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Deep phenotyping describes the use of standardised terminologies to create comprehensive
phenotypic descriptions of biomedical phenomena. These characterisations facilitate secondary
analysis, evidence synthesis, and practitioner awareness, thereby guiding patient care. The vast
majority of this knowledge is derived from sources that describe an academic understanding of
disease, including academic literature and experimental databases. Previous work indicates a gulf
between the priorities, perspectives, and perceptions held by different healthcare stakeholders. Using
socialmedia data, we develop aphenotypemodel that represents a public perspective ondisease and
compare thiswith amodel derived fromacombinationof existing academic phenotypedatabases.We
identified 52,198 positive disease-phenotype associations from social media across 311 diseases.
We further identified24,618novel phenotypeassociations not sharedby thebiomedical and literature-
derived phenotype model across 304 diseases, of which we considered 14,531 significant.
Manifestations of disease affecting quality of life, and concerning endocrine, digestive, and
reproductive diseases were over-represented in the social media phenotypemodel. An expert clinical
review found that social media-derived associations were considered similarly well-established to
those derived from literature, and were seen significantly more in patient clinical encounters. The
phenotype model recovered from social media presents a significantly different perspective than
existing resources derived from biomedical databases and literature, providing a large number of
associations novel to the latter dataset. We propose that the integration and interrogation of these
public perspectives on the disease can inform clinical awareness, improve secondary analysis, and
bridge understanding and priorities across healthcare stakeholders.

Deep phenotypes have the power and potential to support unprecedented
advances in healthcare1.While deep phenotyping ismost often employed to
construct phenotypic profiles of patients to facilitate personalised and
precision medicine, for example, in patient population stratification and
diagnosis2,3, they may also be used to operationally define diseases
themselves.

Organiseddeep phenotypes for diseaseswere historically developed for
databases of rare disease phenotypes manually curated from patient

descriptions4,5. With the advent of more informatics-led approaches, these
resources were extended to describe common, complex, and rare diseases,
with associations between diseases and phenotypes being identified through
analysis of data derived from experiments, manual curation, and informa-
tion extraction from the literature. For example, Hoehndorf et al.6 explored
the human diseasome in the context of variant prioritisation and thematic
analysis of inter-related disease areas7, while Kafkas et al.8 linked literature-
mined phenotype data to BioBank profiles and another recent literature-
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based approach performed by Pilehvar et al.9, integrating modern natural
language processing approaches. These resources provide a rich source of
background knowledge, which has proven useful for a wide range of tasks,
including differential diagnosis10,11 and causative genetic variant
prediction12,13. They also provide a data-drivenmethod for the explicationof
diseases, which can be interrogated for supporting clinical awareness of
disease symptoms14 and identifying sub-types in the case of diseases with
complex or spectral presentation15, thereby supporting and facilitating
healthcare across multiple stages of translation and implementation.

Nevertheless, themore recent drive for digital phenotyping1, a sub-field
of deep phenotyping that aims to integrate novel data sources, such as
wearable devices and social media, into our understanding of disease, has
largely not found its way to contributing to those background knowledge
resources describing diseases themselves, despite being increasingly popular
in patient-level investigations1. As such, the background knowledge
resources continue to be derived almost exclusively from institutional
sources of knowledge, largely academic literature and experimental data.
Scientific knowledge resources reflect scientific interest, which is influenced
by cultural trends, funding availability, and personal interest16. This leads to
an imbalance in the development of knowledge, with scientific attention not
always being fully aligned with need or equity. These scientific knowledge
resources form the substrate from which treatment guidelines are synthe-
sised and, thereby, from which medicine is practised.

Similar imbalances occur in direct healthcare practice, where social
biases play out in medical training and practice, generating disadvantages
for sub-populations, for example, on the basis of gender, race, age, geo-
graphy, and economic class. Many such groups have characteristic health
problems which are consequently addressed poorly, or not at all. For
example, the tendency for medical professionals to ignore or downplay
reports of symptoms by women is widely reported and explored in
literature17. These issues are associated with reduced quality of care, extre-
mely long delays in the diagnosis of diseases, for example, endometriosis18,
or causing a largeproportionof cardiologists self-reporting as unprepared to
diagnose cardiovascular disease in women19. In a related example, exposure
to topics of transgender health is extremely low inmedical curricula20; this is
then manifest in the experience of those individuals facing high levels of
discrimination seeking healthcare21 and in poor routine data collection,
negatively affecting resources that are used for medical research22. These
issues are compounded by the inherent limitations in statistical powerwhen
considering minority cohorts23. In some cases, these issues translate to a
more limited understanding of the diseases from which these groups are
more likely to suffer24. A recent study reports a strong preference amongst
clinicians for downgrading the importance of patient-reported symptoms,
misattributing them either throughmisunderstanding of terms used or pre-
judgement, particularly with constitutional symptoms25, emphasising the
existence of an underlying semantic mismatch between patient and health
professional discourse.

The combination of such limitations in scientific exploration and
medical care is deeply inter-linked and self-perpetuating. If an incomplete
understanding of a disease informs experimental design, clinical care, and
clinical data collection, thesedataandoutcomes are thenused to informnew
academic research, and, in turn, the clinical practice informed by it. Fun-
damentally, this feedback loop limits the ability to discover and integrate
new perspectives that could lead to improved understanding and treatment
of diseases. In addition, previous research has shown that patients and
clinicians hold different perspectives and priorities concerning disease26,27.
For example, patients usually consider news of a ‘stable’ cancer as being
negative, while doctors often consider this to be positive28. Meanwhile,
analysis of an online Uveitis patient forum identified different language and
priorities than those expressed by existing scientific and clinical knowledge
resources29.

To bridge these gaps in understanding diseases, the patient-centred
care paradigm aims to integrate the perspectives and priorities of patients
and the public into clinical care30. Patient reported outcome measures and
quality-of-life assessments aremethods used to identify patient perspectives

and to reconcile them with clinical understanding. However, patient and
public-centred approaches to developing knowledge resources and phe-
notype models for clinical practice and research have been under-explored.
Lenzi et al.31 used a topicmodelling approach to discern a digital phenotype
for diabetes based on an Italian patient forum. Meanwhile, Maggio et al.32

focused on the discussion of methodological aspects of digital phenotyping
from social data, and linked data retrieved from social media to epide-
miological data. However, existing approaches focus on single diseases, do
not correlate their knowledge with literature resources in a systematic way,
provide a framework for hypothesis generation for novel associations, and
donot provide an opendatabase for secondary research use.Meanwhile, the
approaches that focus on creating phenotypes for large numbers of diseases,
in addition to being derived entirely from literature and biomedical
resources, are rarely actively evaluated in a real clinical context.

In this work, we propose an approach to developing a phenotype
model to represent and expose patient and public perspectives and
knowledge on disease. We develop a social media phenotype model that
identifies disease-phenotype associations for a range of common and rare
diseases. We hypothesise that the perspectives presented by this resource
will significantly differ from existing knowledge resources. To test this
hypothesis, we create a consolidated Biomedical Database and Literature
Phenotype with which to compare and contrast the social media-derived
associations, highlighting novel associations and differences in theme. We
then perform a clinical evaluation of associations for several diseases,
including an evaluation of the feasibility of novel phenotype associations
found in public discourse but currently unknown to, or underappreciated in
the literature and clinical practice.

