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초   록

인터넷에서 매 순간 발생하는 데이터의 홍수는 사용자가 필요로 하는 유용한 정보를 검색 
하는데 어려움을 초래한다. 그래서 많은 사용자들이 자신이 원하는 정보를 쉽게 찾기 위한 
기법을 고안하고 이를 지원하는 도구를 개발하게 되었다.
이런 유용한 도구 중 하나인 추천시스템은 기존의 사용자 정보를 분석하여 사용자가 원하는 
제품이나 정보를 추천하는 것이다. 본 논문에서는 추천시스템을 활용하여 원하는 정보를 제안하
는데 인구통계학적인 기법을 사용한다. 인구통계학 기반 추천시스템은 나이, 성별과 같은 인구통
계학적인 특성을 사용하여 유용한 정보를 추출한다. 본 연구는 영화 선택 시 중요한 요소인 
사용자 평점을 분석하고 이를 활용할 수 있는 방법을 제시하였다. 이를 위해 Internet Movie 
Database(IMDB) 웹 사이트에 있는 영화의 사용자 평점을 인구통계학적 요인으로 분석하였다. 
본 논문에서는 인구통계학적 분석을 위해 사용자를 성별과 연령대로 분류하였고, 각 영화를 
22개 장르로 나눈 IMDB 기준에 따라 사용자 평점을 분석하였다. 각 장르별 영화에 대해 사용자 
그룹의 평균 평점을 F-테스트와 T-테스트를 수행하여 그 장르 영화 평점과 동일한 결과를 
나타내는 대표 그룹을 찾아내었다. 인구통계학적 분석 결과인 대표 그룹은 새로운 영화가 
개봉될 때 대표 그룹에 대한 프로모션과 추천을 통해 영화 홍보를 할 수 있는 대상을 찾아 
내는데 유용하다. 

ABSTRACT

Nowadays, overflowing data produced every second from the internet make people to 
be difficult to search for the useful information. That’s why people have invented and developed 
unique tools that they get some relevant information. 
In this paper, the recommender system, one of the effective tools, is used and it helps 
us to get the useful information that we want by using demographic information to predict 
new items of interest. The demographic recommender system in this paper computes users’ 
similarity using demographic information, age and gender. So we performed demographic 
analysis on movie ratings on Internet Movie Database (IMDB) web site that movies are 
rated by thousands of people, where users submitted a movie rating after they watched 
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a recent popular film. Meanwhile, we can understand that user’s ratings, among various 
determinants of box office, is very essential factor in the study on recommendation of movie.
This paper is aimed at analyzing movie average ratings directly given by film viewers, 
categorizing them into groups by sex and age, investigating the entire group and finding 
the representative group by examining it with F-test and T-test. This result is used to 
promote and recommend for the target group only. 
Therefore, this study is considerably significant as presenting utilization for movie business 
as well as showing how to analyze demographic information on movie ratings on the web.

키워드：추천시스템, 인구통계학적 분석, 사용자 평점, IMDB
Recommender System, Demographic Analysis, User Ratings, IMDB

1. Introduction 

The wide spreading of internet use brought 

the rapid development of e-business, which 

both companies and customers is required 

the change of pattern [16]. In addition, the 

rapid growth of Internet has produced huge 

amounts of data that the users cannot ma-

nage directly unless they use some tools. To 

find the information the users want among 

these numerous data, they spend a lot of time 

and endeavor. That’s why people have in-

vented and developed unique tools that they 

get some relevant information. Lee showed 

the impact of eWOM on consumer decision 

making process by viewing eWOM as the 

product information supplier [15]. Web users 

cannot live without well-optimized search 

engines, as we constantly find ourselves in 

the presence of the intelligent web and its 

main engine, the recommender system [18]. 

Recommender systems are powerful tools 

which suggest useful information that an 

Internet user may be interested in. Most rec-

ommender systems use collaborative filtering 

or content-based methods or demographic in-

formation to predict new items of interest for 

a user. Demographic recommender systems 

compute users’ similarity using demographic 

information (age, location, profession, educa-

tion, etc.) [20].

The significance of the image content in-

dustry, as a flagship industry of the cultural 

content industry, is emerging globally as a 

high value-added trend. Since the movie in-

dustry has diverse related industries along 

with a positive spillover effect from cultural 

and economic perspectives, it ultimately streng-

thens national brands as well as national 

competitiveness [3]. The movie industry has 

been sharply developing as a high value- 

added industry, and the numbers of movie 

viewers are also on the rise every year. 

