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ABSTRACT

Social media is increasingly being employed to develop Cultural Ecosystem Services (CES) indicators. The image-
sharing platform Flickr has been one of the most popular sources of data. Most large-scale studies, however, tend
to only use the number of images as a proxy for CES due to the challenges associated with processing large
amounts of this data but this does not fully represent the benefit generated by ecosystems in terms of the positive
experiences expressed by users in the associated text. To address this gap, we apply several Computer Vision (CV)
and natural language processing (NLP) models to link CES estimates for Great Britain based on the content of
images to sentiment measures using the accompanying text, and compare our results to a national, geo-
referenced survey of recreational well-being in England. We find that the aesthetic quality of the landscape
and the presence of particular wildlife results in more positive sentiment. However, we also find that different
physical settings correlate with this sentiment and that sentiment is sometimes more strongly related to social
activities than many natural factors. Still, we find significant associations between these CES measures, sentiment
and survey data. Our findings illustrate that integrating sentiment analysis with CES measurement can capture
some of the positive benefits associated with CES using social media. The additional detail provided by these
novel techniques can help to develop more meaningful CES indicators for recreational land use management.

1. Introduction

The experience of nature generates a great amount of human well-
being (Russell et al., 2013; Chang et al., 2020). People’s interactions
with wildlife and ecosystems at the landscape level contribute to a
number of benefits including better mental and physical health (Sandifer
et al., 2015). These contributions can be broadly defined as Cultural
Ecosystem Services (CES) which capture the contributions of ecosystems
to the non-material benefits arising from human-nature interactions
(Chan et al., 2012). For example, human-ecosystem interactions with
individual flora and fauna through casual observation can produce a
level of cognitive enjoyment related to biodiversity (Keniger et al.,
2013) while also generating feelings of aesthetic appreciation at the
landscape level (Bratman et al., 2012).

The benefits derived from CES are closely tied to the positive expe-
riences generated by human-nature interactions (Havinga et al., 2020).
Such experiences are currently under threat as opportunities to

* Corresponding author.
E-mail address: ilan.havinga@wur.nl (I. Havinga).

https://doi.org/10.1016/j.ecoser.2023.101581

experience nature and develop positive emotional attachments have
decreased with increasing urbanisation and the rise of alternative
multisensory experiences such as electronic media (Soga and Gaston,
2016). Termed the “extinction of experience” (Miller, 2005), this
decrease in human-nature interactions, and the positive sentiment
attached to these experiences, has motivated calls for careful land use
planning and management to reconnect people with the natural envi-
ronment (Abson et al., 2017).

However, land management policies, especially at large scales, are
often restricted by the amount of quantitative, spatially-explicit infor-
mation available (Gould et al., 2020; Edens et al., 2022). As well as
employing a number of qualitative methods such as deliberative ap-
proaches, CES assessments also seek to provide quantitative information
on ecosystem service supply to achieve sustainable policy goals (Ray-
mond et al., 2014). For these purposes, social media has emerged as a
promising new source of data due to the scale and detail in which CES
measures can be established versus traditional survey methods
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(Ghermandi et al., 2023). This has led to a number of studies exploring
the potential of social media including the image-sharing platform
Flickr, which has become one of the most widely utilised due to the
accessibility and geographic scope of its data (Richards and Tuncer,
2018; Ghermandi and Sinclair, 2019).

So far, large-scale CES measures based on multimedia data from
social media have generally relied on generic indicators, such as the
number of Flickr images per site or spatial unit, with an implied uniform
value (Wood et al., 2013; van Zanten et al., 2016; Graham and Eigen-
brod, 2019). This is because processing such large amounts of data in a
systematic way at these spatial scales while still capturing the unique-
ness of people’s cultural interactions is a challenge (Ghermandi and
Sinclair, 2019). However, one human-nature interaction recorded on
social media may hold more weight than another in terms of the
emotional response it elicits in the person, including observations of
wildlife or landscapes recorded through images uploaded to social
media platforms (Fox et al., 2021).

Studies conducted at smaller scales, such as in urban and national
park areas, have demonstrated the rich variety of experiences reflected
in people’s posts to social media (Chesnokova et al., 2019; Gosal et al.,
2019; Huai and Van de Voorde, 2022). More advanced measures that
take account this variation in experience are especially relevant when
considering CES as contributing factors to non-material benefits because
this relies on people having a positive experience in nature, which may
not always be the case, or vary considerably between individuals
(Havinga et al., 2020). For example, different physical features, settings
or activities contribute to the level of mental or physical enjoyment
experienced by an individual and this should also be considered in
developing CES measures (Plieninger et al., 2013; Gould et al., 2019).

Here, the Flickr images and text associated with them in the form of
titles, tags and descriptions can offer a large amount of relevant infor-
mation to determine the degree to which CES generate positive experi-
ences (Wartmann et al., 2019). Some recent studies have begun to utilise
this information from Flickr to assess people’s experiences of nature
using sentiment analysis, a form of natural language processing (NLP)
used to predict affective states in text (Becken et al., 2017; Brindley
et al., 2019; Fox et al., 2021). NLP is the application of computational
techniques to the analysis and synthesis of natural language and speech
(Eisenstein, 2019). NLP includes a broad range of methods including
hand-coded rule sets, dictionary lookups and machine learning tech-
niques including deep learning-based models which use artificial neural
networks to extract abstract feature representations from text to assess,
for example, its sentiment (Liu et al., 2019). The advantage of these
modern NLP models is that these can process large amounts of textual
data to generate predictions such as the sentiment reflected in the text
associated with social media posts, thereby overcoming many of the
data processing challenges which have limited many large-scale studies
to simple indicators of CES rather than explicitly including the self-
reported experience associated with users’ cultural interactions with
nature (Gosal et al., 2019).

