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Abstract: Social media data has become a popular source for uncovering hidden patterns in user mobility. However, 

the volume of online customer reviews has increased enormously, making it difficult for individuals and businesses 

to identify and analyze these patterns. Moreover, very few studies exist that explore the mobility patterns of 

reviewers. Therefore, this study aims to profile the mobility of reviewers to identify hidden patterns. The data of 

1217 reviewers and 139,187 reviews from Yelp is used in this study. Firstly, distance-based mobility profiles which 

include the average distance and total distance of reviewers are created. The correlation analysis showed that 

distance-based measures strongly correlate with the number of reviews written by a reviewer, the number of cities, 

and the number of states visited by the reviewer compared to other features. Clustering is done using k-means and 

Density-based spatial clustering of applications with noise (DBSCAN) to analyze the different nature of reviewers 

which showed that reviewers can be grouped into two categories that are “less traveler” and “more traveler”. A 

comparison of reviewers who have visited the same number of businesses reveals that their mobility patterns can 

vary significantly. Finally, the classification of reviewers into less and more travelers is done using various machine 

learning algorithms. Random forest (RF) achieved Area Under the Curve (AUC) of 0.865, which is comparatively 

better than other algorithms. The feature importance calculated using RF showed that review count, city, and state 

are more important features compared to others. 
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I. INTRODUCTION 

Location-based social media data is a type of geotagged 
data that consists of direct or indirect geology references 
obtained through social websites or location-based 
applications [1]. The latest origin of continually growing 
data has aided in the discovery of links between human 
mobility and resource consumption [2]. Big data analytics is 
being used to make crucial decisions, and the interaction of 
fields, social transformation, and policy measures opens up 
vast possibilities for city evolution [3, 4]. The smart city idea 
covers a wide range of urban living domains to which 
technology and policy interventions may be applied. It can 
be used to aid in developing smart cities in various fields [5]. 
Digital data from detected mobility, Geospatial data 
technology, and online networks may be combined for social 
interaction and collaborative decisions [6]. Massive 
quantities of trajectories are being created regularly by 
numerous sources due to the fast rise of the Internet of 
Things applications [7]. Mobility patterns are made up of a 
variety of components and their interactions [8]. A huge 
number of researchers have been committed to estimating 
urban movement graphs utilizing GPS data, multilevel and 

multi-source large geospatial data, smart cards data, data on 
mobile positioning, and data from other sources. In addition, 
some researchers have attempted to establish universal rules 
by analyzing urban/human movement patterns [9]. 

Various social media platforms, such as Facebook, 
Twitter, and Instagram, now have billions of users 
worldwide [10, 11]. The massive data from geotagged online 
networking websites provides enormous quantities of spatial 
detail that is important to people’s lives [12]. The data 
created by reviewers provide an opportunity to get details 
about a variety of locations and events along with details on 
users’ mobility behavior, and social profile attributes [13, 
14]. Exploring geography and movement at the level of a 
social community can provide details about the groups and 
the members’ behavioral graph, social relationships, and 
social needs [15]. Huge connections, friend relationships, 
and movement data from online platforms may be used to 
identify and study different groups. Social Networks provide 
a massive amount of user-generated data on an individual’s 
activity and mobility. However, only about 1% of published 
tweets on Twitter are geotagged [16, 17]. Moreover storing, 
processing, and indexing of the data are real-time challenges, 
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and they affect the mining of the latest mobility patterns. In 
addition, this massive amount of data is very difficult to 
analyze, using human cognitive ability. It is a challenging 
task to profile reviewer mobility behavior using unstructured 
social media data. The existing studies on mobility are 
mainly focused on user mobility, however, reviewer mobility 
based on published reviews still needs to be explored. 
Therefore, this research aims to propose a reviewer mobility 
profiling approach to determine reviewer mobility behavior. 
These mobility profiles are then correlated with other 
reviewer attributes such as friends count, and the number of 
cities and states visited by a reviewer. Additionally, the study 
grouped reviewers based on their mobility profiles using 
clustering techniques. Furthermore, it compared the 
performance of various machine learning algorithms in 
classifying reviewers as either less travelers or more 
travelers, thereby providing insights into the effectiveness of 
different algorithms in understanding reviewer mobility 
behaviors. 