According to the statistic data of Korean film 

council in 2012 about the movie industry, total 

viewers is about 194,890 thousand people, 

1.9% up compared with last year and sales 

is about 1.455 trillion won, 17.7% up compared 

with last year [3]. Also, the age groups of 

movie viewers have come to vary. Since the 
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movie industry creates infinite demands and 

has remarkable potential for further develop-

ment, movie distributors make a lot of re-

sourceful investment for a hit. They perform 

promotion and marketing strategies in vari-

ous media even before opening of a movie. 

The factors that affect a success of a movie 

are production cost, the number of running 

screens, prize winning at film festivals, rat-

ings of professional film critics, ratings of ne-

tizens, word-of-mouth, directors, main char-

acters, and genres. 

Audiences do not know fully what pleas-

ures they are going to get before they actually 

experience a film [7]. Therefore, the sat-

isfaction, reviews, and average ratings by 

movie viewers are checked to evaluate mov-

ies, and the evaluated data are based in terms 

of movie choice. Prior to introduction of the 

internet, those who had information in every 

area held power so that a few controlled the 

distribution and contents of information. Also, 

professional movie critics and journalists, as 

early adapters, recommended movies and 

suggested the ways to watch movies through 

the typical press and broadcasting media [4]. 

Film critics are regarded as a significant 

factor to the box office performance. In these 

days, however, online reviews written by 

ordinary audiences are viewed as another 

important factor to the box office perfor-

mance. They also make personal judgments 

with positive or negative evaluations on the 

film. As online reviews become meaningful 

either for the audience or for the box office 

result, we can sometimes witness critical di-

fference of evaluation between audiences 

and critics [19].

This work is aimed at analyzing the data 

about movie average ratings directly given by 

netizens, categorizing them into groups by 

sex and age, finding and investigating the en-

tire group and the most similar group by 

genre, and proposing that movie promotion, 

marketing, and recommendation strategies 

should be performed on the group. 

This paper is organized as follows: Section 

2 describes related works-recommender sys-

tems, collaborative filtering, content-based 

technique, and demographic filtering. Section 

3 shows the user ratings system in IMDB and 

demographic information provided in IMDB. 

Section 4 presents the result of demographic 

analysis of user ratings. Section 5 describes 

the relationships demographic information and 

genres of movie and a recommendation of 

movies. Finally conclusions are presented and 

some open issues are discussed in Section 6.

2. Related Work

2.1 Recommender Systems

Recommender systems are programs which 

attempt to predict items that a user may be 

interested in, given some information about 

the user’s profile [28]. Recommender systems 
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suggest personalized recommendations on 

items to users based on various kinds of in-

formation on users and items. Recommender 

systems intend to model user preferences on 

items and aim to recommend such items the 

user will probably like. User preference in-

formation is twofold : explicit and implicit 

feedback. The former mainly includes opinion 

expression via ratings of items on a pre-

defined scale, while the latter consists of other 

user activities, such as purchasing, viewing, 

renting or searching of items [21].

The purpose of many studies on recom-

mender systems have mainly focused on their 

capability of how likely they are able to recom-

mend products that a customer is satisfied with. 

The first recommender systems appeared dur-

ing the early 90’s, mostly based on and expand-

ing the terminology of collaborative filtering 

[13]. Later, when both the numbers of re-

searches and the potential usage areas had 

grown, the scope of the terminology broadened. 

Four fundamental approaches to recommen-

dation can be mentioned : demographic filter-

ing, collaborative and content-based recom-

mendation, and simplified statistical appro-

aches [10]. However, recommender systems 

now use the following five technologies [18] :

• Collaborative Filtering Recommender Sys-

tems : as there is a given user, find another 

user or user group who has similar beha-

vior to predict items of interest.

• Content-based Recommender Systems : tech-

nology usually employs a classifier to pre-

dict items’ similarity; Recommend an item 

or a service to a user based upon the pro-

perties of the item and a profile of the 

user’s interests.

• Demographic Recommender Systems : com-

pute users’ similarity using demographic 

information (age, location, profession, edu-

cation, etc.).

• Knowledge-based Recommender Systems : 

build a knowledge base with a model of 

the users and/or items in order to apply 

inference techniques and find matches bet-

ween users’ need and items’ features.