Nevertheless, despite the availability of these models, the application
of sentiment analysis to better understand CES measures based on social
media has so far been limited at large scales (Fox et al., 2021), even
though text data has shown great potential in studies at smaller scales
(Koblet and Purves, 2020). In addition, modern machine learning
methods for Computer Vision (CV) have also enabled detailed CES
predictions using the image content on Flickr (Egarter Vigl et al., 2021;
Lee et al., 2022). CES predictions generated using CV have also relied on
deep learning techniques to produce measures including aesthetic
quality (Havinga et al., 2021) and observations of wildlife in people’s
spatial environment (Havinga et al., 2023).

The application of a range of NLP models, including deep learning
methods, can in turn enable an assessment of the sentiment associated
with these predictions at large scales and, ultimately, the degree to
which these are associated with a positive experience of nature. The
application of deep learning models to predict scene classes and
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attributes in image data can also reveal the different visual factors
determining the sentiment associated with CES supply (Cao et al., 2022).
In this way, these more advanced methods can be utilised to measure
CES and their connections with people’s positive experiences in a sys-
tematic and cost-effective way versus traditional survey methods
(Havinga et al., 2020). However, validating the use of social media and
NLP/CV methods for CES assessment using alternative sources, such as
surveys, to understand their value, is also important (Englund et al.,
2017; Oteros-Rozas et al., 2018).

The availability of large-scale, geo-tagged image/text data coming
from platforms such as Flickr, along with the ever more powerful and
accessible CV and NLP methods, raises the question of whether these
data could be used to develop meaningful CES indicators alongside
survey data. Therefore, the objective of our study is to examine the
positive experiences associated with CES supply using images and text
from social media, along with the required NLP and CV methods, and
validate these measures through a comparison with comprehensive
survey data. To do this, we utilise Flickr photos and associated text
including image descriptions, along with CV and NLP models trained to
output visual indicators and sentiment measures. Combined, we aim to
understand how these can serve as enhanced measures for CES (Havinga
et al., 2021).

We seek to answer the following research questions in our study: (1)
What measures for CES-related human-nature interactions can be ob-
tained using text and image data from social media? (2) How do
different physical settings activities relate to the sentiment generated by
these interactions? (3) Do measures of sentiment and CES match na-
tional survey measures of well-being? In doing so, we aim to broadly
understand sentiment analysis and social media as an effective tool in
measuring CES and, in particular, the positive experiences derived from
human-nature interactions including landscape aesthetics and wildlife
observations (Langemeyer and Calcagni, 2022).

2. Methods
2.1. Study design

Our study sought to examine the experiences associated with human-
nature interactions using social media data and NLP/CV (Fig. 1). We
focused on two CES: landscape enjoyment and cultural appreciation of
wildlife (see Section 2.2). We conceptualised aesthetic quality as an
integral factor in determining landscape enjoyment as a CES and wildlife
observations via photography as an indicator of the cultural apprecia-
tion of wildlife. CES are, in turn, determined by whether people are
having a positive experience and the size of contribution to this expe-
rience from nature, in terms of CES supply, can be determined by the
setting and type of interaction occurring, alongside other contributing
factors such as social context and the effort of the individual themselves
(Havinga et al., 2020). We focused on landscape enjoyment and cultural
appreciation of wildlife as two key CES through which people value
nature (Mace et al., 2012) and are therefore important CES to focus on
for policy applications (Daily et al., 2009).

Due to the importance of landscape enjoyment and cultural appre-
ciation of wildlife in people’s interactions with nature, key training
datasets exist which enable the large-scale analysis which we sought to
achieve using CV and NLP methods. For image-based landscape aes-
thetics estimation we use a model trained on the ScenicOrNot dataset,
with landscape images uniformly distributed across Great Britain (Sce-
nicOrNot, 2015; Havinga et al., 2021). This implicitly captures people’s
landscape aesthetic preferences. For estimating the number of wildlife
observations with Flickr images, we applied a model trained on the
iNaturalist dataset for species identification on the Flickr dataset
(Havinga et al., 2023).

To understand the positive experiences linked to these human-nature
interactions, we compared three NLP models tasked with estimating the
sentiment expressed in user-generated image text and also looked at the
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Fig. 1. Study design. (a) CV-based image predictions on Flickr in Great Britain including the aesthetic quality of the landscape and wildlife observations were
compared with the sentiment expressed in their accompanying text, measured using text models employing NLP methods. A subset of these predictions were then
compared with (b) results of a recreational survey in England, including (i) CES indicators and (ii) sentiment.

adjectives employed by users. We examine the differences in predicted
sentiment for aesthetic quality and selected one NLP model based on a
correlation analysis with a georeferenced, nationwide survey of nature
recreation in England, the Monitor of Engagement with the Natural
Environment (MENE), to examine correlations between sentiment and
wildlife observations, as well as the sentiment associated with different
physical settings and activities. The sentiment associated with physical
settings and activities are explored based on CV image classifications
generated by the Places365 model (Zhou et al., 2017). Finally, we
further validate and compare our Flickr and NLP-based measures of
sentiment and CV-based indicators of CES, landscape quality and wild-
life observations, with the MENE survey of nature recreation in England.

