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Recommending Attractive Thematic Regions by Semantic Community 

Detection with Multi-sourced VGI Data 

Abstract: Attractive regions can be detected and recommended by investigating users’ online 

footprints. However, social media data suffers from short noisy text and lack of a priori 

knowledge, impeding the usefulness of traditional semantic modelling methods. Another 

challenge is the need for an effective strategy for the selection/recommendation of candidate 

regions. To address these challenges, we propose a comprehensive workflow which combines 

semantic and location information of social media data to recommend thematic urban regions to 

users with specific interests. This workflow is novel in: (1) developing a data-driven geographic 

topic modelling method which utilizes the co-occurrence patterns of self-explanatory semantic 

information to detect semantic communities; (2) proposing a new recommendation strategy with 

the consideration of region’s spatial scale. The workflow was implemented using a real-world 

dataset and evaluation conducted at three different levels: semantic representativeness, topic 

identification and recommendation desirability. The evaluation showed that the semantic 

communities detected were internally consistent and externally differentiable and that the 

recommended regions had a high degree of desirability. The work has demonstrated the 

effectiveness of self-explanatory semantic information for geographic topic modelling and 

highlighted the importance of including region spatial scale into the model for an effective region 

recommending strategy. 

Keywords: location recommendation; geographic topic modelling; community detection; multi-

sourced VGI 

1. Introduction

Location-based social networks (LBSNs) and volunteered geographic information (VGI)

(Goodchild 2007) provide considerable opportunities for studying traditional issues such as 

human mobility and urban structure from a new perspective (Mislove et al. 2011, Stefanidis et al. 

2013, Tsou et al. 2014, Huang and Wong 2015, Longley and Adnan 2016). Besides spatial 

information, semantic information such as text and hashtags are also attached in LBSNs to 

indicate the activities related to the social media content. By combining the online footprint and 
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semantic information, an attractive region detection and recommender system can be developed, 

and is of great value if desirable regions can be recommended to users.  

Previous work on location recommendation focussed on recommending venues and POIs 

(points of interest) (Ye et al. 2011, Liu et al. 2013, Yuan et al. 2013, Feng et al. 2015, Ying et al. 

2017). These studies were limited in their range of application scenarios. For example, a user 

may prefer to visit a region with many shops in order to compare options, rather than be simply 

recommended a single venue with no alternatives. Under such circumstances, POI recommender 

systems are of limited value as they fail to offer guiding information when users’ demands are to 

explore thematic regions with multiple desirable venue options. 

Consequently, a major motivation for our research is to develop an effective workflow to 

detect attractive thematic regions from VGI data and provide useful information for users 

intending to explore regions of specific themes. To achieve this, there are two theoretical 

challenges to be considered.  

The first challenge is how to develop an effective method to investigate the geographic 

pattern of social media topic and identify those regions relating to different themes. Statistical 

methods, such as Latent Dirichlet Allocation (LDA), are traditionally used for geographic topic 

modelling (Li et al. 2007, Pan and Mitra 2011, Long et al. 2012, Wang et al. 2012, Ghosh and 

Guha 2013, Cheng and Wicks 2014, Gao et al. 2017), which, nevertheless, have limited 

effectiveness in handling social media data. A major reason is that statistical methods commonly 

require large amounts of well-organized documents as training data, which is inconsistent with 

the social media environment where short and noisy texts predominate (Prateek and Vasudeva 

2016); another reason is that some statistical methods require predefined parameters, such as 

counts of topics, which are subjective due to a lack of a priori knowledge. 

The second challenge is to develop a recommending strategy which takes account of varying 

spatial scales. An example is that regions with large areas may have more visits than those with 

small areas because they have more venues. This scale issue is specific to region 

recommendation, as venue recommendations typically treat the data as points and thus do not 

consider their sizes. 

To address the above challenges, a comprehensive region recommendation workflow is 

proposed.  The workflow consists of three modules: (1) interest inference, (2) candidate 

prediction and (3) query response. In the interest inference module, we developed a new data-
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driven geographic topic modelling method as the semantic information attached to social media 

post is well self-explanatory. The candidate prediction module includes a new recommending 

strategy which models mutual reinforcement between region attractiveness and user expertise 

with the consideration of region’s spatial scale and user redundant visits. In the query response 

module, a list of recommended regions is returned to respond user queries. This workflow was 

implemented with a real-world dataset and evaluated from different aspects. The results 

demonstrated the effectiveness of our methods. 

The remainder of the paper is organized as follows: Section 2 summarizes the related work. 

Section 3 gives an overview of the proposed workflow and elaborates each module. Section 4 

provides the experimental results and demonstrates the effectiveness of our methods. Section 5 

gives a discussion about the performance of our recommendation strategy and presents the 

limitation and future work. Finally, Section 6 concludes the whole paper.  

2. Related Work 

Our work aims to recommend attractive urban regions by considering several interrelated 

challenges: how to detect thematic regions using VGI data; and how to develop an effective 

rating and ranking strategy for region recommendation. In this section, some previous studies on 

geographic topic discovery and location recommendation are presented and discussed. 

2.1. Geographical Topic Discovery 

The aim of geographical topic discovery (Yin et al. 2011) is to discover topics from spatial 

big data (e.g., GPS-associated document, geo-tagged social media data) in a geographical 

context. Among the geographical topic modelling methods, statistical models such as Latent 

Dirichlet Allocation (Blei et al. 2003) are commonly used for geographic topic modelling 

(Zhang et al. 2013, Lansley and Longley 2016, Steiger et al. 2015). However, the LDA method 

has limitations in relation to social media data because short noisy texts are predominant and a 

priori knowledge such as a predefined count of topics is unavailable (Prateek and Vasudeva 

2016). In other research studies, other forms of information have been used, such as images 

(Rykov et al. 2016) and heterogeneous unstructured articles (Adams and Janowicz 2012), to 

facilitate the process of topic discovery. While in our work, to detect thematic regions, we 

proposed a data-driven geographic topic modelling method based on the assumption that the 

semantic information attached to social media post, such as hashtags, is sufficiently self-

explanatory and the potential topics can be thus indicated. The method is data-driven and 
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requires no well-organized training data or a priori knowledge such as topic counts, thus 

reducing potential perceptual biases. 

