
J. lnf. Commun. Converg. Eng. 20(2): 131-136, Jun. 2022 Regular paper
Evaluations of Museum Recommender System Based on 
Different Visitor Trip Times 

Taweesak Sanpechuda  and La-or Kovavisaruch*

Department of LAI, National Electronics and Computer Technology Center, 12120, Thailand

Abstract

The recommendation system applied in museums has been widely adopted owing to its advanced technology. However, it is

unclear which recommendation is suitable for indoor museum guidance. This study evaluated a recommender system based on

social-filtering and statistical methods applied to actual museum databases. We evaluated both methods using two different

datasets. Statistical methods use collective data, whereas social methods use individual data. The results showed that both

methods could provide significantly better results than random methods. However, we found that the trip time length and the

dataset’s sizes affect the performance of both methods. The social-filtering method provides better performance for long trip

periods and includes more complex calculations, whereas the statistical method provides better performance for short trip

periods. The critical points are defined to indicate the trip time for which the performances of both methods are equal.

Index Terms: Evaluation, Museum, Recommendation, Similarity, Statistic

I. INTRODUCTION

Most museums have a wide variety of exhibits; however,

there is limited visitation time. It is therefore difficult for

visitors to see all exhibits. In addition, they might not know

which exhibit to view first. Various efforts have recently

been made to address this issue. In [1], the sound-augmented

reality is applied to enhance museum visits. The authors pro-

vide an audio guide to visitors consisting of ambient sounds

and comments associated with the exhibits. In [2], mobile

devices are used to introduce exhibits focusing on the

semantic relationship of the user preferences. The authors of

[3] and [4] applied location-aware mobile services to provide

visitors with cultural content, relying on Bluetooth low-

energy beacons for proximity and localization capabilities.

These studies have enhanced the use of wearable devices for

faster and easier viewing of exhibits. In addition, the record-

ing of a visited exhibit can be a resource for analyzing and

creating recommendations based on visitor preferences. In

[5] and [6], a method is presented for analyzing the similar-

ity of individual visitors from the same viewing information.

The recommended lists are selected from a similar group of

visitors. In addition, in [7], the authors offered recommenda-

tions based on an ontological formalization from knowledge

of manipulated entities and graph-based semantics. In [8], it

is suggested that the use of keywords of visitor interests can

also be an alternative way to choose an exhibit. The exhibits

are predefined into clusters based on keywords. By contrast,

the authors in [9] proposed a recommender system for cul-

tural tourism to minimize visitor dissatisfaction. Alterna-

tively, in [10], a recommendation is presented based on

visitor behaviors, such as crowd tolerance, speed of move-

ment, and time spent on each exhibit. This suggests that

using a standard overview of the logging information of an

exhibit can be an easy way to create a recommended exhibit

list for visitors. At the same time, in [11] and [12], the issue
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of time constraint is raised as a condition for exhibit selec-

tion, and in [2], personalized recommendations are generated

from contextual information (location and time) using visitor

profiles. In addition, in [13], the artwork recommendation

system, including digital collections such as movies, is pro-

posed. The social filtering method uses personal visitation

data to find similar demographics, whereas the statistical

method uses general visitation data to recommend popular

exhibits. We studied both methods at different trip times and

used datasets based on evaluation scores to optimize the rec-

ommendation performance. 

Several methods have been used to evaluate the perfor-

mance of recommendation systems. In [14-15], the authors

asked visitors to complete a questionnaire to assess their sat-

isfaction. In addition, in [16], a recommendation of artwork

sequences for a group of visitors is provided. Offline analy-

sis of a pilot study conducted in a simulated museum envi-

ronment is used to evaluate the implementation of a

prototype. In [17], the authors focused on presenting exhibits

according to the children’s preferences with the possibility of

introducing new cultural topics and then letting a team of

experts evaluate the recommendation list according to the

specified criteria. Moreover, in [18], the average time that

viewers view an exhibit was evaluated to adjust the length of

the audio content. This study evaluated the performance of

recommendations from a visitor behavior database. This eval-

uation was based on the F1 method [19], which was applied as

a satisfaction assessment, considering both recall and preci-

sion variables used to cover all types of errors. Furthermore,

we found that the length of the trip time affects the referral

performance. The selection of appropriate guidance methods

based on different trip times is presented in this study.

