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A B S T R A C T

Quantifying cultural ecosystem services (CESs) has been difficult using traditional methods such as question
naires, so increasing numbers of studies are utilizing big data obtained from social media for evaluation of CESs. 
Although data obtained from social media are often considered to be biased and non-representative, the actual 
effects of biases on evaluations of CESs are rarely quantified. In this study, we sampled posts from a micro
blogging service, Twitter, and investigated the effects of demographic biases on three indicators capturing as
pects of social media which can be used for evaluations of CESs (spatial distribution, sentiment of post, and travel 
cost), focusing on the Japanese national parks as a case study. We found that Twitter users obtained from the 
randomly sampled 1% posts had a different distribution of demographic attributes (age, sex, and residential 
prefecture) from the Japanese population. More importantly, we found that activities on the platform such as 
estimated frequency of georeferencing and posting are different among demographic groups. This indicates that 
spatial distribution of CESs commonly evaluated by the number of georeferenced posts can be affected by 
additional demographic biases which cannot be captured by statistics based on all users on social media plat
forms. On the other hand, among the three indicators, only spatial distribution was strongly affected by the 
demographic attributes of users, indicating that the potential effects of biases are different for each indicator 
tested. These results clearly show that consideration of demographic attributes and their potential effects would 
be necessary to obtain representative and inclusive evaluations of CESs.

1. Introduction

Cultural ecosystem services (CESs) are the ‘nonmaterial benefits 
people obtain from ecosystems through spiritual enrichment, cognitive 
development, reflection, recreation, and aesthetic experience, including, 
e.g., knowledge systems, social relations, and aesthetic values’ 
(Millennium Ecosystem Assessment, 2005, p. 894). CESs are important 
in a wide range of settings (Milcu et al., 2013) and play several essential 
roles in human-ecosystem interactions, contributing to human well- 
being (Nowak-Olejnik et al., 2022; Plieninger et al., 2015) and will
ingness to conserve nature (Soga et al., 2016). In developed countries, 
CESs are sometimes valued more than other kinds of ecosystem services 
(Plieninger et al., 2015; Quétier et al., 2010) and demand for CESs is 
increasing (Guo et al., 2010). However, because of their intangible 

nature, CESs are less likely to be incorporated in ecosystem management 
or decision making than other ecosystem services (Daniel et al., 2012; 
Milcu et al., 2013; Plieninger et al., 2015; Raymond et al., 2013).

On the other hand, the recent development of smartphones with 
global positioning system (GPS) capability, mobile networks, and user 
generated content on social media platforms enable researchers to 
quantify cultural use of ecosystems at larger scales than traditional 
survey methods such as interviews and questionnaires (Ghermandi 
et al., 2023; Havinga et al., 2020; Langemeyer et al., 2023; Wilkins et al., 
2020; Zhang et al., 2020). Using social media data, researchers have 
evaluated and/or mapped many kinds of CESs including recreation and 
tourism (Barros et al., 2019; Hausmann et al., 2018; Orsi and Geneletti, 
2013; Ruiz-Frau et al., 2020), aesthetic values (van Zanten et al., 2016; 
Yoshimura and Hiura, 2017), and nature experiences (Wartmann et al., 
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2019). In other cases, studies evaluated sentiment of national park vis
itors (Hausmann et al., 2020) or conducted travel cost analyses 
(Ghermandi, 2018; Keeler et al., 2015; Sinclair et al., 2020, 2018) using 
social media. By combining social media and other sources of informa
tion, studies also investigated factors explaining spatial distribution of 
CESs (Aiba et al., 2023, 2019; van Zanten et al., 2016; reviewed in Zhang 
et al., 2020).

While social media data have many potential applications for un
derstanding cultural relationships between humans and nature, the 
representativeness of evaluations of CESs using social media is affected 
by multiple biases caused by the nature of social media platforms 
(Ghermandi et al., 2023; Ruths and Pfeffer, 2014; Wilkins et al., 2020). 
For example, activities of social media users are not equal among users. 
Therefore, the results of analyses could be affected by a small number of 
very active users (Hollenstein and Purves, 2010). It is also known that 
social media users are not representative of target populations and often 
have skewed distributions of demographic attributes such as sex (Wang 
et al., 2022), age (Sloan et al., 2015; Wang et al., 2022), social occu
pation (Sloan et al., 2015), or race/ethnicity (Chen et al., 2022). 
Although it is rarely evaluated, users’ behavior on social media plat
forms can be different among demographic groups. For example, the 
frequency of posting can be different among demographic groups (Cui 
and He, 2021). Also, spatial distributions of CESs are commonly evalu
ated using geolocations (e.g., Zhang et al., 2020), which are sometimes 
manually added by users. If the frequency of posting georeferenced posts 
differs among demographic groups, it produces additional bias which 
cannot be captured by the demographic information of users on the 
platform (but see Sloan and Morgan, 2015). To achieve inclusive envi
ronmental management, quantifying biases and their effects and 
acquiring representativeness for the focal population is crucial 
(Ghermandi et al., 2023). However, although the problem of highly 
active users is commonly remedied by counting only one photo/user/ 
day (Wood et al., 2013), direct evaluation of the effects of other biases is 
rarely done because socio-demographic information is rarely described 
by users (Ruiz-Frau et al., 2020; Sinclair et al., 2020; but see Venter 
et al., 2023). Therefore, to achieve inclusive management of CESs, it is 
crucial to know the biases in the dataset and estimate their effects.