Results
We analysed 68,319,325 records of social media posts that describe men-
tions of a set of 488 diseases, annotated toDiseaseOntology (DO)33,34 classes
based on mentions of their labels in a social media text. Table 1 shows that
the posts were sourced from a range of social media, mostly comprised of
Twitter, Reddit, with smaller contributions from online fora and review
narratives. A total of 5895 unique phenotypes, linked to the Human Phe-
notypeOntology (HPO)35 werementioned across all posts. From these data,
we developed the Social Media Phenotype (SMP), which describes 52,198
positive associations for 311 diseases, with 620 unique phenotypes
appearing across all associations. Of those, we consider 35,381 to be sig-
nificantly associated, using an acceptable false discovery rate of 0.0005. We
also identified a Biomedical Database and Literature Phenotype (BDLP) by
combining disease-phenotype associations defined by multiple works from
a combination of structured databases and literature-based text analysis. To
facilitate a comparative analysis of these phenotype models, we linked
profiles for 304 diseases from the SMP to their equivalents in the BDLP.

We created an online resource for exploring and comparing the SMP
and BDLP, which is freely available at https://phenotype.digital/. The pro-
duced phenotype models are also made freely available36.

Comparative analysis of SMP and BDLP
Across the 304 linked diseases, social media phenotype profiles strongly
recapitulated the BDLP, with a disease reclassification analysis revealing an
AUC of 0.872 (0.95 = 0.855–0.889). The SMP describes 24,618 novel phe-
notype associations: those not appearing in the disease-matched profile in
the BDLP—either explicitly or in a more specific form. Conversely, the
BDLP contained 186,144 phenotypes not recovered in the SMP, of a total of

Table 1 | Document count and contribution by source

Source Document count Contribution to total (%)

Twitter 51,621,597 76

Reddit 13,712,022 20

Boards (online forums) 2,607,165 4

Reviews 378,541 1
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204,158 associations. Of the 24,618 novel phenotype associations in the
SMP, 14,531 were considered statistically significant.

TheDOandHPOorganise diseases andphenotypes into ahierarchical
classification structure. For example, lower back pain and back pain can
both be considered kinds of pain. This allows us to organise the diseases and
phenotypes into groups using inference based on ontology.DOwas selected
from the alternatives as the disease framework because its structure contains
clinically and biologically meaningful axes of classification. Table 2 lists the
ten most common groups of phenotypes appearing in novel associations,
excluding very general phenotypes.Pain was themost frequently appearing
group, with 6% of all novel phenotype associations being in this group.

Thehierarchical structure of the ontologies also allowsus to explore the
associations according to the very general groupings of diseases and phe-
notypes that sit at the top of these structures, such as respiratory phenotypes
or metabolic diseases. Figure 2 shows the representation of phenotype
associations according to those categories in the HPO and DO. Figure 2a
shows a comparison of associations for SMP and BDLP falling under each
category in HPO, with constitutional symptoms, as defined by HPO, being
clearly over-represented relative both to other facets in the SMP and to all
facets in the BDLP. Other far smaller differences between the two sets are
revealed in a greater expression of voice, thoracic cavity, and blood phe-
notypes in the BDLP, and a greater proportion of growth anomaly and

digestive phenotypes appearing in the SMP. These proportions are also
reflected across thenovel subset of the SMP, shown inFig. 2b,which shows a
largely similar distribution of facet expression to that of the full SMP. Figure
2a and b show that the distribution of novel phenotypes in SMP is very
similar to the overall distribution of phenotypes in BLP. Figure 2c shows the
the proportion of novel phenotypes in the SMP accorded to each disease
category defined by the DO, projected onto the distribution of the mem-
bership of the total 304 diseases, showing that these are strongly correlated,
though with a greater focus on digestive diseases, and a lesser focus on
infectious and mental health diseases.

Figure 1 shows the correlative proportions of significant novel phe-
notypes for disease and phenotype categories. Of these, 14 were able to be
linked by shared anatomical systems, such as ‘nervous system phenotypes’
and ‘nervous system diseases.’ Some of the most strongly represented pairs
were matching, such as digestive, with a log occurrence of 6.17, the nervous
system with 6.15, and neoplasm with 6.07. The heatmap also shows a
paucity of novel associations for thoracic cavity and voice across all disease
categories, though thoracic diseases show some positive relationship with
integumental phenotypes. Novel associations for physical disorders were
mostly concentrated innervous systemphenotypes, with some contribution
also from the head or neck.

Due to its clear over-representation in the SMP dataset, we further
investigated associations that fell under the constitutional symptoms facet.
There are 3693 constitutional symptom associations in the BDLP, and 2289
in the SMP, with 1264 of those being novel (not included in the BDLP).
Figure 2d shows the differential distribution of constitutional phenotype
associations for the BDLP and SMP across disease categories, proportional
to the total number of the linked diseases in each category. This shows that
there is a greater focusonconstitutional symptoms in theBDLP for thoracic,
genetic, cardiovascular, physical, and, to a lesser extent, nervous system,
disorders. Meanwhile, the SMP exhibits a greater focus on constitutional
symptoms in reproductive, endocrine, digestive, and integumentary dis-
eases. Across all constitutional symptom associations in both sets, there are
only 86unique classes,with a total of only28unique classes appearingacross
the SMP,with all 86 appearing in the BDLP. Table 3 shows the top groups of
associated phenotypes in the BDLP and SMP. In both phenotype models,
pain is by far themost compositional constitutional symptomgroup (BDLP
68%, SMP 74%), with other contributions from impairment of activities of
daily living, impaired continence, and dyspepsia. The distribution of phe-
notypes is mostly similar across the two sets of phenotypes, with notable
increases in the proportion of back pain (+10%), lower limb pain (+4%)
and sciatica (+4%) in the SMP. Conversely, the BDLP contains notably
greater proportions of chills (+4%). Figure 3 shows a projection of pain
phenotype associations forBDLPandSMP, showingclearly that in theSMP,

Table 2 | Top ten most frequently associated groups of novel
phenotypes in the SMP

Phenotype Inclusion

Pain (HP:0012531) 0.06

Functional abnormality of the gastrointestinal tract
(HP:0012719)

0.05

Abdominal symptom (HP:0011458) 0.03

Abnormality of reproductive system physiology
(HP:0000080)

0.03

Abnormality of blood circulation (HP:0011028) 0.03

Internal haemorrhage (HP:0011029) 0.03

Abnormal cell morphology (HP:0025461) 0.02

Abnormal emotion/affect behaviour (HP:0100851) 0.02

Vascular skin abnormality (HP:0011276) 0.02

Abnormal myeloid cell morphology (HP:0020047) 0.02

Proportion of novel phenotypes refers to the proportion of phenotypes in the SMPdataset thatwere
not included in the BDLP for the 304 matched diseases. For example, 6% of all novel phenotype
associations were either pain or more specific kinds of pain (e.g. abdominal pain). Groups of
phenotypes with low information content below 0.6 Resnik, were excluded.