• Utility based Recommender Systems : Utility- 

based recommenders make suggestions 

based on a computation of the utility of 

each object for the user.

Several researches mentioned others cat-

egory of systems; Reference [2] introduces 

temporal recommender systems, which are 

intended for suggesting items in situations 

where time is an essential factor of the deci-

sion-making process. It will be essential for 

the application in dynamic mobile recom-

mender systems.

2.2 Content-based Recommender 

Systems

Content-based recommendation focuses on 

the similarity between products, usually tak-

ing into account their features like textual de-
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scriptions [9], hyperlinks, related ratings [17], 

or co-occurrence in the same purchased tran-

sactions or web user sessions [8]. Content- 

based methods make recommendations by 

analyzing the description of the items that 

have been rated by the user and the descrip-

tion of items to be recommended. A variety 

of algorithms have been proposed for analyz-

ing the content of text documents and finding 

regularities in this content that can serve as 

the basis for making recommendations. Many 

approaches are specialized versions of classi-

fication learners, in which the goal is to learn 

a function that predicts which class a docu-

ment belongs to (i.e., either liked or not-liked). 

Other algorithms would treat this as a re-

gression problem in which the goal is to learn 

a function that predicts a numeric value (i.e., 

the rating of the document). There are two 

important sub problems in designing a con-

tent-based filtering system. The first is find-

ing a representation of documents. The sec-

ond is to create a profile that allows for un-

seen documents to be recommended [20].

2.3 Collaborative Filtering 

Recommender Systems

Collaborative recommendation is typically 

based on item ratings explicitly delivered by 

users. The system recommends products, 

which have been evaluated positively by an-

other similar user or by a set of such users, 

whose ratings have the strongest correlation 

with the current user [6]. Collaborative filter-

ing (CF) [12, 22] is the most successful rec-

ommender system technology to date, and is 

used in many of the most successful recom-

mender systems on the Web. CF systems 

recommend products to a target customer 

based on the opinions of other customers. 

These systems employ statistical techniques 

to find a set of customers known 0neighbors, 

that have a history of agreeing with the target 

user (i.e., they either rate different products 

similarly or they tend to buy similar set of 

products). Once a neighborhood of users is 

formed, these systems use several algorithms 

to produce recommendations [24].

Some hybrid recommender systems at-

tempt to combine the advantages of two or 

more of the techniques [1, 25, 27]. Reference 

[1] presents a hybrid recommender system us-

ing a new heuristic similarity measure for col-

laborative filtering that focuses on improving 

performance under cold-start conditions where 

only a small number of ratings are available 

for similarity calculation for each user.

2.4 Demographic Recommender 

Systems

A user’s profile consists simply of the data 

that the user has specified. These data are 

compared to those of other users to find over-

laps in interests between users, and each user 

is recommended new items from the data of 

other users with overlapping interests. This 
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approach requires less computation than the 

previous one because it doesn’t have to reason 

about the user data, and it clearly leverages 

the commonalities between users. However, 

it has the drawbacks of requiring data from 

a large number of users before being effec-

tive, requiring a large amount of data from 

each user, and limiting its recommendations 

to the exact items specified by the population 

of users [14]. An early example of this kind 

of system was Grundy that recommended 

books based on personal information gathered 

through an interactive dialogue [23]. Users’ 

responses were matched against a library of 

manually assembled user stereotypes. Some 

more recent recommender systems have also 

taken this approach. Krulwich, for example, 

uses demographic groups from marketing re-

search to suggest a range of products and 

services [14]. A short survey is used to gather 

the data for user categorization. In other sys-

tems, machine learning is used to arrive at 

a classifier based on demographic data [20]. 

Reference [26] shows how Singular Value 

Decomposition (SVD) along with demogra-

phic information can enhance plain Collabo-

rative Filtering algorithms. Alternatively, this 

data can be extracted from the purchasing 

history, survey responses, etc. Each product 

is assigned to one or more classes with cer-

tain weights and the user is attracted to items 

from the class closest to their profile. This is 

attribute based recommendation [11]. In this 

study, demographic recommendation techni-

ques using IMDB data are used. Recommend-

ed the group classified by the target group 

as age group, gender group.

3. IMDB User Ratings and 

User Profiles

Data used in this study was extracted from 

the world largest Internet Movie Database. The 

IMDB is an internet movie database owned 

by Amazon.com and it is an on-line database 

of various fields including movies, actors, TV 

soap operas, video games. Users submitted 

user ratings and reviews after they watched 

a recent popular film. The user reviews were 

used to increase customer satisfaction in [5].

