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Abstract
The aim of this research is to assess the reliability of venue check-in data. We 
focus on resident mobility and assess how venue check-in  data can provide valu-
able insights into residents’ movement in tourist destinations. Understanding resi-
dent’s mobility and related activities is necessary for strategic planning and decision 
making for destination managers. Venue-referenced social media data (VR-SMD) 
is a new type of data and can provide insights into resident’s mobility and behav-
ior. While VR-SMD is available on various social media platforms, their reliability 
to capture resident movement and activities has not been fully realized. We present 
an analytical approach to assess and demonstrate how VR-SMD, specifically venue 
check-in data, can be used to capture resident mobility and activities, with illustra-
tive examples from the United States of America, United Kingdom, and Singapore. 
Results and analysis indicate that tourism managers and government organizations 
can exploit VR-SMD for domestic tourism development.

Keywords  Mobility tracking · VR-SMD · Venue check-in · Domestic tourism

1  Introduction

As one of the world’s most important industries, tourism contributes to the contin-
ued growth and development of the global economy (Statista 2020; WTTC 2020a). 
However, these economic benefits of tourism could severely be affected by major 
events, such as the disease outbreaks (e.g., SARS in 2003 [Demmler and Ligon 
2003] and COVID-19 in 2020 [Assaf et al. 2022]) or the economic crises triggered 
by war (e.g., Ukraine–Russia conflict in 2022 [Pandey and Kumar 2022]). In times 
of crisis, domestic tourism becomes the focus of governments for tourism develop-
ment and economic recovery, as people’s ability to travel internationally are often 
limited (TRA 2020).
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Understanding resident’s mobility in tourist destinations is critical for local tour-
ism development (Orellana et  al. 2012; Vu et  al. 2015) and transportation man-
agement (Chua et  al. 2016). Various big data sources have been utilized to track 
people mobility, such as mobile tracking data from service providers (Xiong et al. 
2020; Zhou et  al. 2020) and geo-tagged posts from micro-blogging social medial 
platforms (Huang et al. 2020; Li et al. 2020). While the widespread availability of 
location-tracking technologies makes their data suitable for this purpose, a common 
limitation of these technologies is that the data lack contextual information about the 
activities performed at a location. Such knowledge would provide important insights 
into the reasons for travel, facilitating the design and implementation of targeted and 
effective domestic tourism development policies.

Recently, a relatively new form of social media based big data, venue-referenced 
social media data (VR-SMD) (Vu et al. 2020), has been introduced, and it appears 
to have significant advantages over traditional geo-referenced data sources. These 
data can provide contextual information about people’s visits to specific locations. 
Venue check-ins generated by mobile applications are an example of VR-SMD, 
where users can conveniently generate check-ins at the time of their visit. Check-in 
platforms such as Foursquare1 contain comprehensive databases of venues world-
wide, and users can conveniently generate check-ins via mobile applications when 
visiting each venue (Jin et al. 2016). VR-SMD can include information on visited 
locations and contextual information regarding people’s activities at each location, 
and meta-data can help infer related activities (e.g., dining for restaurant and shop-
ping for shop visits). While extant research has used venue check-in data (e.g., Luo 
et  al. 2019; Vu et  al. 2019, 2020), it remains unclear if it can be used to capture 
residents’ mobility and provide valuable insights for domestic tourism development.

In this paper, we present an analytical approach to assessing the reliability of VR-
SMD in the form of venue check-in to capture resident’s mobility to assist tourism 
managers in domestic tourism development. As case demonstration, we use Four-
square (https://​fours​quare.​com/) venue check-in data collected in the United States 
of America (USA), United Kingdom (UK) and Singapore for our experiments. Since 
Foursquare rewards users with points for staying at or very close to a selected venue 
(Patil et al. 2012), we consider these data to be genuine. We first assess venue check 
data reliability by comparing them with other benchmark data sets. We then per-
form exploratory analysis to reveal travel behaviors of residents to demonstrate the 
benefits of using these data for domestic tourism development. In the context of this 
study, residents refer to people who are residents or stay in a country for a long 
period. Their mobility can be associated with daily life and tourism activities in a 
domestic context.

