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comparison of methods

V. Heikinheimoa,b� , O. J€arva,b� , H. Tenkanena,b,c , T. Hiippalaa,b,d and
T. Toivonena,b

aDigital Geography Lab, Department of Geosciences and Geography, University of Helsinki, Helsinki,
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University of Helsinki, Helsinki, Finland

ABSTRACT
Identifying users’ place of residence is an important step in many
social media analysis workflows. Various techniques for detecting
home locations from social media data have been proposed, but
their reliability has rarely been validated using ground truth data. In
this article, we compared commonly used spatial and Spatio-tem-
poral methods to determine social media users’ country of residence.
We applied diverse methods to a global data set of publicly shared
geo-located Instagram posts from visitors to the Kruger National
Park in South Africa. We evaluated the performance of each method
using both individual-level expert assessment for a sample of users
and aggregate-level official visitor statistics. Based on the individual-
level assessment, a simple Spatio-temporal approach was the best-
performed for detecting the country of residence. Results show why
aggregate-level official statistics are not the best indicators for evalu-
ating method performance. We also show how social media usage,
such as the number of countries visited and posting activity over
time, affect the performance of methods. In addition to a methodo-
logical contribution, this work contributes to the discussion about
spatial and temporal biases in mobile big data.
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Introduction

Social media data, among other mobile big data, have become widely used for geo-
graphic knowledge discovery in the social sciences (Kitchin 2014, Kitchin and McArdle
2016, Silm et al. 2020). Social media refer to web-based services that allow users to
interact and share content online (McCay-Peet and Quan-Haase 2017). Data from loca-
tion-based social media platforms, such as geotagged tweets from Twitter or photo-
graphs from Flickr and Instagram, provide rich information about human activities and
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mobility (Sui and Goodchild 2011, Hawelka et al. 2014). Spatial information from social
media data has previously been used to study traffic flows (Lenormand et al. 2014),
population distribution (Steiger et al. 2015), urban inequalities (Shelton et al. 2015),
segregation (Wang et al. 2018), natural hazards (Crooks et al. 2013), the use of urban
green spaces (Heikinheimo et al. 2020) and national parks (Tenkanen et al. 2017), to
name just a few examples.

Despite the growing use of social media data for studying society and human
behaviour, different types of bias inherent to social media data limit the use of such
data for scholarly research (Olteanu et al. 2019). One source of bias is the lack of
socio-demographic information, which causes conceptual and methodological chal-
lenges (Ruths and Pfeffer 2014). Not knowing or ignoring the socio-demographic back-
ground of social media users can result in biased outcomes, which are propagated in
both interpretation of the results and subsequent policy recommendations. Although
methods have been developed to assess and improve the representativeness of social
media data in terms of age, gender, language and other demographics (Sloan et al.
2013, 2015, Longley et al. 2015), we need a deeper understanding of the users respon-
sible for creating the social media data. One fruitful approach for achieving this is
making big data small and meaningful (Poorthuis and Zook 2017). In this way, different
elements of social media data, including spatial and temporal information, can enrich
our understanding of the users (Toivonen et al. 2019).

Place of residence is an essential socio-demographic characteristic for any social
media analysis. By “place of residence”, we generally refer to the place or region a per-
son resides in. Depending on the research objectives, information about social media
users’ place of residence may need to be determined on different spatial scales, such
as country (Hawelka et al. 2014), region (Jiang et al. 2019), and neighbourhood (Wang
et al. 2018). Determining the place of residence is often one of the first steps in more
complicated big data analysis workflows. For example, information about the place of
residence is crucial for separating locals from visitors in urban studies and tourism
research (K�ad�ar 2014, Garc�ıa-Palomares et al. 2015).

Detecting the place of residence is of decisive importance for the meaningfulness
of the entire analysis. Previous research has proposed and applied a range of
approaches to detecting places of residence, while also comparing the performance of
commonly used methods (Bojic et al. 2015, Ghermandi 2018, Zheng et al. 2018).
However, the evidence of the validity of the methods used for detecting place of resi-
dence from social media data remains limited. Most importantly, previous work has
not evaluated these methods at the level of individuals, that is, against ground truth
information available separately for each user. Instead, evaluation has been limited to
the aggregate level only (Bojic et al. 2015, Ghermandi 2018, Zheng et al. 2018).

In this study, by making social media data small and meaningful (Poorthuis and
Zook 2017), we have made two contributions to research on extracting place of resi-
dence information from social media data. First, we have provided an overview of
existing methods for detecting place of residence from location-based social media
data. Second, we have systematically compared the performance of existing methods
for detecting country of residence at both individual and aggregate levels. More spe-
cifically, we conducted an empirical study to detect the country of residence using

1932 V. HEIKINHEIMO ET AL.



Instagram data. Here our objectives are: (1) to evaluate how different methods per-
form in detecting country of residence based on social media data; (2) to assess the
impact of spatial and temporal biases inherent in social media data on method per-
formance; and (3) to examine the performance of these methods in individual- and
aggregate-level comparisons.