In this work, we estimated demographic attributes of social media 
users and quantified biases and their effects on indicators which capture 
aspects of social media data with potential importance for estimations of 
CESs using georeferenced Twitter posts in the 34 national parks in Japan 
(Fig. S1) as a case study. We focused on three indicators used in previous 
studies for evaluation of CESs: 1) spatial distribution of numbers of 
posts, 2) travel cost, and 3) sentiment. The spatial distribution of 
numbers of posts is the most used indicator for evaluations of CESs. 
Many researchers mapped the number of posts over their research areas 
and considered them as a proxy for landscape values (e.g., aesthetic and 
recreational values) or used them for usage monitoring of protected 
areas and national parks (reviewed in Havinga et al., 2020). Another 
indicator used for evaluations of CESs is the travel cost. Using geore
ferenced posts on social media and estimated locations of users’ resi
dences, studies calculated traveling costs from the residences to the 
ecosystems and used them to derive estimates of the value of nature- 
based recreational experiences (Keeler et al., 2015) and estimated eco
nomic values of ecosystems (Ghermandi, 2018; Sinclair et al., 2020, 
2018). Although it is not as common as the other indicators, sentiment of 
posts has also been used for evaluation of CESs. For example, Fox et al. 
(2021a) used estimated sentiment of texts attached to images on Flickr 
to filter relevant images for the evaluation of CESs. Also, Hausmann 
et al. (2020) used it to understand sentiment of national park visitors 
from social media data. Using these indicators, we asked the following 
specific questions: 

1. What demographic biases do Twitter users have?
2. Do the demographic biases differ between all posts and georefer

enced posts?

3. What effects do demographic biases have on the estimation of the 
three indicators?

We found unrepresentativeness of the spatial distribution of number 
of posts (see results), so we explored a way to remedy this problem.

2. Materials and methods

2.1. Obtaining Twitter data

Studies evaluating CESs commonly use the photo sharing service 
Flickr as their data source (e.g., Ghermandi, 2018; Hausmann et al., 
2018; Sinclair et al., 2020), but in Japan people tend to share their 
images on Instagram. However, because of multiple changes in the 
application programming interface (API), the availability of georefer
enced posts from Instagram is now restricted (Ghermandi et al., 2023). 
On the other hand, 46.2 % of Japanese people were using Twitter in 
2021 (Institute for Information and Communications Policy, Ministry of 
Internal Affairs and Communications, Japan, 2022). Also, georeferenced 
posts could be relatively easily obtained from Twitter using API 
(Ghermandi et al., 2023) at the time when the study was being con
ducted. Therefore, we focused on Twitter in this study.

Twitter (formerly https://twitter.com/; rebranded as X (https://x. 
com/) in 2023) is a micro-blogging service on which users can share 
short texts (called ‘tweets’), images, and videos. Users can add various 
kinds of geolocation to their tweets including coordinates of a point 
(longitude and latitude) stored in the coordinates attribute and/or name 
and bounding box of a geographic entity such as a country, city, point of 
interest (POI), etc. stored in the place attribute. On average, about 0.06 
% of tweets were georeferenced in 2019 (Kruspe et al., 2021). In this 
study we only used geolocations stored in the coordinates attribute and 
POIs stored in the place attribute as the sources of geolocation because 
other kinds of geolocations are too coarse to detect posts within the 
national parks and are not suitable for the evaluation of CESs. We only 
used tweets posted from the official Twitter and Foursquare (a social 
network service based on geolocation) clients because geolocations 
attached to a tweet posted from these clients were obtained from the 
device that the user posted the tweet from (Kruspe et al., 2021), which is 
suitable for estimation of travel costs. The filtering of clients was con
ducted using the source attribute of tweets. The list of values in the source 
attribute which were regarded as indicating official Twitter and Four
square clients are shown in Table S1.

When estimating CESs provided by a given ecosystem using geore
ferenced posts on social media, data can have biases introduced at 
multiple steps. Therefore, quantification and adjustment of biases 
require consideration of these steps (Fig. 1, bottom part). First, because 
social media users are a sample of a population, they can have different 
distributions of demographic attributes compared to the focal popula
tion the data should represent (Fig. 1a). However, considering this bias 
is not sufficient because different demographic groups can have 
different proportions of users making georeferenced posts, which can 
produce additional biases (Fig. 1b). In addition, because users in 
different demographic groups can make different numbers of posts, this 
should also be considered when analyzing numbers of posts.

To consider these multiple steps, we constructed three datasets, 
namely 1) randomly sampled tweets, 2) georeferenced tweets, and 3) 
national park tweets to estimate demographic biases and their effects on 
the three indicators. An overview of the data retrieval and processing is 
shown in Figs. 1d and a detailed explanation of data retrieval is provided 
in Appendix 1. To find demographic biases in Japanese Twitter users, we 
collected randomly sampled tweets by Japanese users using the 
Streaming API of Twitter (statuses/sample endpoint). We obtained 
roughly 1 % of tweets in real time. The data download was conducted 
from January 1st, 2017 to December 31st, 2022 and the resulting tweets 
were used for subsequent analyses (Dataset 1, randomly sampled 
tweets).
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To find demographic biases in users who posted georeferenced 
tweets, tweets with location information in Japan were obtained by 
specifying the bounding box of Japan (122.9336, 20.4253, 153.9864, 
45.5572) for the Streaming API (statuses/filter endpoint). The data 
collection was conducted from March 19th, 2017 to December 31st, 
2022. After obtaining georeferenced tweets, tweets with location in
formation outside of the terrestrial area of Japan defined by the standard 
10 km grid (the National Standard Area 2nd Mesh, https://www.geospa 
tial.jp/ckan/dataset/biodic-mesh, accessed on July 13th, 2023) were 
discarded because the specified bounding box contains other countries 
and the API occasionally returned tweets with locations outside of the 
bounding box. From the resultant tweets, we selected tweets having 
Japanese characters using the same method as for Dataset 1 and used 
them for further analyses (Dataset 2, georeferenced tweets).

To find demographic biases in users who posted tweets with loca
tions within the 34 national parks and to evaluate their effects on the 
three indicators, we used a subset of the tweets in the collection of 
georeferenced tweets (Dataset 2). The national parks are located 
throughout Japan (Fig. S1) and offer a wide variety of CESs, attracting 
many tourists for driving, hiking, winter activities, marine recreation, 
and historical and cultural experiences. From the georeferenced tweets 
within the bounding box, we selected tweets having geolocations within 
the areas of the 34 national parks defined by a polygon provided by the 
Ministry of Environment, Japan (http://gis.biodic.go.jp/webgis/sc-026. 
html?kind=nps, accessed on July 13th, 2023). Note that because some 
areas of Japanese national parks contain parts of the ocean, which are 
not covered by the 10 km grid used for Dataset 2, this dataset contains a 
small number of tweets which are not contained in Dataset 2. After 
selecting the tweets within the national parks, we also selected tweets 
with Japanese characters and used them for further analyses (Dataset 3, 
national park tweets).