1  https://​fours​quare.​com/.

https://foursquare.com/
https://foursquare.com/
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2 � Literature review

2.1 � Mobility tracking in travel behavior analysis

Capturing and understanding people mobility is one central aspect for economy 
development of countries worldwide, especially in the tourism sector (Shoval and 
Ahas 2016; Stienmetz and Fesenmaier 2019). Traditional approaches have often 
relied on surveys and questionnaires or GPS trackers to record participant travel his-
tories (Orellana et  al. 2012; Shoval et  al. 2011), but these approaches are costly, 
time-consuming, and limited in the scale of the surveyed area, rendering them inap-
propriate for large-scale analysis (Zheng et  al. 2011). Alternative approaches to 
research tourist mobility have used entry ticket data from theme parks (Joo et  al. 
2014), bank card transaction details (Sobolevsky et al. 2015), and Bluetooth (Ver-
sichele et  al. 2014) and mobile (Raun et  al. 2016; Baggio and Scaglione 2018) 
tracking data. One major drawback of these data is that they usually have restricted 
access, preventing their wide adoption.

Other large data sources include geo-tagged photos on photo-sharing sites (e.g., 
Flickr) (Ghermandi et  al. 2020; Payntar et  al. 2021; Stienmetz and Fesenmaier 
2019; Vu et al. 2015) and geo-tagged posts on micro-blogging platforms (e.g., Twit-
ter, Weibo) (Chua et al. 2016; Li et al. 2020). Mobility data can be retrieved from 
social media platforms using application programming interfaces (APIs). Although 
location data on these platforms contain raw GPS information, which is conveni-
ent to track an individual’s movement, they have limited option to provide contex-
tual information about travelers. Most existing studies using such data sources focus 
mainly on people movements. Insights into their activities at their visited locations 
are lacking.

2.2 � Check‑in data for resident activity studies

Recently, VR-SMD have been introduced into tourism research as a new data source 
to study tourist travel behavior (Vu et al. 2020). According to Vu et al. (2020), these 
data can take various forms as long as they capture the venue information of the 
visited location. For instance, review comments on travel-related platforms such as 
TripAdvisor, Expedia, and Yelp, can be treated as VR-SMD if they are analyzed 
together with the venue information. A limitation of such platforms is that they 
cover limited venue types (e.g., restaurants and hotels). Besides, reviews are not nec-
essarily posted at the same time as the visit, these review comments are less suitable 
for capturing resident movements. VR-SMD in the form of venue check-ins have 
demonstrated advantages in providing rich information about the travel patterns and 
activity preferences of tourists (Vu et al. 2019; Luo et al. 2019).

Due to the recent global pandemic by COVID19, venue check-in data has been 
receiving increasing attention from government and tourism managers as an effec-
tive tool to support their decision making. Governments in many countries (e.g., 
Australia [ACT 2021], United Kingdom [NHS 2020]) have created various check-ins 



436	 H. Q. Vu et al.

1 3

applications and enforced check-ins for residents when visiting venues to track their 
movement during the pandemic. The venue check-in applications created by gov-
ernments and their enforcement policies have a major drawback, because they are 
usually applied to only a few venue types (e.g., restaurants and hotels) where social 
distancing is difficult. A wide range of other venue types (e.g., parks, stations, and 
shops) are not covered. As the pandemic comes to an end, such applications are no 
longer used by residents to record their travel activities.

Venue check-ins on social media platform (e.g., Foursquare, Yelp and DianPing), 
on the contrary, cover a wide range of venue types and are not limited to a specific 
geographical area or administrative region. User check-ins on social media platforms 
are voluntary, because users are motivated to establish an image of themselves or 
connect with friends (Cranshaw et al. 2011). VR-SMD can potentially be a valuable 
data source to support tourism destination managers and government organizations 
in understanding not only residents’ mobility but also their local activity patterns.