2.2. Location Recommendation in LBSNs 

The increasing availabilities of location-based social networks (LBSNs) provide researchers 

with new tools and data sources to study and recommend attractive locations.  

According to Bao et al. (2015), there are two main types of stand-alone recommended 

locations: POIs and regions. POI recommender systems aim to provide users with individual 

locations, such as museums or restaurants that match user preferences (Bao et al. 2012, Yuan et 

al. 2013, Griesner et al. 2015, Ayala et al. 2017, Ying et al. 2017). However, POI recommender 

systems are limited in effectiveness, when users prefer to explore regions where there are 

multiple desirable venues. This gap can be bridged by region detection and recommendation 

(Kurashima et al. 2010, Sun et al. 2015). From the level of the individual, Huang (2016) 

introduced a methodology to cluster and predict a user’s next location based on the sparse online 

footprints accumulated over a long period of time. In addition to facilitating user travel, region 

detection and region recommendation also aid in the study of the social dynamics of a city at a 

large scale (Cranshaw et al. 2012, Lee et al. 2014). However, among existing methods, few 

efforts have been made to integrate the related parameters of region spatial scale and users’ 

redundant user visits into the model, which may undermine the effectiveness of current region 

recommending strategies. 

3. Proposed Methods 

In this section, our proposed workflow is described, followed by a detailed description of 

each data handling process.  

3.1. Analytic Workflow 

Our analytic workflow consists of three main modules (Figure 1): (1) interest inference 

module; (2) candidate prediction module; and (3) query response module. Several data stores 

including user information, check-ins and venue information, are incorporated into the workflow.  

 

Figure 1. Analytic Workflow 

Interest Inference Module: The semantic content attached to the LBSNs is used to 

investigate the user activity pattern associated with the geo-tagged content (e.g. geo-tagged 

photos). This step starts by retrieving geo-tagged media data (check-in dataset) from Instagram 



5 

API and venues information (venue dataset) from Foursquare API. The hashtags in the titles 

attached to the geo-tagged photos are extracted, based on which an undirected ‘hashtag network’ 

model is built where each hashtag is denoted as a network node and the co-occurrence frequency 

between hashtags is assigned as a weighting to the edge connecting the corresponding nodes in 

the ‘hashtag network’ (Tag Network Construction). A greedy optimization method is then 

implemented to explore the communities from the hashtag network, and a common topic is 

assigned to the hashtags of the same community (Semantic Exploration). The topics of geo-

tagged photos are further detected by introducing the topics of attached hashtags as an indicator, 

which enables multiple topics to be assigned to one photo, as shown in Figure 2 (Interest 

Identifying). 

Figure 2. Instagram photo sample. The photo has a title that contains hashtags (e.g., #foodporn, 

#seafood, #delicious, #friendships, #saturdaynight) to annotate it, indicating multiple topics for 

one single photo. 

Candidate Prediction Module: In this module, candidate attractive regions and experienced 

users are predicted. Firstly, the geo-tagged photos (check-ins), whose topics have been identified, 

are further processed by a density-based clustering algorithm to acquire the attractive regions. 

Secondly, derived from Hyper-Induced Topic Search (HITS) (Zheng and Xie 2011), a new 

method is used to predict region attractiveness and user expertise with the input of attractive 

regions, topic-identified check-ins and venues in terms of the varying geographic range (Interest-

aware Candidate Selection). 

Query Response Module: This phase starts when users initiate a query asking for a certain 

count of regions matching an interest (e.g., food) within a spatial range (e.g., 5 km). Regions 

meeting the criteria are selected from the candidate region set. Finally, a list of regions is ranked 

in descending order by attractiveness score and recommended to users. 

3.2. Interest Inference Module 

As noted above, LDA methods have several limitations when dealing with geo-tagged social 

media data, so we develop a new method of modelling the geographic pattern of topics of social 

media contents. The assumption is that the semantic information, such as hashtags, is highly 

relevant to the topics of a social media post, and that hashtags of similar semantic meaning have 

a high probability of co-occurrence (Figure 2). Consequently, in a rich hashtag environment, a 
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‘hashtag network’ model is built to investigate the geographic patterns of topics. Relevant data 

models are defined below: 

Let 𝑃 be a collection 𝑃 =  [𝑝1, … , 𝑝𝑛] of social media posts 𝑝𝑖 = (𝑙𝑖, 𝑡𝑖, 𝑡𝑔𝑠𝑖), where 𝑙𝑖 is the 

location of post 𝑝𝑖, 𝑡𝑖 is the time-stamp and 𝑡𝑔𝑠𝑖 is the union of the hashtags attached to 𝑝𝑖. Let 

𝐻𝑇 = ⋃ 𝑡𝑔𝑠𝑖
𝑛
𝑖=1 = [𝑡𝑔1, … , 𝑡𝑔𝑚] be the hashtag union of 𝑡𝑔𝑠𝑖, i.e., if and only if 

𝑖𝑡𝑒𝑚 ϵ 𝑡𝑔𝑠𝑖(𝑖 =  1, … , 𝑛), 𝑖𝑡𝑒𝑚 ϵ 𝐻𝑇.  

The co-occurrence function 𝐶𝑅𝐶(𝑝𝑖, 𝑡𝑔𝑗 , 𝑡𝑔𝑘) is defined as follows: 

𝐶𝑅𝐶(𝑝𝑖, 𝑡𝑔𝑗 , 𝑡𝑔𝑘) = {
   1,     𝑖𝑓 𝑡𝑔𝑗  ϵ  𝑝𝑖. 𝑡𝑔𝑠𝑖   AND  𝑡𝑔𝑘 ϵ  𝑝𝑖. 𝑡𝑔𝑠𝑖  

0,                                 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                  
                         (1) 

Where 𝑝𝑖 is a post item from collection 𝑃, 𝑡𝑔𝑗 and 𝑡𝑔𝑘 are hashtag items from 𝐻𝑇. 

A ‘hashtag network’ is further defined as 𝐻𝑇𝑁 = (𝑉, 𝐸), where V is a set of vertices, each of 

which denotes a hashtag 𝑡𝑔𝑖 in HT, and E is a set of undirected edges connecting the vertices. 