II. LITERATURE REVIEW 

This section provides a quick overview of the existing 
literature on user mobility pattern mining using social media 
data. Human movement modeling is one of the most 
essential challenges in understanding human dynamics, and 
it is also a key component in designing smart city 
applications. One important challenge of user mobility 
modeling is predicting a user’s upcoming position based on 
previous mobility traces [18]. Previous studies attempted to 
analyze user mobility patterns which were using online 
networking data of location-based in order to track their 
social geographic behavior. A study attempted to analyze the 
location-based Weibo data to uncover users’ mobility and 
activity. The Kernel Density Estimations (KDE) algorithm 
gives a very useful analysis of DBSCAN clustering that 
assists in the identification of groups depending on point 
density. By recognizing hot places visited by users, the 
clusters formed after using both methods enrich the 
discovery of mobility patterns [19]. Location-based data 
from social media platforms was used to examine 
metropolitan human mobility and activity patterns. Average 
mobility patterns were defined by identifying the proportions 
of various functional types over city geographic, and hence 
the intent activity delivery maps. The temporal distribution 
of visiting different areas based on activity category is then 
used to define individual activity patterns [20]. 

The benefit of leveraging user-generated content via 
social media for mobility demand prediction is investigated 
by a study. Individual mobility decisions are linked to their 
activity patterns as obtained from publicly available data in a 
disaggregated model for mobility demand prediction. A 
technique for estimating individual activity patterns is also 
presented, as well as an alternative way for grouping 
individuals into distinct groups. These functions combine to 
build a mobility prediction model, which was evaluated 
using social media data for two test cases [21]. Online data 
has been used to uncover trends that might help smart city 
planners make better judgments. Weibo social media data 
was utilized to follow citizen activity in Shanghai by 

analyzing social geographic human mobility. The primary 
purpose of this research was to determine whether 
geolocated Weibo information can be utilized to discover 
user mobility and behavior [22]. A study reported the 
findings of analysis aimed at determining the activity and 
movement patterns of Instagram users who visited EXPO 
2015 organized in Milan, Italy. The authors collected and 
analyzed geotagged Instagram photographs from around 
238,000 users who attended EXPO 2015, and over 570,000 
posts were created during the trips, with 2.63 million unique 
visitors. The analysis revealed how visitor numbers changed 
over time, which buildings were most often visited, and 
nationality, as well as the main flows of visitors to Italian 
cities and regions in the following days of their EXPO trip 
[8]. 

A study looked at the mobility patterns of local Twitter 
users and visiting Twitter users using the flowing networks 
and constancy distributions of user behavior. The findings 
suggest that short-distance transportation is the most popular 
activity among locals and visitors alike. Furthermore, inter-
county migration is the most common sort of movement 
among all Twitter users [23]. A study used mobility data 
mining and social network analysis approaches to aggregate 
comparable trajectories, highlighting hotspots of activity and 
people movements, as well as their fluctuations over time. 
The evaluation was performed using the trajectory mining 
algorithms on a big collection of routes derived from 
geolocated tweets collected for the 2012 Mobile World 
Congress held in Barcelona [15]. A study analyzed a dataset 
of 652,945 geotagged tweets created by 2,933 Swedish 
individuals over more than a year. Human movement 
predictability has been investigated from three perspectives 
using this dataset: 1) A chronology of movement spectrum 
that demonstrates how humans spread in space, 2) 
Predictability of entropy and mobility, and 3) Spatial 
boundaries and movement spectrum restrict prediction. The 
dependency of predictability on mobility range is extended 
when mobility is observed without regard to geographical 
boundaries, which reduces the predictability [3]. 

Local Business Service Systems (LBSSs) such as Yelp, 
TripAdvisor, and DianPing provide a review service as an 
important part of Location-Based Social Networks (LBSNs). 
Users of these systems can post reviews when they visit a 
Point of Interest (POI) and appreciate the service provided 
by the POI. This POI can be a business or shop that is listed 
in an LBSS [24]. In contrast to prior research, which focused 
on the possibility of identifiability of anonymized 
information on an individual basis, a study focuses on the 
potential for identifiability of anonymized records at the 
aggregate level. The authors used two data sets, each 
comprising the movement traces of thousands of individuals 
over one week, representing a reasonably representative 
group of a metropolitan region [25]. A study attempted to 
assess the Yelp cascades in respect of their length or 
briefness being predictable. While doing so, researchers tried 
to pinpoint the crucial characteristics of such cascades as 
well as the networks’ characteristics along with the company 
associated with them cascades. However, the overall 
prediction accuracy of these algorithms varies [26]. 
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Urbanization and check-in behavior in both time and place 
are crucial elements in the design and construction of urban 
sustainability, according to urban planners. Using location-
based social network (LBSN) data to analyze check-in 
behavior by which public considerations appear to 
supplement traditional approaches. The spatial data 
introduces extra perspectives to the research of check-in 
habits and aids in the development of fresh methods and 
frameworks for LBSN data processing. A study examined 
the possibility of employing LBSN information to introduce 
a new perspective to study objective level check-in behavior. 
It was reported that women use it at high levels and that 
holiday and workday check-in patterns varied throughout all 
Shanghai neighborhoods. It may also be useful to track 
fluctuations in population concentration through time or can 
be used to predict the availability of services in the area [27]. 