2.3 � Summary

This paper makes important contributions to extend existing works: First, the major-
ity of prior works focuses mainly on popular tourism context, such as inbound tour-
ism (Vu et al. 2015; Raun et al. 2016; Wörndl et al. 2017; Zheng et al. 2017; Salas-
Olmedo et al. 2018; Mou et al. 2020; Ghermandi et al. 2020; Payntar et al. 2021) or 
outbound tourism (Barchiesi et al. 2015; Vu et al. 2018, 2020). We extent these stud-
ies and are among the first to study the mobility behavior of residents from the per-
spectives of daily life and domestic tourism in their home city and country. Second, 
VR-SMD in the form of venue check-ins have been utilized to study the behavior 
of tourists at tourism destinations. However, it remains unclear how reliable venue 
check-in data are in capturing travel behavior of local residents. Thus, the contribu-
tion of this paper is on the reliability assessment of VR-SMD in the form of venue 
check-in. Further, we offer a guidance for practical implications, rather than simply 
demonstrating their use cases as in the prior works (Luo et al. 2019; Vu et al. 2019, 
2020).

3 � Methodology

The process to collect VR-SMD in the form of venue check-ins is first presented, 
followed by the details about our approach to assessing the data’s capability in cap-
turing residents’ mobility. The analytic procedure to provide insights into daily life 
and domestic tourism activities is then described.

3.1 � Venue check‑in data collection

We use Foursquare venue check-ins as a VR-SMD source. These data are associ-
ated with defined venue types (Foursquare 2020) grouped into 10 major categories: 
Art & Entertainment, College & University, Event, Food, Nightlife Spot, Outdoors 
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& Recreation, Professional & Other Places, Residence, Shop & Service, and Travel 
& Transport. Users cannot be identified, or their historical check-in records tracked. 
However, Foursquare has integrated its platform with Twitter, so Foursquare check-
ins appear on Twitter as tweets with check-in information.

Twitter data can be extracted using the platform’s API, which provides a stream-
ing function that enables users to collect tweets generated in real time. The loca-
tions of collected tweets can be specified by a bounding box whose coordinates are 
defined by minimum longitude (min_lng), maximum longitude (max_lng), mini-
mum latitude (min_lat), and maximum latitude (max_lat). The bounding box is usu-
ally defined to cover the entire geographical area of interest (e.g., city or country). 
Tweets generated within the bounding box but not belonging to the region of interest 
can be filtered out based on GPS information. If no bounding box is provided, the 
function returns random tweets generated worldwide.

Tweets, generated by check-ins are differentiated from ordinary tweets by the 
keyword “swarmapp,” the mobile application to generate check-ins on Foursquare. 
An issue with the Twitter streaming function is that returned tweets are randomly 
selected from all possible tweets generated at a time, with inclusion of all check-
in tweets generated by an individual user not guaranteed. Accordingly, we collect 
data in two stages. We use the streaming function to extract a set of seed check-in 
tweets, allowing identification of Twitter users who also use Foursquare’s check-in 
feature. We then use the function getUserTimeline to extract all recent tweets from 
the timelines of identified users, and the keyword swarmapp to filter ordinary tweets 
from check-in tweets. Details of check-ins (e.g., local date, time, GPS location) and 
visited venues (e.g., venue and category names) are extracted by querying original 
Foursquare check-ins via a unique link attached to each check-in tweet.

Temporal (date, time) and geographic (GPS location) information contained in 
check-in data are similar to other data sources, such as geo-tagged posts used in pre-
vious studies (Huang et al. 2020; Li et al. 2020). However, venue information (venue 
category) provides additional contextual information about activities.

