IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received 1 November 2022, accepted 18 November 2022, date of publication 28 November 2022,
date of current version 12 December 2022.

Digital Object Identifier 10.1109/ACCESS.2022.3225190

==l RESEARCH ARTICLE

Analyzing the Impact of Components of Yelp.com
on Recommender System Performance:
Case of Austin

SEUNGWOO LEE"“'!, HYUNJOO SHIN?, ILYOUNG CHOI'-3, AND JAEKYEONG KIM'-2

! Department of Big Data Analytics, Kyung Hee University, Seoul 02447, South Korea
2Graduate School of Business Administration, Kyung Hee University, Seoul 02447, South Korea
3BK21 Four Program Educational Research Group, Kyung Hee University, Seoul 02447, South Korea

Corresponding author: JaeKyeong Kim (jack @khu.ac kr)

This work was supported in part by the BK21 FOUR (Fostering Outstanding Universities for Research) funded by the Ministry of
Education (MOE), South Korea; and in part by the National Research Foundation of Korea (NRF).

ABSTRACT As people’s demand for eating out is steadily increasing, the number of restaurants is
continuously increasing, and catering industry platforms such as Yelp, Open Table, and Zomato provide
basic information and evaluation information of restaurants and restaurant recommendation services suitable
for users. Existing research on recommending restaurants mainly uses only evaluation information to find
neighbors, and the use of user and restaurant information is still in its infancy. In addition, there is little study
on how various types of input information affect the performance of the recommender system. This study
examines the influence of three component information provided by Yelp.com on the performance of the
recommender system using various real restaurants, reviews, and users dataset provided by Yelp.com. For
this purpose, Two Phase Experiment was designed, and restaurant data located in Austin, Texas, USA, which
has the largest number of review data, was collected. As a result of the experiment, elite status, the cumulative
number of reviews, price range and average rating of restaurants could improve the recommendation

performance.

INDEX TERMS Restaurant recommender systems, yelp, review data, experimental design.

I. INTRODUCTION

The ICT(Information and Communication Technology) has
developed rapidly, and mobile devices are spreading world-
wide. So that people generate various types of informa-
tion, such as location, text, voice, anywhere and anytime,
which helps people make decisions in their daily lives. For
example, people who want to buy a new laptop can easily
collect information about various brands’ laptops to make
optimal decisions. However, it makes the decision-making
process more complex as the range of options extends [1],
[2]. It causes some people want something to solve, not help,
their decision-making problems directly. They do not want
several laptop information from different brands anymore, but
the one recommended to buy. Some global platforms, such as
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Amazon, YouTube, and Netflix, have provided recommenda-
tion services to resolve people’s requirements [3], [4], [5].
As people’s income levels rise, the demand for eating out
and the number of restaurants has been constantly increasing.
Restaurant platforms such as Yelp, Open Table, and Zomato
provide inclusive information and reviews on restaurants for
people to support decision-making to visit the restaurants
preferred [6]. Furthermore, such platforms collect the review-
ers’ information and develop recommender systems(RS) with
information on restaurants, reviews, and reviewers to provide
recommendation services. RS refers to a system that recom-
mends restaurants using information filtering techniques with
a user’s history of visiting or experiencing restaurants. It has
been developed to resolve a user’s decision-making problems
from information overload. Traditional approaches to RS are
based on Contents Based Filtering(CB) and Collaborative
Filtering(CF). CF is well known and has been widely used.
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CF recommends products purchased or services experienced
by similar users to a target user.

Most recommendation services are based on users’ explicit
information on items, such as ratings or stars. However,
in recent years, in addition to explicit information about
products or services such as ratings and star ratings, as mul-
timedia information such as reviews and photos increases,
the recommender system must consider implicit information
about users and items in order to achieve better performance.
Therefore, some studies on RS considering implicit infor-
mation are actively being conducted. However, these studies
aim to develop new systems to improve the accuracy or
diversity of RS without knowing which information could
improve the performance [7]. It causes the systems to be
restrained in explaining to people why the recommendations
are suggested to them. Also, once they know how the infor-
mation affects the performance of the recommender system,
restaurant managers will focus on that specific information to
improve customer satisfaction. In addition, restaurant reser-
vation platform managers will also have a perspective on what
information they need to acquire and manage more in the
future. Therefore, this study aims to measure the impact of
diverse information on RS and analyze it to determine which
information positively affects the performance of RS.