<Figure 1> IMDB User Ratings Report
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<Figure 1> shows an example of user ra-

tings report of a movie. Ratings of top 50 

movies for each of 22 genres were analyzed 

among above database and the subject of this 

study is data on IMDB web site as of Nov. 

2011. Data collected is the rating of top 50 

movies for each genre and the ratings classi-

fied into each category. Average number of 

participants who gave ratings for each genre 

is 4,429,239 and males aged 18～29 is a group 

which gave all ratings in 22 genres.

Ratings are given from 1～10 point and 

types of genre include Action, Adventure, Ani-

mation, Biography, Comedy, Crime, Docu-

mentary, Drama, Family, Fantasy, Film-Noir, 

History, Horror, Music, Musical, Mystery, 

Romance, Sci-Fi, Sport, Thriller, War, and 

Western. There is rating data for each ca-

tegory and each genre and the category of 

subject group which gives classified rating is 

as <Table 1>. In here, insignificant categories 

including IMDB staff, Top 1000 voters, US 

users, and Non-US users group are excluded. 

<Table 1> Category of Subject Group 

which Gives Rating

Gender Age Range Gender-Age Range Pairs

Males/

Females

Aged

under 18

Males under 18

Females under 18

Aged

18～29

Males Aged 18～29

Females Aged 18～29

Aged

30～44

Males Aged 30～44

Females Aged 30～44

Aged

45+

Males Aged 45+

Females Aged 45+

There are total ratings for each movie and 

the category is classified into male and female 

based on gender. Classifications based on age 

include aged under 18, aged 18～29, aged 30～

44, and aged 45+. Classifications based on age 

are classified once again based on gender for 

each age group thus the ratings are given by 

total 8 groups classified based on age and 

gender.

4. Analysis of Demographic 

Data

4.1 Analysis on Basic Statistics

In regards to top 50 movies of each genre, 

minimum value, second quartile value, me-

dian, fourth quartile value, mean, maximum 

value, variance, standard deviation, skewness 

of each category were extracted. <Table 2> 

illustrates total ratings and standard deviation 

of each genre.

Looking into total ratings data of each 

genre, average ratings are 6.2～7.8 and skew 

value of all genres except 4 was presented to 

be negative. skewness presents the degree of 

asymmetry of the distribution and it is calcu-

lated based on following formula.

  ∑  


 


      (1)

where, xm : sample mean, 

s : standard deviation of the sample.
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<Table 2> Average User Ratings and 

Skewness of Each Genre

genre
Avg. user
ratings

Stdev. Skew-ness

Action 7.4 0.9 0.2

Adventure 7.5 0.9 -0.6

Animation 7.2 0.9 -1.1

Biography 7.4 0.7 -0.1

Comedy 6.9 0.9 -0.4

Crime 7.2 1.0 -0.3

Documentary 7.7 1.8 -1.4

Drama 7.5 1.1 -0.8

Family 7.0 1.4 -1.1

Fantasy 6.9 1.4 -0.2

Film-Noir 7.8 0.5 -0.8

History 7.3 0.7 -0.4

Horror 6.2 0.8 0.0

Music 6.3 1.2 -0.9

Musical 6.8 1.0 -1.2

Mystery 7.1 0.8 -0.3

Romance 6.9 0.9 -0.2

Sci-Fi 7.1 1.0 0.3

Sport 6.6 0.9 -0.3

Thriller 6.9 0.9 0.2

War 7.1 1.0 -1.6

Western 6.6 0.9 -0.2

Form of distribution is as following based 

on skewness value. 

•s = 0 : Normal Distribution

•s < 0 : Negative Skew with tail toward Left

•s > 0 : Positive Skew with Tail toward Right

<Figure 2> Shape of Negative Skewness 

Value

As skewness of 18 genres was negative 

thus the majority is the negative skew with 

tail toward left. <Figure 2> shows the shape 

of the negative skewness value.

4.2 Boxplot of Two Similar Groups

Distribution of rating data and group with 

most similar distribution were found by cre-

ating boxplot with minimum value, second 

quartile value, median, fourth quartile, mean, 

and maximum value acquired through analy-

sis on basic data. Then, a group with most 

similar value with total ratings in regards to 

mean, median, standard deviation, and skew 

value was found. <Table 3> illustrates the 

value of males aged 18～29 which has most 

similar value in mean, median, standard devi-

ation, and skew in Action genre. As a result 

of comparing basic statistics of two groups, 

it was presented that they show difference 

within range of ±0.1. As you can see from 

Picture 1 illustrating the boxplot of two groups 

(All users, Males Aged 18～29), the distri-

bution of sample for total ratings and Males 

Aged 18～29 group is very similar visually.