To advance urban transportation through innovative 
solutions and research, understanding urban travel behavior 
is crucial. However, traditional methods of doing this are 

expensive and prone to inaccuracies. The explosion of urban 
big data offers an alternative way for data collection and 
mining tools. Human mobility influences many spatial and 
temporal events, including habitation, transportation, goods 
movement, and disease transmission. Over the past 50 years, 
the study of human mobility and its intersections with 
various fields has progressed significantly. Urban big data 
captures multiple aspects of cities, providing extensive 
information on human interactions with urban environments 
over time and space. This data allows researchers to study 
individuals, analyze driving habit variations, and understand 
travel patterns within and between communities [28]. 

III. MATERIALS AND METHODS 

The overall research methodology and flow of steps are 
shown in Fig. 1. A quick overview of each step is provided 
in this section. 
 

 

Figure 1. Proposed modified CNN architecture.

A. Datasets Acquisition 

The data from Yelp is used in this study. Since 2013, 
Yelp has provided access to its datasets for the Yelp Dataset 
Challenge. Our findings in this study are centered on the 
Yelp Open Dataset [29] that was obtained on March 5, 2022. 
Yelp dataset is a very rich dataset that provides information 
related to reviews, users, businesses, check-ins, tips, and 
photos. This dataset contains 6,990,280 reviews written by 
1,987,897 users for 150,346 businesses that are located in 11 
metropolitan areas. It also provides details on 200,100 
pictures that are uploaded with the reviews. Furthermore, it 
contains data for 131,930 check-ins and 908,915 tips for 
different businesses. 

B. Data Preprocessing 

In this study, we gather user data from the User dataset 
available in the Yelp Dataset. After getting the user ID we 
fetch their review counts from the Review table. We then 
make buckets of 21-25, 46-50, 71-75, 85-90,95-100, 140-

150, 190-200, and 251-350 based on review counts. After 
making buckets of review count, we map the user ID on the 
review dataset and fetch all the reviews from the dataset. 
Then we fetch the business ID from the business dataset 
based on the reviews we got from the review dataset. We 
also get other attributes counted from the business table 
which are latitude, longitude, cool, funny, state, city, and 
date. After that, we sorted the reviews for each user with 
respect to date and time. We get the review count of all users 
into user data, and we divide them into buckets of specific 
numbers. Then we get 150 random users from all buckets. 
After that, we extract the review IDs from the review table 
and the date and time of the review given to them. We also 
extract business IDs from the review table and add them to 
one location. After getting the business ID, we get the 
latitude and longitude of that business from the business 
table and city and state attributes. 

C. Feature Engineering 

In this study, we select data attributes from three datasets 
that include User, Review, and Business. Studying user 
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attitudes may be crucial for managing a company or website 
since it enables you to foresee customers’ activities and put 
people into categories. Since analyzing user movement 
patterns is the main objective of the analysis, every item in 
the collection should include location data, such as latitude 
and longitude. As a result, the first step in the preparation 
process is to filter out or fill in any data that has missing 
values for these variables. For user profiling we calculate the 
total distance as well as the average distance of the specific 
user, we calculate the distance from the latitude and 
longitude of the user’s business they visited by sorting them 
by date and time. We also count the city and state how many 
states and cities they visited and how much total distance 
they covered and by visiting every location how many 
friends increased. The pseudo-code of the reviewer mobility 
profiling algorithm proposed by this study is given in Fig. 2. 
 

 

Figure 2. Proposed algorithm for calculating distance traveled. 

