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Fig. 1. Narrating the story behind a medical condition through biological, psychological, and socio-environmental lens (i.e., through the
bio-psycho-social model).

Abstract— A biological understanding is key for managing medical conditions, yet psychological and social aspects matter too. The
main problem is that these two aspects are hard to quantify and inherently difficult to communicate. To quantify psychological aspects,
this work mined around half a million Reddit posts in the sub-communities specialised in 14 medical conditions, and it did so with
a new deep-learning framework. In so doing, it was able to associate mentions of medical conditions with those of emotions. To
then quantify social aspects, this work designed a probabilistic approach that mines open prescription data from the National Health
Service in England to compute the prevalence of drug prescriptions, and to relate such a prevalence to census data. To finally visually
communicate each medical condition’s biological, psychological, and social aspects through storytelling, we designed a narrative-style
layered Martini Glass visualization. In a user study involving 52 participants, after interacting with our visualization, a considerable
number of them changed their mind on previously held opinions: 10% gave more importance to the psychological aspects of medical
conditions, and 27% were more favourable to the use of social media data in healthcare, suggesting the importance of persuasive
elements in interactive visualizations.

Index Terms—complex problem communication, storytelling, AI, social media data, healthcare, Martini Glass structure

1 INTRODUCTION

The communication between patient and healthcare professional often
focuses on the biological aspects of a medical condition (e.g., high
temperature or pain) and overlooks its psychological and social as-
pects (e.g., patient feeling sad or lacking control due to recent difficult
events in their social life). Yet these two latter aspects are considered
to be equally important by the modern “bio-psycho-social model” in
healthcare [21, 23, 59]. Social and psychological aspects such as fear,
rage, neglect, attachment, mental well-being, life course, social capital,
healthy lifestyle, neighborhood disadvantage, and perceived discrim-
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ination are all shown to have important effects on chronic conditions
such as obesity, coronary heart disease, and skin disease [21, 53], as
well as on functional disorders [51, 61], and medically unexplained
symptoms [21, 23]. After reviewing the literature, we found the most
important psychological and social aspects to be the following: i) the
patients’ emotions (such as fear or trust) [15,21], ii) their psychological
symptoms (such as depression and anxiety) [4, 21], and iii) the socio-
economic status of the areas where they live (such as neighbourhood
disadvantage and social network) [2, 18, 21].

The main problem is that psychological and social aspects are: 1)
hard to quantify; and 2) inherently difficult to communicate. First, they
are hard to quantify because they have not been systematically recorded.
To see why, consider the psychological aspects. There is no protocol
in National Health Services that mandates the systematic recording
of patients’ feelings and emotions. Yet, in recent years, individuals
have increasingly discussed their medical conditions on sites such as:
PatientsLikeMe where they connect with others suffering from the same
condition; AskaPatient where they share experiences with drugs; and
the general-purpose Reddit and Twitter. It turns out that people tend to
reveal even more personal experiences online than they would usually
do in face-to-face interactions with their doctors (e.g., they discuss
emotions, fears, and life events) – this is what has been called the
disinhibition effect [58]. The problem with social media text is that
it is unstructured and, as such, it is hard to process for the reliable
extraction of medical conditions. The quantification of social aspects is
challenging too – it is hard to relate socio-economic data (e.g., census
data) to health outcomes.
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Second, even if one were to be able to quantify psychological and
social aspects, these would still be inherently difficult to communicate.
That is simply because these aspects are part of a multi-faceted bio-
psycho-social model. Multi-dimensional data is hard to visualize in
engaging ways [28], and this represents an active research area [35, 36,
54]. Visual storytelling was suggested to be the next-level approach in
healthcare communication [8, 40].

This work tackled the two challenges of both quantifying and visually
communicating a medical condition’s psychological and social aspects.
In so doing, it made three main contributions:

C1: By considering around half a million Reddit posts in the sub-
communities specialised in 14 medical conditions, for each con-
dition, we quantified its psychological and social aspects by using
(Section 3): a) our new deep-learning framework to extract medi-
cal entities from the posts with state-of-the-art accuracy [63]; b) a
widely adopted dictionary-based approach to extract emotions from
the posts; and c) a probabilistic approach that mines open prescrip-
tion data from the National Health Service in England to compute
the prevalence of drug prescriptions related to the condition.

C2: We visually communicated each medical condition’s biological, psy-
chological, and social aspects through a layered Martini Glass visual-
ization (Section 4).

C3: We evaluated our visualization and found that it had persuasive
effects (Section 5). In a user study, after interacting with our visual-
ization, a considerable number of our 52 participants changed their
mind: 10% gave more importance to the psychological and social
aspects of medical conditions; and 27% were more favourable to
the use of social media data, and 10% to the use of AI in health-
care, suggesting the importance of persuasive elements in interactive
visualizations.

The resulting visualization is available on the project’s page
http://humane-ai.social-dynamics.net.