Fig. 1 | Heatmap of disease and phenotype cate-
gories for novel and significant social media phe-
notype associations. The heatmap displays the
normal log occurrence of novel and significant
associations across disease and phenotype categories
in the 304 matched SMP diseases. The 14 pairs of
disease and phenotype categories that refer to
matching biological systems are placed symme-
trically and lead the rows and columns.

https://doi.org/10.1038/s41746-024-01257-8 Article

npj Digital Medicine |           (2024) 7:263 3

www.nature.com/npjdigitalmed


phenotype associations are far more strongly concentrated on a smaller
number of phenotypes, with associations being more distributed across the
entire sub-graph in the case of BDLP.

Clinical review and hypothesis generation
Twelve clinical reviewers evaluated phenotype associations for 13 diseases,
in total returning 13,088 question responses. The first question evaluated
howvalid they thought the associationwas (Fig. 4a),with strongly correlated
distributions (X2 = 47.504, p = 1.198e−09), with a slightly greater propor-
tion of ‘not established andunlikely’ results. The secondquestion concerned
the type of phenotype association (Fig. 4b), and the distribution of responses
was also strongly correlated (X2 = 76.435, p-value = 4.667e−15). However,
this question contains very different response proportions for certain
categories. ‘Other associated phenotype,’ was much more common for
BDLP associations (0.156) than for those in the SMP (0.052), while
‘Comorbidity,’ and ‘Unknown,’were seen farmoreoften in response toSMP

associations. The third question queried how often the clinicians saw
patients with the phenotypes. SMP phenotypes were seenmore often in the
clinic than those in the BDLP (one-tailed Wilcoxon rank-sum test
p = 3.868e−05). Despite this trend, both the SMP and BDLP were heavily
skewed towards infrequently observed phenotype associations, with more
thanhalf of all associations being observed ‘never’ or ‘rarely’ in both cases. p-
values remain relevant with Bonferroni correction.

Using the results of the clinical review,wewere also able to shortlist sets
of phenotypes that are potentially novel. To do this, we isolated responses
that were considered ‘Not established but feasible,’ of which there were 534,
of which 93 were in the SMP and 465 in the BDLP, with the proportion of
associations being similar (per Fig. 4a) and 24 associations being recovered
by both groups. We further minimised this set by removing the set of all
associations that were recorded as being seen ‘never’ or ‘rarely.’ In the SMP,
there were 23 phenotype associations meeting the criteria, and in the BDLP
79. The SMP contains a slightly higher proportion of this association subset

Fig. 2 | Thematic analyses of phenotype associations in the BDLP and SMP
according to high-level organisational categories. Categories are defined by high-
level classes in HPO and the DO, with membership being accorded based on the
transitive sub-class relation. Phenotype and disease membership in categories are
not mutually exclusive: for example, `lung cancer' may be considered both a neo-
plasm and a respiratory disease. aDifferential expression of phenotype associations
in the Biomedical Database and Literature Phenotype and the Social Media Phe-
notype across high-level categories in the Human Phenotype Ontology, propor-
tional to the overall number of phenotypes of that category defined in the ontology.
b Distribution of novel and significant phenotype associations in the Social Media
Phenotype across high-level categories in the Human Phenotype Ontology,

proportional to the overall number of phenotypes of that category defined in the
ontology. The distribution of novel phenotype categories is observably very similar
to the overall phenotypes, observable in (a). c Proportion of novel and significant
phenotypes assigned to each disease area defined by theDO. `Proportion of diseases'
refers to the proportion of the 304 diseases for which the SMP contains associations
that fall under each disease area. The proportion of novel associations belonging to
each category is strongly correlated with the proportion of total diseases in that
category (Spearman rho = 0.889; p = 7.634e−07). d Proportion of constitutional
symptom phenotype associations defined by BDLP and SMP belonging to each
disease category, proportional to the total diseases in each category. Proportions
were not significantly correlated (Spearman rho = 0.189; p = 0.451).
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than does the BDLP, with 0.034 and 0.03, respectively. We can also cross-
reference this criterion for associations that were reviewed as not being well
established, to provide a smaller set of hypothetical associations. These
associations, of which there are 23, are shown in Table 4. Themajority of 16
associations are concerned with fibromyalgia, with vasculitis, hypertrophic

cardiomyopathy (HCM), and asthma also appearing. Of the 23, a majority
of 18 were not present in the BDLP.

Since our investigation focuses primarily on common diseases, we
performed a non-clinical evaluation of a rare disease, neurofibromatosis 1.
Since this was not based on clinical experience, only Q1 was answered with
respect to the literature discussion of the disease. The results, visible in Fig. 5,
exhibit a similar distribution to the overall clinical evaluation, with a more
obvious trailing tail towards ‘definitely wrong.’

Discussion
We described the creation of a social media-derived phenotype model for a
set of diseases in the form of associations between those diseases and phe-
notypes. We also collected and combined an associative database from
multiple literature analyses and experimental databases, representing the
academic perspective on diseases.We linked a set of diseases from these two
sets, comparing and contrasting them, with the hypothesis that they would
be notably different, reflecting the differences in perspective between the
academic community and the public. The results showed that while the
socialmedia phenotype semantically recapitulated the academically derived
phenotype, the majority of social media-derived associations (64.93%) did
not appear in the biomedical database and literature-derived phenotype
model, and the vast majority of biomedical and literature-derived pheno-
typesdidnot appear in the socialmedia associations (91.18%).Nevertheless,
a similar proportion of associations were found to be valid by clinical
reviewers. We can, therefore, conclude that the phenotypes derived from
social media represent strikingly different perspectives on disease.

The clinical review of a subset of diseases showed that from the clin-
icians’ perspectives, the social media-derived phenotypes and biomedical
and literature-derived phenotypes were similarly valid or well-established.
They also showed that for those diseases, the social media-derived pheno-
types were seen significantly more often in the course of practice. That the
clinical review results showed similar validity, aswell as the substantiation of
novel associations included subsequently through literature review, indi-
cates that phenotypes novel to the SMP are not generally completely
unmentioned in literature. Nevertheless, they did not appear together
enough to be considered associated and, therefore, did not appear in the
relevant associative dataset. As such, these novel associationsmay constitute
hypotheses or additional evidence for phenotypes that should be considered
for further exploration.