D. Correlation, Clustering, and Classification 

The Correlation analysis of the features all the features is 
performed in this study. In our study, we used unsupervised 
learning because our data is unlabeled, and we have a 
clustering problem. We cannot go for classification directly 

because of unlabeled data. First, we labeled our data through 
clustering and then we went for classification. For this, we 
used clustering methods. There are many clustering methods, 
however, we used K mean and DBSCAN for this study. In k-
means clustering, the ideal number of clusters is established 
using the elbow approach. By using various choices of k, the 
elbow approach plots the amount of the objective functions. 
The deviation here between generated clusters will be 
investigated using silhouette analysis. After analyzing the 
clusters, we use the cluster information to label the reviewer. 
After labeling the classification is performed using various 
machine learning algorithms and 10-fold cross-validation is 
for evaluation. The evaluation metrics used for classification 
include accuracy, precision, recall, F1-score, and AUC. 

IV. RESULTS AND DISCUSSION 

We have collected 1217 random user IDs from the user’s 
dataset based on their review count. A sample of the dataset 
used in this study is provided in Table 1. Labels of the 
attributes used for further discussion and used in correlation 
analysis are also provided in this table. of the given in the 
table are also provided. 

The results of the correlation analysis are shown in Fig. 
3. It can be seen from the results that distance-based 
measures strongly correlate with the number of reviewers 
written by a reviewer, the number of cities, and the number 
of states visited by the reviewer compared to other features. 
The review count is also seen as highly correlated with the 
review reactions such as funny, cool, useful, etc. Moreover, 
the number of friends and useful are also highly correlated, 
which reveals that having a higher number of friends leads to 
more useful votes. 

The best number of clusters for the data is then 
determined to be the number of clusters that correspond to 
the elbow point. The optimal number of clusters based on the 
elbow method is 2. The density and dispersion of a cluster 
are measured by the silhouette coefficient. Its values vary 
from -1 to 1, with 1 denoting a tight and well-separated 
cluster, 0 denoting a cluster that is neither compact nor well-
separated, and -1 denoting a cluster that is badly compact 
and separated. We can clearly see in Fig. 4 that based on the 
silhouette coefficient two clusters are suitable for this study. 

 

TABLE 1. SAMPLE OF DATASET. 
ID Total  

Distance 
Average 

Distance 
City State Review  

Count 
Useful Funny Cool Friends  

Count 
Days Elite  

Count 
Actual 
Review 
Count 

Label Total 
Distance 

Avg 
Distance 

city state Review_count useful funny cool freindsCount days elite rev_count 

1 636.4137 9.091624 6 1 120 131 30 32 45 3622 5 20 
2 169.4058 7.700264 13 1 28 41 17 13 0 4684 0 20 
3 2163.301 10.01528 19 1 461 325 75 130 26 3448 2 20 
4 2085.931 9.568491 2 1 577 1358 416 683 764 4493 10 20 
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Figure 3. Correlation of features used in this study.

 

Figure 4. Optimal number of K. 

We have performed clustering one by one for all features 
with average distance and total distance using both K-mean 
and DBSCAN. The clustering of average distance using K-
mean with elite, cool, funny, friends count, and review count 
did not show that these features are not good for clustering 
based on average distance. In contrast, the city, state, and 
actual review count showed a clear separation of clusters. 
Two clear clusters can be seen for all features based on total 
distance using K-mean. A sample of clustering results using 
k-mean is shown in Fig. 5 and Fig. 6. Similarly, a sample of 
clustering results using DBSCAN is shown in Fig. 7 and Fig. 
8. 

 

Figure. 5. K-mean cluster Friends Count with Average Distance. 
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Figure. 6. K-mean cluster Friends Count with Total Distance. 

 

Figure. 7. DBSCAN cluster Friends Count with Average Distance 

 

Figure. 8. DBSCAN cluster Friends Count with Total Distance 

This study also provides findings by comparing two 
reviewers’ profiles that have reviewed the same number of 
businesses. It is interesting to note that despite both 
reviewers visiting 48 businesses, the total distance traveled 
by them significantly varies. Fig. 9 and Fig. 10 provide a 
comparison of both reviewers. 