2 RELATED WORK

There have been two lines of past research related to ours. The first
concerns general ways of quantifying health outcomes. The second
concerns visualizing multi-faceted health aspects.
General ways of quantifying health outcomes. One of the primary
tasks in mining health discussions is to extract medical mentions. Initial
approaches to this task were keyword and lexicons-based [25, 32, 47].
They worked reasonably well on formal medical text but had well-
known limitations when applied to social media text: they failed to
capture the variability of informal language, diversity of users’ symp-
tom expressions, and spelling mistakes [13, 49]. The approaches that
dealt better with such limitations were based on machine learning, such
as Conditional Random Fields (CRFs) [34, 43] and on deep learning,
such as Recurrent Neural Networks (RNNs) [60, 62]. Dictionary-based
approaches were used to extract linguistic features from posts, which
were then shown to relate to chronic disease health outcomes, both on
Twitter [16] and Reddit [12]. Psychological and social aspects (such
as positive emotions, work-related issues, or stigma) were studied on
Reddit [48] and on Twitter [55]. The drug prescription data from the
general practitioners across England were used as a proxy for preva-
lence of diseases: examples of such uses include the health domains of
diabetes [2], influenza [50], and opioid addiction [17].
Visualizing multi-faceted information: Dashboard and Narrative
Visualization. Dashboards have been one of the most popular choices
for visualizing medical data, as they can consolidate multi-faceted clin-
ical conditions in one screen [20, 22, 31]. However, clinical dashboards
mainly supported medical professionals [29], and, more generally, dash-
board visualizations have been found to have two main weaknesses:
information overload given the single screen [65], and a significant
learning curve [29].

An alternative visualization technique for delivering complex infor-
mation is the narrative visualization. The idea is to create a story based
on the results of the data analysis. This technique has been widely used

Fig. 2. Steps to visualize the complexity behind health, and evaluate
the resulting visualization. After breaking down the problem into its
three main aspects, we quantified each of these aspects by collecting
appropriate data upon which we run state-of-the-art machine learning
models (top row). We determined our design goals by conducting a
requirements elicitation study with medical experts, and then built a
layered Martini Glass Structure visualization (mid row). We conducted a
user study upon which we drew guidelines for future reference (bottom
row).

by several news organizations such as the New York Times and The
Guardian, and its effectiveness has been extensively studied [6, 7, 9].
Segel and Heer [57] highlighted the importance of balancing between
author-driven parts of a narrative visualization, usually linear and non-
interactive, and reader-driven ones, usually interactive and exploratory.
Hullman and Diakopoulos [27] highlighted the importance of “rhetor-
ical” and “persuasive” elements when communicating a story in vi-
sualizations. Drawing on both seminal papers, Lee et al. [33] further
articulated visual storytelling process starting from data exploration to
story delivery to users’ feedback.

In summary, previous work on quantifying health outcomes has
not been sufficiently general, in that, it has focused on very specific
medical conditions or symptoms, and it has done so by focusing on
one condition/symptom at a time. Also, previous work on visually
communicating multi-faceted information in healthcare mainly targeted
medical practitioners, and used dashboard-type of visualisations.

3 QUANTIFYING THE BIO-PSYCHO-SOCIAL MODEL

We resorted to Reddit, an online community in which people exchange
ideas and provide support to each other. Subcommunities in Reddit
called subreddits consist of subsidiary threads that allow users to fo-
cus on a specific interest or topic. When deciding which subreddits
to gather, we focused on the conditions with distinctive symptoms,
making them easier to discriminate from others (e.g., psoriasis) and
excluded complex and hard to discriminate conditions (e.g., cancer).
Based on the data availability, we incorporated the following 14 condi-
tions: rheumatoid arthritis, diabetes, depression, dementia, borderline
personality disorder, psoriasis, gastroparesis, hypothyroidism, irritable
bowel syndrome, dementia, Parkinson’s disease, Meniere’s disease,
multiple sclerosis, and sleep apnea.

We collated all the Reddit posts in those subreddits during the first
half of 2017, which resulted in about half a million posts in total.

3.1 Quantifying Biological Aspects
The biological side of a medical condition is partly captured by symp-
toms and drugs associated with it.

Expected Symptoms and Drugs from Literature. We used
MedScape, WebMed, and Wikipedia. From MedScape, a website
providing information to physicians and health care professionals, for



a given condition, we obtained the list of signs and symptoms that
are used to diagnose it. However, MedScape does not provide all the
symptoms (i.e., it does not include the most common and generally
non-discriminating symptoms, such as pain and inflammation). For
this reason, we augmented this list of primary symptoms by manually
searching WebMed and Wikipedia for additional ones.

Since the same symptom/drug can be expressed in several ways,
doctors adopt a common technical terminology. This work adopted the
most comprehensive and widely used terminology, which is called the
Systematized Nomenclature of Medicine – Clinical Terms (SNOMED
CT). It is used in over 50 countries, and contains synonym expressions
for each medical concept (for example, for rheumatic arthritis, syn-
onyms include rheumatic gout and proliferate arthritis). We manually
linked each of the previously collected symptoms/drugs to the corre-
sponding concept in the SNOMED CT database. For instance, consider
the symptom weakness. Using SNOMED CT’s search mechanism, we
linked it to the concept asthenia with the ID 13791008. As a result,
we associated a set of expected symptoms and drugs expressed in a
proper medical language with each of the 14 medical conditions. For
example, rheumatoid arthritis was associated with the symptoms of
stiffness, tenderness, swelling, and pain in joints, and with the drugs
Leflunomide and Celecoxib, among others.

3.2 Quantifying Psychological Aspects

In addition to the biological aspects, a medical condition is character-
ized by its psychological aspects, i.e., a rich set of individual experi-
ences. To quantify such experiences, we needed to gather: i) all the
symptoms/drugs mentioned by different patients (a significantly larger
set of symptoms/drugs emerges than the expected ones), as well as ii)
the distinct emotions and body parts the patients mentioned.