In terms of the subset of phenotypes that were not known to clinicians,
these can be interpreted in different ways. Where associations are novel to

Table 3 | Top constitutional phenotypes found in the BDLP
and SMP

Class Proportion of associations

BDLP SMP

Pain (HP:0012531) 0.68 0.74

Abdominal pain (HP:0002027) 0.11 0.12

Limb pain (HP:0009763) 0.08 0.13

Fatigue (HP:0012378) 0.07 0.05

Impairment of activities of daily living
(HP:0031058)

0.06 0.05

Arthralgia (HP:0002829) 0.05 0.05

Back pain (HP:0003418) 0.05 0.15

Myalgia (HP:0003326) 0.05 0.04

Impaired continence (HP:0031064) 0.05 0.05

Chest pain (HP:0100749) 0.04 0.03

Chills (HP:0025143) 0.04 0

Lower limb pain (HP:0012514) 0.04 0.08

Pain in head and neck region
(HP:0046506)

0.04 0.04

Night sweats (HP:0030166) 0.02 0.04

Dyspepsia (HP:0410281) 0.01 0.04

Urinary incontinence (HP:0000020) 0.02 0.05

Low back pain (HP:0003419) 0.02 0.05

Sciatica (HP:0011868) 0.01 0.05

Neck pain (HP:0030833) 0.01 0.04

Chronic pain (HP:0012532) 0.03 0.04

Halitosis (HP:0100812) 0.01 0.04

Proportion of associations is the percentage of constitutional symptom phenotype associations
thatwere equivalent to ormore specific than the namedphenotype.Criteria for inclusionwasat least
0.04 proportion of constitutional symptoms in either SMP or BDLP.

Fig. 3 | Network projection of pain phenotype associations for the BDLP
and SMP. The graph indicates fewer phenotypes represented in the SMP, with a
stronger focus on more general, or high-level, phenotypes that are more closely

linked to pain, with associations being more widely distributed across the full set of
nodes in the BDLP. a Pain BDLP. b Pain SMP.
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clinicians but appear in literature, it is likely that there is some evidence or
association that has not found its way yet into the level of clinical translation
that would mean that a clinician knows about them. This is perhaps why
there are fewer ‘feasible’ relationships here. In the interests of exploring
further thedifferent knowledge andpriorities encoded indatasets discussing
healthcare entities, similar investigations could be undertaken on routine
clinical datasets. These could involve textual analyses, but also analysis
supported by a common phenotype profile representational schema37. The
necessity of exploring the clinical perspective is illuminated by the results of
the clinical analysis. While they confirmed that the social media-derived
phenotype was similarly aligned to, with a similar distribution of answers
across the evaluated diseases, they showed that neither BDLPnor SMPwere
particularly well-aligned with clinical experience, with more than half of
associations in both cases not being seen more than ‘rarely,’ and more than
30% in both cases being considered ‘definitely wrong’ or ‘unlikely.’ We
believe that this implies that, in addition to the significantly different per-
spectives afforded by the BDLP and SMP, the clinical view is yet another
majorly different perspective on disease, that diverges significantly from
both the scientific and the socialmedia view. These could bemined from the
clinical narrative in a similar manner to that described here, as well as
integrating structured information such as national reporting statistics or
cost coding.

In addition to the evaluation of the social media phenotypes identified
in this work, the work is the first to manually evaluate a large number of
associations in existing associative databases, that are currently beingused in
a range of downstream tasks. Outside of alignment with the clinical per-
spective, the evaluation also identified a large number of phenotype asso-
ciations marked ‘not established and definitely wrong’ in the pre-existing
BDLP set (15.9%). We believe that this necessitates further investigation of
the validity of phenotype associations that are derived from text mining of
literature. The two studies that we sourced BDLP from validated their text-
mined associations by evaluating their recapitulation of expert-curated
resources and measuring performance at downstream tasks, though their
focus on the identification of novel associations means that these are pri-
marily used to determine cut-offs for associations. This could be of potential
importance to the downstream tasks that use these databases, such as dif-
ferential diagnosis or variant prediction. A more detailed evaluation of
phenotype associations could also record demographic information such as
years or location of practice or level of seniority, however our requirement
that all participants are UK specialists in the reviewed disease with an active
practice, provides a high baseline level of experience for reviewers. These
factors could also influence the explication of differing intra-context per-
spectives on disease, as noted above, since questionnaire responses could
also form the basis of association development.

Fig. 4 | Responses to clinical review questions for disease-phenotype associations.
These are for the 10 diseases marked by the clinical reviewers, separated by their
membership in SMP and BDLP. If an association was recovered by both databases, it
is included in both sets here. Reviewers were blinded to the source of the phenotype
association. a Proportion of clinician responses to the question “Is this association
established in literature, treatment guidelines, or policy discussing this disease?”

across the set of ten disease responses. b Proportion of clinician responses to the
question “What kind of association is this?” across the set of ten disease responses.
c Proportion of clinician responses to the question “How often do you recognise this
association in the course of your clinical practice for this disease?” across the set of
ten disease responses.
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Using the results of the clinical review, wewere able to illustrate a small
set of potentially novel SMP phenotypes by identifying those that were
found to be non-established, feasible, and seen in the clinic at least some-
times. The dataset, however, includes a greater number of phenotypes of
potential interest, for example those that are seen rarely from the clinician’s
perspectivemay nevertheless be valid. In the subsequent section, we provide
a narrative review of those phenotypes and their feasibility for two diseases.

We also provided a non-clinical review of a rare disease, neurofi-
bromatosis 1, to provide evidence for performance on rare diseases (since
the clinical review focused primarily on common diseases). In this case, we
only evaluated the validity of the association with respect to literature.
Though only initial evidence from a single disease, the results show a similar
parity of validity between SMP and BDLP. We suspect that this could be
because rare diseases andmore specific phenotypes could be less likely than
common, more general phenotypes, to be mentioned erroneously or in
reference to something else.Weanticipate that futurework thatmoredeeply
examines rare diseases could be worthwhile, potentially identifying phe-
notypes of use in tasks such as disease diagnosis.

Fibromyalgia is characterised by chronic widespread pain alongside a
number of non-pain features such as intrusive fatigue, poor refreshment
from sleep, poor concentration and short term memory, and hypersensi-
tivity to visual, auditory, and tactile stimuli38. Although the exact mechan-
isms remain unknown, a wealth of evidence shows that altered central
nervous system processing can drive or maintain chronic pain in the
absence of peripheral nerve or tissue damage39. It is possible that some of the
sensory non-pain-related symptoms highlighted in the current study, such
as tinnitus, palpitations, vertigo and nausea, are also due to central aug-
mentation but have received less attention in the literature. For example,

Table 4 | The set of socialmedia phenotype associations thatwere reviewedbyaclinician asbeing ‘Not establishedbut feasible’
but were seen at least ‘sometimes’

Disease Phenotype BDLP Seen in clinic

Asthma (DOID:2841) Emphysema HP:0002097 True 3—Sometimes

HCM (DOID:11984) Respiratory insufficiency HP:0002093 True 3—Sometimes

HCM (DOID:11984) Abnormal blood ion concentration HP:0003111 False 3—Sometimes

HCM (DOID:11984) Abnormal vertebral morphology HP:0003468 False 3—Sometimes

Vasculitis (DOID:865) Abnormality of the foot HP:0001760 False 3—Sometimes

Vasculitis DOID:865 Diarrhoea HP:0002014 False 3—Sometimes

Vasculitis (DOID:865) Abnormality of fluid regulation HP:0011032 False 3—Sometimes

Fibromyalgia (DOID:631) Urinary incontinence HP:0000020 False 3—Sometimes

Fibromyalgia (DOID:631) Tinnitus (HP:0000360) False 3—Sometimes

Fibromyalgia (DOID:631) Hearing abnormality HP:0000364 False 3—Sometimes

Fibromyalgia (DOID:631) Abnormal vertebral morphology HP:0000729 False 3—Sometimes