The edge weighting is calculated as: 

𝐴𝑗𝑘 = ∑ 𝐶𝑅𝐶(𝑝𝑖, 𝑡𝑔𝑗 , 𝑡𝑔𝑘)𝑛
𝑖=1                                                             (2) 

Where 𝐴𝑗𝑘 is the weighting assigned to the edge connecting vertices 𝑗(𝑡𝑔𝑗)  and 𝑘(𝑡𝑔𝑘). The 

weighting, calculated by summing the co-occurrence frequency of the corresponding pair of 

hashtags, represents the connectivity between nodes. 

The ‘hashtag network’ is to be grouped into several communities based on their connectivity 

so that the vertices within the same community have a dense connection and share the same 

topic. The concept of Modularity (Newman 2006) is imported as a measure of the strength of 

network division and connectivity. Modularity Q is often used in optimization methods for 

detecting a community in a network and is defined as follows (Blondel et al. 2008) : 

𝑄 =
1

2𝑚
∑ [𝐴𝑖𝑗 −

𝑘𝑖𝑘𝑗

2𝑚
] 𝛿(𝑐𝑖 , 𝑐𝑗)𝑖,𝑗                                                           (3) 

Where 𝐴𝑖𝑗 is the weighting of the edge connecting vertices 𝑖 and 𝑗, 𝑘𝑖 = ∑ 𝐴𝑖𝑗𝑗  is the sum of the 

weightings of edges linking to the vertex 𝑖, 𝑚 =
1

2
∑ 𝐴𝑖𝑗𝑖,𝑗 , 𝑐𝑖 is the community to which vertex 𝑖 

belongs, the δ-function 𝛿(𝑢, 𝑣) is 1 if 𝑢 = 𝑣, and 0 otherwise. 

To detect communities, the Louvain algorithm is employed (Blondel et al. 2008). As a 

greedy method inspired by the optimization of modularity, the Louvain algorithm is data-driven 

and does not require an apriori selection of the community count, so that network communities 

can be detected with less potential perceptual biases. The algorithm is applied to the ‘hashtag 
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network’ HTN and several hashtag communities can be detected. Based on the semantic 

meanings of hashtags, a topic can be assigned to each community (Figure 3). The topics of social 

media post 𝑝𝑖 =  (𝑙𝑖, 𝑡𝑖, 𝑡𝑔𝑠𝑖) can be identified by referring to the topics of  𝑝𝑖. 𝑡𝑔𝑠𝑖, making it 

possible to provide multiple topics for one post. 

 

Figure 3. Hashtag community detection based on co-occurrence pattern and modularity, with 

node and edge size proportional to occurrence frequency and node colour indicating community 

category. 

3.3. Candidate Prediction Module 

In this module, candidate attractive regions and experienced users are predicted. 

Region Discovery: To discover attractive thematic regions, the DBSCAN spatial clustering 

method (Ester et al. 1996) is applied to the geo-tagged posts of one specific topic (e.g., food, 

shopping, tourism). DBSCAN can identify clusters of arbitrary shape with tolerance of data 

noise and does not require counts of the clusters as parameters. Two parameters are needed in the 

DBSCAN algorithm, e.g., the radius of a cluster (Eps) and the minimum number of points 

(MinPts) in a cluster. A two-step procedure is devised to select values for Eps and MinPts. 

Firstly, the value of Eps is determined according to k-dist plot (Ester et al. 1996), which is a 

graphical representation of points sorted in descending order of their k-dist values. By detecting 

the first ‘valley’ visually, the points to the left of the threshold are considered as noise and the k-

dist value of the threshold is used as the Eps value for DBSCAN. Secondly, the MinPts is 

determined using the following equation proposed by Zhou et al. (2012), by calculating the 

neighbourhood of every point in the dataset: 

𝑀𝑖𝑛𝑃𝑡𝑠 =
1

𝑛
∑ 𝑝𝑖

𝑛
𝑖=1                                                                   (4) 

Where 𝑝𝑖 is the number of points in Eps neighbourhood of point i and n is the total number of all 

points. 

Candidate Prediction: For discovered regions, an HITS-based model is used to predict user 

expertise and region attractiveness. The idea of Hyper-Induced Topic Search (Zheng and Xie 

2011) model is illustrated in Figure 4. Users and regions are all perceived as nodes and a user 

check-in to one region is regarded as a directed link from user node to region node. The mutual 

reinforcement relationship is that a user who visits many attractive regions is more likely to be an 

experienced user and a region that is visited by many experienced users is more likely to be an 
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attractive region. A hub score is assigned to a user and an authority score to a region respectively 

to indicate user expertise and region attractiveness. 

 

Figure 4. HITS-based candidate prediction model 

One problem is that a region visited frequently does not necessarily have high quality and 

attractiveness, as the chances that a region is visited are probably proportional to its spatial scale 

(more specifically, venue count). Another problem is that a user with a specific interest may 

affect the calculation of region attractiveness and user expertise if a user visits one specific 

region overmuch due to personal preferences. Consequently, we build data models as below: 

given U is a user set with records of region visiting history, and R is a region set with records of 

users who have visited. For each user 𝑢𝑖ϵ𝑈 and each region 𝑟𝑖ϵ𝑅, a hub score ℎ(𝑢𝑖) and an 

authority score 𝑎(𝑟𝑖) are calculated respectively using the following equations: 

ℎ(𝑢𝑖) = ∑ (1 + ln (𝜎)) ∗ 𝑎(𝑟𝑗)𝑟𝑗 ϵ 𝑢𝑖.𝑟                                                       (5) 

𝑎(𝑟𝑖) = ∑ (1 + ln (𝜆)) ∗ ℎ(𝑢𝑗)𝑢𝑗 ϵ 𝑟𝑖.u /𝑛(𝑟𝑖)                                                 (6) 

Where 𝑢𝑖 . 𝑟 are the regions that user 𝑢𝑖 has visited, 𝑟𝑖. 𝑢 are the users who have visited region 𝑟𝑖, 

𝜎 is the number of visits of user 𝑢𝑖 to region 𝑟𝑗, 𝜆 is the number of visits of user 𝑢𝑗  to region 𝑟𝑖, 

and 𝑛(𝑟𝑖) is the count of venues of a specific category (e.g., food venues, shopping venues, etc.)  

 in region 𝑟𝑖. By using these equations, the increase of one single user’s contribution to the region 

authority score decelerates with the increment of the count of user’s visits.  Moreover, by 

introducing venue count into the model, the calculated authority value can reflect the average 

attractiveness of the venues within the region so that, taking account of the impact of region 

spatial scale, the desirability of the recommended region is predicted. 