Emerging Symptoms and Drugs Online. From the Reddit
dataset, we extracted symptom and drug mentions. Extracting medical
mentions from free-form text is a challenging NLP task. People use
different forms to express the same type of symptom (for instance,
brain fog and clouded consciousness); use slang for medication names
(for instance, benzos for benzodiazepines); or make spelling mistakes.
An equally challenging task is to map the extracted mentions to an
official terminology, such as SNOMED CT. For example, one needs a
method to link both brain fog and clouded consciousness to the same
concept, which happens to have the ID 40917007 in SNOMED CT.

Thanks to the advances in modern deep-learning techniques in Natu-
ral Language Processing, it has become possible to do both tasks. We
implemented a state-of-the-art entity extraction method (sketched in
Figure 3, detailed in Supplemental Material, and published in [62])
based on bidirectional long short-term memory (BiLSTM) units in
combination with conditional random fields (CRFs) that utilizes the
contextual string embeddings (i.e., RoBERTa embeddings) [38].

The symptoms/drugs mentioned on Reddit that were not among
the expected ones were called emerging symptoms/drugs. To see why,
consider that, for rheumatoid arthritis, in addition to its expected symp-
toms, a myriad of additional symptoms had emerged online: hair
loss, itching, exhaustion, bone pain, muscle weakness, mental dullness,
heavy legs, tiredness, and bedridden, to name a few. Such emerging
symptoms are not discriminative of the condition itself but, instead,
they reveal the diversity of the individual experiences among patients,
and part of them represent the psychological aspects of rheumatoid
arthritis.

Emotion Words. One of the primary forms of people’s psycho-
logical experience is represented by emotions. To categorize emotions
extracted from our social media data, we employed the Plutchik’s psy-
choevolutionary theory [52]. The theory lists 8 basic emotions: anger,
joy, disgust, fear, anticipation, trust, sadness, and surprise. We looked
at how many words expressing each of these basic emotions were men-
tioned when talking about each of the 14 conditions. To determine
whether a word belonged to an emotion category, we resorted to the
“EmoLex” word-emotion lexicon [41], which classifies words into the
eight categories.

Fig. 3. Sketch of our deep learning models that extract medical mentions
from social media, and associate them with concepts present in our
medical hierarchy (SNOMED CT).

For each word (e.g., “cry”,“tear”) related to a specific emotion cat-
egory (e.g., “sadness”), and a condition (e.g., “depression”), we com-
puted the Point-wise Mutual Information (PMI). Our PMI analysis
(detailed in Supplemental Material) compares the observed occurrence
probability to the chance probability of occurrence given a uni-gram
model of independent interactions. It considers that words relevant to a
keyword will occur with it far more often than would be expected by
chance.

By aggregating all the words (“sad”, “tear”, “cry”) belonging to a
particular emotion category (“sadness”), we computed the association
between each condition d and each emotion category cat.

Body Parts. There is previous research linking experience of emo-
tions to different body parts [44], so our visualization showed which
body parts people mentioned with each of the 14 conditions. To deter-
mine the associations between body parts (e.g., “mouth”) and a given
medical conditions, we applied a methodology similar to the previous
one used for emotions (i.e., a TF-IDF normalization). To that end, we
created a ‘body’ dictionary that lists all the words (e.g., “tongue”, “lip”)
related to a specific body part (e.g.,“mouth”) by combining the original
LIWC dictionary subcategory “body” and the Wikipedia “human body
and organs.”1

3.3 Quantifying Social Aspects
People’s social environment can cause or affect their health. For exam-
ple, the economic status has an influence on people’s diets, and this,
in turn, can affect whether they will suffer from diabetes [2]. On the
other hand, people’s medical condition can influence their social life
– for instance, cancer patients experiencing severe pain are likely to
suffer from lowered-self esteem and anxiety [45]. To associate socio-
economic conditions with disease prevalence, we associated census
data with prescription data across all the boroughs in England.

Prescription data is released by the National Health Service (NHS)
and enumerates all the prescriptions done by any general practice (GP)
across England. The drug prescription data has been made available
since July 2010, is released every month by NHS [1], and consists of
four files (Figure S2 the Supplemental Material), which we collected
until the end of June 2019: i) NHS GP monthly prescriptions: each
prescription contains the drug’s name, its British National Formulary
(BNF) code, the practice code, its total number of items, total cost,
and each item’s quantity; ii) NHS drugs: each row contains a drug
(individual preparation name) and its unique BNF Code; iii) NHS GPs:
each row contains a practice code, name, and full address; and iv) NHS
GP patients: each row contains a practice code, census LSOA borough
code (each row refers to a specific (practice, LSOA) pair), and the
number of the practice’s patients in that borough. From this file, we
computed the total number of primary care patients who live in each
borough.

1https://en.wikipedia.org/wiki/List\_of\_organs\_of\_the\

_human\_body



The data, however, does not contain any mapping between the pre-
scribed drugs and the corresponding medical conditions. To create such
a mapping, we crawled the entire database from DrugBank2. From the
database, we obtained 9105 drug-related pages. Out of those, we were
able to match 3013 to at least one associated condition. This gave us a
mapping between drugs and conditions. More specifically, for a given
condition C, we used DrugBank to find the set of drugs D associated
with it to then estimate the total prescriptions related to C in a borough
A.

4 COMMUNICATING THE BIO-PSYCHO-SOCIAL MODEL

We first developed a visualization for medical professionals, with whom
we conducted a requirements elicitation study (Section 4.1). To fulfill
the design goals that emerged from this study, we then surveyed and
selected the most appropriate visualization approaches (Section 4.2).
These approaches were then used to develop the final visualization
aimed at the general public (Section 4.3).