Fibromyalgia (DOID:631) Oedema HP:0000969 False 3—Sometimes

Fibromyalgia (DOID:631) Bruising susceptibility HP:0000978 False 3—Sometimes

Fibromyalgia (DOID:631) Skin rash HP:0000988 False 3—Sometimes

Fibromyalgia (DOID:631) Gait disturbance HP:0001288 False 3—Sometimes

Fibromyalgia (DOID:631) Palpitations HP:0001962 False 3—Sometimes

Fibromyalgia (DOID:631) Nausea HP:0002018 True 3—Sometimes

Fibromyalgia (DOID:631) Vertigo HP:0002321 True 3 - Sometimes

Fibromyalgia (DOID:631) Sciatica HP:0011868 False 3—Sometimes

Fibromyalgia (DOID:631) Night sweats HP:0030166 False 3—Sometimes

Fibromyalgia (DOID:631) Diminished ability to concentrate HP:0031987 False 4—Often

Fibromyalgia (DOID:631) Low levels of vitamin D HP:0100512 True 3—Sometimes

Fibromyalgia (DOID:631) Food allergy HP:0500093 False 3—Sometimes

These represent a small sample set of phenotypes that could potentially be novel, supported initially by the clinician account of their feasibility and prevalence. The “BDLP” column indicates whether this
association was also found in the Biomedical Database and Literature Phenotype.

Fig. 5 | Reviewer-judged validity of associations for SMP and BDLP in Neuro-
fibromatosis 1. Responses were created by a non-clinician expert for Q1 ("Is this
association established in the literature, treatment guidelines, or policy discussing
this disease?'') for associations with the rare disease Neurofibromatosis 1 in the SMP
and BDLP.
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some studies have shown amismatch between self-reporting of palpitations
amongst patients with fibromyalgia, compared to healthy controls, in the
absence of any significant differences in objective cardiacmeasurements40,41.
Autonomic dysfunction has also been proposed as a potential mechanism
for some of the symptoms identified by the SMP, including palpitations and
skin manifestations, but objective data to support this theory is currently
lacking40,42,43. Diminished concentration is a well-established phenotype of
fibromyalgia, and was incorrectly marked as ‘not established’ during the
validation phase.

Hearing and balance-related symptoms were also identified by the
SMP,whereas research in this area is also lacking. Preliminary data suggest a
higher handicap relating to the presence of dizziness in patients with
fibromyalgia compared to controls44. Furthermore, a recent, small-scale
cross-sectional study of the impact of tinnitus in fibromyalgia provides
preliminary support for the link with central sensation as the severity of
tinnitus was associated with the severity of overall symptoms of fibro-
myalgia and poorer quality of life45. Self-reported hearing loss, amongst
other sensory symptoms, has also been previously shown to be more pre-
valent amongst patients with fibromyalgia compared to those with other
rheumatic conditions, adjusting for age and sex46.Whilst thismay represent
central augmentation, increased reporting of non-sensory symptoms,
including easy bruising, highlights the fact that other mechanisms must be
involved.

Some of the unique phenotypes identified by the SMP may reflect the
diversity in body systems affected by fibromyalgia, with some symptoms
falling beyond the currently acknowledged causal mechanisms. For exam-
ple, urinary incontinence has been linked to weakened pelvic floor muscles
in patients with fibromyalgia, which is, in turn, related to the presence of
lower urinary tract symptoms such as urinary incontinence47. Although the
exact mechanisms are not known, early data suggest impairment of the
nerve roots supplying the urinary and anal sphincters48. Similarly, a sys-
tematic review andmeta-analysis have shown that peoplewith fibromyalgia
walk with a cycle of shorter length and lower frequency, producing a slower
gait49. In addition, patients have a higher rate of perceived exertion with the
6min walking test50. Although abnormalities in individual vertebrae mor-
phology have not been shown in the literature, abnormal spinal alignment
has been reported51,52 and further investigation is warranted.

In contrast tomany of the symptoms described above, which generally
lack attention in the medical literature, the potential relationship between
vitamin D and fibromyalgia has been extensively studied53,54. In theory, the
mechanisms by which vitamin D may be relevant in fibromyalgia include
effects on skeletalmuscle, neurotransmitters and neuronal regulation55. The
issue is that observational and supplemental studies have produced con-
flicting results. This may be due, at least in part, to the heterogeneity of
fibromyalgia and the difficulty in adequately capturing ameaningful change
in symptoms at the individual level.

Although there has been much interest in the effect of diet on fibro-
myalgia, the current evidence base remains inconclusive. A survey of 101
patientswithfibromyalgia suggested that the self-reported frequencyof food
allergy is likely to be higher than the general population56. Whilst further
evaluation is needed, this is consistent with the observation that patients are
more likely to report allergies more generally, and may also represent
hypersensitivity rather than true allergy similar to drug hypersensitivity that
is seen in fibromyalgia57. It also suggests that fibromyalgia patients are
seeking out dietary measures, which is understandable given the lack of
pharmacological treatments and focus on lifestyle measures more
generally58.

Although it is difficult to envisage electrolyte abnormalities (synon-
ymous with blood ion concentration abnormality) occurring in unmedi-
cated patients as a direct result of hypertrophic cardiomyopathy, it would be
feasible for patients treated for heart failure or in those with concomitant
renal disease. The relationship betweenHCM and electrolyte abnormalities
may be overlooked in the scientific literature due to the focus on cardiac-
specific biomarkers, such as B-type natriuretic peptide (BNP) and Tropo-
nin. Electrolyte abnormalities are related to prognosis in patients with heart

failure from any cause59. The idea that routine blood tests, which interna-
tional guidelines recommend are taken at a patient’s initial assessment60,
could help refine the understanding of disease trajectory and open an
immediate avenue for investigation.

Meanwhile, the appearance of respiratory insufficiency as unestab-
lished appears to be a labelling error, as breathlessness due to heart failure is
well-described in the scientific literature. Researchers describemost cohorts
according to their levels of breathlessness using the New York Heart
Association (NYHA) classification.

Abnormal vertebral morphology may be connected to hypertrophic
cardiomyopathy through a neuromuscular condition called Freidrich’s
Ataxia, where patients are affected by scoliosis and an HCM-like cardiac
phenotype60. The relationship may be describing affected individuals who
have not yet received a formal diagnosis of Freidrich’s Ataxia. A link to
HCM itself would be surprising and challenging to explain since changes in
this condition are caused by abnormalities of the sarcomere and are con-
fined to the heart.

Using the ontology to contrast the themes and categories of the asso-
ciations, it was clear that the social media phenotype was heavily skewed
toward constitutional symptom phenotypes. Constitutional symptoms are
defined in the Human Phenotype Ontology as “[...] indicating a systemic or
general effect of a disease and that may affect the general well-being or status
of an individual”, with further guidance on the classification specifying that
the category is defined by phenotypes that affect patient quality of life. The
largest contributor to these new associations was, by far, pain, and its more
specific subclasses, which was also the largest contributor to overall novel
associations, at 6%. Other large contributions from constitutional symp-
toms came from phenotypes including fatigue, impairment of activities of
daily living, night sweats, and indigestion. Upon further investigation of
constitutional phenotypesand their accordancewithdisease areas,we found
that there was a greater focus on abdominal, endocrine, and reproductive
system disease.