2.2. Dataset: A collection of outdoor Flickr images in Great Britain

To examine the sentiment associated with landscape aesthetic
quality and wildlife observations, we drew on a Flickr image dataset and
CES predictions produced in previous research (Havinga et al., 2021;
Havinga et al., 2023). This consisted of 9.8 million outdoor images,
identified as outdoor using a deep learning model train on Places365
(Zhou et al., 2017). For this research, we also utilised the image scene
class and attribute predictions generated by the Places365 model to
understand the sentiment associated with different physical settings and
activities. A scene class can be defined as the overall semantic descrip-
tion of an image while an image attribute is a specific characteristic
within it (e.g. a collection of objects or human activity) (Havinga et al.,
2021). To conduct the sentiment analysis in this study, we then also
utilised the associated Flickr image metadata in the form of titles, tags
and descriptions by accessing the Flickr Application Programming
Interface (API) using the ‘flickrapi’ library in Python. Flickr is a highly-
curated, image-first social media platform, with a focus on aesthetics
(Garcia-Palomares et al., 2015). In contributing photos to the platform,
users express what is of value to them, which is an important aspect to
CES theory (Havinga et al., 2020). It also provides a wealth of text data
in the tags and descriptions associated with user images which, at the
scale available, constitutes a unique data source.

2.3. Text data processing and models for sentiment analysis

To conduct part of our analysis, an additional text processing step
was needed to better structure the data. This was because the image
titles, tags and descriptions generated by users contained a large amount
of irrelevant text such as website links, stopwords and duplicated words.
For example, without removal, duplicated words recognised by the
Hedonometer model would contribute multiple times to the overall

sentiment of a single image. We therefore took a number of text filtering
steps to produce a second, processed text dataset to apply the Hedon-
ometer model and look at individual words employed by users through
different types of interactions. In contrast, machine-learning based
models, such as the Sentiment140 and RoBERTa NLP models, can deal
with large, unstructured text datasets and therefore do not require
multiple text filtering steps before application (Yan and Liu, 2021).

To filter the dataset, first, we removed all html, numeric characters,
punctuation, English stopwords and words less than three characters in
length using the ‘tm’ package in R. Second, we removed local toponyms
by querying local place names using a 5 km grid overlay and the OS
Place Names APL' This was because local place names generate a
considerable amount of semantic ambiguity. For example, “Lizard” can
mean the name of the southernmost peninsula in Britain rather than
someone’s observation of this animal species. As a final step, we only
used images with at least three words to limit the bias of single or small
groups of words on overall sentiment. This ultimately meant working
with a dataset of 4.7 million images to conduct our analysis, with the
number of images in the unfiltered dataset reduced to the same set of
images in the filtered dataset for an equal comparison.

2.3.1. Hedonometer

To estimate the sentiment associated with people’s aesthetic enjoy-
ment and cultural appreciation of wildlife, we applied three different
NLP models. The first model, the Hedonometer dataset, was applied
using a bag-of-words approach which meant estimating sentiment using
the intersection of a dictionary of words with individual sentiment
scores. This hedonometer dataset consists of a 10,000 word corpus each
with a crowdsourced sentiment rating between 1 and 9 collected using
the Amazon Mechanical Turk platform (Alshaabi et al., 2021). The
dataset has been successfully applied to Twitter data in the context of
national well-being measures in the USA (Mitchell et al., 2013), exam-
ining the sentiment of urban green space visitors (Schwartz et al., 2019)
and people’s attitudes towards climate change (Cody et al., 2015). The
mean sentiment per image was calculated by taking a “bag” of words
from the filtered Flickr text dataset and then taking an average of the
crowdsourced sentiment assigned to the subset of words that appear in
the Hedonometer dataset. We then normalised to a range of —1 to 1 so as
to compare with the predictions of the two other models.

1 https://www.ordnancesurvey.co.uk/business-government/products/
names-api.
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2.3.2. Sentiment140

The second model applied we applied was the Sentiment140 model
which uses the machine learning classifier Maximum Entropy (MaxEnt)
to generate predictions (Go et al., 2009). MaxEnt models are feature-
based models which calculate a conditional probability across a set of
classes using optimised feature weights generated after training. The
model was trained on a dataset of Tweets with emoticons as training
features and a model output of —1 for negative, O for neutral, and 1 for
positive sentiment. It has been applied in the context of public health
monitoring to infer Twitter users’ health status over time (Kashyap and
Nahapetian, 2014) and to test the relationship between sentiments
expressed on Twitter and socio-demographic indicators (Ostermann,
2021). In our study, we applied the model to the image descriptions of
the unprocessed Flickr text dataset rather than the filtered dataset in the
case of the Hedonometer model, leveraging the Sentiment140 model’s
ability to retrieve meanings from whole sentences through its Tweet-
based training dataset from Twitter. We applied the model using the
Sentiment140 APL> before normalising the resulting scores to be be-
tween —1 and 1.