4.1 Communicating with a Dashboard
The purpose of our study with medical professionals was twofold.
First, we wanted them to assess the medical content and validity of the
visualization. Second, as doctors convey medical knowledge to patients
on a daily basis, we relied on their experience and asked them if the
general public could be interested in such a visualization, and if so,
what functionalities would be of help. From their answers, we selected
several requirements and design suggestions.

We found that the medical experts were already aware of the bio-
psycho-social model, and were familiar with dashboards [5,14]. Hence,
for our elicitation study, we developed a dashboard prototype.

Since dashboards aim at showing all the information at once, we pro-
vided the functionality to select a medical condition, for which we then
showed its real-world prevalence (left panel in Figure 4) and associated
symptoms (right panel in Figure 4). When a user clicked on a region
on the map, then the dashboard showed detailed information about
the region, including the prevalence of the condition, the confidence
value, and its socio-economic indicators such as deprivation index,
population, and population density. The two sides of the dashboard
were interactively linked; when a user clicked on a symptom bubble,
then the choropleth map would change to display its prevalence.

The goal of the elicitation study was to discover the main require-
ments for visualizing the bio-psycho-social model.

We recruited a group of 13 medical experts, who interacted with
the dashboard and answered an online survey afterwards. Our domain
experts were based in the United Kingdom (4 experts), United States
(2), Italy (2) Ecuador (1), Kenya (1), Spain (1), and 2 preferred not to
disclose their location; 3 of them were epidemiologists, 3 were Public
Health researchers, 2 were clinical academics, 1 was a Public Health
manager, while 4 preferred not to provide this information.

We asked them three open-ended questions:

Q1 How would you describe the intuitiveness of this tool?
Q2 Could the general public be interested in such a visualization and,

if so, why?
Q3 Which additional features or functionalities would you like to see

in a tool aimed at the general public?

We then summarized their replies to each question.

[Q1] Intuitiveness. In general, most of the experts found the tool
to be intuitive. However, they also expressed difficulty with having the
different aspects of a medical condition collated into a single screen.
They mentioned three main shortcomings: i) lack of self-explanation
(without a proper tutorial, it was hard to use the visualization to its
full potential), ii) unclear links among data sources (the respondents
perceived that the combination of multiple datasets was not visually
apparent, e.g., the relationship between the prescription map and the
symptoms extracted), and iii) screen real estate issue (i.e., the space is
too limited for communicating complex information).

2drugbank.ca

[Q2] Interest of the General Public. They found the tool could
be of interest to general public for three main reasons: curiosity and
novelty, a better understanding of the symptom-condition relationships,
and ability to discover their areas’ health.

In terms of curiosity they said: “People might like to play around
with such visualizations out of curiosity”, “Absolutely - curiosity”,

“Yes. If done right, it can spark curiosity like (“oh I have depression,
where are people similar to me?”)”. One expert pointed out the novelty
of the tool as a factor that could spark interest: “The general public
would be interested for the novelty factor as there is no such tool that
can bring these dimensions together.”

Another aspect they mentioned was the ability to better understand
the relationships between symptoms and medical conditions. For in-
stance, professionals said that the tool “provides rapid information on
symptoms associated with a specific disease and therapy”, and “[...] it
is a powerful tool to explore symptoms for lots of diseases.” As “many
diseases and conditions have symptoms that are uncommon and rare,
doctors tend to dismiss these symptoms, leaving the patients confused
and scared.” By using the tool, the general public can “feel how com-
mon is the disease and get a sense of companionship, if the set of signs
and symptoms they present match a known disease.” Finally, some of
the experts said: “Also, it could be a good way to communicate news
about health.”, and “People are increasingly interested and wanting to
be involved, share and contribute to health issues.”

The third group of comments had to do with the health status of
areas. For instance, they mentioned: “Yes, because of the map: people
would like to see what are the symptoms/diseases that are more common
in the area they live in.”; or “To have a general idea about diseases
affecting their area.”, or “I think they would be interested since they
would like to know what the current disease outbreaks in neighborhoods
so that they can prepare in advance.”, and one expert went further to
state “...figuring out the best places to live/visit, if the socio-economic
indicators are incorporated.”

[Q3] Additional Features. The experts mentioned six main ad-
ditional features: i) providing a tutorial to guide the users through
the complexity of the model and the visualization, ii) offering back-
ground information about the results calculation, iii) highlighting un-
common symptoms, iv) rankings of regions according to the prevalence
of medical conditions, v) improved labeling of different parts of the
visualization, and vi) adding mouse hovering interactions.

Design Goals. After summarizing the requirements emerging
from the elicitation study, we identified three main design goals:

Simplify user interaction and model exploration. The final tool
should guide interaction and exploration instead of asking users to
make complex choices.

Support uncommon symptoms-condition exploration. The tool
should visually differentiate symptoms that are common to a condition
from those that are uncommon.

Enable spatial exploration. The tool should provide users with means
of selecting several areas and comparing them in terms of different
indicators.

4.2 Communicating the Complexity
To meet the three design goals, by reviewing the literature, we adopted
and identified three techniques: story synthesis, narrative visualization,
and layering with animation.