Despite the large number of additional pain-related associations, we
showed that most of these were concentrated around more general, less
specific, phenotypes. Conversely, the BDLP pain phenotypes were more
distributed across the full set of pain phenotypes defined in the Human
Phenotype Ontology. We suggest that this is partially resulting from the
public not knowing more advanced and technical medical terms for more
specific kinds of pain, but also that these more specific terms are not
necessarily relevant to the context inwhich a symptom is being discussedon
social media. For example, there were no associations for ‘precordial pain,’
but there werementions of its more general parent, ‘chest pain.’ In this case,
‘precordial’ is a technical term thatmanymembers of the public may not be
familiar with, and the use of it in a social media conversation does not
necessarily communicate an informative difference, at the cost of wider
interpretability. Conversely, the specifying difference between chest and
precordial pain may be highly relevant in the context of an academic study
or clinical care.

Some relatively simple terms were also not represented in the SMP,
however, such as ‘wrist pain,’ and we believe that this points towards our
methodology.Anareaof difficulty in comparing thesedatasets is our use of a
relatively stringent significance requirement for consideration of an asso-
ciation in the analysis. This is closer to the Pilehvar et al.9 methodology,
which used a false discovery cut-off with a Fisher exact test. Meanwhile, the
Kafkas et al.8 work provided all associations with positive NPMI scores,
reporting that a threshold of 76 phenotypes results in maximal similarity to
manually curated associations. Our investigation used a very exclusive false
discovery rate of 0.0005 in an effort to yield higher-quality associations for
our subsequent analysis, with the aim of discovering novel phenotype
associations with high plausibility. Moreover, we did not want to align our
significance testingwith expert ground truth or recapitulation of biomedical
databases, as the other two studies did, since our goal was to identify
associations that are not necessarily alignedwith this perspective on disease.
Nevertheless, our approach yielded a similar distribution of validity among
our expert clinical analysis. In using this approach, however, we necessarily
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exclude many potentially valid associations, and this becomes more likely
where concepts becomemore specific in the knowledge graph, which likely
contributes to the concentration of SMP phenotypes on more general
phenotypes (seen, for example, in Fig. 3). While this makes it difficult to
draw conclusions from differences in the appearance of more specific
phenotypes between the twodatasets, especiallywhere they donot appear in
themore strict SMP, it does not preclude the thematic analyses upon which
we have focused in this paper and places a greater interest on associations
that were identified. A wider exploration of methods for scoring co-
occurrence should be considered as future work, as well as methods for
identifying and evaluating interesting associations, even where they fall
below a relatively high significance threshold. Ultimately, multi-contextual
phenotypemodels should be developed using equivalentmethodologies for
amore fair comparison, thoughwe believe the current study provides initial
evidence that a socialmedia phenotypemodel is a valuable resource,worthy
of further investigation.

Thedatawere sourced fromawide rangeof socialmedia sources.These
included a majority from generalised social media such as Twitter, but also
Reddit, which is organised into many topic-based sub-fora, as well as other
sources. Twitter (now X) users tend to over-represent the younger popu-
lation, especially in the 33–44 age group, and have a higher level of final
education and income. USA Twitter users are dominated by the white
population and those who tweet more tend to be a small group of female
users, according to a survey carried out by the Pew Research Centre61. The
under-representation of older, poorer and black users is, in principle, likely
to show up in fewer complex diseases associated with ageing, such as
arthritis, degenerative cardiovascular diseases, deafness and dementia.
Similarly, we would expect to see fewer diseases associated with social
deprivation and malnutrition62. By their frequency in the population, we
would expect fewer messages on specific, very rare diseases.

Furthermore, it is highly likely that there are many sub-contexts
expressed in these data, for example, differences between discussions of
disease informedmore bymore general social opinions and those informed
by the more specific and technical understandings exhibited by those with
direct experience of a disease. For example, previous work found that while
patients used different language and had different priorities, they knew and
used advanced medical terminology in online conversations29.

While this initial work shows differences in disease representation
across contexts, additional work should be undertaken to identify differ-
ences within single contexts. As mentioned above, this could inhere in the
exploration of differences in perspectives across different social media
websites, and, therefore, the cohorts that use them. Intra-domain diversity
may also be explored in the BDLP context, such as whether particular
authors or journals exhibit different understandings of diseases—for
example, journals more or less specific to a given disease. With the future
development of a clinical phenotype, data could be explicated on a number
of factors, such as the role or seniority of the person writing the document.

Our investigation chose a strong representation of underfocused dis-
eases to explore, such as fibromyalgia, or many diseases primarily in
women’s health, and identifies largemodules of potentially novel phenotype
associations for those diseases. We anticipate that these should be followed
up for more advanced analysis to precipitate a more advanced under-
standing of those diseases. Intra-domain analysis and stratification could
alsobuildupon this initialwork in explicatingviewson thesediseases, aswell
as, for example, gendered experiences or perspectives on disease. Such
approaches, however, provide difficulties, since gender and other demo-
graphics are not often included with social media datasets.

There were entire facets for which the BDLP is overall more connected
than the SMP. For example, it describes a far greater number of thoracic
cavity phenotype associations. We suspect that this could relate to the
number of layperson synonyms defined in the HPO for those phenotypes
since those synonyms contributed to the text-mining vocabularyusedby this
study. A study describing the development of layperson synonyms in HPO
reported 0% coverage for the thoracic category63. To a lesser extent, voice
phenotypes are also under-represented in the SMP, despite that group being

reported ashaving44% layperson synonymcoverage.This perhaps speaks to
the relatively small size of the voice facet of HPO, which is largely concerned
with highly technical terms, whose layperson synonyms form complicated
compound phrases that are unlikely to be found in the conversational text,
e.g., ‘weakness of the vocal cords.’ Other components, such as ‘cries,’ are
mostly associated with babies, who are unlikely to be expressing themselves
on socialmedia. Facets that are under-expressed in the SMP could represent
those patients are less aware of, or less interested in, or they could indicate
poorer alignment of the vocabulary with the language they use.

At amore basic level, the inherently error-prone nature of text-mining
and large-scale association mining, as well as the shift in language meaning
across contexts, mean that extracted disease-phenotype associations may
not actually reflect true biomedical relationships, and scepticism should be
employed when considering any uncurated associations. The NPMI mea-
sure objectively measures co-occurrence in text (affecting both the BDLP
and SMP), and is not based on actual incidence, and it is therefore limited in
accuracy. For example, the phenotype anorexia (HP:0002039) is
defined as “A lack or loss of appetite for food (as a medical condition),”
which is distinct from the disease anorexia nervosa (DOID:8689).
This distinction may be lost in a public context, where ‘anorexia’ is often
used as a referent for the disease, andmore rarely for the phenotype of poor
appetite. These limitations are, however, a component of any co-occurrence
approach to determining relationships between biomedical entities, with
scientific literature also referring to the disease with the unqualified ‘anor-
exia’ in some cases64. Further complicating this example is ‘anorexia’ being a
substring of ‘anorexia nervosa,’ meaning that in many text mining
approaches, all instances of ‘anorexia nervosa’ in the text would also be
labelled as an instance of anorexia.