3.4. Query Response Module 

In this module, queries from users for attractive regions are responded to. A user query is 

represented as below: 

𝑞 = [𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡, 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛, 𝑠𝑝𝑎𝑡𝑖𝑎𝑙 𝑟𝑎𝑛𝑔𝑒, 𝑐𝑜𝑢𝑛𝑡 ]                                      (7) 
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 After receiving the query, the response module ranks the regions discovered in the candidate 

prediction module and recommends a list of regions that match the user interest within the spatial 

range of the location. The ranking is based on region attractiveness score, i.e., ranking the 

regions in descending order by authority score. The query response method is explained in detail 

in Algorithm 1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.Experiment and Evaluation 

In this section, we describe an application prototype implementation of our proposed 

workflow and evaluate effectiveness of our method with a real-world dataset.  

Algorithm 1: Query Response Method 

Input: (1) User Interest 𝑖 (2) Location 𝑙𝑜𝑐 (3) Spatial Range 𝑟𝑛𝑔 (4) Total Count of 

Recommended Regions 𝑐𝑛𝑡 

Output: A ranked list of region recommendations 𝐿 

Begin 

       Retrieve regions 𝑅’ that match user interest 𝑖    

       Select regions 𝑅’’ from 𝑅’, which are within the spatial range 𝑟𝑛𝑔 from 𝑙𝑜𝑐 

       for 𝑟𝑖 ϵ R’’ do 

              𝐴 ← 𝑟𝑖.auth // Get the authority score of region 𝑟𝑖 

       end 

       𝐿 ← Rank (𝑅’’, 𝐴, 𝑐𝑛𝑡) // Rank the regions in 𝑅’’ in terms of authority score 

       Return 𝐿 // Return the first 𝑐𝑛𝑡 recommended regions to the user 

End 
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4.1 Application Scenarios and Architecture 

We implemented the proposed recommending workflow with an android mobile application. 

A snapshot of the user interface of the application is shown in Figure 5. 

A typical usage scenario starts when a user logs into the application to obtain personalized 

recommendations. The user inputs query location, interest (e.g. food, coffee), spatial range and 

item count in the system. After clicking the “Go” button, a list of regions matching the request is 

returned on the screen (Figure 5b). For the application architecture, Microsoft Access database 

was used to store the region attributes and spatial information and Google Maps API used for 

map viewing and geocoding.  

  

(a)                            (b) 

Figure 5. Application user interface. (a) home page;(b) recommendation list 

4.2. Experimental Settings 

There were two kinds of data source needed in the proposed workflow: geo-tagged social 

media photo and Points of Interest (POIs). A set of geo-tagged photos from Hong Kong were 

retrieved using the Instagram API between 11-Nov-2014 and 15-Nov-2015. The dataset had 

1,774,596 geo-tagged photos generated by 57,662 users. A social media post included the post 

ID, user ID, the attached hashtags, the time-stamp of the online post and the location (longitude 

and latitude) indicating the place of posting (Table 1). All user IDs were anonymized for privacy 

protection. 

Table 1．Description of social media post field 

Fields Description 

pid A string uniquely indicating a post 

uid An encrypted string uniquely indicating a user 

hashtags The attached hashtags indicating the potential 

post topics  

stime The time that the user publishes the online post 

location A longitude and latitude pair, indicating the 

post location 
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The POIs data was retrieved via Foursquare API and 32,485 venues were collected in Hong 

Kong in total. A POI item included the venue ID, venue category, venue location (longitude and 

latitude), and venue rating (Table 2). The venue rating is a numerical score (0 through 10) 

calculated from a wide variety of signals derived from user explicit feedback, such as: liking or 

disliking a venue or leaving a positive or negative tip, as well as user implicit signals, such as: 

whether the venue tends to have many loyal customers, the credibility and expertise of the users 

and so on. This rating algorithm had been validated in metropolitan areas and trusted by users for 

accuracy and reliability in indicating venue desirability (Yang and Sklar 2016, Yang and Sklar 

2018). 

Table 2．Description of POIs field 

Fields Description 

vid A string uniquely indicating a venue 

vcategory A string indicating the category of venue 

location A longitude and latitude pair, indicating the venue location 

vrating A numerical rating of the venue (0 through 10), which is 

calculated from a wide variety of signals derived from users’ 

explicit feedback (e.g. like or dislike, positive or negative 

tips) and implicit feedback (e.g. customer loyalty, user 

credibility and expertise) 

An anomaly detection method was applied to remove commercial advertising accounts. The 

count of photos posted by each user was first investigated.  Figure 6 shows the proportions of 

users, by number of posts, with its long tail distribution. The calculations showed that the 

average count of posted photos per user, 𝜇, was 30.1 and the standard deviation 𝜎, 66.4. The 

three-sigma rule (Pukelsheim 1994) was introduced, which stated that, for both normally 

distributed and non-normally distributed variables, most cases should fall within the three-sigma 

intervals. Therefore, those users with photo counts outside the three-sigma intervals (i.e., 𝜇 + 3𝜎, 

229) were recognized as outliers and their posted photos removed from the photo dataset. After 

data cleaning, 1,432,733 photos, generated by 56,878 users, remained.  

 

Figure 6. Proportion of users by number of posts 
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4.3. Evaluation Approaches 

In this section, we present our evaluation framework and then give a detailed description of 

the evaluation measurements. 

4.3.1. Framework of Evaluation 

The evaluation framework is illustrated in the Figure 7. Regarding our analytical workflow, 

evaluations were made at the three levels: semantic representativeness, topic identification, 

recommendation desirability.  