Related work

Approaches to detecting places of residence

Detecting places of residence is a common task for scholars working with mobile big
data. Mobile phone data may reveal users’ residence country based on mobile
subscription (Ahas et al. 2008); data from bike-sharing systems can reveal places of
residence at the neighbourhood level (Zhang et al. 2018); and precise data from GPS-
tracked sports applications can reveal the building a person resides in (Oksanen et al.
2015). Compared to other sources of mobile big data, social media data are rich in
content and inherently global in terms of its geographical extent, thus making it a
relevant source for studying international movements and activities (Hawelka et al.
2014, Toivonen et al. 2019).

Methods for inferring locations of social media users and the content they create
have developed rapidly since the emergence of these platforms in the 2000s (Graham
et al. 2014, Ajao et al. 2015). The various elements of social media data such as geo-
tags, timestamps, content and voluntarily added profile information can provide valu-
able background information about the users (Toivonen et al. 2019). The information
available for location detection also depends on the platform. Previous research on
Twitter has found that most users (over 70%) reported a home located in their public
profile (Graham et al. 2014, Hasnat and Hasan 2018). Using the self-reported home
location is the most straightforward approach. However, self-reported home location is
not always available, true or up-to-date (Compton et al. 2015). In contrast to Twitter,
Instagram does not have a specific field for reporting a home location, but the users
can mention their place of residence in their profile.

Previous studies have used various aspects of social media data to detect users’
place of residence by applying a range of spatial, Spatio-temporal and content-based
methods. Overall, geotags, timestamps, visual and textual content, as well as the social
network and even the user name may reveal information about the place of residence
or nationality (Toivonen et al. 2019).

A commonly used spatial approach assumes the country or region with a maximum
number of posts per user (max posts) as the place of residence (Hawelka et al. 2014,
Bojic et al. 2016, Longley and Adnan 2016, Yuan and Medel 2016, Heikinheimo et al.
2017). Existing studies have used the max posts approach as such or in combination
with other methods. For example, Bojic et al. (2016) determined the home country of
a user based on the maximum number of Flickr photos and the maximum number of
days per country, whereas Yuan and Medel (2016) used the max posts approach to
determine the residence country of a Flickr user if the user had not provided this
information in their profile.
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Various centrality measures based on the spatial distribution of geotagged posts
are also commonly used to estimate the place of residence. Mean centre (also; centre
of mass) is the average (or a weighted average) of the x- and y- coordinates. Median
centre minimises the distance to all points and smooths the effect of outlying points
compared to the mean. Standard deviational ellipse (SD ellipse) captures the geo-
graphic spread of the data and accounts for directional bias. The centroid of the
ellipse may be taken as the place of residence. Xu et al. (2013) demonstrated
the application of these centrographic measures on Twitter data and compared the
detected centres to self-reported home locations. Blanford et al. (2015) defined the
centre of mass of a user’s tweet locations as the home location, which they then used
to calculate the radius of gyration as a measure of the user’s mobility. Other studies
have used the median location of social media posts as the ground truth for evaluat-
ing home-location estimations based on the user’s social network (McGee et al. 2013,
Compton et al. 2015).

Several studies have also used clustering methods to detect meaningful locations from
social media data. The DBSCAN (density-based spatial clustering of applications with noise)
algorithm (Ester et al. 1996) has been used for neighbourhood-level residence detection
(Wang et al. 2018) detecting the activity centres of users (Luo et al. 2016), and tourist desti-
nations (Li et al. 2018). DBSCAN performs well with various shapes (spatial distributions)
and does not require a pre-defined number of clusters (such as K-means clustering does;
see Hu et al. (2015) for a comparison of DBSCAN and K-means). DBSCAN has also been
used to smooth the data so that a cluster of points is treated as a single point, thus reduc-
ing noise in social media data (Boeing 2018).

Temporal information can also be used for determining the place of residence
from social media data. Previous studies have used a pre-defined maximum time
period (max period) (�5–30 days for tourists) for distinguishing between residents
and visitors in a given area (Girardin et al. 2008, Li et al. 2013, K�ad�ar 2014, Garc�ıa-
Palomares et al. 2015, Su et al. 2016, Manca et al. 2017, Jiang et al. 2019). Studies
using the maximum period approach often focus on the binary classification of
locals and tourists without specifying their country of origin. Other commonly used
Spatio-temporal approaches consider the maximum number of posts over the lon-
gest time interval (max timedelta) (Belyi et al. 2017), or the maximum number of
unique days (max days), weeks (max weeks) or months (max months) or even hours
(Hu et al. 2016) in each area. Bojic et al. (2016) determined the country of residence
based on the agreement of max posts and max days approaches. It is also common
to define locals based on their night-time activity (e.g. between 12 a.m. and 6 a.m.)
in combination with other approaches, which assumes that people are at home at
night (Luo et al. 2016, Hasnat and Hasan 2018). Other studies have also defined the
potential home locations or ethnicity by enriching information in the user profiles
(Longley et al. 2015, Longley and Adnan 2016, Coats 2019). For example, Coats
(2019) matched the self-reported locations with a list of place names in the study
region, whereas Longley et al. (2015) used first and last names from Twitter to infer
the ethnicity of the users.