This paper is divided as follows. Section II describes the

recommendation methods, namely, social filtering and statis-

tical methods. Section III introduces the evaluation method

applied in this study, including the assessment and data pre-

processing factors. Section IV presents the evaluation

results. Finally, Section V provides a discussion and some

concluding remarks regarding this study.

II. RECOMMENDER SYSTEM APPROACHES

A benchmark for assessing the performance is referenced

on a random method in this study. In the random approach,

each exhibited object is randomly selected for presentation

to the visitors with a uniform probability of 1/n, where n is

the total number of exhibits. The number of exhibits selected

depends on the specified number of trips. For the same trip

time, we used the evaluation score of the random method to

reference the normalization of our studied approaches, i.e.,

the social-filtering and statistical methods. The trip time was

calculated as the average time spent viewing each object.

A. Social-Filtering Method

The social-filtering method employs a similarity analysis

of individual visitor behavior as a reference [11]. This is

based on the hypothesis that visitors who view the same

exhibits tend to have similar preferences. Similarly, exhibits

viewed by the same visitor are similar. For example, in Fig.

1, visitors 1 and 2 view the same exhibits (A, B, and D).

They, therefore, weigh three on the visitor graph. It can be

concluded that their behavior is more similar to that of other

visitors. Likewise, in the exhibit view, exhibits A, B, and D

have two visitors on the same point-of-interest (POI) graph.

Thus, they are more similar to the other exhibits.

Let matrix R be the relationship between the visitor and

exhibit, with dimensions of L×C, where L is the number of

visitors, and C is the number of exhibits. In addition, Rui, an

element in matrix R, is 1 when visitor u has viewed exhibit i

and is 0 when visitor u has yet to view it, as shown in (1).

. (1)

The similarity between the interested visitor m and other

visitors u can be calculated using (2). We define rm as the

row vector of matrix R corresponding to visitor m, and ru as

the row vector of matrix R corresponding to other visitors.

Moreover, α is a weighting parameter of [0,1].

. (2)

. (3)

Here, rm·ru = ∑C
i = 1rmi·rui, the dot product between vectors

r_m and r_u when C is the number of exhibits. An exhibit

list that anyone has visited will be compiled as a list of rec-

ommendations to other visitors. We can also apply (2) to cal-

culate the similarity between exhibit m and u using the

transpose matrix RT in (3). However, we used visitor similar-

 

 

 

Fig. 1. The Activity log of visitors and exhibits (POIs) as visitor and POI

graphs.
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ities in our experiment.

B. Statistical Method

This method uses visitor logging data to create a list of

recommended exhibits, as shown in Fig. 2. The data were

gathered from various repositories and processed to intro-

duce exciting exhibits. The viewing frequency and duration

are critical factors in selecting the recommendation list pre-

sented in [2]. Viewing frequency compares how many exhib-

its have been viewed without identifying the visitors. For

example, POI (or exhibit) A has a viewing frequency of 3,

and that of POI B is 1. In comparison, the viewing duration

is the average viewing time from when a visitor first begins

viewing an exhibit until viewing the following exhibit. In

Fig. 2, visitor 1 starts viewing A at 12.00, and B at 12.05,

thus spending 5 minutes viewing exhibit A. Using this calcu-

lation concept, we obtained viewing durations of 4 and 8

min for exhibit A by visitors 2 and 3, respectively.

Using this method, the selection of exhibits assumes that

the higher the viewing frequency and the longer the viewing

duration is, the more exciting the exhibits. The exhibit view-

ing duration is also used to determine the maximum time

visitors spend at the museum (trip time).