Improvements to the text mining methodology could also mitigate
issues with limitations to the use of formal terminologies for text mining.
Particularly, the transactions provided by White Swan were determined
using keyword matching and, therefore, required exact mentions of labels
included in the vocabulary to link anentity. This approachwas sharedby the
Kafkas et al.8 approach. State-of-the-art approaches to text mining in a
healthcare context often employ contextual embedding similarity to identify
and link mentions using labels not explicitly defined in the underlying
vocabulary65, and the Pilehvar et al.9 approach used such a method. The
employment of this kind of method would aid in linking mentions that are
not pre-defined in the relevant vocabularies, which would be especially
beneficial in the use-case of picking up mentions from social media,
although these approaches come at the cost of an increased error surface for
erroneous annotations and additional complications in determining
appropriate cut-offs. In a similar manner to the more strict statistical
boundary used in our approach, a keyword approach to NER makes it
difficult to infer from the absence of phenotypes from the SMPbut does not
affect the interpretation of their appearance, especially where those asso-
ciations do not appear in the literature dataset. More advanced NLP
methods could also be used to disambiguate between mentions of diseases
and phenotypes that share the same label, for example, by training
embeddings that encode different senses of concepts that share the same
labels. In our investigation, and in others that rely on keyword-based
matching, single mentions may be ascribed to both the phenotype and
disease sense of the words.

Neither the SMP developed here nor the previous works that make up
theBDLPvia literaturemining, consider authorship across posts. This could
potentially be a source of bias, for instance, that individual authors may
make many posts, and therefore have an outsized influence on the repre-
sentation of a particular disease. We believe that this effect is likely small,
though couldmake for an interesting follow-up study, potentially exploring
other splitting factors such as demographics, geographic locations, or
journals. In a potential clinical data-derived phenotype, factors such as role
and seniority could be considered.

For these reasons, ultimately, while our work identifies a large number
of hypothetical relationships between diseases and phenotypes that are not
reflected in current academic databases, further work must be done to
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explore them and to identify what, if any, scientific or clinical utility they
have. This limitation is also relevant to the associations recovered by the
other studies we explored that make up the BDLP, and we anticipate a
programme of research that surrounds the alignment, comparison, and
evaluation of multi-contextual disease phenotypes in a single methodolo-
gical context. Future work could explore particular associations, following
up to identify additional evidence and explanations, correlating with other
types of data or performing causative analysis to identify and eliminate
confounding factors. Meanwhile, the associations could also be explored in
the context of their contribution to downstream tasks such as differential
diagnosis or causative variant prediction. Future work could also include
more direct alignment and extraction of associations to other medical
vocabularies and ontologies, such as MONARCH, which could provide
benefits to analysis through the integration of data already contained in
those ecosystems66.

One previous study has also identified a critical need for correlating
digital phenotyping data with epidemiological data32. Recent efforts such as
BioLink67 aim to formalise and harmonise biomedical entity associations,
however they do not include extensive vocabularies for text mining, and do
not include a rich metadata language for describing the derivation and
provenance of calculated associations. In our review, while clinicians were
largely able to categorise all phenotype associations into a small number of
categories, with a relatively small number percentage of associations being
marked as ‘other’ or ‘unknown,’ this required a lot of manual work, and the
automated inference of the nature of these relationships from textual context
could be considered a task for future work. As a secondary output of this
work,we consider that the type of association judgements by clinicians could
form an initial gold standard by which such a method could be evaluated.

We also envision that these hypothetical relationships can be used as
prompts for patient interaction and involvement, building an integrated
evidence base for introducing changes to clinical practice that more closely
reflect and serve public and patient priorities. Hypotheses can be evaluated
and correlated with other sources of patient voice data, including patient-
reported outcome measures, and these processes can also be used to query
the exact nature of the relationships and perspectives being explored,
ensuring that they are more fully understood, and employment of these
methods could also help to control for bias in social media demographics.
We anticipate that the use of deep phenotyping data from a range of multi-
contextual resources can be employed as a contributing device in an
increasing drive toward patient-centred research and care.

In conclusion, we developed a social media-derived phenotype model
of disease to represent public and patient perspectives on the disease and its
signs and symptoms. We have demonstrated that this phenotype model
expresses a significantly different perspective than that expressed by bio-
medical databases and literature. Moreover, we identified a large number of
novel associations thatwere not represented in the biomedical and literature
model. We anticipate that this knowledge resource can contribute to an
improved understanding of human diseasome across healthcare research
and implementation and that analysis of diverse data sources can contribute
to a fairer and increasingly patient-centred approach to medicine.

Methods
The methods used to produce our results are available online at https://
github.com/reality/sd_paper. This project was reviewed for research ethics
by the Science, Technology, Engineering and Mathematics Committee at
the University of Birmingham, and granted full ethical approval with
identifier ERN_2022-0241 and ERN_0241-Jun2023 amendment. The
board determined that informed consentwas not necessary because thiswas
covered by the use agreements of the websites, and White Swan Charity’s
agreements with the companies that provided the data.

Dataset
Weobtained a database of transaction data describing concurrentmentions
of diseases and phenotypes in social media posts from the White Swan
charity. Each entry in the transaction set refers to a single post made by a

user. White Swan is a registered charity in England and Wales (1176486),
that aims to improve health and well-being through artificial intelligence
technology and analytics. White Swan purchased social media posts men-
tioning a list of disease keywords via Twitter (now known as X) and
Socialgist. Diseases were selected according to the priorities of the White
Swan charity, and purchased keywords were determined for those diseases
usingDOlabels as abasis and improved throughmanual curation. Socialgist
is a company that provides access to socialmedia data andhas beenused in a
range of disease analyses described in the literature. Twitter posts were
accessed fromTwitter, while all other postswere obtained via Socialgist. The
list of purchase keywords is available via the repository noted above. Posts
with equivalent text content were removed. We did not use any strategy to
control for uniqueness or non-uniqueness of post-authors, in order to
match methods used for literature mining, which does not consider
representation of authors across articles. Those posts were analysed using a
keyword matching approach, identifying mentions of Human Phenotype
Ontology (HPO) and Disease Ontology (DO) classes, using vocabulary
identified for those phenotypes and diseases across identifiers across bio-
medical ontologies, using the method described in Slater et al.68. DO men-
tions in the transactional dataset were limited to those for which keywords
were explicitly defined, to control for incomplete representation of diseases
which were not intended to be received. The dataset covers a period from 1
November 2019 to 1 November 2021.