 

Figure 7. Evaluation Framework  

Each aspect needs to answer the following questions: 

 Semantic Representativeness: How well can the semantic similarity between hashtags 

be represented by the connectivity between vertices in a ‘hashtag network’? In other 

words, from the semantic perspective, are the semantic communities detected internally 

consistent and externally different? 

 Topic Identification: To what extent can the topics of the social media content (i.e. 

photos) be accurately identified by the proposed method? 

 Recommendation Desirability: How effective is our recommending strategy? Do the 

recommended regions match user expectations? 

By introducing quantitative measurements from these three levels, the effectiveness of the 

proposed geographic topic modelling method and personalized recommending strategy were 

evaluated.  

4.3.2. Quantitative Measurements 

Measurements for Semantic Representativeness:  Google Word2vec was implemented to 

investigate the semantic similarity between hashtag communities. Word2vec is a group of neural 

network models that take a large corpus of text as training data and produces a multidimensional 

vector space, where each unique word in the corpus is represented by a corresponding vector. 

Words that share common contexts are located in close proximity to one another in the vector 

space and have a high cosine similarity (Mikolov et al. 2013). 

We input the corpus of the texts attached to geo-tagged photos as training data to create 

vector space. Let 𝐶𝑚 and 𝐶𝑛 be two detected hashtag communities, the community semantic 

similarity (abbreviated as CSS) between 𝐶𝑚 and 𝐶𝑛 is calculated as below: 
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𝐶𝑆𝑆(𝐶𝑚, 𝐶𝑛) =
∑ ∑ 𝑠𝑖𝑚𝑗𝑖 (𝑡𝑎𝑔𝑖

𝑚,𝑡𝑎𝑔𝑗
𝑛)

Tg_Cnt(𝐶𝑚)∗Tg_Cnt(𝐶𝑛)
                                                       (8) 

Where 𝑡𝑎𝑔𝑖
𝑚 is the 𝑖𝑡ℎ tag in 𝐶𝑚, sim(𝑡𝑎𝑔𝑖

𝑚, 𝑡𝑎𝑔𝑗
𝑛) is the cosine similarity between 𝑡𝑎𝑔𝑖

𝑚 

and 𝑡𝑎𝑔𝑗
𝑛 in the Word2vec vector space, and Tg_Cnt(𝐶𝑚) is the total count of the tags of 𝐶𝑚. The 

higher the value of CSS is, the more similar the hashtag communities are from the semantic 

perspective.  

Measurements for Topic Identification: We used three criteria: precision, recall and F-

Measure to measure the performance of photograph topic identification. These three criteria are 

commonly used in pattern recognition and information retrieval. Precision is the fraction of 

correct positive predictions among all positive predictions. Recall is the fraction of correct 

positive predictions among all positive instances. F-Measure is the harmonic mean of precision 

and recall. The higher the values of Precision, Recall and F-Measure are, the better the topic 

prediction performance is. 

Measurements for Recommendation Desirability: We measured the effectiveness of our 

ranking and recommending strategy with two criteria: MAE (mean absolute error) and nDCG 

(Normalized Discounted Cumulative Gain). MAE is commonly used to measure the agreement 

between system recommendation and user rating. In our experiments, MAE was calculated using 

the following equation: 

𝑀𝐴𝐸 = ∑
|𝑆𝑅𝑖−𝑈𝑅𝑖|

𝑛

𝑛
𝑖                                                               (9) 

Where 𝑆𝑅𝑖 is the system rating for the 𝑖𝑡ℎ region, 𝑈𝑅𝑖 is the user rating for the 𝑖𝑡ℎ region and n is 

the total region count. Before calculation, MAE, 𝑆𝑅𝑖 and 𝑈𝑅𝑖 were both normalized to be 

mutually comparable. The lower the value of MAE is, the closer the system ratings are to the user 

ratings in terms of region attractiveness. 

nDCG is a measurement of ranking quality. nDCG measures the gain of an item based on its 

position in the list, with the gain discounted at lower ranks. The nDCG accumulated at a 

particular rank position 𝑝 is calculated using: 

𝑛𝐷𝐶𝐺𝑝 = ∑
2𝑟𝑒𝑙𝑖−1

𝑙𝑜𝑔2(𝑖+1)

𝑝
𝑖=1 /𝐼𝐷𝐶𝐺                                                         (10) 

Where 𝑟𝑒𝑙𝑖 is the graded relevance at position i, and IDCG is the ideal DCG calculated by 

sorting all the items by their relevance. A high value of 𝑛𝐷𝐶𝐺𝑝 indicates that the regions 

recommended by the system are of high desirability and match well with user expectations. 
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4.4. Experimental Results 

In this section, the evaluation results of semantic representativeness, topic identification and 

recommendation desirability are presented respectively. 

4.4.1. Evaluation of Semantic Representativeness 

The hashtag network HTN was built first with the experimental dataset. To strengthen the 

robustness of the division of HTN, hashtags appearing only once in the dataset were removed 

from the network as such hashtags were highly probably generated by user typing mistakes and 

contained little semantic information. The Louvain algorithm was implemented into the HTN and 

several hashtag communities were detected. The divisions of HTN were visualized using a 

comparison word cloud of the representative hashtags in each community (Figure 8). 

 

Figure 8. A comparison word cloud of 20 hashtag communities 

Table 3. shows the semantic similarities between hashtag communities. For a hashtag 

community 𝐶𝑛,  intra community semantic similarity (intra-CSS) calculated by 𝐶𝑆𝑆(𝐶𝑛, 𝐶𝑛) was 

introduced (see Equation 8) to measure the internal semantic consistency within the hashtag 

community 𝐶𝑛 and inter community semantic similarity (inter-CSS) calculated by 𝐶𝑆𝑆(𝐶𝑛, 𝐶𝑚) 

(𝑛 ≠ 𝑚) to measure the semantic differences between communities 𝐶𝑛 and 𝐶𝑚. Semantically, 

high intra-CSS can indicate that the detected community is internally consistent; significant 

differences between intra-CSS and inter-CSSs can indicate the detected community is externally 

differentiable. 