2.2. Estimation of demographic attributes of Twitter users

Although existing estimation methods for demographic attributes of 
Twitter users are available (e.g., Sloan et al., 2013; Sloan and Morgan, 
2015; Yang et al., 2023), these methods could only be applied to English 
speaking users, who are uncommon in Japan. Therefore, we used a 
commercially available demographic attributes estimation service (NTT 
DATA Twitter User Profile DB; https://nttdata-nazuki.jp/data/value. 
html, accessed on July 13th, 2023). This company has been acquiring 
all public tweets from Twitter and the service estimates demographic 
attributes of the users by analyzing historical posts of users using Rich 
Indexer, a text mining engine extracting information from natural Jap
anese text, developed by NTT Service Innovation Laboratory Group (htt 
ps://www.nttdata.com/jp/ja/trends/data-insight/2023/032790/, 
https://www.nttcoms.com/news/files/15/file.pdf, https://web.archiv 
e.org/web/20190201124417/https://www.ntt.co.jp/svlab/activity/ 
category_2/product2_07.html, accessed on April 14th, 2025; in Japa
nese). Because we can obtain publicly available validation datasets (see 
below), we used age (<20, 20–29, 30–39, 40–49, 50–59, >=60), sex 
(male, female), and prefecture (one of the 47 prefectures of Japan) of 
residence in this study. Estimation of the demographic attributes was 
conducted for the three datasets noted above. For Dataset 1, we esti
mated 50,000 randomly selected users for each year because the total 
number of users in Dataset 1 was too many to analyze (See results). For 
Datasets 2 and 3, we analyzed all users in the datasets.

The quality of the estimation was verified by comparing the pro
portion of users in each demographic group with estimations from other 
existing statistics. For the statistics, we used the Survey on Information 
and Communication Media Usage Time and Information Behavior con
ducted by the Institute for Information and Communications Policy, 
Ministry of Internal Affairs and Communications, Japan (hereafter, MIC 
survey) and the Twitter Usage survey conducted by MyVoice 

Twitter

Random 1%
of tweets

Tweets with
geolocations

Tweets with
Japanese locations

Dataset 1:
Random tweets

Dataset 2:
Georeferenced tweets

Dataset 3:
National park tweets

Overlay with polygon
of Japan

Overlay with polygon
of national parks

Tweets with locations
within national parks

API (status/sample)

Discard tweets without Japanese characters

API (status/filter)

Users making
georeferenced

posts

Users posted
location of focal

ecosystem

Social media
users

Social media platform

(a) (b) (c)

(d)

People in focal
population

Fig. 1. Schematic flow of biases introduced during evaluation of CESs using georeferenced posts on social media and overview of the data retrieval and processing to 
capture them. Biases can be introduced by (a) differences between the focal population and social media users and (b) unequal frequency of georeferencing. Also, we 
can estimate the relative frequency of visiting the focal ecosystem by comparing users making georeferenced posts and users posting the location of the focal 
ecosystem (c). To investigate this flow, we conducted a series of data acquisitions and processing (d).
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Communications, Inc. (hereafter, MyVoice survey). Using these statis
tics, we estimated the proportion of users in each demographic group on 
Twitter by estimating the number of Twitter users for each group by 
multiplying the proportion of users who answered to post tweets in each 
group by the Japanese population in each group obtained from the 2020 
national census. The results were compared with the proportion of each 
demographic group calculated from the estimation results for Dataset 1 
because the demographic attributes of the users in randomly sampled 
tweets would be comparable to the existing statistics. Congruency of the 
estimations for sex and age was checked using Cramér’s V (Cramér, 
1946), which measures associations between categorical variables in a 
contingency table and is commonly used as a measure of effect size for 
contingency tables. It ranges from 0 to 1 where 0 means no association 
(i.e., proportions of groups on rows are not different between estimation 
methods on columns) and 1 means strong association (i.e., proportions 
of groups on rows are different between estimation methods on col
umns). Values of V at 0.1, 0.3, and 0.5 can be considered to be small, 
medium, and large effects, respectively, for 2 × 2 tables (in our study, 
sex) and those of 0.05, 0.13, and 0.22 can be considered to be small, 
medium, and large effects, respectively, for 2 × 6 tables (in our study, 
age), according to Cohen (1988).

For the estimation of prefecture, congruency of the estimations was 
evaluated by Pearson’s correlation coefficients between estimated pro
portions of users in each prefecture based on Twitter and other statistics. 
The detailed method for this verification is described in Appendix 2.

2.3. Estimation of travel costs

Travel costs to the locations indicated by the georeferenced tweets 
from users’ residential areas were estimated using the Level of Trans
portation Services dataset provided by the Ministry of Land, Infra
structure, Transport and Tourism of Japan (https://www.mlit.go. 
jp/sogoseisaku/soukou/sogoseisaku_soukou_fr_000018.html; accessed 
on July 22nd, 2023) which contains distances, travel times, and travel 
costs by airplane, train, bus, and private car between all combinations of 
the 207 regions in Japan. To estimate travel costs, we obtained the 
dataset for 2015, which was the most recent at the time of the analysis, 
and calculated the minimum travel costs from prefectural government 
offices to the 207 regions by all available transportation modes. Using 
this dataset, we assigned the minimum travel cost from the prefectur
al government office of the user’s residential prefecture, which was 
estimated by the method described above, to the location in a national 
park indicated by the geolocation associated with the tweet for each 
georeferenced tweet in Dataset 3 (national park tweets). Note that the 
travel cost was calculated as a one-way trip.

2.4. Estimation of sentiment

Sentiments of tweet texts in Dataset 3 (national park tweets) were 
estimated using a commercially available machine learning service, IBM 
Watson Natural Language Understanding (https://www.ibm.com/clou 
d/watson-natural-language-understanding; accessed on July 22nd, 
2023). The service estimates the sentiment of a text and returns a 
sentiment score ranging from − 1 (negative) to 1 (positive) as well as a 
sentiment label (negative/neutral/positive). It has relatively good per
formance for estimating the sentiment of a short Japanese text (Ap
pendix 3). Before the analysis, we applied a text preprocessing suite and 
removed expressions which can disrupt the sentiment estimation (Ap
pendix 4). Then using the service, a sentiment label and score were 
assigned to each tweet in Dataset 3.