3.2 � Benchmark assessment data sets

Once, the venue check-in data are collected from a social media platform like Four-
square. We assess their reliability by comparing them with another benchmark data 
set for resident mobility. Data generated from mobile signals are often deem reliable 
to capture resident’s mobility (Grantz et al. 2020), thanks to the widespread use of 
mobile phones among the public. Mobile phone location data can be generated pas-
sively through routine interaction between the phone and service provider, and they 
usually consist of GPS location of the device and timestamp and unique identifiers 
of users. Such raw location data have been employed in several studies on public 
movement in response to government policies (Zhou et al. 2020; Xiong et al. 2020). 
These are the same type of data used to study tourist movement in some prior stud-
ies (Versichele et al. 2014; Raun et al. 2016). These data are owned by private tel-
ecommunication companies and, thus, are often restricted from public access.
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Another form of passively generated location data is those generated by smart-
phone applications with GPS function enabled. These data are freely accessible 
to public via data portals, which are created by geographical information service 
providers to support policy development of government organizations (Wellenius 
et al. 2020; Aktay et al. 2020). An example of such data source is COVID-19 Com-
munity Mobility Reports (CCMR)2 created by Google since the start of COVID-
19 pandemic in 2020. These reports contain data representing how visits at differ-
ent places change over time, which are available by geography and across different 
categories of places (e.g., retail and recreation, groceries and pharmacies, parks, 
transit stations, workplaces, and residential). Other data portals with similar char-
acteristics to Google’s CCMR are Apple’s mobility trend report3and Citymapper’s 
mobility index4. Any of these data sets can be used as benchmark mobility data set. 
Although, these data resources were created in 2020 in response to COVID19 pan-
demic, their data are continuing to be generated beyond the pandemic. We select 
Google’s CCMR as it is compatible with venue check-ins data and generated from 
the same type of data used in Google Maps, the most popular navigation application 
in the world (Williams 2018).

Mobility data on Google’s CCMR are collected from users who have enabled 
location history to their accounts. Data are first anonymized, then aggregated to 
illustrate general changes in resident mobility in specific geographic regions (e.g., 
city, state, country). Data show changes in visits to six major venue groups (Gro-
cery & pharmacy, Parks, Transit stations, Retail & recreation, Residential, and 
workplaces). Because Google CCMR and Foursquare grouping of major venue 
categories are not identical, we group Foursquare’s sub-venue types following the 
corresponding Google CCMR major categories. For some of Google’s major venue 
groups (e.g., Residential, Transit stations, Workplaces), this process is straightfor-
ward (Residence, Travel & Transport, and Professional & Other Places, respec-
tively). Sub-venue types in other major Foursquare categories are then examined 
and regrouped, according to Google’s major venue groups (Grocery & pharmacy, 
Parks, Transit stations, Retail & recreation). For instance, venues belonging to retail, 
recreation, and eateries are grouped under Retail & recreation. The major category 
Parks includes official national parks and not the general outdoors found in rural 
areas. Table 1 shows the major venue groups of Google’s CCMR and examples of 
the mapped sub-venue types from Foursquare.

To reflect changes in visits to major venue categories, check-in records are aggre-
gated in the same way as Google’s CCMR. We then compare Google CCMR and 
Foursquare venue check-in data by visually inspecting data plotted on the line 
charts. Correlation analysis was used to assess the similarity in these two data sets 
(Jiang 2018). If Foursquare venue check-ins produce similar patterns to Google’s 
CCMR, then we deduce that they can effectively capture resident movement.

2  https://​www.​google.​com/​covid​19/​mobil​ity.
3  https://​covid​19.​apple.​com/​mobil​ity.
4  https://​citym​apper.​com.

https://www.google.com/covid19/mobility
https://covid19.apple.com/mobility
https://citymapper.com
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3.3 � Exploratory analysis

We conduct series of analyses using spatial (GPS), temporal (date, time), and 
contextual (venue type) check-in information to demonstrate the applicability 
of venue check-in data in domestic tourism management. We use probabilistic 
topic modeling based on latent Dirichlet allocation (LDA) (Vu et  al. 2019) to 
explore the major daily resident activity themes in a specific geographical area 
(city). LDA is a powerful topic modeling technique, which is capable of discov-
ering underlying topics in a large collection of documents. LDA has been widely 
applied to textual data in tourism literature (Calheiros et  al. 2017; Luo et  al. 
2020).