First, we adopted story synthesis [11]. The idea is to select and orga-
nize the quantitative findings. Second, to show the organized findings,
we adopted a narrative visualization approach [57]. In particular, we
adopted the Martini Glass Structure identified by Segel and Heer [57],
where the story begins with an explanation or narrative (“author-driven”
part) and continues with a more exploratory and interactive data visual-
ization (“reader-driven” part). Creating a linear-sequence would give
us much more freedom than the dashboard because we can address
each concept sequentially (“bio,” “psycho,” and “social”). Moreover,
this Martini Glass-structured visualization could address the need of
a tutorial without explicitly having it, as it can naturally increase the



Fig. 4. The dashboard used in the elicitation study among medical experts. A map encodes prescription prevalence together with socio-economic
indicators (left), and blue/green bubbles show not only the typical symptoms but also those emerging from social media conversations (right).

level of understanding while users go through the visualization. Third,
we adopted the layering technique [56] to reduce the complexity of
the bio-psycho-social model with its multiple points of view. The lay-
ering technique relies on breaking down the main point into multiple
digestible chunks, and showing one chunk at a time. Also, drawing on
Gestalt principles [56], several types of animations were incorporated
(e.g., selection and scroll). The effectiveness of animations lies in guid-
ing the users’ attention to focus on the visualization’s intended message.
Such functionality allows the users to discover complex stories at their
own pace.

To sum up, our design goals were met by a combination of three
techniques: story synthesis, narrative visualization, and layering with
animations. The Martini Glass structure enabled a reader-driven ap-
proach (the user’s selections determined what content was shown).
To avoid complex user interactions, we incrementally introduced the
three components of the bio-psycho-social model with layering and
scrolly-telling techniques.

4.3 Communicating with Layered Martini Glasses

We selected a suitable design representation for each of the three story
slices: bubbles for the biological slice, human body and emoticons
for the psychological, and a choropleth map for the social. Then we
applied a layered Martini Glass structure (Figure 5) for the arrangement
of the story slices. The user interaction between the layers is provided
by linear scrolly-telling and animations. The first and last layers of
the model are structured as two Martini Glasses. They start with our
predefined author-driven narrative, and end up with a reader-driven
exploration. Within each exploratory snippet, more complex interac-
tions such as clicking, dragging, zooming, and panning are provided
to offer personalized data views. The visualization has then multiple
opportunities for users to share their “data views” using social media.

4.3.1 Introducing Biological Aspects

The visualization starts with a brief introduction of traditional biomed-
ical model. The introduction, in turn, starts with the controversial
statement that this biomedical model “doesn’t fit the reality.” This state-
ment aims at capturing user’s attention. Then, as a first interaction step,
the Martini Glass structure allows the user to select a medical condition
(e.g., rheumatoid arthritis) (Figure 5a).

Since traditional medical practice has focused on the biological side,
the visualization starts with describing this layer by showing the ex-
pected associated symptoms and drugs (Section 3.1) for the selected
condition, e.g., rheumatoid arthritis. The symptoms and drug names
are represented as two blue Packed Bubble Charts (Figure 5b and Fig-
ure 6, left). The sizes of the bubbles vary based on how common the
symptoms/drugs are, and is calculated using a TF-IDF normalization.
Once the user hovers over a bubble, the number and the list of all the
associated conditions are displayed. We chose to use Packed Bubble
Chart [64] because of three main reasons. First, this type of diagram vi-
sualizes medical conditions as cohesive collections of symptoms/drugs
with its aesthetically pleasing and almost organic appearance [42].
Second, it visually encodes the frequency of symptoms/drugs with
circle sizes that enable value comparisons [26]. Third, it enables easy
discovery of unanticipated patterns of uncommon and overlapping
symptoms/drugs.

We kept the blank space on the right hand side of the blue bubbles
(Figure 5b) to evoke tension and nudge the user to keep on scrolling
down.

4.3.2 Adding Psychological Aspects
The visualization of the second layer (Figure 5c) starts with the green
Packed Bubble Charts (Figure 6, middle). The green clusters show the
symptoms and drug names emerging from social media. The animated
transition from the expected symptoms and drug names to the emerging
ones aims at softening the separation between these two types and at
evoking surprise [56]. By comparing these two bubble clusters, the user
is able to acknowledge that social media data can uncover unforeseen
symptoms and drug names. The “share button” allows the user to post
his/her current “data view” on Twitter.

Subsequently, the user is presented with emotions and associated
body parts (Figure 5d and Figure 6, right). We tried to address the prob-
lem of intuitiveness previously emerged in relation to the dashboard
and the need of showing emotional data with a direct visual encoding:
(emoji-like) icons and a human body. The first visualization introduces
the ranking of the 7 emotions in terms of how often they are mentioned
with rheumatoid arthritis, e.g., ”sadness”, “disgust”, “anger”, “sur-
prise”, “fear”, “trust,” and “anticipation.” We used emojis to represent
the emotions because of their common use [19,39]. Below the emotion
ranking, the user can see and rotate a 3D-model of a human body with a



Fig. 5. The storyline of the visualization. Upon selecting a medical
condition (a), the three layers–the biological (b); (a view shown in Figure
6, left), psychological (c and d); (Figure 6, mid and right), and social (e);
(Figure 7)–are linearly stacked with two Martini Glass structures (one in
the biological layer, and the other in the social layer). Each layer offers
opportunities to share parts of the visualization on social media.

heat-map texture projected onto it. The texture illustrates specific body
parts that social media users often mention when discussing the medical
condition under consideration. We decided to mark this value with a
texture on the surface of the body, instead of pointing at the exact body
parts. This reduces the complexity of the visualization, and illustrates
the inexact nature of social media expressions. The color and size of
the body textures encode the magnitude of mentions. Our choice of
including the body parts visualisation under the psychological aspects
was motivated by previous work on bodily maps of emotions [44],
which demonstrated that different emotions are associated with topo-
graphically recognizable bodily sensations. Again, the self-contained
visualization can be fully shared by the user on Twitter.