The level of detail for deriving the place of residence varies from the micro-level
(e.g. a building or city block level) to neighbourhoods and administrative regions at
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different scales, partly due to quality of data (e.g. data volume, spatial accuracy, tem-
poral extent). For example, Hu et al. (2016) detected the place of residence within
100m � 100m squares in New York and the Bay Area in the United States.

The source of data plays an important role in selecting a suitable residence detec-
tion method. Bojic et al. (2015) showed how several simple home-location detection
methods applied to Flickr data and bankcard transaction data yield different results
and highlight the importance of considering what methods are appropriate to each
data source. Social media platforms are designed and used for a range of purposes
(for example, social activities) that influence how data are created and distributed
both geographically and temporally (Steiger et al. 2015, Tenkanen et al. 2017). Thus,
the spatial and temporal characteristics of each data source influence the ways in
which meaningful locations can be inferred from the data. However, social media plat-
forms share many common Spatio-temporal characteristics, which allows the applica-
tion of the same spatial methods on data from different platforms. Sometimes users
also share the same content across multiple platforms. Recent studies show that a
major part of geotagged content on Twitter come from other applications, such as
Instagram (Hu and Wang 2020).

Social media data are often sporadic in space and time and detecting meaningful
locations from this kind of irregular data can be challenging. One way to overcome
this issue is to simplify the spatial scale and use a spatially hierarchical approach to
zoom in, first detecting the most probable continent of residence, followed by the
most probable country. Mahmud et al. (2014) show how this stepwise hierarchical
approach improves determining the place of residence.

Reliability of different methods

Reliability and representativeness are a well-known challenge in big data research, as
often no ground truth data are available to evaluate the validity of the findings.
Previous studies have compared the results of detecting place of residence with tour-
ism statistics (Hawelka et al. 2014, Su et al. 2016, Heikinheimo et al. 2017), census data
(Longley et al. 2015), and migration statistics (Bojic et al. 2016, Belyi et al. 2017). These
exemplify aggregate-level evaluation, but an individual-level evaluation remains rare.
Given the representativeness issues of social media data at a country level and across
cultures (Tufekci 2014), it is even more crucial to evaluate any method applied against
ground truth data at the individual level.

Some studies have evaluated home location detection approaches by using the
user-reported home location on social media as the ground truth (Hasnat and Hasan
2018). However, using self-reported home-locations as the only ground truth can be
problematic (Compton et al. 2015). To our knowledge, Hu et al. (2016) have provided
a rare exception here by using a crowdsourcing platform (Amazon Mechanical Turk)
for a manual expert assessment, but they focused on evaluating the geographical
locations of tweets based on their textual content. Overall, more information about
the validity of used approaches for detecting the place of residence from social media
data is needed.
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Case study: detecting the country of residence of visitors to Kruger
national park

We applied the methods described in the literature to detect the country of residence
of Instagram users who visited Kruger National Park (KNP) in South Africa during 2014.
In other words, we used the KNP as the criterion for selecting our study sample. The
KNP is a popular destination for wildlife tourism that attracts international and
national visitors who actively share their national park experience on social media
(Hausmann et al. 2018). The South African National Parks (SANParks) organisation sys-
tematically collects information about visitors who enter the park. All visitors need to
provide personal identification and relevant background information (age; gender;
nationality) when entering the park. In 2014, over 1.6 million people visited the KNP,
and just over half of these visitors (52%) were from South Africa. We chose the coun-
try of residence as the scale of analysis due to the information available in the official
visitor statistics, as well as the likelihood of users to report or indicate their place of
residence (Graham et al. 2014, Hasnat and Hasan 2018).

Material and methods

Social media data

We used data from Instagram, which is a popular platform for sharing nature-based
experiences from the KNP study area (Hausmann et al. 2018). Earlier studies indicate
the suitability of Instagram data compared to other sources for estimating visitor rates
to national parks at an aggregated level (Tenkanen et al. 2017). We collected data
from the Instagram Application Programming Interface (API) in Spring 2016 following
the approach outlined in previous studies (Heikinheimo et al. 2017, Tenkanen et al.
2017, Hausmann et al. 2018). The data collection had two main steps: 1) identifying
users who had publicly shared geo-located posts in the case study area during the
study period; 2) searching the full history of public geo-located posts of these social
media users on a global scale.