We collected the dataset from Yelp.com, a global plat-
form for restaurants, in the city of Austin because it has the
most reviews in the United States. And due to the impact
of COVID-19, data is too scarce after 2020, so 10 years of
data from 2010 to 2019 were directly web crawled. It con-
tains 4,259 users, 4,469 restaurants, and 196,934 reviews.
We designed Two Phase Experiment Framework to measure
the impact of information on the performance of RS more
precisely. In phase 1, we develop a revised CF adding a
filtering neighborhood step to traditional CF. Each feature of
users and reviews information is put into the new step, and the
accuracy of RS based on all features is calculated. The accu-
racy derived from traditional CF is compared to the accuracy
of revised CF with each feature. When the accuracy improves
considering a specific feature, we infer it affects the perfor-
mance of RS positively. As the same, we develop another
revised CF adding a filtering recommendation candidate step
to traditional CF and compare the accuracy according to
restaurant features in phase 2. As a result of the experiment,
elite status of reviewers, the cumulative number of reviews,
price range and average rating of restaurants could improve
the RS performance.

II. LITERATURE REVIEW

A. RECOMMENDER SYSTEM

As the decision-making process has been getting more com-
plex, people want some support to help their determination,
especially related to purchasing. RS tends to be seen as
the most widely used and powerful solution for supporting
their purchasing decisions. Numerous global platforms have
been applying RS to their own business to improve customer
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satisfaction. We cannot imagine Youtube or Netflix without
recommendation services anymore.

The basic idea of RS is to figure out one’s preference
and suggest items or services used by others with similar
preferences because past interests or tendencies often present
good directions for future choices. One source to extract
people’s preferences is interactions between users and items,
called feedback. It is possible to create a similar group of
users interested in similar items by utilizing the set of feed-
back. The feedback made from the group can be utilized to
recommend to individuals belonging to that [8]. We call this
group neighborhood.

One of the most popular RS is CF, which uses ratings as
feedback that multiple users have already evaluated to predict
ratings that have not yet been evaluated. The recommenda-
tion process of CF can be specified into data representation,
neighborhood formation, and recommendation generation.
In data representation, a user profile is developed by a set
of transactions of m users for n products as input data of
CF. In neighborhood formation, establishing neighborhoods
is conducted by calculating similarities based on input data
between users. In recommendation generation, a list of the
top N recommendations purchased by neighbors but not by a
target user is suggested.

Following the studies for RS, users’ explicit feedback is
regarded as their preferences. Ratings, as explicit feedback,
indicate the overall satisfaction of users with an item, includ-
ing food price, quality, and so forth. Many RS studies extract a
user preference based on ratings [9]. On the other side, when a
user logs into a platform, the user’s preferences are extracted
by answering some queries. Miao et al. [10] developed an
RS using queries that ask users to select their preferred price
range and food type when logging into the system. Nowadays
many RSs extract users’ implicit preference analyzing their
log history, review data, and so on [1], [2]. Therefore, most
current RSs exploit implicit information to reduce users’
burden and identify more accurate preferences.

B. RESTAURANT RECOMMENDER SYSTEM

RS is flexible and applicable enough to be employed in
all types of business. The restaurant business is the one in
that RS studies have been conducted. RS in the restaurant
business is especially beneficial for first time travelers to
unfamiliar cities. As the same, it identifies users’ preferences
for restaurants and suggests recommendations that best match
their preferences.

The current studies for restaurant RS have been exploiting
implicit information to extract users’ preferences. Unlike
explicit feedback, implicit feedback does not literally indicate
the preferences [11], [12], [13], [14]. For example, it cannot
be assumed that a user prefers a restaurant because he has vis-
ited it several times before. Nevertheless, implicit feedback
has significant advantages in terms of diversity and amount
of data to discover preferences [15].