III. EVALUATION

To evaluate the performance of each recommendation

method, we define the following factors.

• The total numbers of data and visitor log records in the

database are determined. In this article, we analyzed

three museums with different characteristics.

• The recommended duration (trip time) defines the period

of recommendation based on the average viewing dura-

tion of different exhibits. The number of recommended

exhibits could therefore vary.

A. Data Cleaning

We used databases from two museums on our platform

(museum pool), i.e., Chao Sam Phraya Museum (Thailand)

and Shwedagon Museum (Myanmar), to evaluate the exhibit

recommendation. Both museums have been in operation for

more than two years. A summary of these databases is pro-

vided in Table 1. The total records show the number of visit-

ing logs recorded within a specific period, and total exhibits

and total visitors represent the whole numbers of exhibits

and visitors, respectively. The selected visitor is the number

of visitors found under the specified conditions, and we

selected visitors with at least eight viewed exhibits in our

evaluations. The log data from Shwedagon are noticeably

fewer in number than those from Chao Sam Phraya.

B. Evaluation Implementation

To evaluate the performance of the recommender system,

we use the F1-score, which consists of precision and recall,

which are calculated from the variables shown in Fig. 3. The

circular area shows the recommended exhibits, with the

exhibits they visit placed on the left side. We define these

variables as follows: 

• True positives (TP) is the number of recommended

exhibits that the user visits.

• False Positives (FP) is the number of recommended

exhibits that a user has not visited.

• False negatives (FN) is the number of exhibits that have

been visited but have yet to be recommended.

• True negatives (TN) is the number of exhibits that have

yet to be visited and have not been recommended. The

Table 1. Summary of experimental database 

Site
Total 

Records

Total 

Exhibits

Total 

Visitors

Selected 

Visitors

Chao Sam Phraya 34,256 96 2,926 671

Shwedagon 5,944 35 1,870 66

Fig. 2. Calculation of viewing frequency and duration.

Fig. 3. Definition of variables used in the F1-score.
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TN value is typically invalid.

The precision is the proportion of recommended exhibits

in which the user visits all recommended objects. We can

calculate the precision using TP/(TP+FP), where the recall is

the ratio of recommended exhibits visited by users to the

total number of visited exhibits, which we can calculate from

TP/(TP+FN). Finally, using the harmonic mean [20], we cal-

culate the F1 value according to (4). In cases where the rec-

ommendation is most effective, the F1-score is 1.

 . (4)

IV. RESULTS AND DISCUSSION

In our evaluation, we defined the trip time as the sum of

the viewing duration of our recommended exhibits. We

assigned the experiment four different trip times (30, 60,

120, and 240 min). The F1-score of each recommended

method proposed (4) is normalized to the random method, as

shown in Table 2 for Chao Sam Phraya and Table 3 for

Shwedagon. The results are the percentage of performance

gain compared to the random method.

A. Chao Sam Phraya Museum

These cases belong to the Chao Sam Phraya Museum in

Thailand, where the visiting data are from the most extensive

dataset of 34,256 records, as mentioned in Table 1. The data

include 2,926 visitors during approximately 3.5 years. After

the data-cleaning process, 671 visitors met the conditions

outlined in the previous section. Fig. 4 shows the normalized

F1-scores in the graphs for different trip times. The blue

dashed line shows the reference for the normalized perfor-

mance. The red line with a circular point represents the nor-

malized performance of the social filtering method. Furthermore,

the green line with a triangular point is the normalized per-

formance of the statistical method.

It can be seen that the random methods initially achieve

the best performance from Fig. 4, following statistical and

social filtering methods in that order. Both statistical and

social filtering methods outperformed the random method at

a specific trip time. The critical point is the point where both

social filtering and a statistical method perform the same.