The final data set contained geotagged content from all users who shared publicly
at least one geotagged photo from Kruger National Park in 2014. The data contained
an anonymised user ID, a timestamp, and a geo-location (latitude and longitude coor-
dinates representing points-of-interest). We excluded posts located inside the national
park from all users in the final analysis to avoid false positives for South Africa. The
final data set contained 132,400 posts uploaded between 2010 and 2016 from 1375
users who had posted at least once from the KNP in 2014 (Figure 1).

Expert assessment

Two experts (the lead author and a research assistant) assessed the presumed country
of residence for a sample of the users to establish a ground truth for evaluating the
residence detection methods. We took a 33% (n¼ 430) sample of the users who had
shared at least three posts for the expert assessment. The experts examined the fol-
lowing information in public user profiles and posts: user profile description
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(biography), external websites linked to the user profile, the textual and visual content
of posts, languages used, and the locations associated with geotagged posts. The
experts gave priority to self-reported country of residence if stated. Otherwise, the
experts manually examined the available information for more information. Each
expert recorded the presumed country of residence and the criteria for their choice,
independent of each other. Optionally, experts could also define a second country of
residence or denote the user as a global citizen.

We then measured agreement between the two experts using Cohen’s kappa (j;
Cohen 1960), which corrects observed agreement for the possibility that the experts
might agree by chance. The theoretical range for j runs from �1, which indicates per-
fect disagreement, to 1 for perfect agreement, while 0 indicates random agreement.
Measuring agreement on the primary country of residence between the two experts
returned a j score of 0.835 (95% CI: (0.795, 0.876); SE: 0.02; prevalence-corrected j:
0.744; all calculated using PyCM (Haghighi et al. 2018), which indicates substantial
agreement. This suggests that the judgements made by the experts about the country
of residence were reliable and could be used as ground truth for evaluating residence
detection techniques. We only included users on whom both experts agreed in the
final ground truth (n¼ 375). Additional details on evaluating the agreement can be
found in the Supplemental Material (S2).

Methods evaluated

Based on the literature review, we selected a set of commonly applied methods for
detecting place of residence for the evaluation (Table 1). We applied each technique
using two approaches related to the scale of analysis: (1) a basic approach in which
the method detects the country of residence directly from the user’s global posts, and

Figure 1. Map and histogram of geo-located social media posts by Instagram users who visited
Kruger National Park (KNP) in 2014. The darker the colour on the map, the more posts from the
same location.
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Table 1. Techniques for detecting the place of residence based on social media data.

Approach Method Definition Literature
Implementation in this

study

Spatial Max posts Place from where the
user has shared most
posts.

(Hawelka et al. 2014,
Bojic et al. 2015,
2016, Longley and
Adnan 2016, Yuan
and Medel 2016,
Heikinheimo
et al. 2017)

Implemented in Python
(3.8) using
GeoPandas and
Pandas modules.

Mean centre Place where the
geographic mean of
user posts is located.

(Blanford et al. 2015) Implemented in Python
(2.7) using the
ArcGIS Mean Center
–tool in the ArcPy
module.

Median centre Place where the
geographic median
of user posts is
located.

(McGee et al. 2013,
Compton et al. 2015)

Implemented in Python
(2.7) using the
ArcGIS Median
Center –tool in the
ArcPy module.

Centre of standard
deviation ellipse

Place where the
centroid of standard
deviation ellipse is
located.

(Xu et al. 2013) Implemented in Python
(2.7) using the
ArcGIS directional
distribution – tool in
the ArcPy module,
using the 1st

standard deviational
(�68 % of data).

Clustering (DBSCAN) Place where the most
central point of the
largest cluster is
located.

(Huang and Wong
2016, Luo et al.
2016, Wang
et al. 2018)

Implemented in Python
using the scikit-learn
module following
Boeing 2018;
Minimum number of
points was set to 1
and distances
calculated using the
haversine metric.

Spatio-temporal Max timedelta Place with longest
difference between
the date of first and
last post.

(Bojic et al. 2015, 2016,
Belyi et al. 2017,
Hiippala et al. 2019)

Implemented in Python
(3.8) using
GeoPandas and
Pandas-modules.

Max period A selected period of
social media activity
differentiates
between locals and
visitors in the region.

(Girardin et al. 2008, Li
et al. 2013, K�ad�ar
2014, Garc�ıa-
Palomares et al.
2015, Su et al. 2016,
Manca et al. 2017,
Jiang et al. 2019)

Not implemented in
this study.

Night-time Considers night-time
posts from the
region in the applied
method.

(Luo et al. 2016, Hasnat
and Hasan 2018)

Not implemented in
this study.

Max days/weeks/
months

Country with maximum
number of unique
days/weeks /months

(Bojic et al. 2015, 2016,
Cesario et al. 2017)

Implemented in Python
(3.8) using
GeoPandas and
Pandas-modules.
If several regions
had the same max
count of days/weeks/
months, then max
posts was applied.