<Table 3> Comparison on Basic Statistics 

with Average User Ratings 

(Action)

All users Males Aged 18～29

Mean 6.6 6.6

Median 6.6 6.7

Variance 0.8 0.9

Stdev. 0.9 0.9 

Skewness -0.2 -0.1
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<Figure 3> shows a similarity of all users 

group and males aged 18～29 group. Two 

groups have very similar values of mean, 

median, variance, standard deviation, and 

skewness. <Table 4> illustrates the group 

most similar with total ratings acquired 

through analysis on basic statistics of each 

of 22 genres. As a result of extracting group 

most similar with total ratings for each genre 

using basic statistics and boxplot, Males 

Aged 18～29 group was presented to be most 

similar group in 13 out of 22 genres. This 

means that influence of Aged 18～29 group 

is most significant among groups which give 

ratings. 

  <Figure 3> Boxplot of Two Similar 

Groups

 <Table 4> Representative Group of 

Each Genre

genre
User

ratings

representative

group

Action 7.4 Males Aged 18～29

Adventure 7.5 Males Aged 18～29

Animation 7.2 Males Aged 45+

Biography 7.4 Males Aged 18～29

Comedy 6.9 Males Aged 30～44

Crime 7.2 Males Aged 18～29

Documentary 7.7 Males Aged 30～44

Drama 7.5 Males Aged 18～29

Family 7.0 Males Aged 18～29

Fantasy 6.9 Males Aged 18～29

Film-Noir 7.8 Males Aged 18～29

History 7.3 Females Aged 30～44

Horror 6.2 Males Aged 18～29

Music 6.3 Males Aged 18～29

Musical 6.8 Males Aged 45+

Mystery 7.1 Males Aged 18～29

Romance 6.9 Males Aged 45+

Sci-Fi 7.1 Males Aged 18～29

Sport 6.6 Females Aged 30～44

Thriller 6.9 Males Aged 30～44

War 7.1 Males Aged 18～29

Western 6.6 Males Aged 18～29

4.3 F-Test and T-Test

In order to test whether or not a group most 

similar with total ratings based on basic sta-

tistics can represent total group, T-test which 

examines the significant difference between 

the mean of two groups was conducted. 

<Figure 4> illustrates the procedures to con-

duct T-test. The hypothesis of T-test is as 

follows : 
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<Figure 4> T-Test Process

<Table 5> Result of F-Test and T-Test 

for Each Genre

genre F-Test T-Test

Action ○ ○

Adventure ○ ○

Animation ○ ○

Biography ○ ○

Comedy ○ ○

Crime ○ ○

Documentary ○ ○

Drama ○ ○

Family ○ ○

Fantasy ○ ○

Film-Noir ○ ○

History ○ ○

Horror ○ ○

Music ○ ○

Musical ○ ○

Mystery ○ ○

Romance ○ ○

Sci-Fi ○ ○

Sport ○ ○

Thriller ○ ○

War ○ ○

Western ○ ○

• Null Hypothesis : There is no difference 

in population mean between two groups.

• Alternative Hypothesis : There is difference 

in population mean between two groups.

The significance of hypothesis was de-

termined by setting the level of significance 

of T-test as 0.02 Below <Table 5> illustrates 

the result of F-test and T-test for each genre. 

A symbol ‘○’ indicates that null hypothesis 

is significant.

Looking into the result of F-test and 

T-test, the result of F-test is significant in 

all genres. Namely, hypothesis ‘Variance of 

two groups is same.’ was presented to be sig-

nificant for F-test and hypothesis ‘There is 

no difference in population mean of two 

groups.’ was presented to be significant in all 

genres based on T-test. 

4.5 Recommendation for Movies

A group most similar with total ratings 

was found and whether or not the population 
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means of that group is same as total ratings 

group was examined. As a result, the pop-

ulation mean of each group extracted in each 

of 22 genres was same with that of total rat-

ing group. Therefore, a group most similar 

with total rating for each genre determined 

based on basic statistics on <Table 5> can 

be considered as a group that represents the 

group that illustrates total ratings. 