Itis areview that restaurant studies have been used actively.
DeacPetrusel and Limboi [16] applied Senti-WordNet to
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reviews to estimate user emotions for different restaurant fea-
tures and suggested recommendations considering attractive-
ness, relevance, and popularity of restaurants. Asani et al. [12]
proposed RS that extracts food preferences from reviews and
compares them with restaurant menus. So that the RS could
recommend restaurants and specific menus served by them.
Moreover, ICT growth makes studies start to exploit other
information, not only reviews. Sarkar et al. [17] attempted
to derive insights using deep learning technology and RS for
numerous reviews collected from Zomato, a global restaurant
platform. He extracted price range and menu items from the
reviews, and compared several models that reflected them
with RS approach. Zeng et al. [18] and Gupta et al. [19] pro-
posed RS that suggests recommendations using the located
information in real time.

RS studies exploiting Yelp dataset have been conducted
with various approaches. One of the traditional approaches is
sentiment analysis based on user reviews. After deep-learning
technology arose, it was developed by incorporating embed-
ding methods, such as Word2Vec. Also, some approaches
have emerged by applying social network analysis and clus-
tering techniques to RS. Zhang et al. [20] proposed a CB
model for cultural restaurants with restaurant reviews and
sentiments of them. The model analyzes the weights and
sentiments of various aspects within reviews at the sentence
level. Cultural restaurants could be suggested with some areas
to improve. Sawant [21] developed a personalized RS using
Network-Based-Inference CF Algorithm. The recommenda-
tion problems are presented as a graph projection. User rat-
ings weigh the edges from the user to the business. Bathla
et al. [22] calculated Recop Score by applying sentiment
analysis and a logistic regression model to user reviews and
user similarities based on the score. Zhao et al. [23] proposed
a recommender model that can extract sentiments and con-
textual information by converting user reviews into multi-
dimensional vectors to resolve the limitations of traditional
topic modeling. Eskandanian et al. [24] devised a pre-filtering
clustering approach for group users with similar tolerance
for diversity of recommendations. It is a methodology to
personalize diversity by independently performing CF on
different clusters by the degree of diversity in the user profile.
LR et al. [25] developed CREPMEF, a two-stage clustering-
based matrix factorization model, to resolve the limitation
that recommendations through existing social network anal-
ysis do not sufficiently reflect user preferences. The first
clustering is applied to users, and the second is applied to
items according to the rating.

The Yelp website provides a lot of information about
reviewers and restaurant characteristics, including review
data, so many recommender system studies have been con-
ducted. However, most existing studies on restaurant RS
(based on Yelp dataset) have been conducted about how to
reflect implicit information in RS, but few studies on which
information contributes to improving recommendation per-
formance. It causes RS performance to be improved but non-
explainable at once. Therefore, this study aims to measure the
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impact of diverse implicit information on RS and analyze it
to define which information positively affects RS.

IIl. EXPERIMENTAL DESIGN

A. DATASET

The dataset on Yelp.com, a global restaurant platform, has
been used to conduct the Two Phase Experiment in this study.
It is composed of three sub-datasets on users, restaurants, and
reviews. Each sub-dataset includes numerous features, such
as the number of reviews commented and elite user status on
the user dataset, as shown in Figure 1. The user sub-dataset
includes username, location, and the cumulative number of
reviews, as shown in Figure 1(a). The restaurant sub-dataset
consists of restaurant name, average rating, the number of
reviews, and price range, as shown in Figure 1(b). The review
sub-dataset includes the username, elite status, and the num-
ber of votes for the review, as shown in Figure 1(c).

We have filtered the dataset generated from 2010 to
2019 before the COVID19 virus spread to derive more accu-
rate results. 4,509 restaurants in Austin, Texas, have been
selected for the experiment. RS fundamentally helps users
make future decision-makings based on their past histories,
some studies split the dataset considering time not randomly
[26], [27]. Ji et al. [28] pointed out, learning from inter-
actions that happen in future contradicts to the problem
definition of RS. Paraschakis et al. [29] argued that time-
aware evaluation, where dataset are divided chronologically
is meaningful comparing the two different approaches to
splitting dataset, random split and chronological split. How-
ever, some studies still put the models learn user interactions
with iPhone 14 to predict the possibility to buy iPhone 13.
For enhancing reasonability of this study from the previous
studies, we chronologically divided the dataset, the past eight
years(from 2010 to 2017) dataset as training sets and the latest
two years(from 2018 to 2019) as test sets. The training dataset
contains 151,297 reviews, 81.44% of the total dataset, and
the test dataset contains 34,447 reviews, 18.56% of the total
dataset. Data sparsity problems could limit the performance
of RS, which refers to the insufficiency of data about users’
preferences [30]. To ease this problem, we filtered out users
who wrote at least 20 reviews [31], [32], [33]. The statistics
of the final dataset we used are shown in [Table 1].