A recent study has shown that LDA could also be applied to check-in data 
to reveal underlying activity preferences of tourists (Vu et  al. 2019), where 
with each venue type treated as a word, and user daily check-in records treated 
as a document. Occurrences of venue types for each day are examined to iden-
tify major activity themes in each document and the entire data set, which ena-
ble multiple activities to be considered concurrently to reveal dominant activity 
themes, rather than separately as individual visits to specific venues as in Goog-
le’s CCMR (Aktay et  al. 2020). Further insights can be revealed by analysis of 
check-in records and visualization using GIS, such as Google Earth (https://​www.​
google.​com/​earth/).

3.4 � Case study

We first present our experimental data sets involving venue check-ins generated 
by residents of several representative countries. Comparative analysis is then car-
ried out to assess the reliability of venue check-ins in capturing residents’ mobil-
ity. The potential of venue check-in data in providing insights to support domestic 
tourism development is then discussed through exploratory analysis of resident’s 
travel.

Table 1   Category mapping rules of check-ins

Google Category Sample Foursquare sub-venue type

Grocery & Pharmacy Supermarket, Fruit & Vegetable Store, Grocery Store,
Liquor Store, Drugstore, Pharmacy

Parks Botanical Garden, National Park, Nature Preserve, Park
Retail & Recreation Clothing Store, Department Store, Miscellaneous Shop,

Shopping Mall, Scenic Lookout, Waterfront, Recreation Centre,
Lake, Garden, Beach, Campground, Restaurant, Cafe

Residential Housing Development, Home, Residential Building
Transit stations Bus Stop, Metro Station, Tram Station, Airport, Pier, Taxi Stand
Workplace Government Building, Office, Business Center, Warehouse,

Industrial Estate, Community Center, Convention Centre, Factory

https://www.google.com/earth/
https://www.google.com/earth/
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3.5 � Data collection

Venue check-in tweets were collected using Twitter’s API for 6-month period span-
ning May to October 2020, with no bounding box, to identify Twitter users who also 
used Foursquare check-in features. Because the deployment period is in the middle of 
the pandemic when many international borders were closed, we deduce that users who 
generated check-ins within a country were local residents. We focus analysis on Tweets 
from the USA, UK, and Singapore, where Foursquare is a popular venue check-in plat-
form (Humeres 2014). Using the getUserTimeline function we then extract all check-in 
tweets from Twitter timelines of these users, and collect check-in meta-data (e.g., time, 
location) and venue (e.g., venue category), to capture all historical check-in tweets 
beyond our streaming period.

Since, Google’s CCMR is a new platform, whose data are available from early 2020 
onward. We retain check-in data from January to October 2020 to compare with our 
benchmark data set, Google’s CCMR. In total 294,895 check-ins were generated for 
104,439 venues, from 4755 residents (Table 2). There are more USA check-ins and 
users than for the UK, for which there are more data returns than for Singapore. Goog-
le’s CCMR for these countries were also retrieved. We developed Matlab and Python 
scripts for data collection, processing, and analysis.

Table 2   Statistics of the collected check-in data sets in the studied countries

Country No. of Check-ins No. of Venues Users Male (%) Female (%)

Singapore 13,292 3535 145 56.6 43.4
UK 24,043 8123 612 77.4 22.5
USA 257,560 92,781 3998 67.4 32.6
Total 294,895 104,439 4755 66.9 33.1

Table 3   Correlation analysis of venue check-ins and Google’s CCMR (p-value in parentheses). Abbre-
viations: Ret. & Rec (Retail & recreation), Gro. & Pha. (Grocery & Pharmacy), UK (United Kingdom), 
USA (United States of America)

*Significant at p ≤ 0.05

Country Gro. & Pha. Parks Ret. & Rec. Residential Stations Workplace

Singapore 0.07 (0.26) 0.11 (0.07) 0.58 (< 0.01)* 0.04 (0.50) 0.10 (0.11) 0.35
(< 0.01)*