2.3.3. RoBERTa

Finally, the third model we applied to generate sentiment predictions
was the RoBERTa model. RoBERTA is a deep learning-based model
which uses artificial neural networks to generate feature representations
of words and then uses these to produce sentiment estimates (Liu et al.,
2019). It has produced state-of-the-art results based on a two-step
training scheme, drawing on both large amounts of unlabelled
training data and task-specific, labelled data. It has previously been used
to estimate the effects of the Covid-19 pandemic on student sentiment
using data from the social media site Reddit (Yan and Liu, 2021) and the
sentiment associated with common points of interests such as parks in
cities globally (Stelzmiiller et al., 2021). We used a sentiment model
based on RoBERTa which was trained on 124 million tweets from
January 2018 to December 2021, and finetuned for sentiment analysis
using a crowdsourced, annotated training dataset of tweets (Barbieri
et al., 2020; Loureiro et al., 2022). The model produced a softmax score
across a negative, neutral and positive class. We used the Python li-
braries ‘Transformers’ to download the model and apply it to our
dataset, taking the positive score and subtracting the negative score
before normalising the model output to a —1,1 range. As with the
Sentiment140 model, we applied the model to only the descriptions of
the unprocessed Flickr text dataset as opposed to the filtered dataset to
preserve whole sentences, similar to the format of Tweets on Twitter.

2.3.4. Adjective analysis

To gain additional insight into the sentiments expressed by users in
the text associated with their images, we also looked at the most com-
mon and unique adjectives used across aesthetic quality ratings and for
different species. Adjectives are the most emotive elements of language
and can therefore provide one of the clearest indications of the affective
state of people (Bush, 1973). To do this, we looked at how users
employed positive and negative adjectives across aesthetic quality rat-
ings. We looked at a selection of commonly used words that are typically
associated with positive or negative sentiment, choosing “beautiful”,
“enjoy”, “like”, “calm”, “happy”, “love” as well as “afraid”, “awful”,
“sad”, “angry”, “hate” and “ugly”. In addition, we also examined the
most uniquely employed adjectives for the species orders spiders (Ara-
neae), songbirds (Passeriformes), butterflies/moths (Hymenoptera) and
the Asparagales plant order, which includes the daffodil flowering plant
genus (Narcissus).

To identify the most uniquely employed adjectives for the species
orders, the term frequency-inverse document frequency (tf-idf) of

2 https://help.sentiment140.com/api.
% https://huggingface.co/cardiffnlp/twitter-roberta-base-sentiment-latest.
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adjectives used by Flickr users was calculated for each species order in
comparison with each other. Tf-idf is a metric that highlights the
importance of a word in a document by comparing how often it occurs in
the document (in our case, in a subset of images) compared to its general
abundance in the whole corpus of documents (all images). Employing tf-
idf meant we could analyse the frequency of an adjective used to
describe a particular species in proportion to the frequency of its use for
other species. This was done using the ‘udpipe’ package in R to identify
adjectives and the ‘tidytext’ package to calculate the tf-idf. To gain a
more balanced view of the adjectives employed by all users, we took a
10 % sample of images per user and only included adjectives if they
occurred at least twice for each species order.

2.4. Image analysis for CES predictions

The Flickr dataset contained both CES measures of landscape
enjoyment and cultural appreciation of wildlife. For landscape enjoy-
ment, this consisted of an aesthetic quality rating between 1 and 10 per
image. These predictions were generated using a Convolutional Neural
Network (CNN) trained on a crowdsourced image dataset of the British
landscape, the ScenicOrNot database. The database consists of over 1.5
million ratings of over 200,000 images, with multiple ratings per image
(ScenicOrNot, 2015). The model was trained on the average rating per
image and the results compared to a measure of aesthetic quality using
environmental indicators to confirm the reliability of the spatial pre-
dictions (Havinga et al., 2021).

Cultural appreciation of wildlife was captured as a binary prediction
representing a generic or wildlife observation. This prediction was also
generated using a CNN model, trained to distinguish between wildlife
observations and generic interactions with the environment using a
dataset of Flickr and iNaturalist images, a citizen science platform
(Havinga et al., 2023). We took only the most confident predictions and
structured our analysis around the five most frequently captured taxo-
nomic groups: plants, birds, insects, mammals and arachnids. This
enabled us to gain large-scale insights into people’s cultural interactions
with nature. We then looked at the sentiment associated with the most
common species (0.75 quantile, with a minimum of 100 interactions) by
using the captions associated to their images.

2.5. Sentiment associated with physical settings and activities

To examine the sentiment associated with physical settings and
human activities, we utilised the image scene and attribute predictions
of the Places365 model. In doing so we sought to understand the
physical and human-related factors influencing people’s positive expe-
riences such as landscape features, including the built and natural
environment, or common activities such as hiking. We used 35 of the
most relevant attribute classes out of a total of 102 classes and 30 scene
classes out of a total of 365 classes (see Supplementary Tables S1 and
S2). Attribute classes drew on the SUN attribute database, a crowd-
sourced dataset of common image attributes (Patterson et al., 2014). For
each image within our Flickr dataset, we took the most confident scene
class and image attribute prediction. We then calculated the mean
sentiment and the total number of images for each scene class and image
attribute.

2.6. MENE survey comparison

To validate our results, we compared our social media and NLP/CV
model results with nature trips and well-being measures reported in a
national recreation survey of England, setting aside any images in
Scotland or Wales. The MENE survey is a demographically representa-
tive survey of England conducted throughout the year in which re-
spondents are asked about their trips to nature in the past week.
Respondents are then asked more information about one of these trips,
such as the location and motivation for their visit, with some then asked
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to report measures of well-being as a result of the trip. For our study, we
used the survey results collected over a ten year period between 2009
and 2019 (Natural England, 2019).