(continued)
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(2) a hierarchical approach in which the method first detects the continent of resi-
dence, followed by a subregion on the continent, and finally the most probable resi-
dence country within this subregion. We used a modified version of the Database of
Global Administrative Areas (GADM 2019) for defining regions and countries (see,
Supplemental Material S1). We conducted a spatial join between Instagram data and
the administrative area layer so that each post was linked to the intersecting country,
or to the nearest country if a post was located off-land. Methods were implemented
in the Python programming language (Python 2.7 for scripts using the ArcPy module,
and Python 3.8 for other scripts).

For spatial approaches, we used geographic coordinates as inputs. The max posts
method simply calculates the number of posts per user per country, and the country
with the most posts is determined as the country of residence. Centrographic meas-
ures mean centre, median centre, and SD circle centroid and SD ellipse centroid were
implemented using the standard tools available in ArcMap 10.3. Centroids were calcu-
lated using projected coordinates (azimuth equidistant projection) due to software lim-
itations. We then identified the intersecting region and country for each centroid. In
cases in which the centroid was located off-land, we considered the nearest polygon
(based on geodesic distances) as the country of residence.

For clustering methods, the location of the most central point in the largest cluster
determines the country of residence. The DBSCAN clustering method determines the
number of clusters using two input parameters: 1) epsilon (eps) – the maximum dis-
tance between two samples to be considered as neighbours (i.e. the search radius)
and 2) the minimum number of points per cluster. We applied the DBSCAN method
using the ball tree algorithm and haversine (great-circle) distance (following Boeing
2018), as implemented in the scikit-learn Python library (Pedregosa et al. 2011). We set
the minimum number of points to one, which treats outlying points as meaningful
locations (Boeing 2018). This allows the inclusion of users with a low number of posts
in the result. We selected the suitable eps value iteratively: We repeated the analysis

Table 1. Continued.

Approach Method Definition Literature
Implementation in this

study

Content Using self-reported
home locations

Country or region
explicitly mentioned
in the user profile.

(Sloan et al. 2013, Yuan
and Medel 2016,
Coats 2019)

Considered as one
criterion in the
expert assessment.

Additional analysis
of user profile
information

Country or region
indicated by
additional analysis of
username, external
links, language and
so on.

(Longley et al. 2015,
Longley and Adnan
2016, Li et al. 2018)

Considered as one
criterion in the
expert assessment.

Content analysis Country or region
indicated by
additional analysis of
image and text
content.

Considered as one
criterion in the
expert assessment.

Social
network

Network analysis Inferring a user’s place
of residence based
on locations in their
social network

(Pontes et al. 2012,
McGee et al. 2013,
Compton et al. 2015)

Not implemented in
this study.
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with several settings ranging from 1 km to 1,000 km, while keeping the minimum
number of points per cluster to one and compared the results to the expert assess-
ment of the country of residence to determine the most suitable eps value. Based on
this assessment, we set eps to 500 km for the basic approach. For the hierarchical
approach, we set eps to 725 km at the continent level, to 210 km at the sub-region
level and to 500 km at the country level. The parameter selection process is described
in the Supplemental Material (S3).

For Spatio-temporal methods, we used the timestamp of the social media post as
input. Max timedelta determined the country of residence based on the longest time
difference between the first and last post per country. For the max days, max weeks
and max months methods, we first cross-tabulated the number of unique days/weeks/
months per person in each country. Max posts were used as an additional condition if
the Spatio-temporal methods suggested multiple countries.

Evaluating the performance of used methods

We evaluated the performance on two levels of the methods selected: (1) at an indi-
vidual level, using the expert assessment as the ground truth, and (2) at an aggregate
level, based on the official visitor statistics from 2014. Although local visitors (who
have a higher probability of visiting the KNP), may influence the outcomes, we separ-
ately examined the performance of each method for domestic visitors only (i.e. resi-
dents of South Africa) and for international visitors only (i.e. excluding domestic
visitors).

We used the F1 score to evaluate each method against the expert-annotated
ground truth. F1 score is a widely-used measure of accuracy in research on informa-
tion retrieval (Ajao et al. 2015), which is defined as the harmonic mean of precision
(e.g. what proportion of home countries were detected correctly) and recall (e.g. what
proportion of users from a given country of residence in the ground truth were
detected correctly). Macro-average calculates the unweighted mean of precision, recall
and F1 score for each country, regardless of the potentially imbalanced distribution of
users by country of residence. We calculated F1 scores using the scikit-learn Python
package (Pedregosa et al. 2011). We used the Spearman rank-order correlation for
comparing the results of each method to the official visitor statistics and plotted maps
for comparing the countries of residence visually.