TABLE 1. Descriptive statics of the dataset.

#Reviews
226,106

#Users #Restaurants
8,246 4,509

B. TWO PHASE EXPERIMENTAL DESIGN

Recommendations have been generated by only the user’s
quantitative preferences, such as ratings or stars, on CF. How-
ever, this study redevelops CF to consider users, restaurants,
and reviews. Furthermore, we compare its performance with
the traditional CF’s to reveal which aspects could improve
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FIGURE 1. (a) Components of User Sub-Dataset (b) Components of Restaurants Sub-Dataset. (c) Components of Review Sub-Dataset.
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the recommendation performance. This experiment was con-
ducted in two stages. In the first step, information from users
and reviews is used to filter out similar neighbors in the
CF process. In the second step, the restaurant information
is taken into account to derive the candidate’s final recom-
mendation. There are several types of CF, but this experiment
uses UBCF(User Based CF) because it needs to find simi-
lar neighbors using user and review information in the first
phase. Since the purpose of this study is not to increase the
performance of the recommender system, but to investigate
what type of information about user characteristics affect
the performance of the recommender system, we use UBCF.
UBCF calculates the affinity similarity between a target
user and other users, and predicts the Visiting Likelihood
Score(VLS) of a target’s visit to a restaurant based on the
similarity.

The formula calculating similarities between users a and b
is shown in (1).

ik (rai —=7a) - Y icr (rv,i — 75)
\/Z'ER (e =72)" \/ZieR (roi = 75)°

SIM (a, b) =

ey

where i means the entire set of restaurants, ry; means the
rating given to the restaurant i by user a, and 7, means the
average rating given to the entire restaurant by user a [1], [2].
After the similarities between users are calculated by (1), N
of neighbors with the most similar preferences are selected.
VLS for restaurant i of user a is calculated by (2).

Y ven, (rb.i — 75) - SIM (a, b)
> ben, SIM (a, b)

N, is the set of neighbors of user a, rp ; is the rating given

to restaurant i by neighbor b, 7, is the average rating given to

the entire restaurant by neighbor b, and SIM(a,b) is similarity
score between user a and neighbor b.

VLS (a, i) = 7z +

C. PHASE 1 EXPERIMENT

Recommendations have been generated by only the user’s
quantitative preferences, such as ratings or stars, on tradi-
tional CF. However, this study desires to measure the impact
of features from users, restaurants, and reviews information
on RS and reveal which features could improve the perfor-
mance. To measure the impact of features more precisely,
we developed two different revised RSs considering features;
one is for features of users and reviews, and the other is
for features of restaurants. That is because the features of
users and reviews are closer to a factor of users, and the
features of restaurants are closer to a factor of items in RS.
Therefore, we developed Two Phase Experiment Framework
shown in Figure 2. Each phase experiment is conducted
independently.

The process of phase 1 experiment identifies which
features related to users and reviews positively influence
RS’s performance. Traditional CF selects neighbors with
similarities calculated by quantitative preferences. In this
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FIGURE 2. Framework of two phase experiment.

phase, we develop Neighbor-Restricted CF(NRCF), limit-
ing the range of neighbor candidates with each feature of
users and reviews. For example, the candidates must be
Elite(Certificate Reviewer) when considering the feature of
elite status. In the end, we compare the accuracy of traditional
CF and NRCF. When NRCF considering a feature of elite sta-
tus performs better than traditional CF, the feature is regarded
as a positive feature for RS.

The users’ features considered in this phase are elite sta-
tus and activity. Recency and lengthiness are features when
it comes to reviews. Elite refers to a reviewer certificated
by Yelp.com with activities on the platform, and activity is
the number of reviews posted from the date a user joined
Yelp.com. Recency refers to reviews posted in the last three
years(2015-2017), and lengthiness means the number of char-
acters in a user’s reviews. The framework of the first phase is
shown in Figure 3.

NRCFProcess
= Calulate S, Make Suggest
All Users' Rating Similarity DG Candidates Recommenders

D D R Longh
User Filtering Review
Eiie Badge Dataset Dataset

FIGURE 3. Framework of NRCF.