In the survey, people are given a number of options to choose from to
state the motivation for their trip. The options most relevant to our study
were the statements “to enjoy the scenery” and “to enjoy the wildlife” to
which people could answer either “Yes” or “No”. As a first point of
comparison, we compared the mean sentiment, aesthetic quality and
wildlife observations captured in Flickr images within a 1 km radius of
these visits using the trip coordinates. This subset consisted of 82,950
respondents. This produced two sets of data, one associated with peo-
ple’s “Yes” responses and the other with their “No” responses. As we
were comparing both continuous data and binary data, we checked the
significance of these differences using two sample tests chosen after
checking for normal distributions using the Shapiro-Wilk test. These
were the Welch Two Sample t-test as a parametric test and the Wilcoxon
rank sum test as a non-parametric test.

A further subset of respondents (11,667 people) were asked to report
feelings of well-being associated with their trip. These respondents were
asked to what degree they agreed with the statements “I enjoyed it”, “it
made me feel calm and relaxed”, “it made me feel refreshed and revi-
talised”, “I took time to appreciate my surroundings”, “I learnt some-
thing new about the natural world” and “I felt close to nature”. We took
the responses to these statements as a second point of comparison, also
calculating the mean sentiment, aesthetic quality and wildlife observa-
tions in Flickr images within a 1 km radius and then comparing the level
of agreement with these Flickr-based measures.

3. Results
3.1. Sentiments associated with CES

3.1.1. Aesthetic quality

Fig. 2 shows the relationship between sentiment and aesthetic
quality using the predictions of the three NLP models as well as the
relative word frequencies of a set of positive and negative adjectives. All
three models resulted in significant (p <.001) trends in the relationship
between aesthetic quality and sentiment using a linear regression
analysis, with a clear upward overall trend. The application of all three
models showed a similar pattern with the least positive sentiment for the
lowest aesthetic quality ratings, a small levelling-off between the 5 and 7
ratings, before increasing again with the highest ratings. A significant
linear relationship (p <.0001) was also found between all three models.
This increase was the most prominent for the RoBERTa sentiment pre-
dictions, followed by the Sentiment140 and Hedonometer models, with
the Hedonometer predictions barely increasing from the average rat-
ings. The sentiment140 model saw the largest range of uncertainty,
indicating a wider range of positive/neutral predictions for each rating.
All models were found to have a significant relationship with sentiment
based on a linear regression analysis (p <.001). Ultimately, although the
RoBERTa model showed the strongest relationship with higher aesthetic
ratings, the Hedonometer model showed the best overall relationship
(Supplementary Table S4), (Pearson’s R = 0.142) versus Sentiment140
(Pearson’s R = 0.053) and RoBERTa (Pearson’s R = 0.09), as well as the
highest correlation with the MENE survey responses (Supplementary
Table S3).

In terms of the adjectives employed by users across the aesthetic
ratings, more positive adjectives and less negative adjectives were used
per image relative to the total number of images per rating as aesthetic
quality increased (Fig. 1b). The positive adjectives “beautiful”, “calm”
and “like” showed the clearest relationship with aesthetic quality,
showing substantial increases with higher ratings, even though “like”
can also be used as an adverb with no clear positive association. For
example, many landscape images were associated with the word
“beautiful”. The words “happy”, “enjoy and “love” showed less of a clear
relationship, with a slight increase across the average ratings associated
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with activities such as picnicking in the park. Conversely, the use of the
word “hate” fell steeply from low to high aesthetic quality. The use of the
word “hate” was associated with urban settings such as the road network
being described in Fig. 1b (iii). Generally, the words “sad” and “ugly”
also fell with increasing aesthetic quality while the words “afraid”,
“awful” and “angry” showed less of a clear relationship, sometimes
being used to describe the behaviour of animals in images. Notably, the
number of positive adjectives employed by users was far greater than
negative adjectives. We chose the positive and negative words a priori (i.
e. not based on their abundance in the dataset by in the English lan-
guage), but note that a different set of words could have been chosen for
this analysis.

3.1.2. Wildlife observations

We found that, overall, the Hedonometer model produced the
strongest correlations between the estimated sentiment and reported
well-being statements in the MENE survey with the majority significant
(p < 0.001) (Supplementary Table S3). We therefore used its predictions
to look at the relationship between different species interactions and
sentiment, shown in Fig. 3, although, overall, correlations for all senti-
ment predictions were low, ranging between 0.01 and 0.06. There was
also a significant relationship (p < 0.001) between the number of species
observations predicted by the CV model in the Flickr images and the
statement “I felt close to nature” with a 0.06 correlation (Supplementary
Table S7).

Plants produced the most positive sentiment with plant orders such
as Asparagales, which includes daffodils, seeing some of the most posi-
tive sentiment. Other flowering orders such as Ranunculales which in-
cludes the buttercup family, also saw very positive sentiment versus
others, such as Caryophyllales, which includes cacti, and Poales, which
includes grasses, with less positive sentiment. After plants, birds and
specifically butterflies and moths as insects saw the next greatest level of
sentiment associated with user observations. In terms of birds, this
included cranes, waterfowl and songbirds, while pelicans and herons
produced the lowest levels of sentiment. Mammals also saw moderately
positive sentiment in comparison to the other species while arachnids,
including spiders and scorpions, saw the least positive sentiment
expressed towards them out of all species.

