recommendation technologies is Collaborative
Filtering [5, 6, 7], and is used in many websites[3]. A recommender system based
on collaborative filtering try to predict a utility of products for a target user by
using the ratings of products previously received from other users. The utility
denotes satisfaction level to a product by the user.
In order to make accurate recommendations, the system has to first learn the
preference or interests of the target user from the ratings given by the user. When
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there are few ratings, the system cannot provide beneficial recommendation.
This problem is known as new user problem or cold start problem[4]. Therefore,
each user has to put in a certain number of ratings to the system, especially;
this problem is serious in initial operation. One of the simplest solutions of the
problem is to recommend the most popular product in all users as a substitute
for personalized recommendation. However, it is difficult to estimate that how
much ratings should be gathered, because, a recommendation effect is influenced
by a characteristics of the community, i.e. the number of users and a bias of users’
preference are important to a recommendation methodology.
The purpose of this paper is to evaluate the effect of community characteristics on recommender system, and we evaluate the effect using multi-agent
simulation. In this paper, we focus on the number of users and a distribution of
users’ preference.
This paper is organized as follows: Section2 describes model settings based on
multi-agent simulation. Then, Section3 explains procedure of experiments using
the simulation model, and Section 4 shows the results and discussion. Finally,
Section 5 concludes the paper.

2

Simulation Model

In order to understand the recommendation process, a multiagent-based simulation model was built and applied. In this model, it was assumed that users
who have different interest, request recommendation for certain products from
the system. Each user has his/her own preference, and each product has its own
feature. Generally, if a certain user finds the product suitable for his/her preference, the user will reach high satisfaction level. The degree of such satisfaction
can be called utility. Thus, the role of a recommender system can be rephrased
as recommending certain products for the target user so that the utility will be
improved.
Generally, a recommender system receives information from a user about the
products the user is interested in. If the system obtains utility directly, it can
accurately measure a satisfaction level. However, the only collectible information
by the system is rating in this model. The rating is coming from the utility, i.e.
the utility, which exists in the user’s mind, is converted into rating in order
to be able to put in the recommender system as feedback information. If the
correspondence between utility and rating is optimal, the system will give the
most accurate information.
There are many websites collecting ratings about products, using a form
interface such as two-choice question (like or dislike) or five-grade rating (from
one star to five stars). In this paper, five-grade rating was adopted as the form
interface. Details of the model are shown below.
2.1

Model Components

The simulation model has three components: user, product and recommender
system. This model can be formulated as follows: Let U = {ui |i = 1, 2, ..., Nu }
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be the set of all users, let C = {cj |j = 1, 2, ..., Nc } be the set of all products and
let RS be a recommender system. The preference of each user ui is represented
by the vector pi = (pi1 , pi2 , . . . , piNf ), and the feature of each product cj is
represented by the vector vj = (vj1 , vj2 , . . . , vjNf ), where Nf is the dimension
of pi and vj .
Intuitively, feature values (elements of the vj ) may be related to shape of
product, color of product, etc. Each element of vector pi denotes the most ideal
product for user ui . When, it comes to define utility, the distance between the
preference vector pi and the feature vector vj may be calculated. If the distance
is small, the utility is high. Thus, the dimension of the two vectors should be
equal.
2.2

Utility

Utility function futility is a function to calculate the utility value sij from the
preference vector pi and the feature vector vj . The function is formulated as
follows:
sij = futility (pi , vj )
This function can be designed in several ways; however, there are certain
rules that have to be followed: the function has to be monotonically decreasing
function, and it has to be inversely proportional to the distance of the two
vectors. The most important factor for the user ui is to find a product with
the closest utility to his/her preference. This information can be obtained from
calculating the differences between utilities in the area near the preference vector.
In this paper, an exponential function is used to accentuate of the utilities, and
that can be formulated as follows:
¡
¢
futility (pi , vj ) = exp −α||pi − vj ||
v
u Nf
X
¡ u
¢
= exp −αt (pik − vjk )2
k=1

where α is adjusted by the value range of the vectors. α has to be a positive
constant, and in this experiment, it was set as α = 0.5. The value range of the
function is (0, 1].
2.3

Rating

In this model, let R be the set of all product ratings by users, and let rating rij ∈
R be the rating for product cj ∈ C by user ui ∈ U . Even if different users have
same utilities about certain product, different ratings can be generated. However,
it is preferable to decrease this difference as much as possible, for instance by
presenting detailed explanation on a website about the rating process. In this
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model, an ideal setting is assumed, i.e. every user decides his/her rating based
on the same rating process frating .
As described above, five-grade rating was used in this model. Thus, the function frating has four thresholds. Users should rate uniformly, without biasing to
a low or high rating. This histogram on figure1 shows the distribution of utility sij , when preference vector pi and feature vector vj are given at a uniform
random number.
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Fig. 1. Utility distribution when preference vector pi and feature vector vj are given
at a uniform random number.