UK 0.14 (0.03)* 0.07 (0.26) 0.88 (< 0.01)* −0.21
(< 0.01)*

0.75
(< 0.01)*

0.65
(< 0.01)*

USA 0.51 (< 0.01)* 0.24
(< 0.01)*

0.84 (< 0.01)* −0.09 (0.13) 0.89 (0.00)* 0.76
(< 0.01)*
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3.6 � Mobility assessment

Daily changes in visits to venues of major categories are computed as outlined in 
‘Benchmark assessment data sets.’ Correlation analysis (p ≤ 0.05) were performed 
for time-series data from February 15, 2020 (when Google’s CCMR data were first 
available) to October 20, 2020 (when check-in collection was completed). Many 
strong positive correlations occur, between check-in data and Google’s CCMR 
for major categories associated with resident movement, such as Retail & recrea-
tion, Stations, and Workplace, especially for the UK and USA (Table 3). In some 
cases, the p value was significant, but the correlation was low (e.g., UK for Grocery/
Pharmacy).

A plot of check-in data against Google’s CCMR for cases with a strong correla-
tion, such as Retail & recreation (Fig. 1), and low or no correlation, such as Resi-
dential (Fig. 2) depict decreases in resident visits to retail & recreation venues in 
each country, with the largest drop in March and April. Although the magnitudes 
of change vary slightly, clear correlations are apparent between the two data sets. 
High positive correlations also occur for some categories, such as Stations and 
Workplace. Data size appears to influence the ability to capture resident mobility, 
with the USA tending to have higher correlation values than the UK or Singapore, 
although clear correlations exist for some categories in Singapore (e.g., Retail & 
recreation, Workplace). Minimal or no clear correlations are apparent between data 

Fig. 1   Venue check-ins and Google’s CCMR with strong correlations
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sets for Parks and Residential, probably because of the small number of venues in 
these categories (resulting in limited check-in data). Negative correlations are appar-
ent between data sources in the Residential category (Fig. 2), with CCMR indicating 
increased data generated for this category. While this suggests that residents tended 
to remain home, it might also be because residents were less likely to use the check-
in application Foursquare. Motivations for residents to check-in include establishing 
(and maintaining) an image of themselves, so sharing a ‘home status’ might be less 
attractive to Foursquare users

3.7 � Daily activity analysis

To demonstrate how check-in data can provide insights into resident behavior, we 
analyze the UK check-in data generated from March to October 2020 (n = 16,155) 
for 10 major Foursquare categories. Check-in data were converted into a suitable 
representation for topic modeling with LDA in a manner similar to that of Vu et al. 
(2019). After removing documents with less than 5 check-in records from the mod-
eling process, approximately 2000 daily check-in records remained. Infrequently 
visited venues (those in less than 1% of all documents) were also removed, leaving 

Fig. 2   Venue check-ins and Google’s CCMR with low or no correlations
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150 venue types. We used a tenfold cross-validation technique to evaluate the LDA 
model (Han et  al. 2012) with varied topic numbers using a performance measure 
called perplexity (a low perplexity value indicates high model performance); we 
identified 12 topics to achieve relatively good performance.

Fig. 3   Representative daily activities of UK residents
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Figure 3a shows the heatmap probability distribution of major venue categories 
with respect to the 12 topics (T1 to T12). Higher probabilities depicted by progres-
sively dark-colored cells. Some topics are strongly associated with visiting a specific 
venue category, such as topic T7 is strongly associated with Travel & Transport ven-
ues or T12 is strongly associated with Professional & Other Places venues. Other 
topics are highly associated with multiple venue categories, such as Shop & Ser-
vices and Outdoors & Recreation (Topics T1 and T2).

In general, high probability values indicate that the daily activities of UK resi-
dents center on Outdoor & Recreation and Shop & Service venues. Few residents 
visited College & University, Event, and Nightlife Spot during this time. High prob-
ability Travel & Transport (e.g., T5, T7, T9) topics indicate the ongoing importance 
of daily travel for some residents—one would hope because they were essential 
workers or traveled for business, rather than flagrantly disregarding a government 
directive of no travel. Cross-referencing this with Fig.  3b, resident travel activi-
ties mainly involve buses (T7), trains (T9), and roads (T5). Topic T12 captures the 
activities of residents who work in Factory and Office environment settings. Pubs 
and bars remained important components for some UK residents (high probability 
in T3).