Considering the difference in the words used by Flickr users for a
selection of these species, the tf-idf scores in Fig. 2 shows the uniqueness
of the adjectives employed by users in their observations of spiders,
songbirds, butterflies/moths and the Asparagales plant order. Spiders
saw very little unique words with only five words gaining a non-zero tf-
idf score, the strongest of which were “international” and “globular”. In
contrast, songbirds, butterflies/moths and the Asparagales order saw a
much larger and more positive range of adjectives more uniquely
employed by users versus the other species. For example, in the case of
butterflies/moths, the adjectives “magnificent”, “perfect” and “beauti-
ful” gained relatively high tf-idf scores. “beautiful” was also often used
to describe Asparagales versus the other species orders. In the case of
songbirds, adjectives such as “young” and “friendly” were more often
used in comparison to the other species.

3.2. Sentiment associated with physical settings and activities

Fig. 4 shows the sentiment and aesthetic quality related to different
image attributes and scenes based on the prediction of the Hedonometer
model. Again, we used the Hedonometer model for this as it showed the
strongest correlation with the responses in the MENE survey. Overall,
the correlations were small but significant. For example, the statement “I
enjoyed it” saw a Pearson’s R of 0.05 with p < 0.001 (Supplementary
Table S3). The sentiment and aesthetic quality linked to different attri-
butes varied greatly. The attributes “flowers” and “socializing” were
linked to the most positive sentiment while “railroad” and “brick”
experienced the least positive sentiment. Most of the urban or man-made
attributes, including other attributes such as “pavement” and “asphalt”,
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saw both the least positive sentiment and low aesthetic quality. Also,
notably, other social activity-related attributes such as “congregating”
and “spectating” were linked to very positive sentiment but low
aesthetic quality. In contrast, “hiking” and “climbing” were associated
with high aesthetic quality but less positive sentiment. This was also true
of nature-related attributes such as “ocean”, “natural” and “snow”,
although water-related activities and features elicited a fair amount of
positive sentiment.

Although the overall relationship between sentiment and aesthetic
quality again varied greatly for scene classes, a similar pattern of both
the least positive sentiment and lowest aesthetic quality associated with
man-made and urban-related settings was also detected (Fig. 3). For
example, the scenes “train station/platform”, “highway” and “bus

mber of images with a score > 0.6 and for scenes images with a softmax score > 0.5.

station/indoor”. In particular, “cemetery” was associated with the least
positive sentiment. However, it was still associated with a moderate
level of aesthetic quality. “orchard” and “filed/wild” were linked to
positive sentiment, suggesting a link with nature, while “golf course”
and “campsite” were also associated with very positive sentiment versus
moderate aesthetic quality, an indication that social activities are also
important to people’s positive experiences. Scenes linked to natural
settings, such as “tundra”, “waterfall” and “hayfield” were linked to very

high aesthetic quality but moderate sentiment.
3.3. Comparison with surveyed well-being measures

Table 1 shows Flickr-based measures of CES and sentiment, using the
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Table 1
Comparison of Flickr-based sentiment and CES measures within 1 km of trips
taken to enjoy the scenery or wildlife as reported in the MENE survey.

Trip Response  Flickr-based Mean CES Mean
Motivation CES measure sentiment
To enjoy Yes Aesthetic 4.29 (+0.03) 0.14 (+£0.003)
scenery quality (p <.0001) (p <.0001)*
No 3.19 (£0.02) 0.13 (£0.002)
(p <.0001) (p <.0001)}
To enjoy Yes Wwildlife 19.3 (+5.46) 0.145
wildlife observations (p=.001) i (£0.004) (p
<.0001)*
No 10.9 0.135
(+0.780) (+0.002) (p
(p=-001)} <.0001)?

T based on Welch Two Sample t-test, ‘based on Wilcoxon rank sum test.

mean prediction of the hedonometer model, compared with trips re-
ported in the MENE survey. A clear relationship was observed between
the locations visited by survey respondents and the CES measures esti-
mated using Flickr images. Trip locations visited to enjoy the scenery
saw a mean aesthetic quality of 4.29 in Flickr images within 1 km versus
3.19 in images near trip locations not taken for this reason (p <.0001).
The sentiment associated with Flickr images near trip locations under-
taken for enjoying the scenery was also significantly higher (p <.0001).
There was also a significant difference between trips taken to enjoy
wildlife and the mean number of wildlife observations in Flickr images,
with 19.3 species observations for wildlife-related trips versus 10.9 for
trips not taken for this reason (p =.001). Again, sentiment was found to
be significantly higher in Flickr images in the same areas as wildlife-
related trips reported in the MENE survey (p <.0001).

Similarities were also found between Flickr-based CES measures and
sentiment and the self-reported well-being statements in the MENE
survey (Fig. 5). Significant differences were especially visible for the
level of agreement with the statement “I took time to appreciate my
surroundings” and aesthetic quality. The statements “it made me feel
calm and relaxed” and “I felt close to nature” also showed significant
differences between the levels of agreement and aesthetic quality.
Further analysis looking at the correlations between aesthetic quality
and the levels of agreement with each statement confirmed this (Sup-
plementary Table S6). The levels of agreement with the different state-
ments and number of wildlife observations generally showed large
standard errors which affected the significance of some of the differ-
ences. However, the statement “I felt close to nature” produced signifi-
cant differences in the number of wildlife observations associated with
“strongly agree” and almost all other levels of agreement. Correlation
analysis again confirmed this relationship between the statement and
people’s level of agreement (Supplementary Table S7).