Assessing the influence of social media use on method performance

Given that the heterogeneity and Spatio-temporal variation in social media use may
influence the outcome of the analysis, we used binary logistic regression modelling
implemented in the SPSS software to evaluate whether characteristics of social media
use influence the ability of a method to determine the country of residence. We used
each method as a dependent variable to evaluate whether a given method detected
the user’s country of residence correctly based on expert evaluation or not. We used
independent variables to characterise several aspects of social media use (Table 2).
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Results

Comparing methods against the expert assessment

Macro-averaged F1 scores (Table 3) show that measuring users’ posting activity over
months (the max months method, in particular) allows the country of residence to be
detected the most accurately. Overall, Spatio-temporal methods perform best when
compared to expert assessment. When taking a macro average over the ground truth
without users from South Africa, performance decreases slightly for all methods
(Table 3). For South Africa only, all methods achieved high scores, which indicates that
all methods perform relatively well in identifying local visitors.

For Spatio-temporal- and clustering-based methods, the F1 scores are relatively high
and balanced between precision and recall. Balanced scores mean that these methods
detect the countries of residence correctly and cover most users present in the ground
truth. Spatial methods are the weakest performers, except for the hierarchical version of
the median centres method. The hierarchical approach improves performance significantly
for all spatial methods, but only the median centres method approaches the level of
Spatio-temporal methods. Spatial methods work well for detecting domestic visitors, espe-
cially when using the hierarchical approach. Interestingly, the hierarchical approach does
not affect or even slightly decreases the performance of Spatio-temporal methods.

Influence of social media use on detecting the country of residence

Social media usage patterns influenced how well the methods detected the correct
country of residence (Table 4, see also Supplemental Material S5 for more details).
Overall, the diversity of a user’s spatial mobility and the consistent use of social media
over time had an impact on determining the country of residence. In addition, the
absolute length of a posting time series and the long-term variation of a user’s social
media use between months (e.g. seasonality) affected the accuracy of the detection.
More specifically, the increase in all three characteristics – count of countries visited
(country_n), the absolute length of posting time series (time_active), and the long-
term variation of social media use (month_cv) – eventually decrease the odds of
detecting the country of residence correctly (Supplemental Material, Table S3). In

Table 2. Variables characterising social media usage were calculated for each individual user,
which was used as independent variables in binary logistic regression modelling.
Variable Description

country_n Unique number of countries where social media is used to indicate the diversity of the user’s
spatial mobility

posts_n Total count of social media posts to indicate the user’s absolute use of social media
(increment by 10 posts)

posts_avg The average of posts on a day to indicate user’s intensity of social media use daily
months_n Total count of unique months with active use of social media to indicate user’s constant use

of social media over time
time_active Temporal difference between the first and last social media post to indicate the absolute

length of user’s posting time series (increment by a year)
month_cv The coefficient of variation in monthly social media use to indicate the long-term (seasonal)

variation of user’s social media use between months (increment by 0.1)
day_cv The coefficient of variation in daily social media use to indicate the short-term variation of

user’s social media use between days (increment by 0.1)
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contrast, the increase in the months with social media activity (months_n) increases
the odds of determining the correct country. On the other hand, characteristics of
social media use such as the total count of posts (posts_n), the number of posts per
day (posts_avg) and the short-term variation of a user’s social media use between
days (day_cv) did not influence the analysis (Supplemental Material, Table S3).

From the perspective of comparing methods, most methods are affected similarly
by the same characteristics, but the magnitude of the impact varies (Supplemental
Material, Table S3). The only systematic difference occurs for three spatial methods
(mean centres, ellipse centroids, circle centroids) and whether a method was applied
using the basic or hierarchical approach. If the basic approach was used, the long-
term variation of social media use (month_cv) and the total count of posts (posts_n)
affected the detection. In the case of the hierarchical approach, these variables
become non-significant, whereas the number of months with social media activity
affects the performance instead.

Comparing method performance to official visitor statistics

Most methods have relatively strong correlation coefficients when compared to the
rank-order of countries derived from the official visitor statistics, although we did not
expect a complete match due to the known biases in social media data. The rank of
countries based on the hierarchical median centres method corresponded the most to
the official visitor statistics (rho ¼ 0.79, Table 5). For other methods, the results were
slightly different, if all users were considered or only those included in the expert
assessment (Table 5). Based on the correlations between the official visitor statistics
and the expert assessment sample (n¼ 375), hierarchical max timedelta performed

Table 4. The characteristics of social media use that affect the country of residence detection for
each method according to binary logistic regression model analysis.

Basic approach

Max
months

Max
weeks

Max
timedelta

Max
days

Max
posts DBSCAN

Median
centre

Mean
centre

Ellipse
centroid

Circle
centroid

posts_avg
posts_n x x x
time_active x xx x x x x xx x x x
country_n xx xx xx xx xx xx xx xx xx xx
months_n x xx x xx x xx
month_cv xx xx xx xx x xx xx xx xx
day_cv

Hierarchical approach
posts_avg
posts_n
time_active xx xx x xx xx x x x x xx
country_n xx xx xx xx xx xx xx xx xx xx
months_n Xx x x xx xx xx xx xx xx xx
month_cv X x xx x xx xx
day_cv

For more details, see Supplemental material (S5).
Note. xx¼ variable significant at p� 0.01; x¼ variable significant at p� 0.05.