Table 3. Comparison of the semantic similarities between communities 

Hashtag 

Communities 

 inter-CSS 

intra-

CSS 

maximum inter-

CSS 

minimum 

inter-CSS 

average inter-

CSS 

Drinking&Bar 0.85 0.59 0.32 0.33 

Travel&Wander 0.90 0.65 0.27 0.37 

LifeStyle&Happiness 0.89 0.68 0.37 0.50 

Sports&Fitness 0.86 0.56 0.32 0.37 

Food 0.87 0.66 0.15 0.43 

DisneyLand&Toys 0.86 0.57 0.23 0.47 
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Tattoo 0.91 0.34 0.22 0.24 

Coffee 0.84 0.49 0.22 0.32 

Pets&Animals 0.89 0.56 0.21 0.39 

Shop&Luxury 0.85 0.59 0.19 0.21 

Watch&SportsCar 0.91 0.37 0.26 0.29 

Concert&LiveMusic 0.89 0.58 0.23 0.39 

Bike&Cycling 0.92 0.45 0.23 0.25 

Vegetarian 0.86 0.49 0.13 0.33 

Makeup 0.86 0.54 0.26 0.36 

Kids&Baby 0.91 0.49 0.26 0.30 

Movie&Video 0.88 0.53 0.29 0.35 

Muslism 0.85 0.48 0.19 0.30 

Big Bang Group 0.88 0.51 0.23 0.30 

Art&Design 0.85 0.48 0.22 0.30 

The results showed that the detected communities showed very high levels of intra-CSS 

(about 0.90). The top 3 intra-CSS scores were achieved for communities ‘Tattoo’, 

‘Watch&SportsCar’ and ‘Bike&Cycling’. These three communities also achieved relatively low 

values for average inter-CSS (ranging from 0. 24 to 0.29). By studying the text content and users 

in details, we found that these three hashtag communities were mainly popular among population 

with strong specific interest. When they post photos of relevant topics on the social media 

platform, the attached hashtags were always very activity-oriented and even specialized, which 

means the hashtags in these communities were mainly related to very specific activities, e.g., 

tattooing or cycling, and the chances that such hashtags co-occurred with those of other 

communities were relatively low. For example, the hashtag ‘solotattoo’ from the ‘Tattoo’ 

communitiy, might occur frequently with ‘ink’, another popular ‘Tattoo’ community hashtag, but 

seldom co-occurred with the hashtags from other semantic communities such as ‘Vegetarian’ or 

‘Pets&Animals’. Consequently, such peculiar co-occurrence patterns with these three 

communities contributed to stronger internal than external community connectivity, leading 

finally to high intra-CSS and low inter-CSS. A similar explanation can also be applied to another 

relevant phenomenon. Community ‘LifeStyle&Happiness’ had a relatively high inter-CSSs 

value, indicating a strong external connectivity. A potential reason is that the hashtags in 
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‘LifeStyle&Happiness’ were mainly emotion-related (e.g., ‘amazing’, ‘happy’, ‘enjoy’). These 

emotion-related hashtags tended to co-occur with other activity-oriented hashtags to express user 

emotional reactions and evaluations upon the activities, leading to communities with more 

external connectivity and higher inter-CSS values. Among all communities, the intra-CSSs 

mostly achieved very high values (over 0.85) and the differences between intra-CSSs and 

average inter-CSSs were mostly over 0.4 (the exception is ‘LifeStyle&Happiness’, where the 

difference is 0.39). The results verify, semantically, that the divisions of semantic communities 

were internally consistent and externally different. 

4.4.2. Evaluation of Topic Identification 

The topics of geo-tagged photos were identified by referring to the attached hashtag topics.  

To evaluate the effectiveness of the topic identification, photos assigned to the most popular 

topic ‘food’ were manually examined, covering 358,471 photos (25.0% of the total dataset) in 

total. 

As shown in Table 4, photo samples identified as ‘food’ topic were drawn in sizes N, where 

N = 1000, 2000, 3000, 4000, to assess the topic identification results.  

Table 4. ‘Food’ photo identification 

Sample 

Number 

True 

Positive, TP 

False 

Negative, FN 

False 

Positive, FP 

True 

Negative, 

TN 

Total Size 

1 251 19 31 699 1000 

2 520 40 59 1381 2000 

3 734 68 96 2102 3000 

4 1124 83 152 2641 4000 

Figure 9 shows the precision, recall and F-measure calculated from Table 4. The 

fluctuations of precision, recall and F-measure was investigated with a varying sampling scale. 

As the size of a data sample grew, the values of the three measurements fluctuated and gradually 

stabilized around 0.9. When N =4000, the precision was 0.881, recall was 0.931and the F-

measure, 0.905. This means that on average, for every 10 photos identified as ‘food’ topic by our 

method, there were at least 9 items that were actually food-relevant photos, and on the other 

hand, for every 10 food-relevant photos posted by users, there were 9 items accurately identified 

and assigned to ‘food’ topic by the method. Such a high ratio of true positive items demonstrates 
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the good performance of the method for photograph topic modelling and identification. As the 

spatial cluster algorithm was implemented based on the spatial distribution of geo-tagged photos 

of specific topics, effective exploration of the thematic regions can also be demonstrated by good 

topic identification performance. 

 

 

Figure 9. Precision, Recall & F-measure of ‘food’ photos 

4.4.3. Evaluation of Recommendation Desirability 

By using the k-dist plot and Equation 4, the DBSCAN method parameter was set as eps =71 

and minPts =1820, and 21 ‘food’ theme regions were detected. By using Foursquare API, 1960 

venues of food category were retrieved in those 21 regions. 

      

Figure 10. Top 5 recommended regions of 4 different themes. Green regions for ‘food’ theme; 

Yellow for ‘Drinking&Bar’ theme, Blue for ‘Shop&Luxury’ theme; Red for ‘Art&Design’ 

theme. 