Therefore, it is effective for a movie distrib-

utor to carry out targeted promotion for a rep-

resentative group for each genre based on the 

result of above analysis rather than conduc-

ting marketing strategy that considers all age 

groups for each genre in preview or marketing 

stage. Moreover, it would be able to save re-

source including cost, manpower, time, etc.

5. T-Test for Combination 

of Age Group and Gender

5.1 T-Test for Combination of Gender

The result of T-test for combination of 

gender presented to significant in 21 genres 

except Musical as you can see from the result 

of the first column in <Table 6>. It can be 

considered that similar ratings are given re-

gardless of gender in all genres except Mu-

sical. 5.2 T-Test for Combination of Age 

Group and Gender. As you can see from the 

<Figure 5> which illustrates the result of T- 

test for combination of age group and gender, 

Males Aged 18～29/Females Aged 30～44 (C/ 

F), Males Aged 30～44/Males Aged 45+ (E/ 

G), and Males Aged 45+/Females Aged 45+ 

(G/H) combinations presented significant re-

sult in all genres. It can be considered that 

age group of two combinations give similar 

ratings regardless of genre. Therefore we can 

conclude that males under 18～29 group and 

males aged 30～44 groups-combination 1- 

have very similar user ratings and behaviors 

and other two combinations are the same.

<Figure 5> Three Similar Rating Groups

Looking into the group category of 3 com-

binations, the redundancy is displayed. As 

you can see in <Figure 6>, 3 combinations 

are partially connected to one another. There-

fore, category groups of Males under 18～29, 

Males aged 30～44, Males aged 45+, and 

Females aged 45+ that compose each combi-

nation can be classified as similar group.

<Figure 6> Relations of Categories that 

Compose Combinations
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Moreover, significant result was pre-

sented for Males under 18/Males Aged 18～

29 (A/C), Males Aged 18～29/Males Aged 

30～44 (C/E), Female Aged 30～44/Females 

Aged 45+ (F/H), Males Aged 30～44/Fe-

males Aged 45+ (E/H) and Males and Fe-

males (M/W) combinations in all genres 

except one genre respectively. Also result 

of Males Aged 18～29/Females Aged 30～

44 (C/F), Males Aged 30～44/Males Aged 

45+ (E/G) and Males Aged 45+/Females Aged 

45+ (G/H) combinations is significant in all 

genres.

5.2 Result Based on Combination of 

Age Group and Gender for Each 

Genre

In combination of age group and gender, 

Western genre presented significant result 

in all combinations as you can see from 

<Table 6>. It can be considered that all age 

groups have given similar ratings in that 

genre on the average. On the other hand, 

insignificant result was presented for 16 

combinations of age group in Drama genre 

thus it was presented to be a genre that 

was given most uneven ratings. Moreover, 

significant result was presented in all com-

binations of age group and gender except 

B/H combination in regards to Film-Noir 

genre and A/E combination in regards to 

sports genre.

6. Conclusion and Future Work

In this paper, we analyzed user movie ra-

tings based on demographic information and 

found the representative group of each genre. 

This study searched the representative group 

most similar with total ratings through analy-

sis on basic statistics by analyzing the rating 

data for each gender and age group and pro-

posed to recommend a movie for that repre-

sentative group after examining it with F-test 

and T-test. Males Aged 18～29 group was 

presented to be the group with most influence 

as it was presented to a group that represents 

the whole group in 13 genres. Then, the com-

bination that presented significant result was 

found through combination of each age group 

and gender and it was classified as similar 

group. Moreover, 4 groups classified as sim-

ilar group give similar ratings. Recommenda-

tion can be made by classifying it as a single 

category.

So, it is effective for a movie distributor to 

carry out targeted marketing for representa-

tive group for each gender and age group in-

stead of preview and marketing for all age 

groups and gender. Also, 4 groups classified 

as similar group give similar ratings thus rec-

ommendation can be made by classifying it 

as a single category.

Therefore, this study is considerably sig-

nificant as presenting utilization for film busi-

ness as well as showing how to analyze dem-

ographic information on movie ratings on the 



138  한국전자거래학회지 제19권 제3호

web. Limitation of this study lies in the fact 

that the size of a group that gives user ratings 

has not been considered. Each group has dif-

ferent sizes, so the result of skewness may 

be affected by majority group. In the future 

work, the size of group should be considered 

as a criterion of similarity test.
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