In terms of sentiment, significant differences were also observed. The
most notable were associated with the statement “I enjoyed it” which
saw larger sentiment associated with stronger levels of agreement. Less
notable but still significant differences were also observed between
levels of agreement for the statements “I took time to appreciate my
surroundings’ and “I felt close to nature”. Levels of agreement with other
statements were generally not associated with significant differences. In
particularly, “strongly agree” was affected by large standard errors. This
was because there were only a small number of people (<60) that gave
this response in the survey. Further correlations between sentiment, CES
measures and the MENE survey results can be found in Supplementary
Tables S3, S4 and S5).

4. Discussion

The use of social media to measure CES has seen rapid growth in
recent years (Ghermandi and Sinclair, 2019). Nevertheless, so far, its
potential has not been fully realised, and key challenges remain
regarding the representativeness of the data and its use in producing
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policy-relevant indicators (Oteros-Rozas et al., 2018; Havinga et al.,
2020). In our study, we have demonstrated that, through the application
of NLP methods and machine learning, connections can be made be-
tween social media-based CES measures and people’s positive experi-
ences of nature, a key consideration for CES indicator development in
the context of public health (Sandifer et al., 2015). At the same time, our
findings highlight a number of physical settings and activities that in-
fluence people’s positive experiences of nature.

Overall, there was a clear relationship between aesthetic quality and
sentiment, with a clear uptrend towards higher aesthetic ratings. This
finding is consistent with the health-promoting impacts of outdoor en-
vironments outlined in the landscape aesthetics literature (Abraham
et al., 2010). For example, landscapes of high aesthetic quality, in terms
of their perceived naturalness and diversity, evoke positive emotions in
people, resulting in improvements to their general mood and mental
health (Bieling et al., 2014; Seresinhe et al., 2019). Notably, there was a
levelling-off in sentiment for the images within the average aesthetic
rating bins. This may highlight the greater variability in people’s re-
sponses to landscapes of ordinary quality and the more consistent re-
sponses elicited by either very ugly or attractive environments
(Workman et al., 2017). This effect was observable in the relative word
frequencies of adjectives employed by users in our study, such as
“beautiful” and “calm” versus “ugly” and “sad”, which showed strong
relationships with high and low aesthetic quality. This effect was clear in
spite of the different ways in which these words may be used in the
context of an image caption (for instance polysemia, sarcarsm, or the
fact that an adjective could refer to the photographer or to a subject in
the photo).

In terms of wildlife-related sentiment, some notable differences be-
tween species groups were also observed, with plants, especially flow-
ering plants, generating the most positive sentiment, following by
insects and birds. These results are in line with those of survey-based
studies in Great Britain (Aerts et al., 2018). For example, in public
green spaces around England, higher levels of flower cover were asso-
ciated with larger restorative effects (Hoyle et al., 2017). Similarly, in a
survey of public attitudes towards biodiversity attributes, butterflies
were found to be one of the most valued insect species (Austen et al.,
2021), confirming our results. In another study of urban households,
songbirds were especially appreciated by people out of all garden birds
(Cox and Gaston, 2015). It has been argued that more positive overall
reactions to plants versus birds or insects may be due to their static and
thus more visible presence (Fuller et al., 2007; Dallimer et al., 2012).
Some insects can also appear as a threat to people, evoking less positive
emotions (Austen et al., 2021). This is also true of arachnids such as
spiders which saw the lowest levels of sentiment expressed towards
them in our study (Zvarikova et al., 2021).

Previous studies employing survey methods have also shown the
importance of particular physical settings and activities on the positive
experiences people gain from their interactions with nature. For
example, social cohesion has been found to be one of the strongest
mediators between green space and health (de Vries et al., 2013; Wolf
and Wohlfart, 2014). This was also reflected in the results of our study,
with the image attribute and scene classes “socializing” and “campsite”
linked to some of the most positive sentiment, and the word “enjoy”
being associated with picnicking in an urban park. Similarly, the very
positive sentiment associated with the attributes “flowers” and “shrub-
bery”, as well as the more colourful plant species orders, reflect the
significant positive effects of colour diversity and green planting (Carrus
et al., 2015; Hoyle et al., 2018). Conversely, the sentiment linked to
“tundra”, “hiking” and “climbing” versus aesthetic quality suggests very
appealing but less comfortable environments may elicit more reflective
responses rather than explicitly positive ones (Baklien et al., 2016;
Stevenson and Farrell, 2018).

The comparison with the MENE survey results showed some signif-
icant relationships between CES measures, sentiment and respondents’
trip motivations and reported well-being. Although the correlations
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expressed in Flickr images within 1 km distance of the geo-located visits.

found were relatively low, their high significance level is noteworthy,
given the noisy nature of Flickr data and very different nature of the two
data sources. This provides good evidence that Flickr-based measures of
CES are consistent with a large sample of self-reported visits across a
large geographic and seasonal range, evidence that is generally missing
in the CES literature (Oteros-Rozas et al., 2018). The positive experi-
ences recalled by respondents in the survey such as “I enjoyed it” were
also consistent with the sentiment expressed by Flick users, suggesting a
common level at which these CES contribute to non-material benefits
such as better mental health. Social media sentiment has been linked to
national indicators of well-being (Kokil et al., 2020) while higher levels
of vegetation cover and bird abundances have been found to be

10

positively associated with a lower prevalence of depression, anxiety, and
stress (Cox et al., 2017; Methorst et al., 2021). Social media-based
measures of CES can therefore integrate these casual pathways to bet-
ter study the effect of nature on people below the ecosystem scale
(Botzat et al., 2016).