Travel behavior and activity in an area can be revealed by examining user check-
in records. For demonstration purposes, we analyze the check-in records of one res-
ident in Cranford, near London’s Heathrow Airport (Fig.  4 left) who made 1015 
check-ins between March and October 2020. This resident mainly traveled close to 
home and nearby suburbs (e.g., Harlington, Hayes), but occasionally further afield 
(e.g., Ealing, Harefield, Teddington), commuting primarily by bus (as indicated by 
many recorded check-ins at bus stations)—those close to home are shown in Fig. 4 
right. Note that the exact home location of the resident is not shown due to privacy 
issue. The resident also frequently visited grocery stores and Portuguese restaurants 
near home.

Fig. 4   Daily activity of a resident
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3.8 � Domestic travel behavior

To demonstrate how resident check-in data can capture domestic daily travel and 
tourism activities of or exceeding 50 km, we use UK check-in data from March to 
October 2020, visualizing travel trajectories using Google Earth (Fig.  5a–c). Fig-
ure 5 left depicts travel trajectory at a country scale to provide an overview of how 
residents move between major cities. Because travel between distant cities within a 
day, such as between London and northern cities, is typically impractical by road, 
air travel is required. Figure  5 top right and bottom right show travel trajectories 
between cities: routes between Hexbam and Prudhoe (Fig. 5 top right), and Hud-
dersfield and Leeds (Fig. 5 bottom right) are busy with many residents who travel 
daily.

Residents may travel for purposes other than leisure, such as for business or 
visiting family. To differentiate tourism-related travel from these other activities 
we regard long-distance travel from home which involves visits to parks and rec-
reational venues, or stays in a hotel, as likely tourism related. Among the UK resi-
dents in our collected data set (Table 2), at least 71 UK users (approximately 12%) 
checked-in at least once in a hotel.

Figure  6 shows the travel itinerary of a London tourist who visited Newquay. 
Nine (1–9 in chronological order) check-ins were made on October 13, 2020: (1) 

Fig. 5   Long-distance resident movements
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into a hotel in Newquay, (2) a grocery then (3) liquor store, (4) an Italian restaurant, 
(5) a brewery (Fig. 6 bottom right), the nearby St. Ives (Fig. 6 bottom left), visiting 
two pubs (6, 7), and 8) St. Ives harbor before returning to Newquay, before 9) finally 
checking in at a cafe before finishing the day (Fig. 6 bottom right).

3.9 � Discussion and implications

The correlation analysis with benchmark data sets (see ‘Mobility assessment’) 
reveals how check-in data can be meaningfully used to capture and identify changes 
in resident mobility. However, the ability of these data to achieve this varies with 
venue type. Check-in data are more able to capture visits to Retail & Recreation, 
Stations, and Workplace categories, covering a wide range of venues related to resi-
dent daily activities, than those related to Grocery & Pharmacy, Parks, and Resi-
dential categories. Several factors affect data set size, including the survey country 
or region, number of users at that location, and the focus of data collection. Coun-
tries with larger populations and more users such as the USA will obviously have 
larger data sets than those which do not. Nevertheless, data for Singapore still reveal 
important insights into resident mobility, with low but statistically significant corre-
lations found for certain major categories. We recommend that check-in data can be 
utilized to complement other data sources to support the decision-making processes 
of tourism managers, where Foursquare check-ins are popular among residents, such 
as the USA, UK, Singapore, Japan, Malaysia, and Thailand (Vu et al. 2019, 2020). 

Fig. 6   1-day itinerary of a tourist
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It must be borne in mind, however, that mobility patterns generated from these data 
may not be representative of the entire population: Foursquare users are typically 
young. Besides, studies should first assess whether Foursquare check-in data, or 
those from some other platform, are suitable for a specific country before analysis—
for instance, Foursquare is not popular in China, but Dianping is. The reliability of 
these platforms in capturing mobility and activities of people should also be vali-
dated, as presented in this paper, before adopting them for practical applications.