The reviewers are labeled as “less travelers” and “more 
travelers” in this study. Those who have traveled less than 50 
kilometers are labeled “less travelers” and those who have 
traveled more than 50 kilometers are labeled “more 
travelers”. The machine learning algorithms used in this 
study include logistic regression (LGR), support vector 
machines (SVM), decision trees (DT), RF, multi-layer 
perceptron (MLP), and gradient boosting trees (GBT), and 
neural networks (NN). The evaluation results showed that 
NN achieved the highest accuracy at 79.63%, closely 
followed by MLP which achieved an accuracy of 78.89%. 
RF showed the best AUC score of 0.865, followed closely by 
NN with an AUC of 0.861. GBT demonstrated the highest 
precision at 87.35%, while DT achieved the highest recall of 
99.00%. NN also achieved the highest F1 score of 86.97%, 
followed closely by LGR with F1 score of 86.38%. The 
classification results are given in Table 2. 

Table 3 provides the feature weights calculated using RF 
that reflects the importance of features in predicting the 
reviewer as less or more traveler. “Review Count” emerges 

as the most important attribute followed by “City” and 
“State” which highlight the importance of geographical 
features, suggesting that regional factors significantly 
influence user mobility behavior. Metrics related to review 
interactions, such as “Useful”, “Funny” and “Cool” also 
show moderate importance. While the remaining features 
appeared as less important for the classification of reviewers. 

 

 

Figure. 9. Travel history of reviewer 1 with less distance covered. 

 

Figure. 10. Travel history of reviewer 2 with more distance covered. 

TABLE 2. CLASSIFICATION RESULTS. 
Algo Accuracy AUC Precision Recall F1 measure 

LGR 78.23% 0.812 80.08% 93.85% 86.38% 

DT 74.53% 0.777 74.63% 99.00% 85.10% 

RF 77.82% 0.865 81.96% 89.71% 85.62% 

GBT 76.34% 0.857 87.35% 79.31% 83.09% 

SVM 77.57% 0.819 78.22% 96.42% 86.35% 

NN 79.63% 0.861 82.15% 92.50% 86.97% 

MLP 78.89% 0.819 81.53% 92.38% 86.53% 

TABLE 3. FEATURE WEIGHTS. 
Attribute Weight 

Review Count 0.201 

City 0.139 

State 0.120 

Useful 0.109 

Funny 0.093 

Cool 0.080 

Friends Count 0.074 

Days 0.072 

Actual Review Count 0.070 

Elite 0.040 
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V. CONCLUSION 

This study profiles the reviewer traveling behavior of 
1217 reviewers using their Yelp reviews. For each selected 
reviewer, the reviews written by them are collected and 
stored. The latitude and longitude of each business that the 
reviewer reviewed is mapped against each review which is 
further used to calculate the total and average distance 
traveled by reviewers. The mobility profile for each reviewer 
is generated based on the distance traveled by them for 
reviewing different businesses. These reviewer mobility 
profiles help us to understand the mobility behavior of the 
reviewers in terms of their mobility and the number of 
businesses they have reviewed. Correlation analysis is 
performed to see how reviewer mobility features (average 
distance and total distance) are related to other features such 
as review count, number of cities, number of states, number 
of friends, etc. Correlation analysis shows that review count, 
city, and state are highly correlated with average distance 
and total distance compared to other features. K-Means and 
DBSCAN are used to perform unsupervised classification of 
reviewers. For the K-Means clustering elbow method and 
silhouette analysis are used to identify the optimal numbers 
of K, which reported that two clusters are optimal. DBSCAN 
results showed that the number of clusters varies from one to 
three. The comparison of different users is also performed 
based on the number of businesses they reviewed. It is seen 
that the reviewers who have visited the same number of 
businesses can have a significantly different mobility profile. 
The performance of various machine learning algorithms 
such as LGR, SVM, NN, DT, RF, GBT, and MLP for the 
classification of reviewers is also studied. The reviewers 
with an average distance less than the average distance of all 
the reviewers (50 km) are labeled as less travelers and the 
remaining are labeled as more travelers. The classification 
results show that RF performed better in comparison to the 
remaining algorithms based on AUC. The feature weights 
show that review count, city, and state are more important 
features than others. 

There are a few limitations that are attached to the work 
done in this study. Firstly, the reviewer mobility profiles are 
generated using data from Yelp. The future work will try to 
use data from other review platforms and analyze similarities 
and differences in reviewer mobility patterns on different 
review platforms. Second, threshold-based labeling of 
reviewers as less travelers and more travelers is done. Future 
work will consider increasing the number of reviewers and 
using clustering labels for the classification task. Third, the 
work done in this study did not take into consideration 
business categories and textural features. These missing 
features such as business category and textual features will 
be considered in future work that can provide more insights 
into reviewer mobility behavior. 
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