The utilities on this histogram were divided into five equal areas, and the
boundary values were utilized as the thresholds of function frating . Accordingly,
function frating is defined in this model as follows:
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2
rij = frating (sij ) = 3
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2.4

(sij ≤ 0.33)
(0.33 < sij ≤ 0.38)
(0.38 < sij ≤ 0.44)
(0.44 < sij ≤ 0.51)
(0.51 < sij )

Recommendation Algorithm

The recommendation problem is reduced to the problem of estimating ratings
for the products that have not been seen by a user [4]. In most cases, users rate
only a little subset of items, in other words, most of the rating rij is unapparent.
Therefore, the role of RS is to estimate unapparent ratings. The product with
the highest estimation value of rating will be offered by recommender systems.
In this paper, the following recommendation algorithms were experimented.
Random Recommendation: Random Recommendation algorithm provides
the random estimations of the unapparent ratings. In fact, the system recommends a randomly-selected product to the target user. This algorithm is the
basis of evaluation of other recommendation algorithms.
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Popular Products Recommendation: Popular Products Recommendation
recommends the product that receives the highest popularity from all users.
The system calculates the mean value of the evaluation of all products, and the
product with the highest mean value will be recommended to the target user.
If two or more products have same mean value of the ratings, one of them is
chosen at random, and recommended. Mostly, a lot of users are recommended
the same product, as the number of ratings increase.
Collaborative Filtering: Collaborative Filtering (CF) estimates the unapparent ratings based on the ratings of other users [3, 6]. When the system estimates
ratings for the target user, firstly, CF organizes a set of users who have a history
of agreeing with the target user using statistical techniques. In this operation,
CF calculates similarities between the target user and the others.
Generally, the similarity between two users is defined by the correlation coefficient of the item rating which either of the users evaluated as follows:
X
(ria − ri ) (rja − rj )
a∈Ci ∩Cj

sim(ui , uj ) = s X

2

(ria − ri )

a∈Ci ∩Cj

where

ri =

1
|Ci |

X

s X

2

(rja − rj )

a∈Ci ∩Cj

ria

a∈Ci

Ci is the set of products in which user ui was already rated, and Cij is also the
set of products in which both user ui and user uj were already rated. If Cij is
an empty set, the similarity will be calculated as sim(ui , uj) = 0.
After every similarity between two users has been calculated, an unapparent
ratings rbiα for a product cα by user ui can be described as follows:
X
sim(ui , uj )(rjα − rj )
rbiα = rei +

j∈Uα

X

|sim(ui , uj )|

j∈Uα

where Uα is the set of users who rated the product cα , and rei is the average of
all ratings that user ui ever rated as follows:
1 X
rei =
ria
|Ci |
a∈Ci

As a result, the system recommends the product cα with the maximum of rating
estimate rbiα to user ui .
In this model, RS recommends a certain product using the algorithm for
unapparent ratings rbiα based on the correlation coefficient. However, in case of
too less ratings, all similarities of user ui cannot be calculated. Therefore, the
rating estimate is defined as rbiα = 3, and RS makes recommendation at random
from among the products which have same estimate.
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3
3.1

Experiments
Simulation procedure

Recommender systems based on CF can improve the accuracy of the recommendation as the number of ratings increases. Even if the system can utilize only
few ratings, an effective recommendation will be provided as much as possible.
When evaluating RS, the relationship between the number of ratings and the
accuracy (utilities of all users) should be revealed.
In the following experiments, Nu is a number of users and Nc is a number
of products. RS recommends a product each time a rating was received from a
user, and then the user rates the recommended product for RS. This interaction
is repeated until all of Nu users rate all of Nc products. This operation can be
described more in detail as follows:
step 1: Each user picks up one product among all products at random. Then,
a utility of the product is calculated, and a rating obtained from the utility
is put into RS by each user.
step 2: RS estimates the ratings of the products, which have not been rated
yet, using the rating already put in by the users. As described above, three
types of recommendation algorithm are utilized for this estimation.
step 3: The product which has the highest rating estimation is recommended
to a target user.
step 4: Each user calculates a utility of the product recommended by RS. Since
an average of the utilities can be perceived as recommendation accuracy, the
average is named U tilityAverage. After the rating obtained from the utility
is put into RS, the system returns to step2.
3.2

Experimental Settings

Distribution of the Preference Vector: The preference vector pi represents
the most ideal product of the user. Therefore, the distribution of the vector pi
intuitively denotes the trend or the vogue among the users. Each element of the
vector pi is set as random numbers according to the following distribution. Four
types of the distribution were applied to investigate an effect of the recommendation by the difference of the distribution. Note that each element of the vector
is mutually independent.
–
–
–
–

Uniform distribution of range [-1, 1]
Normal distribution N1 (µ = 0, σ 2 = 0.5)
Normal distribution N2 (µ = 0, σ 2 = 0.2)
Two-peaks distribution (A distribution obtained by randomly selecting either one of the following two normal distributions: N (µ = −0.5, σ 2 = 0.2)
or N (µ = 0.5, σ = 0.2) )