However, not all statements of agreement in the MENE survey
matched sentiment levels on Flickr. This may again be because state-
ments such as “I took time to appreciate my surroundings” are linked to
more thoughtful experiences, rather than expressly positive ones. The
number of people disagreeing or strongly disagreeing was also very low,
reflecting a general human positivity bias in relation to people’s
voluntary trips to experience nature (White et al., 2013). Nevertheless,
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the significant differences between the stronger levels of agreement and
the Flickr-based sentiment measures are encouraging evidence that
these novel data and techniques capture representative information on
people’s interactions with nature. This confirms the results of some more
recent studies which have started looking at validating social media-
based indicators of CES with survey data (Johnson et al., 2019;
Moreno-Llorca et al., 2020).

The more reflective nature of some people’s positive experiences
during their outdoor recreation also highlights some of the limitations of
the approach taken in our study. Not all positive experiences related to
nature may be expressed on social media while the full range of positive
experiences that are expressed in users’ text may not be fully captured
through the application of NLP models. For example, we found the
image scene class “cemetery” to be associated with the least positive
sentiment. However, cemeteries are associated with significant restor-
ative effects (Quinton and Duinker, 2018), produced through feelings of
peacefulness and contemplation (Nordh et al., 2017). Such positive but
more ambiguous emotions are difficult to detect through sentiment
analysis and require additional contextual information to generate ac-
curate predictions (Poria et al., 2020). At the same time, Flickr users may
be less eager to share more contemplative experiences such as these due
to the heavy positivity bias found on social media platforms (Waterloo
etal., 2017). Moreover, the CV and NLP approaches we employed in this
paper rely on the existence of appropriate training datasets to detect
specific CES. Interactions related to spirituality, such as those experi-
enced in settings such as cemeteries, would be better captured if
equivalent, large-scale crowdsourced training datasets were available.
Nevertheless, the interconnectedness of people’s experiences with
ecosystem aesthetics and wildlife as two key CES may already have
captured some of these broader positive experiences (Cooper et al.,
2016).

The manner in which people use Flickr may also have resulted in the
Hedonometer model achieving the highest correlation with the MENE
survey, even versus the more advanced RoBERTa model. This is because
RoBERTa has been trained to predict sentiments using Twitter data, a
platform on which users express much stronger opinions versus Flickr
(Samani et al., 2018). Therefore, the way in which Flickr users refer to
the natural environment around them, such as a particular flower spe-
cies, may be more neutral than the model is trained to detect. In contrast,
the positive benefit gained from the wildlife observation is better
identified by the Hedonometer model just based on the inclusion of
these words and their crowdsourced sentiment rating. The application of
the Hedonometer model has previously been demonstrated versus other
national well-being survey data with the added advantage of a high level
of interpretability (Mitchell et al., 2013; Loff et al., 2015). In contrast,
understanding the factors influencing the predictions of machine-
learning based NLP models is a challenge and these types of models
have often been criticised for being “black boxes” (Barredo Arrieta et al.,
2020). For example, it is not always clear how RoBERTa is using the
words in a sentence, such as verbs or adjectives, to generate a prediction
(Clark et al., 2019).

Nevertheless, our findings illustrate the relevancy of these novel data
and techniques in the development of CES indicators in recreational land
use management. From a CES perspective, it is important to move
beyond the use of simple proxies such as the number of images to better
incorporate people’s positive experiences (Richards and Tuncer, 2018;
Zhang et al., 2020). In a broader context, public health measures also
typically miss specific but important details of nature exposure such as
the quality of the nature (Hartig et al., 2014). In our study, we were able
to relate different levels of aesthetic quality to different levels of senti-
ment using social media and CV/NLP methods. This can support CES
measures that incorporate both measures, and those that therefore move
beyond simple image counts (Fox et al., 2021). However, the configu-
ration of these different elements into a single indicator per CES requires
further research. For example, simple weights using the sentiment and
aesthetic quality scores could be used. This would follow similar

11

Ecosystem Services 65 (2024) 101581

weighting approaches taken in survey-based CES assessments using
expert opinion and stakeholder views (Nahuelhual et al., 2014; Alvarez-
Codoceo et al., 2021). These measures could then be validated by
comparing with survey-based data on the most appreciated ecosystem
types or other physical attributes (Gould et al., 2019).

5. Conclusion

There is an increasing urgency to address rapidly falling levels of
human-nature interaction and policy-makers require relevant indicators
to maximise the public health benefits generated by people’s positive
experiences of nature. CES indicators representing the contributions of
nature to people’s mental and physical health should therefore also
account for this experiential aspect in their measures. In our study, we
have demonstrated that social media, CV and NLP methods can identify
some variation in the degree to which people gain a positive experience
as a result of two CES: landscape enjoyment and the cultural apprecia-
tion of wildlife. We find that sentiment increases with aesthetic quality
and that different wildlife observations are associated with varying
levels of sentiment. These CES and sentiment measures were found to
align with well-being measures reported in a national survey of nature
recreation in England. At the same time, we find that physical settings
and activities also influence people’s positive experiences such as those
related to social activities. Our findings illustrate the relevancy of
applying these novel techniques for CES indicator development in rec-
reational land use management.
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