4.3.3 Adding Social Aspects

The final layer (Figure 5e) contains a choropleth map of England and a
series of radar charts showing a region’s population, population density,
and socio-economic deprivation (Figure 7, top). The diverging color
scheme shows the prevalence of the prescriptions associated with the
condition in relation to the mean value for England. The layer follows
a Martini Glass structure. It first starts with an author-driven narrative,
showing the regions with the highest and the lowest prevalence of
prescriptions for the condition, and ends with interactive maps. The
user can select up to four regions by choosing them from the list, or
by clicking them on the map. Then the radar charts are accordingly
updated, so the user can compare the prevalences across the four regions
(Figure 7, bottom). For instance, the two regions with the highest
rheumatoid arthritis prevalence are North Norfolk and Rochdale. The
visualization shows that their socio-economic characteristics are almost
the opposite: population size and population density of North Norfolk
are way below the mean, while those of Rochdale are above the mean;
and socio-economic deprivation is slightly above the mean for North
Norfolk, while it is extremely high in Rochdale. A radar chart,
also known as star plot or polar chart [10, 24], is a graphical method
effective in visualizing multidimensional data with an arbitrary number
of variables [3,30,37]. We selected the radar chart for two main reasons:
i) it allows for easy comparison of ordinal values of socio-economic
indicators across regions, and ii) it is suitable to convey outliers, i.e.,
the regions that have a value that is significantly above or below the
country’s average. To further increase user engagement, again, the
comparative maps can be shared on Twitter.

5 EVALUATION

The goal of the study was to evaluate how well our visualization com-
municated the complex bio-psycho-social model to an audience that
might not be familiar with it.

5.1 User Study Setup

The study consisted of four steps, taken from a method that was pre-
viously used for measuring the persuasive effects of data visualiza-
tions [46].

Step 1: Survey. Once the participants agreed to take part in the experi-
ment, we asked them to respond to a 6-statement survey that assessed
their opinions on how doctors should operate. Additionally, we asked
them if they searched for health advices on the Internet and, if so, on
which websites. Finally, we asked them to report their gender and age.

Step 2: Intervention. We asked the participants to interact with our
visualization (the treatment) or with the baseline (the control) and to
carefully investigate its content. This step relied on an attention-check
question: we asked the treatment group to name two of the emotions
associated with a medical condition and we asked the control group
to name external websites the baseline visualization was referring to.
Answers to either question could be known only if the participants paid
attention to the visualization.

Step 3: Survey. After interacting with the treatment or control, partic-
ipants were asked again to respond to the survey. This allowed us to
determine any potential opinion change due to the treatment/control.



Fig. 6. Visualizing the biological and psychological aspects. The packed circle charts display expected (left, blue bubbles) and emerging (middle,
green bubbles) symptoms for rheumatoid arthritis, together with corresponding drug names. The emotions associated with the condition and
respective body parts are also shown (right).

Fig. 7. Visualizing the social aspects with: a map of the prevalence
of prescriptions for rheumatoid arthritis (top) (by clicking on a region,
a pop-up window with its socio-economic indicators is shown); and a
comparison of the three regions with the highest prescription prevalence
of the condition across England (bottom).

Step 4: Open-ended questions. We also asked the participants to
elaborate on why they changed or did not change their opinion. For
users interacting with the baseline, we also asked what charts or graphs
should be added to the page to better explain symptoms of conditions,
people’s emotions, and their social circumstances. Participants could
finally share any additional feedback.

Survey. The survey consisted of six opinion determination state-
ments. The first four statements started with the phrase “In treating
medical conditions, doctors should...” and ended as follows:

... treat only the corresponding symptoms (S1). This statement aimed
at assessing the acceptance level of the current biomedical model.
... consider also the emotional state of the patients (S2). This statement
assessed the understanding and acceptance of the psychological aspects
of conditions.
... consider also the social and economic backgrounds of the patients
(S3). The statement assessed the understanding and acceptance of the
social aspects of conditions.
... analyse what their patients shared on social media (S4). The state-
ment revealed opinions towards using social media data in healthcare
(impersonal perspective).

The last two statements were, instead, self-contained:
In treating your medical conditions, your doctor should analyse what
you shared on social media (S5). This statement assessed whether
the participants would share their own social media data for health
purposes (personal perspective).

Artificial Intelligence can improve healthcare (S6). The statement
aimed at capturing their general opinions on the matter.

The participants were asked to consider each statement and decide
to what extent they agreed with it on a 7-point Likert scale, ranging
from “strongly disagree” (-3) to “strongly agree” (+3).

The experiment was conducted using the Amazon Mechanical Turk
platform. The recruited participants fulfilled the following criteria: (i)
self-reported location in the UK (to be able to relate to geographic
prescription prevalence, which is shown on a UK map or described
in the baseline); (ii) previous task approval rate of at least 95%; and
(iii) number of previously approved tasks higher than 5000. Each
experiment took between 5-10 minutes, and participants were paid 1
USD for completing it.

Baseline. The baseline for the control group (shown in Supplemen-
tal Material) had the following narrative structure: a short explanation
of the selected condition extracted from Wikipedia; three pre-selected
posts from Reddit mentioning symptoms, drug names, and emotions;
and a table showing the prevalence of the condition and associated
socio-economic factors.