Baseline methods: The regions recommended by our methods were compared with those 

recommended by three baseline methods: rank-by-users, rank-by-visits and rank-by-

attractiveness. With the rank-by-users method, the more visitors a region receives, the more 

attractive the region is. With the rank-by-visits method, similarly, the more check-ins a region 

receives, the more attractive the region is. For the third baseline method, rank-by-attractiveness, 

the attractiveness of a region was calculated with the following mutual reinforcement equations: 

 ℎ(𝑢𝑖) = ∑ 𝜎 ∗ 𝑎(𝑟𝑗)𝑟𝑗 ϵ 𝑢𝑖.𝑟                                                         (11) 

  𝑎(𝑟𝑖) = ∑ 𝜆 ∗ ℎ(𝑢𝑗)𝑢𝑗 ϵ 𝑟𝑖.u                                                         (12) 

Where 𝑢𝑖 . 𝑟 is the region set visited by users 𝑢𝑖 , 𝑟𝑖. 𝑢 is the user set who have visited region 𝑟𝑖, 𝜎 

is the number of visits of user 𝑢𝑖 to region 𝑟𝑗, 𝜆 is the number of visits of user 𝑢𝑗  to region 𝑟𝑖, and 

the attractiveness of each region is decided by the authority score. In the rank-by-attractiveness 

method, the influences of user specific preferences and spatial scale of region size are not taken 

into consideration compared with our method (Equations 5 and 6).  

Ground truth: A survey of users’ ratings on the recommended regions is needed to evaluate 

the effectiveness of recommendation. As a region spans across certain spatial ranges and covers 
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many venues, an indicator is needed to evaluate users’ general attitude towards the recommended 

regions as a whole. Therefore, the evaluation indicator was calculated using: 

𝑈𝑅𝑖 = ∑
𝑉𝑅𝑖

𝑗

𝑛

𝑛
𝑗=1                                                                      (13) 

Where 𝑈𝑅𝑖  is the user rating score for the 𝑖𝑡ℎ recommended region, 𝑉𝑅𝑖
𝑗
 is the user rating score 

for the 𝑗𝑡ℎ venue in the 𝑖𝑡ℎ region. The user venue rating scores can be retrieved from Foursquare 

API (vrating in Table 2). As mentioned, this rating score is calculated based on a variety of 

users’ real-world explicit feedback and has been validated for metropolitan regions for accuracy 

and reliability in indicating venue desirability. By using Equation 13, the user satisfaction level 

for a whole region can be derived. The higher the 𝑈𝑅𝑖 is, the more desirable the region is. The 

effectiveness of our recommendation was evaluated by comparing the ranking and scoring 

results with the results generated based on UR. Table 5 lists the top 10 regions recommended by 

each method. The rel in 𝑛𝐷𝐶𝐺𝑝 (Equation 10) was set based on UR, which means the region 

with higher UR had higher rel. The regions were sorted in descending order by UR. As there 

were 21 detected regions in total, the rel of the first region in the list was set as 21. The rel was 

decreased by 1 to the next region in the sorted list and finally the rel of the last region was set as 

1.  

Table 5. Top 10 regions recommended by each method 

Rank Our method Rank-by-

users 

Rank-by-

visits 

Rank-by-

attractiveness 

Rank-by-UR 

(Ground Truth) 

1 Star Ferry Pier 

Station 

Lyndhurst 

Terrace 

Lyndhurst 

Terrace 

Lyndhurst 

Terrace 

Star Ferry Pier 

Station 

2 Canton 

Road(Tsim Sha 

Tsui) 

Causeway 

Bay 

Causeway 

Bay 

Causeway Bay Hong Kong 

Station-Man 

Cheung Street 

3 Tai Hang Cameron 

Road(Tsim 

Sha Tsui) 

Cameron 

Road(Tsim 

Sha Tsui) 

Cameron 

Road(Tsim Sha 

Tsui) 

Statue Square 

4 Hong Kong 

Station-Man 

Cheung Street 

Sunning 

Road 

Sunning 

Road 

Sunning Road Canton 

Road(Tsim Sha 

Tsui) 
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5 Kingston Street-

Gloucester Rd 

Mody Road Mody Road Mody Road Lyndhurst Terrace 

6 Austin Road West Statue 

Square 

Statue 

Square 

Statue Square Rodney 

Road(Admiralty) 

7 Sunning Road Canton 

Road(Tsim 

Sha Tsui) 

Tung Wah Canton 

Road(Tsim Sha 

Tsui) 

Austin Road West 

8 Statue Square Tung Wah Canton 

Road(Tsim 

Sha Tsui) 

Tung Wah Kingston Street-

Gloucester Rd 

9 Tung Wah Hong Kong 

Station-Man 

Cheung 

Street 

Southorn Southorn Sunning Road 

10 Rodney 

Road(Admiralty) 

Mong Kok 

West 

Hong Kong 

Station-Man 

Cheung 

Street 

Hong Kong 

Station-Man 

Cheung Street 

Tung Wah 

        To evaluate the performance of recommendations in various spatial ranges, different values 

were assigned to p in 𝑛𝐷𝐶𝐺𝑝 (Equation 10), as shown in Table 6. It shows that for all ranking 

methods, the values of nDCGs increased with the increment of p and the best nDCGs were 

achieved when p =21. On average, our recommending strategy can achieve nDCGs with an 

average value as much as around 0.91, which were much greater than those of the three baseline 

methods (0.2-0.4), indicating that regions with higher user ratings were given more 

recommendation priority by our strategy. Such results show that items recommended by our 

method could well match user expectations, demonstrating the advantages of our method over 

the several baseline methods in terms of effectively ranking and recommending desirable 

regions. 
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Table 6. Normalized Discounted Cumulative Gain (nDCG) for each ranking method 

The agreement between our scoring strategy and user rating was further investigated. The 

results are shown in Table 7. For rank-by-users and rank-by-visits strategies, the user count and 

visit count were used respectively as the attractiveness score for each region. The MAE (mean 

absolute error, Equation 9) indicates that the attractiveness scores predicted by our method 

achieved a better agreement with ground truth than the baseline methods. 

Table 7. MAE (mean absolute error) based on ground truth 

5. Discussion 

This section includes a comprehensive discussion of the performance of the recommending 

strategy and then presents the limitations and potential future work. 

5.1 Recommendation Performance Analysis 

In calculating nDCG (Equation 10), the highly desirable regions were given more relevance than 

marginally desirable regions. Highly desirable regions appearing lower in recommendation list 

would be penalized as the graded relevance value was reduced logarithmically proportional to 

the position of the result. The proposed method clearly outperformed the other baseline methods 

in terms of nDCG (Table 6) because it provided a more consistent recommendations order, 

especially among the highly desirable regions at the top of the list, in relation to ground truth, 

than baseline methods (Table 5). This, in turn, demonstrated the method’s superiority over 

baseline methods in effectively meeting user needs in finding regions with high attractiveness. 