After reaching the critical point (at approximately 70 min),

the social filtering performance increased and stabilized at

approximately 120 min. Simultaneously, the statistical per-

formance decreased and was stable for approximately 120

min. The average time spent visiting all exhibits in this

museum was 120 min. After 120 min, there were no longer

any exhibits to recommend to the visitors; therefore, we call

this time the edge point. As a result, choosing a statistical

method to guide the exhibit would be better for visitors with

a trip time of less than 70 min. By contrast, the social filter-

ing method should be applied to visitors with a trip time of

more than 70 min.

B. Shwedagon Museum

These cases belong to the Shwedagon Museum in Myan-

mar. This is an indoor museum, similar to the Chao Sam

Phraya Museum in the previous case. However, only 5,944

data records were available, with 66 of the 1,870 visitors

meeting the criteria. The normalized F1-scores of the Shwedagon

Museum are shown in Fig. 5.

From Fig. 5, we can see the trip times range in which both

methods perform better than the reference approach. The

edge point in the statistical method is approximately 60 min,

which is close to the time it takes to view all objects at

Shwedagon Museum. However, we have yet to identify a

 

 

Table 2. Performance of implemented methods against a random method

at Chao Sam Phraya Museum for different trip times

Trip time (min) Social filtering Statistical

30 -39.86% -16.22%

60 +24.61% +29.23%

120 +29.19% +11.67%

240 +33.20% +11.58%

Table 3. Performance of implemented methods against the random method

at Shwedagon Museum for different trip times.

Trip time (min) Social filtering Statistical

30 +48.45% +34.70%

60 +50.79% +14.11%

120 +49.05% +12.79%

240 +52.43% +15.35%

Fig. 4. Normalized F1-scores of Chao Sam Phraya Museum.
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critical point for this experiment. However, the performance

of the statistical method during a 30-min period increases to

34.70%, as shown in Table 3. The result of the approach

reaches that of the social filtering method; thus, the critical

point should be less than 30 min. This means that choosing a

statistical method to guide the exhibit for visitors with a trip

time of less than 30 min should be a better option. By con-

trast, the social filtering method should be applied to visitors

with a trip time of more than 30 min.

C. Discussion

The results showed that both methods were more effective

than the random method when the trip time exceeded a spe-

cific value. The statistical method performs better when the

trip time is less than the critical point. The performance then

decreases to the edge point, close to the time it takes to view

all objects in the museum. Before the critical point, the sta-

tistical method performed better because the interests of visi-

tors were quite similar initially. However, as time passes,

using overview statistics will not meet the needs of individ-

ual visitors. Simultaneously, the social filtering method guar-

antees better performance when the trip time exceeds the

critical point. This means we can use the critical point to

select the correct method for visitors with different trip

times. We found that the critical point differed for each data-

set. Our experiment showed that the critical point of the

Chao Sam Phraya Museum is 70 min, while that of the

Shwedagon Museum is less than 30 min. According to the

experimental results, the critical point is always before the

edge point. We can then estimate the critical point from the

edge point based on the average viewing time of all objects

in the museum.

V. CONCLUSION AND FUTURE WORK

We studied the trip time on two different datasets that

affect a recommendation performance. We evaluated the sat-

isfaction of two recommendation methods: 1) With the social

filtering method, which analyzes the similarity among visi-

tors using a visited exhibit database, visitors who visit the

same exhibits are assumed to have the same preferences.

Therefore, recommended exhibits should be selected from

the same visitors with identical preferences. 2) The statistical

method uses general statistical data, such as the most visited

exhibits or exhibit that people have viewed the most. This

information is used to select the objects exhibited to the visi-

tor. Both methods have different principles for selecting

exhibits, and we chose the F1-score as our assessment tool to

evaluate their performance. These methods were normalized

using the random method, and the exhibits were randomly

presented to the visitors.

In a future study, other environmental information such as

transportation, crowd density, facilities, and nearby attrac-

tions may be used as factors in introducing outdoor exhibits.
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