INTERNATIONAL JOURNAL OF GEOGRAPHICAL INFORMATION SCIENCE 1943

https://doi.org/10.1080/13658816.2022.2044484
https://doi.org/10.1080/13658816.2022.2044484
https://doi.org/10.1080/13658816.2022.2044484
https://doi.org/10.1080/13658816.2022.2044484


equally well with the hierarchical median centres method. Basic approaches to other
spatial methods (circle centroids, ellipse centroids, mean centres) resulted in the weakest
correlations (rho <¼0.35). All other methods had a correlation coefficient >0.70
regardless of the approach (basic/hierarchical) or the sample (all users/users in the
ground truth).

When comparing the basic and hierarchical approaches, the findings are similar to
the results of the expert assessment: the hierarchical approach improves the correl-
ation, especially for the spatial methods. For example, the correlation for the median
centres method improved from 0.72 to 0.79 with the hierarchical approach, whereas
mean centre improved from 0.25 to 0.61. For other methods, the hierarchical method
did not yield systematic improvement.

The two comparisons presented in this article (individual-level comparison against
expert-annotated ground truth and aggregated-level comparisons with official visitor
statistics) suggest different methods for detecting the countries of residence of visitors
from a global social media data set. Figure 2 illustrates the distribution of countries of
residence based on the best methods and official statistics. The results show that the
inclusion of the temporal dimension yields good results (hierarchical max months; hier-
archical max timedelta). Figure 3 illustrates the countries of residence detected by the
best-performing methods for ground truth data (max months) and official statistics
(median centres; max timedelta), as well as the distribution of residence countries
based on the official visitor statistics.

All methods evaluated in this study identified South Africa correctly as the main
country of residence for visitors to KNP, which confirms that all methods can accur-
ately detect local visitors (Figures 2 and 3). However, the choice of the method mat-
ters when detecting the country of residence of international visitors (Figure 3).

Discussion

A global Instagram data set from users who had visited Kruger National Park and the
official visitor statistics provided an excellent setting for evaluating the performance of
currently used methods in detecting social media users’ place of residence at the
country level. In comparison to previous studies, assessing the performance of

Table 5. Spearman rank-order correlation between the countries of residence from official visitor
statistics and different residence detection methods for two samples: all users included (left) and
a subsample of those users whose country of residence is agreed by both experts (right).

All users (n¼ 1375) Expert agreement sample (n¼ 375)

Basic Hierarchical Basic Hierarchical

Median centre 0.67 0.79 0.72 0.79
Max timedelta 0.73 0.65 0.74 0.79
Max weeks 0.71 0.73 0.76 0.76
DBSCAN 0.74 0.72 0.79 0.76
Max months 0.70 0.71 0.76 0.74
Max posts 0.72 0.75 0.78 0.73
Max days 0.73 0.76 0.75 0.69
Ellipse centroid 0.24 0.63 0.35 0.67
Mean centre 0.25 0.61 0.35 0.66
Circle centroid 0.24 0.63 0.35 0.65

The best methods for detecting the country of residence.
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different measuring techniques (Bojic et al. 2015, Ghermandi 2018), we also evaluated
the performance of each home location detection method against a manual expert
assessment at the level of individuals.

Based on our expert assessment findings at the individual level, the methods using
the temporal duration of the stay (max months method in particular) performed best
in detecting the residence country correctly. While many studies (e.g. Hawelka et al.
2014) have relied solely on the number of posts per region (i.e. max posts approach),
our results indicate that the simple addition of unique days or months would improve
the results. Furthermore, all Spatio-temporal methods detected domestic visitors (from
South Africa) with high accuracy (Table 3). These results suggest that integrating tem-
poral information to spatial analysis can improve detecting place of residence and
studying human mobility more broadly (Kwan 2013).

Methods based solely on the spatial distribution provide a twofold outcome. First,
DBSCAN clustering and median centres yielded the best results among spatial
approaches, whereas other centrographic methods performed worst among all tested
methods. Second, the performance of spatial distribution methods increases signifi-
cantly when applying a hierarchical approach. For example, the performance of
median centres improves close to the level of the spatio-temporal methods.
Interestingly, a hierarchical approach does not improve the performance of spatio-tem-
poral methods. Further research should investigate the inclusion of other features,
such as enriching the spatial analysis with information about the languages used.