2.5. Differences in travel costs and sentiment among demographic groups

To see the differences in estimated travel costs and sentiment among 
demographic groups, we constructed linear mixed models which 
investigate differences in these two indicators among demographic 

groups using the lmer function in the lmerTest package (Kuznetsova 
et al., 2017) with R 4.3.1 (R Core Team, 2023). For the response vari
ables of the models, minimum travel cost and sentiment score were used. 
For the explanatory variables, sex and age were used for both models, 
but prefecture was included only for the sentiment model because travel 
cost was calculated from estimated prefecture, therefore it should have 
strong effects on the estimated travel cost. Because Twitter usage could 
be different between types of clients, type of client (Twitter official 
clients or Foursquare clients) was also included as an explanatory var
iable. Finally, to consider inter-annual differences in the travel costs and 
sentiment, year, which was also intended to capture effects of the 
COVID-19 pandemic, was also included. To reduce the dominance of 
massively tweeting users, only one tweet per day per one 1 km grid for 
each user (one tweet/user/day/grid) was randomly selected. User ID 
was used for the random effect of the models to control differences 
among the users. The significance of explanatory variables was tested by 
type II analysis of deviance using the Anova function in the car package 
(Fox and Weisberg, 2019). For these analyses, the unit of replication was 
a tweet and tweets for which we could not estimate all the demographic 
attributes used for each analysis were removed. After constructing the 
models, the estimated marginal mean of each response variable in each 
group was calculated using the emmeans function in the emmeans 
package (Lenth, 2023). Also, R2 values of the models were calculated 
using the method of Nakagawa et al. (2017) implemented in the r. 
squaredGLMM function in the MuMIn package (Bartoń, 2023).

2.6. Differences in spatial distribution of CES among demographic groups

To detect differences in the location of posts among demographic 
groups, we checked representativeness of the spatial distribution of all 
Twitter posts, i.e., we tested whether the spatial distribution of all 
Twitter posts can represent that of each demographic group. For this 
analysis, we considered only age and sex as demographic groups because 
the residential prefectures of users should affect the spatial distribution 
of tweets. First, we calculated the number of tweets for each 1 km grid 
for all tweets, including tweets for which demographic attribute(s) could 
not be estimated and tweets posted by users in each demographic group 
using Dataset 3 (i.e., all tweets in the national parks). To reduce the 
dominance of massively tweeting users, only one tweet/user/day/grid 
was counted. Next, we calculated Pearson’s correlation coefficients be
tween the total number of tweets and the number of tweets in each 
demographic group. Because the spatial distributions of the number of 
tweets showed weak but significant spatial autocorrelations, we 
removed them by a spatial filtering approach using spatial lag variables 
before calculating the correlation coefficients (Appendix 5). We 
considered that the spatial distribution of all tweets could represent that 
of a demographic group if the correlation coefficient between all tweets 
and the tweets posted by the group was high.

The weak correlations between the total number of tweets and the 
number of tweets for each demographic group could be caused by dif
ferences among the groups in 1) locations where tweets are posted as 
well as 2) the number of tweets by each user. To separate the effects of 
these factors, we conducted two analyses. To test for differences in the 
location of posts, we created a pairwise correlation matrix for the 
number of tweets for each 1 km grid for each demographic group, while 
considering spatial autocorrelation using the method described above. 
To test for differences in the frequency of posts, a generalized linear 
mixed model (GLMM) with a Poisson error distribution was developed 
using the glmmTMB package (Brooks et al., 2017). For the response 
variable of the model, the number of tweets for a user was used. For the 
explanatory variables, age and sex as well as their interaction were used. 
For the random effect, user ID was used. The significance of explanatory 
variables and R2 were calculated using the method described above. For 
this analysis, users whose gender or age could not be estimated were 
removed.

On the other hand, lower values of correlation coefficients could be 
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due to a lower number of tweets for a demographic group. To test 
whether lower numbers of tweets can explain the observed values of 
correlation coefficients, we calculated the correlation coefficients be
tween the number of tweets calculated using all tweets and subsamples 
of all tweets irrespective of demographic groups. For this purpose, we 
randomly selected specific numbers of tweets from Dataset 3 and 
calculated the correlation coefficients using the method described 
above. For the number of tweets in subsamples, we used 500, 1,000, 
2,500, 5,000, 10,000, 25,000, 50,000, 100,000, 250,000, 500,000, and 
1,000,000. After subsampling, we selected one tweet per user per 1 km 
grid in one day. Calculation of correlation coefficients was repeated 
1,000 times for each number of subsamples. Note that when calculating 
correlation coefficients, spatial autocorrelation was considered as 
described above.

2.7. Exploring methods to correct biased spatial distribution

Because we found that the spatial distribution of the total number of 
tweets could not represent all demographic groups (see results), we 
explored methods to remedy the situation. To adjust the biases and 
obtain more representative estimations, users in underrepresented and 
overrepresented demographic groups should be assigned higher and 
lower weights, respectively (i.e., calibration; Lavallée and Beaumont 
(2015)). The weight of a user in a demographic group d can be calcu
lated as follows: 

User weightd =
PP,d

PS,d
×

PS,d

PG,d
=

PP,d

PG,d 

where PP,d denotes the proportion of people in group d in the focal 
population, PS,d denotes the proportion of users in group d on the plat
form, and PG,d denotes the proportion of users in group d who make 
georeferenced posts. For a group with PG,d < PP,d (i.e., an underrepre
sented group), PP,d

PG,d 
becomes > 1 and a higher weight is put on users in 

that group, and vice versa. Also, the weight of a post from a demographic 
group can be calculated as: 

Post weightd =
1

Mean number of postsd 

By multiplying samples by these weights, we can obtain more repre
sentative estimations. For example, when a distribution of numbers of 
posts is analyzed, we can obtain a more representative distribution by 
multiplying the user weight and post weight by the numbers of posts.