The top several regions recommended by our method were all located in the downtown, mainly 

in Tsim Sha Tsui, Central, Mong Kok, and Causeway Bay, which are the major shopping and 

recreation areas in Hong Kong. For example, among all 21 recommended regions, 5 were located 

𝑛𝐷𝐶𝐺𝑝 Our method Rank-by-users Rank-by-visits Rank-by-

attractiveness 

𝑛𝐷𝐶𝐺10 0.905 0.225 0.220 0.221 

𝑛𝐷𝐶𝐺15 0.905 0.228 0.222 0.224 

𝑛𝐷𝐶𝐺21 0.914 0.389 0.384 0.386 

 Our method Rank-by-

users 

Rank-by-

visits 

Rank-by-

attractiveness 

𝑀𝐴𝐸 0.353 0.424 0.458 0.444 
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in Tsim Sha Tsui, 4 in Central, 2 in Mong Kok and 3 regions in Causeway Bay. Such highly 

concentrated spatial distribution of attractive regions, in some ways, indicated the high-density 

urban living environment of Hong Kong. In addition, the proposed method was effective and 

useful in finding regions with small area yet high desirability, which meets the need of users to 

find regions where venues of superior quality are located within a reasonably accessible distance. 

The top 3 recommendations (Star Ferry Pier Station, Canton Road, Tai Hang) by our method 

were all small-area regions with good quality venues attractive to users. In contrast, for the 

baseline methods, region size was given much weight in deciding recommendation priorities. 

This is because, for the baseline methods, region attractiveness was strongly positively correlated 

with numbers of visits, which inevitably related to region size. For example, the experiments 

revealed that regions such as Lyndhurst Terrace, Causeway Bay and Cameron Road were highly 

recommended by the baseline methods, as these were large regions with large numbers of 

venues, which added to the amounts of visits and visitors and eventually, priority for 

recommendation. However, such priority ranking failed to effectively reflect user satisfaction 

levels with the regions, as the service quality of the venues varied from item to item and the user 

average rating to the whole region might be compromised by unsatisfying venues. The proposed 

strategy, however, took account of both region size and user redundant visits so that region 

attractiveness was more accurately modelled.  

Basically, to select and rank recommendations from a set of candidate regions, three 

particular aspects were considered by the proposed method. Firstly, our consideration was that 

larger regions tend to include more venues and consequently attract more users and visits, and 

such influence of region spatial area on the effectiveness of region recommendation needs to be 

modelled. Consequently, the proposed method included a new measurement (Equation 6) to 

quantify region attractiveness. Secondly, the influence of redundant visits by specific users was 

taken into account. The method assumption was that specific groups of users may have particular 

tastes and certain venues may be frequently visited by them, however, such personal preferences 

can hardly represent the general opinion of the total user pool. A decay effect was thus 

introduced into the model so that the single user influence decreased as the number of their visits 

increased. Thirdly, the interactive reinforcement effects were recognised in predicting the 

attractiveness of regions and the expertise of users. This is derived from the intuitive perception 

that the more a region is visited by experienced users, the more attractive the region is, and 
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equally, the more a user visits attractive regions, the more experienced the user is likely to be. 

The proposed recommending strategy aimed to distinguish between local experts and common 

users so that the attractive regions were more accurately identified. 

5.2 Limitations and Future work 

Detecting and recommending attractive regions with VGI data in this study has certain 

limitations. Firstly, the boundaries of the regions were manually defined to match the 

approximate geographical distribution of the check-ins, causing inaccurate prediction of region 

attractiveness and user expertise. Research to develop an improved region boundary outlining 

method would be of future benefit. Secondly, there can be a mismatch between check-ins and 

POIs. Theoretically, each check-in can be allocated to a POI. In practice, however, the check-in 

dataset and POIs dataset came from different platforms, and there was no accurate way of 

mapping check-ins to POIs. Since a mutual reinforcement process between users and POIs was 

used for inferring attractiveness and expertise, such mismatches might negatively affect the 

effectiveness in predicting the region attractiveness. Thirdly, using social media data to detect 

urban regions inevitably suffers from data bias, as social media users are a skewed sample from 

the whole population, mainly consisting of specific groups of people and young generation 

(Aslam 2018). How to quantify and alleviate the influence of data bias and improve the 

recommendation results could be a potential future research direction. Fourthly, as a result of the 

data availability, this research related to only one city and the generalization is limited. More 

cities, of different sizes can be analysed as data becomes available. Fifthly, a potential alternative 

to Algorithm 1 is to swap the first two lines:  i.e. apply the spatial filter before the interest filter. 

Datasets with various scales can be used to evaluate which way is more efficient. 

6. Conclusion 

The widespread availabilities of location-awareness technologies and location-based social 

networks (LBSNs) enable researchers to study the urban structure from new perspectives. A 

primary motivation for this research was to develop an effective workflow to detect and 

recommend attractive regions with the awareness of answering the following questions: (1) how 

to investigate the geographic patterns associated with a specific topic embedded in social media 

content, under the conditions that short noisy texts are predominant and a priori knowledge is 

absent; (2) how to develop an appropriate scoring and ranking strategy which accurately 

recommends region, taking particular account of the effects of differing region sizes. 
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To do so, an unsupervised data-driven geographic topic modelling method was developed, 

making use of the self-explanatory information (i.e., hashtags) attached to social media content. 

Secondly, by taking the effects of spatial scale (region size) into account, a mutual reinforcement 

model was then developed to predict region attractiveness and user expertise. The new workflow 

was implemented with a real-world dataset and a framework introduced to evaluate the proposed 

methods at three different levels. The evaluation demonstrated the effectiveness of the newly 

proposed geographic topic modelling method and recommending strategy. 

Our research examined the feasibility and effectiveness of taking advantage of the self-

explanatory text information to investigate the issues of geographic topic modelling. Further, for 

region recommendation part, this study has demonstrated the need to take the effects of spatial 

scale into account so that the rating model can more accurately reflect the general satisfaction 

level of users over the whole region. 
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