5.2 Evaluation Metrics
To measure potential opinion changes, one of the commonly used ap-
proaches is to segment the participants into three opinion groups based
on their answers before and after exposure to the treatment/control [46]:

Negatively Polarized (NP): strongly disagree (-3), and disagree (-2);

Neutral/Weakly Polarized (NWP): somewhat disagree (-1), neither
agree nor disagree (0), and somewhat agree (+1);

Positively Polarized (PP): agree (+2), and strongly agree (+3).

By using these three groups, we calculated two metrics for each of
the six statements. First, we calculated the persuasion likelihood as the
percentage growth rate of each opinion category (∆NP, ∆NWP, and
∆PP) after the user exposure to the visualization [46]. For example,
the positively polarized category ∆PP = (PPa f ter −PPbe f ore), where
PPa f ter is the percentage of participants who were positively polarized
towards a statement after experiencing the visualization, and PPbe f ore
is the percentage of participants who were so even before experiencing
it. In a similar way, we computed the persuasive likelihood across the
two remaining opinion categories: ∆NWP = (NWPa f ter −NWPbe f ore),
and ∆NP = (NPa f ter −NPbe f ore). Second, we calculated the average
opinion change per statement, which is the mean across all participants
of these ∆s.

5.3 Results
The study was completed by 108 participants: 52 of them interacted
with our visualization, and 56 with the baseline. The set of participants
was diverse in terms of age (18-64 years, median age was 30), and
gender (38% females, 58% males, and 4% of the users preferred not to
answer this question).



5.3.1 Opinions Before the Intervention (Step 1)
Table 1 summarizes the users’ initial opinions. The opinions on the
current biological model were almost equally distributed among the
different groups. Considering the three aspects of the bio-psycho-
social model, the most positive opinions were towards its psychological
aspect: 63% of all participants agreed that doctors should consider
the emotional state of their patients. The idea of including social and
economic backgrounds tended to elicit either neutral responses (44%)
or positive ones (42%). Unsurprisingly, participants were considerably
against the general idea of sharing social media data with doctors (65%).
This opinion got even more polarized once they were asked to think
about their own data (71% of negative answers). The majority of the
participants already had a neutral (46%) or positive opinion (50%)
towards the use of AI in healthcare.

To search for reliable health advises our participants usually browsed
professional medical websites such as the official portal of NHS (40
mentions) and WebMD (17 mentions). The trend of using social media
as a source of health-related information was weak among them – only
3 mentioned the use of Reddit, but 24 said they performed general
health searches on Google.

# Statement NP NWP PP
In treating medical conditions, doctors should:
S1 treat only the corresponding symptoms .31 .37 .33
S2 consider also the emotional state of patients .04 .33 .63

S3
consider also the socio-economic background of
patients

.13 .44 .42

S4 analyse what their patients shared on social media .65 .23 .12
In treating your medial conditions, your doctor should:
S5 analyse what you shared on social media .71 .19 .10
Artificial Intelligence can:
S6 improve healthcare .04 .46 .50

Table 1. Distribution of the participants’ initial opinions per statement.
The percentages of responses in each of the negatively polarized (NP),
negatively/weakly polarized (NWP), or positively polarized (PP) cate-
gories are shown. Participants’ opinions were equally distributed across
the categories for the biological aspect (S1), tended to be positive about
the psychological aspect (S2), and were split between positive and neu-
tral views about the sociological aspect (S3). When it came to the use of
social media data in healthcare, our participants were negatively polar-
ized (S4 and S5). The use of Artificial Intelligence was mostly viewed as
being either positive or neutral.

5.3.2 Opinions After the Intervention (Step 3)
To test for statistical significance of the observed patterns, we used
the Wilcoxon Signed-Rank Test, which tested the null hypothesis that
the exposure to the treatment or control did not affect a participant’s
opinion. The findings were considered statistically significant at the
level of p < .05.

Persuasion Likelihood. Table 2 shows the persuasion likelihood
by statement after being exposed to our visualization. The participants
tended to slightly decrease their support for the biological model (S1).
Those who were neutral about the importance of psychological aspects
switched their opinion to a more positive view (∆ 10%) (S2), while
those neutral about the importance of socio-economic conditions took
either a more negative or more positive stance and, as such, became
more polarized (S3).

Those who were against the use of social media switched to stances
that were more neutral (21%) or more positive (6%) (S4 and S5).
Finally, 10% switched to a more positive view of the general role of
Artificial Intelligence in healthcare (S6).

Average Opinion Change. Figure 8 shows the average opinion
change by statement at a 95% confidence. Changes were statistically
significant for the last three statements for both baseline and our vi-
sualization. The highest changes concerned the sharing of the social
media data with doctors to improve treatment possibilities (S4 and S5).
Overall, the persuasive effect of the visualization was stronger than that
of the baseline.

# Statement NP NWP PP
In treating medical conditions, doctors should:
S1 treat only the corresponding symptoms .00 .04 -.04
S2 consider also the emotional state of patients .00 -.10 .10

S3
consider also the socio-economic background of
patients

.06 -.12 .06

S4 analyse what their patients shared on social media -.27 .21 .06
In treating your medial conditions, your doctor should:
S5 analyse what you shared on social media -.27 .21 .06
Artificial Intelligence can:
S6 improve healthcare -.04 -.06 .10

Table 2. Persuasion likelihood – the difference in opinions before and after
interacting with our visualization. Color scheme: no change (blue), nega-
tive change (magenta), positive change (green). Participants changed
their opinions on the emotional aspects of conditions (S2), the use of
social media data (S4 and S5), and on the use of AI (S6) in healthcare.