Besides the mobility patterns, tourism managers may be more interested in iden-
tifying in additional insights into residents’ activities. Using topic-modeling (see 
‘Daily activity analysis’), we identify major activity themes for UK residents, with 
those related to Outdoor & Recreation remaining essential to daily life; residents 
liked to visit venues such as beaches (T1), harbors/marinas (T4), and parks, trails, 
and bridges (T8, T11). Shop & Service venues such as supermarkets (T2), shop-
ping malls (T6), and stores (T10) were also often visited by residents. Travel & 
Transport, especially by train (T9) or bus (T7), is an important component of daily 
life for residents who commute for essential purposes. If local governments study 
resident movement and activity within their jurisdiction, they can tailor support to 
improve the livelihoods of residents and well as promoting domestic tourism activi-
ties. Long-distance movement (Fig. 5, see ‘Domestic travel behavior’) reveals how 
check-in data can capture resident travel flows in the same way as other data sources 
(Chua et al. 2016; Li et al. 2020; Raun et al. 2016; Versichele et al. 2014; Vu et al. 
2015). Check-in data also provides insights into tourist activities at visited locations 
because of venue information (Fig.  6). Distinguishing tourism-related travel from 
daily life activities is also possible with user home location information (check-in 
record) or city of origin (Foursquare profile), which cannot easily be done using 
other data sources.

There are several limitations with this paper as follows. We collected data using 
Twitter’s API, the quota limit of which returns a limited portion of available data 
generated in real time. If more data are needed (e.g., such as for small countries 
such as Singapore) then researchers could consider premium access to Twitter’s API 
(Twitter 2020) to provide all available data. Because of length limitations and our 
research focus (assessing the data source reliability), and the fact that this is essen-
tially a proof-of-concept study, we did not perform in-depth analysis of tourist activ-
ities. Such insights could be obtained using existing travel analysis and modeling 
techniques (Chua et al. 2016; Li et al. 2020; Raun et al. 2016; Versichele et al. 2014; 
Vu et al. 2015). Future work focusing on studying the domestic behavior of tourists 
could also identify travel-related check-ins before conducting in-depth analysis for 
specific domestic tourism applications.

4 � Conclusions

Mobility and movement have always been central to travel. Disruptions to travel 
mobility are not new, but a recurring certainty (Adey et  al. 2021). For tourism, 
examples of disruptions include health risks, climate change, natural disasters, 
crime, political instability, and terrorism (Karl et  al. 2020). During these periods, 
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international travel tends to be limited, and domestic tourism plays an important 
role in economic development of many countries. Understanding the mobility and 
activities of residents is crucial for tourism managers to manage and develop domes-
tic tourism during disruption and beyond. VR-SMD in the form of venue check-ins 
represent a relatively new type of data that can overcome the limitations of most 
traditional approaches to capturing resident mobility (e.g., mobile phone tracking, 
micro-blogging data), which lack contextual information on resident activities. Until 
now, the ability of VR-SMD data to describe resident movement for domestic tour-
ism development has not been realized. In this paper, we presented an approach to 
assessing the reliability of venue check-in data in capturing resident mobility and 
demonstrated how these data can provide valuable insights into residents’ daily and 
tourism activities.

A natural extension of this work would be to assess the ability of venue check-in 
data in other countries and regions to provide similar insights into the movement 
patterns of residents. An in-depth analysis of domestic tourism activities could be 
conducted, where existing travel analysis and modeling techniques (Chua et  al. 
2016; Li et al. 2020; Raun et al. 2016; Versichele et al. 2014; Vu et al. 2015) could 
be employed for practical implementations (Vu et al. 2019, 2020). Changes in resi-
dents’ mobility between normal and disruption periods can also be studied, so that 
domestic tourism management strategy can be appropriately adjusted to maximize 
their economic benefits.
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