D. PHASE 2 EXPERIMENT
UBCF recommends restaurant candidates in order of
expected ratings when target users visit based on neighbors’
restaurant ratings. In phase 2, we develop Double-Candidates
CF(DCCEF) that recommends final restaurant candidates by
CB method among restaurant candidates based on UBCF.
CB is an RS that calculates and recommends restaurants
similar to those visited by users in the past. It is applied to
filter final recommendation list to a user from pre recommen-
dation list, similar to his/her favorite restaurants’ features,
such as price range and average ratings. In this experiment,
we define favorite restaurants that rated 5 out of 5. We want
to test whether the performance of RS is improved when a
restaurant is finally recommended based on which of several
characteristics average price of a restaurant, average rating of
a restaurant, etc.) of restaurants that users have visited in the
past.

The second phase experiment is compared with UBCF gen-
erating final recommendations based on only VLS to identify
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which aspects of restaurants influence the performance of RS.
The restaurant aspects we use in this phase are price range,
categories, average ratings, and cumulative review counts.

The framework of the two stage experiment is shown in
Figure 4.

«‘ DCCFProcess
- 2 % Cakulate Find Make
{ All Users’ Rating Simikrity Neighbors Candidates ]

[ Suggest J

T

FIGURE 4. Framework of DCCF.

The second phase consists of the following five steps.
In step 1, users’ ratings derive similarities between users
by Pearson Correlation Coefficients. In step 2, neighbors
are filtered based on their similarities in descending order.
In step 3, VLS is calculated from the similarities between
a target user and his/her neighbors, generating candidates
for recommendation. In step 4, pre-recommendations are
selected out from the candidates based on VLS. And CB is
applied to pre-recommendations for completing final recom-
mendations considering a particular restaurant aspect. In the
final step, F1 score evaluates the performance with the user’s
visiting history.

We have varied the number of recommendations from
2 to 20 to see the tendency of change in the performance.

E. EVALUATION

There are several methods to evaluate RS performance. The
criteria to determine a proper method for assessing RS
depends on the type of data and the purpose of assessment.
Prediction accuracy is fit for continuous data, and classifica-
tion accuracy is for categorical data. In the first phase, this
study evaluates the performance with predictive accuracy to
know the differences between predictive ratings by NRCF
and actual ratings of a user to restaurants. However, in the
second phase, classification accuracy is computed because
a set of recommendations generated by DCCF is compared
with a set of restaurants a user actually visited.

Mean Absolute Error(MAE) and Root Mean Square
Error(RMSE) are computed in the first phase, which are
widely used to evaluate the predictive accuracy of RS. Both
measures evaluate predictive performance by calculating the
difference between the actual rating and the predicted one.
The smaller the value means, the higher the predictive accu-
racy. The MAE gives the same weight regardless of the
magnitude of the error between the actual and predicted
ratings. However, RMSE gives a relatively high weight a
large error between the actual and predicted ratings [34],
[35]. In the second phase, the performance was calculated
by F1 score, which is a balanced weighted average between
precision and recall. It is a tradeoff between Precision and
Recall. As the number of recommendations increases, Recall
improves while Precision worsens. Therefore, this study used
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F1 score to compensate for the tradeoff. A High F1 Score
means a high prediction ability for the recommender system
[36], [37], [38], [39], [40].

MAE and RMSE are obtained from the entire dataset, but
the F1 score was tested by dividing the data from 2010 to
2019 into a training set and a test set, as described in the data
set.

IV. EXPERIMENTAL RESULT
A. PRIOR EXPERIMENT FOR VARIABLE BASELINE
Before two phase experiments, a prior experiment should
be conducted for some ambiguous features. In terms of the
feature, Elite Status, we filter the neighbors who are Elite.
However, the feature of the cumulative number of reviews is
a bit more complicated than others. When filtering users who
posted ‘many’ reviews, the criterion of ‘many’ is ambiguous.
So, a prior experiment was conducted by varying the cri-
teria - mode, median, and mean of review counts. The value
with the highest recommendation performance was used as
the criterion for the feature of cumulative reviews. Figure 5 is
a distribution of the cumulative reviews. The mode value is
40, the median value is 116 and the mean value is 265.52.