Fig. 8. Statement-wise average opinion change with a 95% confidence.
The values for those exposed to our visualization are marked in black,
and for those exposed to the baseline in blue. The opinion changes on
the three last statements were statistically significant and, as such, are
marked with a *.

5.3.3 Answers to the Open-ended Questions (Step 4)
This section summarizes the reasons why the participants decided to
change or not their opinions.

To begin with, to test whether our study with domain experts cor-
rectly identified the needs of the general public, we asked the baseline
participants (those being exposed to the control) how the bio-psycho-
social model should be visualized. The answers of both groups turned
out to be aligned. Purely based on reading the Wikipedia and Red-
dit posts, baseline participants mentioned they would like to see a

“list of symptoms belonging to each subreddit, automatically derived
from mining posts” and “how common symptoms are.” Regarding the
psychological side, the baseline participants suggested to show “the
emotions of people in relation to their diagnosis.” Finally, they sug-
gested the social side could be presented as “a geographical map of
the prevalence of diseases.”

By then comparing the baseline participants with the treatment par-
ticipants, we found three emerging themes.

Bio-psycho-social Model. The most convincing visual elements
were the body part visualization (4 mentions), the bubbles of symptoms
and diseases (4 mentions), and the radar charts with socio-economic
conditions (2 mentions). Similarly, in the baseline group, participants
were also influenced by the emotions expressed in the posts (5 men-
tions), yet, the symptoms (2 mentions), and socio-economic conditions
(1 mention) were less important to them.

The main reasons for not changing opinion, on the other hand, were
two: the participants either already agreed with the benefits of the
bio-psycho-social model (“I already felt this way and the visualization
solidified this.”), or trusted the dominant medical model and, as such,



were reluctant to change (“Bio-medical model which doctors use is
very trustworthy, or at least gives this image.”).

Social Media Data for Healthcare. In relation to social media
use, the reasons for adopting a more favourable view included the
presence of the body-part model and emotion ranking (4 mentions),
and of the bubbles of symptoms and conditions (2 mentions). One
participant was positively impressed by the variety of social media
data used in the project. The interaction with the psychological layer
had a particular effect on our participants (“it made sense that social
media can be considered a record of mental state over time”, and

“people struggle when put in a position where they have to verbalise
their feelings to a doctor, they seem to talk more freely on social media
these days.”). The reasons for not changing opinion, on the other hand,
were two: the participants were skeptical towards data sources ( “It just
makes sense and could be very helpful if the data collected is real.”), or
they were concerned about privacy issues (“Although in my opinion I
moved to be less against using social media I still feel the privacy issues
are more important.”). The baseline participants mentioned privacy
issues more often than the participants exposed to our visualization,
likely because the former were exposed to the raw data.

AI for Healthcare. In relation to AI use, the reasons for changing
opinions included the visualization elements, such as the map in combi-
nation with the radar chart (4 mentions), the added value of merging
social media data with official data sources (3 users), the bubbles of
symptoms and diseases (2 users), the body part visualization (2 users),
and the overall story flow (1 user). The reasons for not changing opin-
ion, on the other hand, were that the participants had been exposed
to the benefits of AI for healthcare before (“This technology [AI] is
already a huge part of the healthcare.”), or they required a proof of
reliability of AI in healthcare (“this part of AI is still to be checked if it
works 100%.”).

6 DISCUSSION AND CONCLUSION

We provided a way of visually communicating complex and multi-
faceted health information and found that our approach based on a
layered narrative was effective not only in creating user awareness but
also in promoting opinion change. Our results speak to the importance
of visualizations in research fields beyond InfoVis. Take Data Science,
for example. This field uses the very same AI methods and systems
presented in this paper, yet often neglects information visualization
aspects. Yet, these aspects are increasingly becoming critical, from
introducing “humans in the loop” in the production of training data, to
presenting model predictions in adaptive ways.

6.1 Limitations
Our work comes with two main limitations:

Biases of social media data. While social media data has proven
to be a rich and valuable source of health-related information,
it carries inherent biases in terms of the non-representative user
bases, self-selection biases, and the existence of bots (i.e., non-
human users).

Testing a single type of visual storytelling. We have evaluated
our Layered Martini Glass visualization against a text-based base-
line. However, other types of visual approaches could have been
adopted.

6.2 Theoretical implications
We identified two main theoretical aspects that the community could
continue to explore in the future:

Adaptive narrative visualization. Health knowledge is distributed
differently across different people and roles. Depending on a
user’s knowledge, a future visualization could automatically adapt
the narrative it shows (e.g., a street-level person could be exposed
to a different narrative than that of a doctor).

Visual communication with human-in-the-loop. Training data
(e.g., social media data) is inherently biased. One way of partly
tackling that problem is to introduce “humans in the loop” in the
form of, for example, i) professionals flagging any incorrect input
data or AI results; and ii) patients providing training data based
on their personal health experiences.

6.3 Practical implications
We identified two main practical implications of our work:

Enhancing healthcare communication. The participants of the
study saw our visualization as a new medium of communication
between doctors and patients: “doctors will have a reference in
each area to ask about other symptoms and problems.”, and “as
people seem to talk more freely on social media these days” the
verbalisation of feelings to the doctors could “fast track their
diagnosis.”

Visual functionalities for social media platforms. The participants
found the visual storytelling superior to the text-based storytelling,
which mimicked social-media platform interfaces. This finding
suggests that social media platforms could add new functionalities
similar to our visualization tool.
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