Uniform distribution represents a situation without trend of the preference, and
normal distribution represents a situation where the trend exists. Particularly,
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the trend is strong when the variance is small in the normal distribution. Furthermore, Tow-peaks distribution represents a situation that the users form several
group by their preference. The number of groups is calculated by 2d where d
is the dimension of the vector pi , because random numbers are independently
given to each element.
Constants: Table 1 shows the experiment constants that we used.
Table 1. Experiment Constants
Number of users Nu
100, 500, 1000, 5000, 10000
Number of products Nc
1000
Dimension of vector pi
5
Dimension of vector vj
5
α of utility function futility
0.5

4

Results and Discussion

Distribution of the Feature Vector: In this simulation, various products are
provided as the recommendation candidates, for investigating an effects of user
preference on that recommendation performance. If there is bias in the distribution of feature vectors vj , it also effects the recommendation result. However, in
this experiments, we focus on the effect of the distribution of preference vector.
Thus, we eliminate the effect of the distribution of vj on the recommendation
result by providing the feature vector vj at random. More formally, the vector
vj is set as numbers according to the uniform distribution of range[−1, 1]
4.1

Experiments with Each Recommendation Algorithm

The following figures (from figure2 to figure5) show experimental results by each
recommendation algorithm, in four types of distribution of the preference vector
pi . The figures are results in case of Nu = 1000, and these figures were made by
one-shot experiment. However, if the number of users increases, fluctuation at
each experiment is few, because the graphs show UtilityAverage. An advantage
of the popular products recommendation and the collaborative filtering can be
observed by comparing with the random recommendation.
CF is equal to the random recommendation when there are few ratings, and
it begin to produce the effectiveness from the vicinity of 30 ratings. The effect of
CF is declined in the latter half of the figures, because it previously recommend
certain products that matches to the users preference. Popular Product Recommendation produces better UtilityAverage than CF in early step, and a cross
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Fig. 3. Normal distribution N1 (σ 2 = 0.5)

Fig. 2. Uniform distribution
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Fig. 5. Two-peaks distribution

point between the line of Popular Product Recommendation and CF is about
30 ratings.
When we compare the difference by the distribution of the preference vector, first of all, UtilityAverage of random recommendation is different in four
figures. The figures show that, if the distribution of the preference vector is N2 ,
UtilityAverage of random recommendation is most high, because UtilityAverage
rises when the vector is gathered in the center. Moreover, in the N2 distribution,
Popular Products Recommendation produce high UtilityAverage, because entire
popularity was gained by several products, which have a feature vector toward
near the center. However, CF is the highest result in the latter half of any figures.
4.2

Relationship between number of users and recommendation
accuracy

The following figures (from figure6 to figure9) shows the experimental results of
CF based recommendation in various numbers of users. Each figure illustrates
the result in the situation of each distribution of preference vector pi . The figures
were also made by one-shot experiment. It is necessary to repeat similar experiments to obtain a more accurate experimental result. However, the tendency
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to the recommendation accuracy in an increase in the number of users can be
obtained from these results.
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Fig. 7. Normal distribution N1 (σ 2 = 0.5)

Fig. 6. Uniform distribution

0.7

0.7

0.65

0.65

0.6

0.6
Utility Average

Utility Average

usernum = 100
usernum = 500
usernum = 1000
usernum = 5000
usernum = 10000

0.55

0.5

usernum = 100
usernum = 500
usernum = 1000
usernum = 5000
usernum = 10000

0.55

0.5

0.45

0.45

usernum = 100
usernum = 500
usernum = 1000
usernum = 5000
usernum = 10000

0.4
0

20

40
60
Number of user rated products

80

100

Fig. 8. Normal distribution N2 (σ 2 = 0.2)

0.4
0

20

40
60
Number of user rated products

80

100

Fig. 9. Two-peaks distribution

As discussed previously, CF in early step is equal to a random recommendation. We should compare the recommendation effectiveness by difference of
UtilityAverage between the value at 0 rating and the maximum value.
Each figure indicates that if there are a lot of users, UtilityAverage will be
high; moreover, an effective recommendation in a less ratings is possible. For
instance, if 10,000 users use the system and each user inputs 20 ratings, CF
provides certain effective recommendation. However, even if the system has a lot
of users, CF cannot recommend preferable products, when each user rates only
less than about 20 products. In this case, the system should provide popular
product recommendation together.
In addition, when the number of users is little, the UtilityAverage is not high,
even if many ratings are given by each user. In a word, it is important in the
improvement of recommendation accuracy to gather many users.
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Conclusion

In this paper, we built a multi-agent based simulation model for investigation
of the effectiveness of a recommendation system. Especially, we investigated
collaborative filtering which is used in many websites today.
Recommender system recommends certain products based on a lot of product’s ratings which were previously rated by the users. Thus, the accuracy of
CF based recommendation depends on a community characteristics, such as the
number of users or a distribution of users’ preference. In this research, we examined the effect of community characteristics on the recommender system. And we
investigated the difference between popular product recommendation and CF.
The results show that, popular product recommendation provides higher utility than CF, if there are few ratings. And the CF overtakes if a lot of ratings
are utilized. Moreover, it was confirmed that the recommendation accuracy is
improved when there are a lot of users.
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