First, we tried adjusting the user weight and post weight for each 
demographic group and checked their effects on the spatial distribution. 
For the adjustment, it is desirable to use the proportion of people visiting 
the national parks in each demographic group as the reference. How
ever, because such statistics were not available in Japan, we used the 
Japanese population as the reference population in this study. Since 
people in different demographic groups can have different frequencies 
of visiting the national parks, the Japanese population was used as the 
reference for users in Dataset 2 rather than users in Dataset 3. This is 
because the ratio of the proportion of users in Dataset 3 to Dataset 2 
(Fig. 1c) can be considered as the relative frequency of visitation to 
national parks and this frequency is incorporated into the estimation by 
adjusting the difference between Dataset 2 and the Japanese population. 
We first calculated the proportion of the Japanese population for each 
age group and sex (2 × 6 matrix) using population data obtained from 
the national census conducted in 2020 by the Statistics Bureau, Ministry 
of Internal Affairs and Communications (https://www.stat.go.jp/dat 
a/kokusei/2020/index.html, accessed on July 14th, 2023). Also, we 
calculated the proportions of the number of users who posted geore
ferenced tweets for each sex and age group using georeferenced tweets 
(Dataset 2). Using these proportions, the user weights were calculated 
for each demographic group (2 × 6 matrix). We also calculated the post 

weight by calculating 1/mean number of georeferenced tweets per user 
for each demographic group (2 × 6 matrix). By combining these two 
weights, we calculated three weights (adjustment of the user weight, 
post weight, and both). Then we calculated the number of tweets for 
each sex and age group for each 1 km grid while counting only one 
tweet/user/day/grid and multiplied them by the three weights noted 
above to obtain weighted spatial distributions. The differences between 
the spatial distributions were evaluated by calculating the Pearson’s 
correlation coefficients considering spatial autocorrelation between the 
unweighted and weighted numbers of tweets for each grid. Second, 
because a small number of users posted a vast number of tweets even 
after adjusting for effects of massively tweeting users by using only one 
tweet/user/day/grid, we removed the top 1 % of users with the highest 
number of tweets from the dataset and repeated all the analyses used for 
the spatial distribution.

3. Results

3.1. Numbers of tweets and users

In total, we obtained 553,331,000 tweets posted by 70,215,513 users 
containing Japanese characters for randomly sampled tweets (Dataset 
1). We also obtained 112,886,453 georeferenced tweets posted by 
3,828,912 users. Of these, 34,206,689 tweets by 2,269,023 users were 
posted from the official Twitter and Foursquare clients, were located on 
the Japanese land area defined by the polygon of the 10 km grid 
covering the land area of Japan, and contained Japanese characters 
(Dataset 2). Finally, we obtained 2,013,166 tweets by 418,720 users 
which were located within the national parks. Of these, 793,721 tweets 
by 226,965 users were posted by the official Twitter and Foursquare 
clients and contained Japanese characters (Dataset 3). The numbers of 
tweets and users for each year and dataset are shown in Table S7.

3.2. Demographic attributes of Twitter users

The estimated proportions of each sex and prefecture based on 
Twitter data were congruent with the estimations based on existing 
statistics (Fig. 2; for the sex, Cramér’s V were 0.002, 0.006, and 0.014 for 
MyVoice, MIC (Max), and MIC (Min), respectively, and Pearson’s R was 
0.952 for the prefecture) yet the proportion of users in Tokyo was 
slightly overestimated. On the other hand, estimation of age yielded 
proportions of older people that are lower than the proportions in the 
Japanese population (Fig. 2, Appendix 2) though small values of 
Cramér’s V (0.053 for MIC (Max) and 0.063 for MIC (Min)) indicate the 
differences were not large taken as a whole. Results for each year are 
shown in Appendix 2.

Users’ sex could be estimated for ca. 60 % of users and the proportion 
was higher for users who posted georeferenced and national park tweets 
(Fig. S7a). The estimated proportions of each sex for the randomly 
sampled tweets showed a skewed tendency toward males compared to 
the actual Japanese population (Fig. 3a). Also, the estimated proportions 
were different among the three datasets (Fig. 3a): users who posted 
georeferenced and national park tweets were more dominated by males 
than the randomly sampled users. Users’ age could be estimated for ca. 
40 % of randomly sampled users and the proportion was slightly higher 
for users who posted georeferenced tweets or national park tweets 
(Fig. S7b). The estimated proportions of each age group in randomly 
sampled tweets were much lower for elder users (50′s and more) 
compared to the actual Japanese population (Fig. 3b). Also, the esti
mated proportions were slightly different between the datasets (Fig. 3b). 
The estimated proportion of users younger than 30 were ca. 40 % for 
randomly sampled users whereas it was ca. 20 % for users who posted 
georeferenced tweets or national park tweets. User’s residential pre
fecture could be estimated for only ca. 10 % of users for randomly 
sampled tweets whereas these proportions were ca. 30 % to 40 % for 
georeferenced tweets and national park tweets, respectively (Fig. S7c). 
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When aggregating users’ residential prefectures into seven regions, the 
estimated proportions were not different among the three datasets but 
the estimated proportion of users in Kanto was higher than the actual 
Japanese population (Fig. 3c), maybe because estimations based on 
Twitter tend to yield higher proportions of users in Tokyo (Fig. 2c). The 
proportions of users in each prefecture are shown in Fig. S8.

3.3. Differences in the three indicators among the demographic groups

3.3.1. Travel cost
The results of the GLMM investigating differences in travel cost 

among age and sex groups showed significant effects of age and year 
terms (Table S8, Fig. 4ab, distributions of travel cost for each sex and age 
group are shown in Fig. S9). However, marginal R2 (i.e., performance of 
explanatory variables) of the model was 0.001, indicating the explana
tory variables have limited effects on the estimated travel cost.