=== Mode (40)
edian (116)
1000 == Mean 265.52)

800

600

Frequency

400

200

S0 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850 900 950

Review Counts

FIGURE 5. Distribution of the cumulative reviews.

Descriptive statistics on the three values are shown in
[Table 2]. The number of users who wrote reviews over the
mode value was 3,889(91.31%). 1,823(42.80%) users wrote
reviews over the median value, and 659(15.48%) users wrote
reviews over the average value.

TABLE 2. Descriptive statics of review counts.

MODE MEDIAN MEAN

VALUE (x) 40 116 265.52
COUNTS (x <) 3,889 1,823 659

RATIO (x <) 91.31% 42.80% 15.48%

The prior experiment was developed to reveal which cri-
terion could draw the best performance in RS. For that,
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we applied the phase 1 experiment to the feature of review
counts by setting the size of neighbors from 10 to 100. The
experimental results are shown in Figure 6. ““Existing” means
the traditional UBCF, and “Mean” refers to CF considering
only neighbors who wrote reviews over mean value. “Mode”
and “Median” refer to CF with neighbors who wrote over
mode and median values.

0.910

Mean —e—Median —— Mode

- =% - Existing &

0.905

0.900

0.895 \\A

0.890

0.885

* * & * & * * * A

0.880

N10 N20 N30 N40 N50 N60 N70 N80 N9O N100

FIGURE 6. Result of prior experiment(MAE).

As aresult of the experiment, “Mean” showed the best RS
performance. Therefore, users who wrote reviews over the
mean value would be considered in the post-experiment in
terms of review counts. The prior experiment had been con-
ducted through the above process when the feature criterion
is required.

B. PHASE 1 EXPERIMENTAL RESULT

The experiment in phase 1 demonstrates a feature that
improves RS performance belonging to users and reviews
information. It was tested and compared by varying the size
of neighbors from 2 to 30. While the traditional CF-based rec-
ommender system selects neighbors by deriving the similarity
between the target user and all users, this experiment derives
the neighbor by limiting the range of users based on user
and review information. The results of phase 1 experiment
are shown in Figure 7 (MAE) and Figure 8 (RMSE) with
[Table 3] and [Table 4]. “Existing”’ is a traditional UBCF that
only considers ratings; “Elite”” is NRCF restricting neigh-
bors to users being elite; “Lengthiness’ is NRCF restricting
neighbors with an average length of reviews; “Activity” is
NRCF with the number of reviews posted from the date a
user joined the platform; “Recency” is NRCF with reviews
posted in the last three years (from 2015 to 2017). Among
the four features proposed in phase 1, “Elite” and “Activ-
ity” belong to user information, and “Lengthiness” and
“Recency” belong to reviews information.

The experimental results show that the performance could
be improved in all neighborhood sizes compared to UBCF
when reflecting elite status and cumulative number of
reviews. All of them belong to user information. Contrari-
wise, it was not found that the performance was improved
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FIGURE 7. Results of phase 1 experiment(MAE).
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FIGURE 8. Results of phase 1 experiment(RMSE).

TABLE 3. Results of phase 1 experiment(MAE).

#NEIGH  EXIST- ELITE ACTIV- RE- LENGT
BORS ING ITY CENCY  HNIESS
2 1.047 1.012 1.018 1.058 1.800
3 0.968 0.953 0.946 0.984 1.661
4 0.944 0.932 0.931 0.968 1.624
5 0.931 0.925 0.922 0.961 1.642
10 0.929 0.922 0.912 0.951 1.626
15 0.926 0.920 0.910 0.949 1.611
20 0.925 0.919 0.909 0.948 1.613
25 0.924 0.919 0.909 0.948 1.608
30 0.924 0.920 0.910 0.948 1.607

when reviews information was considered. Also, this result
shows how much the performance can be improved. Also, the
similarity of the MAE and RMSE result graphs shows that a
large error between the actual and predicted ratings does not
occur for a given number of neighbors.

C. PHASE 2 EXPERIMENTAL RESULT

The experiment in phase 2 demonstrated a feature that pos-
itively affects the RS performance belonging to restaurant
information. The accuracy was calculated by varying the size
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TABLE 4. Results of phase 1 experiment(RMSE).

TABLE 5. Results of phase 2 experiment(F1).