Furthermore, we showed how different social media usage patterns influence the
correct detection of residence country, and how this tends to vary between methods.
For most methods, the ability to detect the country of residence was affected by

Figure 2. Country of residence of visitors to Kruger National Park based on (a) official visitor statis-
tics, (b) hierarchical max months (maximum number of unique months), (c) hierarchical max time-
delta (maximum time difference between first and last post), (d) hierarchical median centre.
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spatial and temporal posting patterns of the users. It is difficult to pinpoint only one
country of residence for globally active users and transnational people based on their
posting behaviour, as they are mobile and often living in several countries at once
(Dahinden 2010, J€arv et al. 2021). Monthly variation in social media use reflects the
fact that people have different posting habits over time. Some users only use social
media while travelling abroad (Tasse et al. 2017) which prevents capturing one’s coun-
try of residence. On the contrary, detecting the country of residence was most reliable
for local users who do not travel abroad. Thus, method selection is more important,
especially when focusing on international visitors.

The reliability of different methods for detecting the place of residence is likely to
depend on the data set used, as different data sources capture different aspects of
mobility (Bojic et al. 2015) and social activities (Tasse et al. 2017). Our case study
focused on Instagram data and the methods that could perform differently for other
platforms, such as Twitter. Thus, a method comparison by social media platform ought
to have top priority in future research on residence detection methods. However, this

Figure 3. Top 30 countries of residence based on official visitor statistics and the best-performing
methods: hierarchical max months, hierarchical max timedelta and hierarchical median centres.
Countries with equal rank are plotted with a little offset to allow visibility. Countries included in
the top 30 official visitor statistics but excluded from the top 30 detected countries by the meth-
ods are listed below the graph.
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study is a step in that direction by providing valuable insights that are generally
applicable to research based on any social media platform. The performance in detect-
ing the place of residence correctly depends on the method used, and method per-
formance is clearly affected by the user’s social media usage patterns regardless of
social media platform. Moreover, the evaluation of methods should be conducted at
the individual level, based on ground truth data, rather than on aggregate-level official
statistics.

Perhaps the most important finding is the fact that the best-performing method for
individual-level ground truth assessment – max months – does not provide the stron-
gest correlation with the official statistics but yields an average correlation coefficient
in comparison to the other methods. This suggests two things. First, correlating results
with official, yet aggregated, statistics (e.g. visitor or residential data) does not indicate
how well a given method detects individuals’ place of residence. Second, this shows
how inherent biases of social media data, such as platform popularity by country and
socio-demographic population segment, affect the research findings at the aggregate
level, if these are not accounted for (e.g. weighted) in the analysis.

One of these biases is evident in our comparisons against the official visitor statis-
tics: social media platforms do not capture visitors from all geographic regions equally,
and in the case of Instagram, it largely excludes or underrepresents the Global South,
probably due to technological accessibility and different preferences in the choice of
social media platforms. The only other African country captured by the methods we
used was the neighbouring country of Mozambique (Figure 3).

This study focused on detecting place of residence at the country level, which is a
relevant scale of analysis for many applications in the field of tourism and inter-
national mobility studies (Ahas et al. 2008, Hawelka et al. 2014). We recognise that
methods could perform differently on more accurate spatial scales such as regional,
city and neighbourhood levels. Such scales could even benefit from more nuanced
methods, such as considering the hours of the day (Ahas et al. 2010) and ensembles
of different approaches using multiple algorithms (Chen and Poorthuis 2021).

However, it is common that ground truth data are available only on coarser scales
as in our case study. Official tourism statistics are often only available at a country
level, and self-reported locations of residence in social media platforms are most often
on a country or regional scale (Graham et al. 2014). That said, comparing the perform-
ance of methods on different spatial scales is certainly needed, especially in urban
studies, and using more comprehensive ground truth data.

Finally, this study showcases important challenges of using big data in research and
practice, namely access to data and ethical use (Boyd and Crawford 2012, Ruths and
Pfeffer 2014, Zook et al. 2017). Continuous access to data can be a major limitation of
using social media data in research (Freelon 2018, Toivonen et al. 2019), as this study
has shown. The Instagram API underwent major changes starting from spring 2016
and closed the API, which made it impossible to conduct our research over a longer
period and to collect data as we had initially planned. We also had to revise ethical
and privacy-related aspects when conducting a manual expert assessment based on
social media content to uncover the ground truth about the residence of Instagram
users (Poorthuis and Zook 2017).
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Conclusion

One of the main challenges in using social media data in research and decision-mak-
ing is the question of representativeness: who is represented by the data and how to
tackle the inherent biases of social media. Knowledge about users’ place of residence
is of decisive importance in the meaningfulness of the entire analysis based on big
data. This study contributes to research on social media data by evaluating the per-
formance of residence detection methods against ground truth data at the individual
level. Our findings showed how the performance in detecting place of residence from
social media data varies between different methods, and how this is affected by biases
inherent to social media data, such as varying patterns of social media use by people,
and the popularity of social media platforms by country. Most importantly, we showed
that individual ground truth data are crucial for evaluating the actual performance of
residence detection methods and aggregated official statistics do not necessarily indi-
cate how well a method performs. Our discussion addresses several future avenues for
improving research based on social media data more generally.
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