3.3.2. Sentiment
The results of the GLMM testing differences in sentiment score 

among age, sex, and residential prefecture showed that all explanatory 
variables had significant effects on the sentiment score (Table S9, 
Fig. 4c-f, Fig. S10). However, similar to travel cost, the marginal R2 of 
the model was 0.025, indicating the explanatory variables have limited 
effects on the sentiment score. A model estimating categorical sentiment 
classes (negative/neutral/positive) also could not predict sentiment 
using the same explanatory variables (Appendix 6).

3.3.3. Spatial distribution
The total number of tweets in each 1 km grid was strongly correlated 

with the numbers of tweets posted by male and female users (Fig. 5a). 
On the other hand, although the total number of tweets in each grid was 
strongly correlated with the numbers of tweets posted by users younger 
than 50 (Fig. 5c), it had weak correlation with the numbers of tweets 
posted by users aged 50 and over.

Further analyses showed that the different distributions among ages 
were caused both by different spatial distributions and different 
numbers of posts among ages (Fig. 6a, Fig. 7). The number of tweets 
posted by users younger than 50 showed weak correlations with those by 
users aged 50 and over (Fig. 6a), indicating different distributions 

between younger and elder users. In addition, the number of tweets 
posted by those in their 50′s showed weak correlation with those in their 
60′s (Fig. 6a). Also, the GLMM found significant differences in number of 
georeferenced tweets per user among sex and age groups, yet the R2 of 
the model was low (marginal R2 = 0.03; Table S10). The estimated 
marginal means of the number of tweets showed that male users had 
significantly higher numbers of tweets than female users and elder users 
tend to post more tweets (Fig. 7).

The simulation changing the number of tweets in each subsample 
showed that the observed low values of correlation coefficients could 
not be explained solely by the reduced sample size for each demographic 
group (Figs. 8a, c). The actual correlation coefficients were lower than 
those calculated using subsamples with reduced numbers of tweets.

3.4. Exploring methods to correct biased spatial distributions

The adjustment by the user weights resulted in a different spatial 
distribution than the unweighted distribution of the number of tweets 
(Fig. 9a). However, the resultant spatial distribution seemed to be 
strongly affected by some users posting massive numbers of tweets, i.e., 
the adjustment brought many outliers. On the other hand, adjustment of 
the post weights did not have a large effect (Fig. 9b). When both weights 
were adjusted, the result was similar to the one with adjustment of the 
user weights only (Fig. 9c).

After removing the 1 % of users with the highest number of tweets, 
the spatial distribution of the total number of tweets per 1 km grid 
showed stronger correlations with those of each demographic group 
(Fig. 5). Also, the removal increased the correlations among the number 
of tweets per grid for each demographic group (Fig. 6), yet it had a 
limited effect on the number of tweets per user (Fig. 7, Table S11). 
Finally, the adjustment of the user weights did not bring outliers, and 
their effects became smaller (Fig. 9d-f), suggesting that the total number 
of tweets could represent all demographic groups well.

4. Discussion

We found that Japanese Twitter users obtained from the randomly 
sampled tweets were dominated by young (Fig. 3b) and slightly domi
nated by male (Fig. 3a) users. Moreover, we found that the estimated 

Fig. 2. Proportions of Twitter users in each (a) sex and (b) age group estimated from Twitter and the existing statistics and relationships between proportions of 
Twitter users in each prefecture estimated using Twitter and that using the existing statistics (c). For the statistics, we used the Survey on Information and 
Communication Media Usage Time and Information Behavior conducted by the Institute for Information and Communications Policy, Ministry of Internal Affairs and 
Communications, Japan (MIC) and the Twitter Usage survey conducted by MyVoice Communications, Inc. (MyVoice). Because the MIC survey separately asked 
respondents whether they post tweets from smartphones and/or computers, we calculated two estimates, assuming maximum or minimum frequency of posts for 
each demographic group. Note that the diagonal line shown in panel (c) represents y = x and the outlier near the center top represents Tokyo.
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proportion of users posting georeferenced tweets were more dominated 
by male users (Fig. 3a) and the estimated numbers of posts per user were 
different among demographic groups (Fig. 7a), indicating that users’ 
behavior on the social media platform can produce additional biases 
which cannot be represented by demographic biases of the users on the 
platform itself. On the other hand, although the estimated travel costs 
and sentiment of the tweets did not vary strongly among the de
mographic groups (Fig. 4, Appendix 6), users with different estimated 
age groups showed different spatial distributions of the number of 
tweets (Fig. 5) and this could not be explained by the small number of 
tweets for each group (Fig. 8). Therefore, the effects of demographic 
biases on evaluations of CESs using social media can vary among in
dicators used and it would be better to estimate them for each indicator. 
However, considering that spatial distributions of social media posts are 
frequently used for evaluation of spatial distribution of CESs (e.g., 
Barros et al., 2019; Hausmann et al., 2018; Orsi and Geneletti, 2013; van 
Zanten et al., 2016; Wartmann et al., 2019; Yoshimura and Hiura, 2017), 

incorporation and control of demographic attributes and their effects in 
analyses of CESs would be important for most cases.

Although adjustment of demographic biases would be a straightfor
ward approach to control the biases, this approach produced many 
outliers (Fig. 9a-c) depending on the existence of a small number of 
massively tweeting users even after applying the commonly-used one 
post/user/day/grid limit. This result suggests that the commonly-used 
one photo/user/day method (Wood et al., 2013) did not have enough 
ability to control the effects of massively posting users (e.g. users who 
tweet every day) in our dataset. On the other hand, after removing the 
top 1 % of users with the highest number of tweets, the spatial distri
bution of the total number of tweets per 1 km grid had a strong corre
lation with the weighted spatial distribution after adjustment of 
demographic biases in the number of users and the number of tweets per 
user, which would be the best representative distribution (Fig. 9f). This 
would mean that controlling the effects of massively posting users is also 
important for the sake of reducing demographic biases in results, 

(a)

(c)

(b)

Fig. 3. Estimated proportion of (a) sex, (b) age, and (c) residential region of Twitter users for each dataset in each year. Actual proportions of the Japanese pop
ulation obtained from the 2020 national census are also shown. Prefectures located in each region and the estimated proportions of users in each prefecture are 
shown in Fig. S8.
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potentially caused by differences in posting behavior among de
mographic groups (Fig. 7).