2 1.403 1.363 1.435 1.365 2.270 2 0.0169 0.0236 0.0188 0.0178 0.0178
3 1.311 1.307 1.344 1.289 2.063 4 0.0220 0.0285 0.0236 0.0235 0.0209
4 1.284 1.280 1.322 1.265 2.014 6 0.0245 0.0280 0.0258 0.0257 0.0218
5 1.258 1.256 1.304 1.242 2.025 8 0.0250 0.0275 0.0261 0.0258 0.0225
10 1.242 1.242 1.290 1.222 1.995 10 0.0264 0.0264 0.0276 0.0270 0.0220
15 1.241 1.243 1.290 1.222 1.979 12 0.0262 0.0254 0.0270 0.0264 0.0211
20 1.239 1.242 1.289 1.222 1.979 14 0.0255 0.0244 0.0263 0.0257 0.0217
25 1.240 1.243 1.289 1.222 1.975 16 0.0252 0.0235 0.0259 0.0255 0.0216
30 1.240 1.243 1.289 1.222 1.974 18 0.0257 0.0225 0.0260 0.0258 0.0211

20 0.0252 0.0217 0.0257 0.0253 0.0206

0.0300

0.0280

0.0260

0.0240

0.0220

0.0200

0.0180 )’ - =% - Existing Categories Price Range
¢ —&— Ratings —— Reviews
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2 4 6 8 10 12 14 16 18 20

FIGURE 9. Result of phase 2 experiment(F1 Score).

of recommendations from 2 to 20. The second result is shown
in Figure 9 and [Table 5]. “Existing” refers to CF in which
recommendations are made in the order of VLS in the candi-
dates. “Categories” considers restaurant categories, such as
Mexican restaurants, Korean barbecue restaurants, Chinese
restaurants, Japanese restaurants, and so on. It is a method
of constructing a final recommendation list by classifying
restaurants that the target user has visited in the past in the
candidate list for the target user, and filtering the restaurants
corresponding to the most visited restaurant categories. This
is a method in which CB is applied to UBCF, meaning that
even a restaurant with a high VLS value is excluded from
the final recommendation list if it does not correspond to the
category of restaurant frequented by the target user. In the
same way, “Price Range” is a method of constructing a final
recommended list of restaurants with the same price range
as the restaurant price visited by the target user. ‘“Ratings”
is a method of constructing a final recommendation list with
restaurants similar to the average rating of restaurants visited
by the target user. ‘“‘Reviews”’, refers to a method of compos-
ing a final recommended list of restaurants having a number
of reviews similar to the cumulative number of reviews of
restaurants visited by the target user.

As a result of the experiment, when CF considered the
price range or average rating, the performance improved
regardless of the size of recommendations. In the case of
categories of restaurants, the performance improved when the
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recommendation size was less than 10. When restaurant
information is additionally reflected in the process of select-
ing a candidate list for recommendation, it is possible to
additionally consider restaurant characteristics not included
in the user’s quantitative preference information, suggesting
that the performance of the recommender system can be
improved.

V. CONCLUSION

A. DISCUSSION

Most of the current RS studies focus on developing new
recommendation algorithms for improving the performance
recommendations such as accuracy or diversity. However,
they have not focused on which features or aspects could
improve or worsen the performance of RS. The existing
CF-based RS, which aims to improve the performance, can-
not explain why the recommendation was made to the user
who received the recommendation list. Therefore, this study
aims to measure the impact of numerous implicit information
on RS and analyze it to determine which information posi-
tively affects RS.

We collected the dataset for the experiment from Yelp.com,
a global review platform specializing in restaurants. The
restaurants located in Austin, Texas, with the most significant
number of reviews, were filtered out for the experiment.
Moreover, ten years of data were used, from 2010.01.01 to
2019.12.31, before the Covid19 pandemic.

A Two Phase Experiment was designed to measure the
impact of users, restaurants, and reviews information on RS
performance. The first phase experiment was conducted to
see the change in performance according to the features of
users and reviews information. As a result, when recom-
mendations reflect elite status and the cumulative number of
reviews, the RS performance improves in all neighbors’ sizes
compared to traditional CF. Conversely, reviews information
did not help the performance to improve.