4.1. Demographic biases in Twitter data

Quantifying demographic biases and their effects to acquire repre
sentativeness for the focal population is crucial for achieving inclusive 
environmental management (Ghermandi et al., 2023). Our analysis 
showed that the Twitter users obtained from the randomly sampled 
tweets were dominated by younger male users and the estimated bias 
from the actual Japanese population was stronger for age than for sex 
(Figs. 3a and b). These results were confirmed by the estimations using 
the existing statistics (Appendix 2, Fig. S6a and b). Previous studies also 
showed equivalent results for Twitter and other social media services. 
For user age, dominance of younger users was also observed in other 
studies on Twitter (Cui and He, 2021; Sloan et al., 2015; Yang et al., 
2023) as well as other social media services (Venter et al., 2023). Also, 
other studies showed smaller sex biases than age biases for Twitter 
though male or female prevalence varied by study (Sloan et al., 2013; 
Yang et al., 2023).

More importantly, we found a stronger bias toward male users who 
tend to post georeferenced tweets in our dataset (Fig. 3a). This implies 
that evaluations of CESs using geolocation of Twitter posts are affected 
more by the behavior of male users and this overrepresentation cannot 
be captured by the demographic information of Twitter users. On the 
other hand, Sloan & Morgan (2015) demonstrated no clear difference in 
the frequency of posting georeferenced tweets between sexes for 
worldwide Twitter users. Although the difference between our study and 
Sloan & Morgan (2015) could be caused by the different methods for 
estimation of gender or the rapidly evolving internet environment, it is 

also possible that differences in the frequency of geolocation sharing 
between genders may vary across regions, countries, or cultures. Also, it 
is possible that demographic groups on other social media platforms add 
geolocation to their posts differently. Therefore, estimating de
mographic attributes of users and directly testing their effects on eval
uations of CESs would improve results and contribute to more inclusive 
environmental management.

4.2. Effects of demographic attributes on estimations of CESs

Although we found demographic biases in the Twitter users and the 
biases were more prominent for users posting their geolocations (Fig. 3), 
we did not find strong effects of the biases on the estimated travel costs 
(Fig. 4 and S9, Table S8). On the other hand, the spatial distributions of 
the number of tweets within the national parks were different between 
younger and elder users (Fig. 5c). Even after removing the top 1 % of 
users who post frequently, elder people tend to post different geo
locations than younger people (Fig. 6b). These results indicate that the 
patterns of movements from residential areas to the national parks, 
which are represented by the travel costs, were not affected by de
mographic attributes, but the patterns of movements within the national 
parks were different among the age groups. Although we do not have 
data to support understanding the reason behind this pattern, there are 
several possible explanations. One possible explanation would be a 
difference in physical fitness among age groups. It is possible that while 
travel to the national park from the residence by some form of trans
portation is not related to the user’s physical fitness, travel within the 
parks might be dependent on it. Also, purposes and interests could be 
different between younger and elder visitors, and this could cause age- 
specific distributions of the number of tweets for each 1 km grid. 

<20
20-29
30-39
40-49
50-59
>=60

2017
2018
2019
2020
2021
2022

Foursquare

Of cial

<20
20-29
30-39
40-49
50-59
>=60

Female

Male

2017
2018
2019
2020
2021
2022

5500 6000 6500 5500 6000 6500

0.15 0.20 0.25

0.15 0.20 0.25

0.15 0.20 0.25

0.15 0.20 0.25

Estimated marginal mean of travel cost (JPY) Estimated marginal mean of travel cost (JPY)

Estimated marginal mean of sentiment score
(Negative Positive)

Estimated marginal mean of sentiment score
(Negative Positive)

Estimated marginal mean of sentiment score
(Negative Positive)

Estimated marginal mean of sentiment score
(Negative Positive)

Ag
e

Ye
ar

C
lie

nt
Ag

e

Se
x

Ye
ar

(a) (b)

(c)

(e)

(d)

(f)

Fig. 4. Estimated marginal means of (a-b) travel cost and (c-f) sentiment score for (a, e) each age group, (b, f) year, (c) client, and (d) sex. Dots represent estimated 
marginal means and bars represent their 95% confidence intervals. Note that the travel cost was calculated as a one-way trip.
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Fig. 5. Relationships between number of tweets in each 1 km grid covering all the national parks for all georeferenced tweets and number of georeferenced tweets 
posted by (a, b) each sex or (c, d) age group (a, c) with or (b, d) without the top 1 % of users with the highest number of tweets. The spatial autocorrelation-adjusted 
correlation coefficients between the number of total tweets and the number of tweets posted by each demographic group are shown in the legends.

(a)(a) (b)(b)

Fig. 6. Matrix of spatial autocorrelation-adjusted Pearson’s correlation coefficients among the number of georeferenced tweets in each 1 km grid covering all the 
national parks for each age group, calculated for (a) with and (b) without the top 1 % of users with the highest number of tweets.
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Fig. 7. Estimated marginal means of the number of georeferenced tweets per user for each age group and sex (a) with and (b) without the top 1% of users with the 
highest number of tweets. Dots represent estimated marginal means for each group and bars represent their 95% confidence intervals.

Fig. 8. Spatial autocorrelation-adjusted correlation coefficients between the numbers of georeferenced tweets in each 1 km grid covering all national parks for all 
tweets and subsampled tweets having reduced total numbers of tweets. The closed symbols represent the actual correlation coefficients for (a, b) each sex and (c, d) 
each age group for datasets (a, c) with and (b, d) without the top 1 % of users with the highest number of tweets.
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Irrespective of the underlying mechanisms, these results indicate that 
results of large-scale travel cost analyses using social media where the 
movements are largely done by transportation are not affected by de
mographic biases of users, but demographic attributes, in particular age 
of users, should be considered when analyzing small-scale travel costs or 
within-park distributions of CESs using social media services.

The conclusions above should be considered with some caution 
owing to the coarse estimation of travel cost in this study. Because the 
method we used only estimates residential prefecture of the users, 
within-prefecture movements around users’ residences and/or move
ments to locations in national parks within the users’ residential pre
fectures could not be estimated correctly. Therefore, if there were 
demographic biases in spatial distribution of residential locations within 
prefectures, our analysis could not capture their potential effects. Also, 
because we used a pre-calculated database of travel costs between the 
207 regions for performance reasons, our analysis could not capture 
differences in small scale movement within the national parks among 
the demographic groups. On the other hand, previous studies estab
lished methods for estimating the location of a user’s residence for 
another photography sharing service (Flickr) (Ghermandi, 2018; Keeler 
et al., 2015; Sinclair et al., 2020, 2018). Using a similar method would 
improve estimation of short-range movement and resolution of the 
problem.

Although elder females tended to post positive tweets (Fig. 4c-f), the 
explanatory power of the model was very low (marginal R2 = 0.022). 
This was improved when considering the differences among users using 
the random effect of user ID (conditional R2 = 0.135). This result may 
indicate that personal attributes such as personality have stronger ef
fects on sentiment than demographic attributes but even the personal 
attributes cannot explain temporal fluctuation of users’ sentiment. 
However, because the performance of the model for estimating senti
ment was not very high (Appendix 3, Table S5), there is a possibility that 
the explanatory power of the demographic attributes could be improved 
if the estimation of sentiment is improved. Future work incorporating 

emerging large-scale language models or other means to improve the 
estimation of sentiment would also improve the analyses of the effects of 
demographic biases on the sentiment.

4.3. Toward inclusive evaluations of CESs

We found age-biased spatial distribution of the number of tweets 
within the national parks (Fig. 5c). Therefore, simple aggregation of 
spatial distribution of georeferenced tweets cannot provide a represen
tative evaluation of CESs. As far as we know, no studies have shown such 
different spatial distributions of the number of posts, which was 
frequently used for evaluations of CESs using social media, for different 
demographic groups. This is problematic because decisions dependent 
on such results may not be inclusive since the results are biased toward 
specific demographic groups (younger generations, in our case). Reso
lution of the problem may depend on the purpose of the evaluation of 
CESs. If the purpose of an evaluation is simply to know the spatial dis
tribution of CESs or to find culturally important regions, weighted ag
gregation of the number of posts by sampling weight (Lavallée and 
Beaumont, 2015) can improve the situation. However, removing the top 
1 % of users had stronger effects than adjustment of demographic biases 
for our study while a weighting-only method caused another problem 
(Fig. 9). Therefore, suitable methods should be selected for each dataset 
used for evaluations of CESs. On the other hand, managers can imple
ment measures specific for some age groups that frequently visit a 
location using estimated spatial distributions of CESs for each age group. 
For example, measures improving safety of visitors in parks would be 
more effective if such measures were implemented in locations where 
elderly people tend to visit. Whatever the purposes, knowing de
mographic attributes and incorporating them into analyses is the first 
step for the inclusive evaluation of CESs.

Fig. 9. Relationships between the total number of georeferenced tweets in each 1 km grid covering all the national parks and the weighted number of georeferenced 
tweets adjusted by (a, d) the user weights, (b, e) the post weights, and (c, f) both. The upper and lower rows represent results with and without the top 1 % of users 
with the highest number of tweets, respectively. Spatial autocorrelation-adjusted Pearson’s correlation coefficients between the variables are also shown.
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4.4. Limitations and future directions

Although social media data has many potential applications for 
studies of human-nature interactions, misuse of it can violate users’ 
privacy and cause ethical issues (reviewed by Ghermandi et al., 2023). 
Therefore, research must be conducted in an appropreate manner 
minimizing such issues (e.g., presenting results at an abstract and 
aggregate level; Sloan et al., 2015). Also, social media data has specific 
limitations in continuous data availability. Social media services owned 
by private companies frequently change their service contents, specifi
cations of API, and policy for data access which can affect research ac
tivities (Ghermandi et al., 2023). For example, Panoramio, a photo 
sharing service which had been used for evaluation of CESs (Figueroa- 
Alfaro and Tang, 2017; van Zanten et al., 2016), was terminated in 2016 
and the data is no longer available for research (Ghermandi et al., 2023; 
Zhang et al., 2020). As for Twitter, georeferencing functionality was 
gradually restricted similarly to the change in the Instagram API noted 
above (see 2.1): on June 18th 2019, the official client stopped the 
functionality of adding exact coordinates to tweets (Kruspe et al., 2021) 
and around February 22nd 2023, it also stopped the functionality of 
adding place of POI to tweets, at least in Japan (https://x.com/jumbo_7 
44/status/1638858023874756613, https://x.com/tkatochin/status/ 
1638554084205789186, in Japanese, accessed at April 15th, 2025). 
Moreover, Twitter had been known to have relatively open policy for the 
use of API for academic data access (Ghermandi et al., 2023). However, 
during its rebranding to X, free academic access to the API was stopped 
in 2023 (Kupferschmidt, 2023). Although the historical archive of 
tweets is still accessible, these situations hinder continuous data avail
ability, particularly for georeferenced tweets, and limit the reproduc
ibility and applicability of our study due to the high cost of the API 
license. On the other hand, continuous efforts explored new data sources 
such as Reddit (Fox et al., 2021b), TripAdvisor, and Google Maps 
(Owuor et al., 2023) for evaluations of CESs. Estimation and adjustment 
of demographic attributes as shown by this study would be useful when 
analyzing such data to achieve inclusive evaluations of CESs. In addi
tion, integrating other methods such as citizen science and development 
of custom applications like Mappiness (MacKerron and Mourato, 2013) 
would be more important in future studies.

5. Conclusions

We found that biases in users’ demographic attributes and spatial 
distributions of posts, which are commonly used for estimation of spatial 
distributions of CESs, are different among age groups. These results 
illustrate the importance of estimating and incorporating demographic 
attributes of users into evaluation of CESs. Of course, different results 
would be obtained using different social media platforms. Therefore, 
similar studies using different social media platforms or using multiple 
social media platforms should be encouraged. To achieve inclusive 
evaluation of CESs using social media, considering demographic attri
butes and obtaining representativeness would be an important step.

6. Data access

The data and programs are available on Zenodo (https://doi. 
org/10.5281/zenodo.11366621) and Mendeley Data (https://doi.org/ 
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