The second phase experiment was conducted to confirm
the change in performance according to the features of restau-
rant information. As a result, CF considering the restaurant
price range and average rating, improved the performance
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regardless of the size of recommendations compared to tra-
ditional CF. According to the results of the two experiments,
users and restaurants information were vital to improving the
RS performance. On the contrary, reviews information did not
affect the improvement of the RS performance. It presents
that some implicit information includes additional user pref-
erences, not included in quantitative information such as
ratings or stars. The additional preferences could improve
the RS performance rather than considering only quantitative
information.

B. THEORETICAL CONTRIBUTIONS AND PRACTICAL
IMPLICATIONS
The theoretical implications of this study are as follows.

First, to improve the performance of the recommendation
algorithm, filtering only influential and meaningful data is
required along with research to develop a new recommen-
dation algorithm. However, there have been few studies on
how changes in input data affect recommendation perfor-
mance in the recommender system research so far. Previous
studies focus on enhancing recommendation performance
by developing new algorithms, but this study focused on
applications based on customer behavior data and restaurant
data. Prior to this research, we proposed a methodology to
investigate the effect of review consistency and helpfulness
on recommendation performance [38]. We focused on cus-
tomers who have written helpful and consistent reviews to
select influential and representative neighbors. We evaluated
the performance of the proposed methodology using several
real-world Amazon review data sets for experimental utility
and reliability. The experimental results confirmed that the
recommendation performance was excellent when a neigh-
bor was selected who wrote consistent or helpful reviews
more than when neighbors were selected for all customers.
This research extended our previous research. Therefore,
these studies can expand the scope of recommender system
research.

Second, this study is an exploratory study trying to mea-
sure the impact on RS performance using users, restau-
rants, and reviews information in Yelp.com. Compared to
our previous research [38] this study presents a guideline
for follow-up research on the impact of distinct information
on RS. A specific experimental framework is presented for
follow-up researchers on how to reflect information in CF.
More specifically, this study is the first study to measure
the impact of users, restaurants, and reviews information at
once. This study made it possible to measure and compare
the impacts of information step by step by our suggested two-
phase experiment framework.

These results provide e-commerce companies with the
following practical implications.

First, existing restaurant information providers are devel-
oping recommender systems using all customer behavior
data and restaurant information. This is because we believe
that a lot of data can improve recommendation performance.
However, our experiments show that too much customer,
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review, and restaurant-related information can reduce rec-
ommendation performance. This study investigated whether
all customer behavior and restaurant related factors affected
recommendation performance. Therefore, restaurant recom-
mender system developers should consider more options.
Knowing which factors in the input data affect the perfor-
mance of the recommender system can provide guidance
when designing future customer interfaces.

Second, a restaurant manager or individual restaurant web-
site designer needs to know that the factors affecting the
performance of the recommender system are the factors that
customers consider more important. When managing cus-
tomers or when designing individual restaurant homepages, it
is necessary to emphasize the factors that customers consider
important. Global e-commerce websites apply deep learning
and artificial intelligence technologies for personalized rec-
ommendation services. However, most individual restaurant
websites are challenging to apply such technologies due to
development costs and lack of technical human resources.
Experimental results of these studies can provide guidelines
for individual restaurant website developers.

C. LIMITATIONS AND FUTURE STUDY
Since this study is an exploratory study for measuring the
impact of information on RS, the following limitations exist.

First, it is impossible to verify any other information
through this study not provided by Yelp.com. For example,
this study could not verify whether a user’s demographic
features could affect RS performance. Therefore, it is neces-
sary to conduct follow-up studies using others from different
platforms, such as Open Table and Zomato, not included in
Yelp.com.

Second, the experimental results cannot be generalized
since the experimental subject is limited to Austin, Texas.
According to existing studies, there are distinct differences
in food culture between countries and races. Therefore, addi-
tional experiments should be conducted on whether the same
features affect RS in other countries and regions.

Third, the features of information exploited in this study
are restricted. For example, this study did not cover various
facilities or services in restaurants, such as allowance for
pets, acceptance of credit cards, and so forth. Therefore,
it is necessary to examine features that influence RS among
numerous additional facilities in future studies.

Lastly, recent studies have shown that customers are more
receptive to recommendations by adding an explanation func-
tion to the recommender system [39], [40]. When designing
an explanatory recommender system platform, it is necessary
to study whether customers will accept the recommendation
if an explanation function is added focusing on important
factors affecting the importance of the recommender system.
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