Social media phenotype (SMP)
We propagated mentions of classes for phenotypes across the set of trans-
action records to superclasses. For example, anymentions of ‘low back pain’
would also be considered mentions of ‘back pain,’ and ‘pain.’ As described
by Kafkas et al.8, this was achieved using amodifiedmeasure of Normalised
PointwiseMutual Information (NPMI) that takes into account subsumptive
hierarchy, shown in Eq. (1). NPMI is an objectivemeasure of co-occurrence
of items in a database. In this case, the items are HPO and DOID classes.
These mentions are seeded by explicit mentions and expanded using the
true path rule of subsumption according to the underlying ontology (for
example, all mentions of low back pain are also mentions of back pain). In
the given equation, C and D refer to a specified pair of classes, and n
identifies number of occurrences in the database of those class, with nC,D
defining the number of documents in which those classes co-occur. The
intuition of the equation is that classes that appear togethermore frequently
with respect to the total number of documents in the database are assigned a
greater score. Subsumption was identified using the ELK ontology
reasoner69. We did not propagate disease mentions due to the limited
number of diseases being examined, causing potential bias to arise due to
incomplete composition from subclasses.

npmiðC;DÞ ¼
log

nC;D�ntot
nc�nD

�log
nC;D
ntot

ð1Þ

We calculated NPMI values for every combination of disease and
phenotype. We then used a Monte Carlo bootstrapping approach to
simulate a randomised transaction set with the same size and shape 2000
times, using NPMI values calculated from those simulations to identify
p-values for every association.We confirmed the normality of scores across
the simulations visually.

We excluded from further consideration any associations with a non-
positive NPMI value, since this study is concerned with positive associa-
tions.Wealso excludeddiseases andphenotypes that appeared in fewer than
0.01% of transactions. We did this to avoid skewed NPMI values for asso-
ciations involving classes that appeared very infrequently.We also removed
highly co-linear diseases and phenotypes, with a cut-off of 0.75 NPMI. This
was to control for the definition of diseases and phenotypes in DO and HP
with shared labels, referring to the phenomenon in the context of a disease
and a phenotype, respectively. The remaining set of associations comprises
the SMP. We then calculated q-values70 for all SMP associations, using an
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acceptable false discovery rate of 0.0005, with associations meeting this
threshold being considered significant in the context of this study. We
selected this high statistical threshold for significance to partially control for
the inherent noisiness of social media text data.We also performed a review
of phenotypes included in associations to identify any with associated labels
that would be unlikely in a public context to imply a similar phenomenon to
the actual phenotype (e.g. plethora (HP:0001050)), or that had
erroneously associated labels (no social interaction
(HP:0008763) also had label ‘social interaction’). These phenotypes
were discluded from the final set of associations and, therefore, removed
from further consideration in our experiment. The combination of NPMI
and q-values is intended to identify disease-phenotype pairs that are over-
expressed with respect to their appearing together in the text corpus.

Biomedical Database and Literature Phenotype (BDLP)
To construct a resource representative of existing background knowledge
resources describing biomedical databases and literature, we collected
phenotypes from several resources: the set of text-mined literature asso-
ciations from Kafkas et al.8, semi-automatic disease-phenotype associa-
tions fromKafkas et al.8, and the text-mined literature derived phenotypes
from Pilehvar et al.8,9. All of these datasets use HPO to describe pheno-
types. However, Kafkas et al.8 used ICD-10 for diseases, while Pilehvar
et al.9 used MONDO.We linked diseases to DO using the database cross-
references defined in MONDO and DO. For unlinked diseases, we
developed manual mappings, where possible, and contributed these
associations toDO.There remained a number ofDOdisease concepts that
wewere not able to identify or developmappings for: swineinfluenza
(DOID:0050211), Human cytalomegalovirus infection
(DOID:0080827), Gigantism (DOID:2446), Phimosis
(DOID:2712), renal carcinoma (DOID:4451), Kyphosis
(DOID:4667), and Hordeolum (DOID:9909). These diseases are
available in the subsequent SMP dataset but are not considered in the
differential analysis between BDLP and SMP.We consolidated phenotype
associations from the three sources listed above for all diseases with a
cross-reference to DO using a union approach, in order to produce a
maximal set of phenotype associations derived from literature and curated
resources for each disease. These consolidated associations made up the
Biomedical Database and Literature Phenotype (BDLP) dataset.

Identifying novel associations
So as to identify any associations recovered from the social media text, that
were not contained in the BDLP,we defined a subset of the total set of social
media-derived associations for each disease. The subset ‘novel’ contains all
phenotype associations for which there is no equivalent or more specific
association in the BDLP. We further label as laconic the SMP phenotypes
that do not have a more specific significant association. In this way, we can
identify subsets of socialmedia-derived associations for each disease that are
significant, maximally specific, and distinct from those in the literature-
derived set. We developed a website at http://phenotype.digital/for explor-
ing and comparing the phenotypes of diseases across the two contexts.
ChatGPT was used to aid in the development of the website front-end,
which was implemented in NodeJS. The web interface also provides an
indication of whether associations are included in the HPO annotations
database. We used the 2024-04-19 version of the HPOA annotations. We
should note that this is different from the version of HPOA described by
Kafkas et al.8 who used a cut-off of 2020-10-12.

Clinical review
We sought clinical collaborators to review associations. All reviewers are
consultant clinicians with an active practice in the disease(s) they reviewed
in theUK.Reviewerswereblinded to the sourceof the associations, and their
order was randomised. Reviewers were not required to review all associa-
tions for a given disease. The questions asked were:
1. Is this association established in the literature, treatment guidelines, or

policy discussing this disease? (established and well recognised,

established but not well recognised, not established but feasible, not
established and unlikely, not established and definitely wrong).

2. What kind of association is this? (symptom or sign, comorbidity,
complication or can be sequel of, side-effect of treatment, other
associated phenotype, unknown).

3. How often do you recognise this association in the course of your
clinical practice for this disease? (1—never, 2—rarely, 3—sometimes,
4—often, 5—very often).

Frequencieswere accordedas aLikert scale71.Guidancewas givenon the
interpretation of the Likert scale in this case: “The question concerning how
often you recognise an association in your clinical practice refers to howoften
you recognise or consider the possibility of the phenotype when seeing a
patient with the condition above. It should not be influenced by how often
you encounter the disease or possible cases of the disease in the course of your
practice. For example, only use ‘rarely’when you rarely see patients with that
phenotype in that disease cohort, not when you rarely see patients with that
condition."Thewordingof thequestionnaireswasdeterminedbya co-author
and clinical reviewer (W.B.). Specific definitions for words such as ‘feasible’
were not given, to facilitate clinical perspective interpretation of the asso-
ciations.Guidance on definitionswere given for ‘phenotype’ and ‘association’
however: “A phenotype is an observable trait in an organism - in this case,
humans.” and “An association is a link between a disease and a phenotype.”
Reviewers were instructed on answers that would only be relevant for a sub-
type of the disease: “If the association is only valid for a sub-type of the disease
(e.g. only in a genetic aetiology, but not in sporadic cases), please answer as
youwould for the relevant disease sub-type.”The reviewswere conducted via
aweb application implemented into thedigital phenotypewebsite, andwhich
was developed to permit additional review and collection of expertise in the
future. The diseases reviewed were bronchiectasis (DOID:9563), pancreatic
carcinoma (DOID:4905), systemic lupus erythematosus (DOID:9074), skin
carcinoma (DOID:3451), dermatitis (DOID:2723), asthma (DOID:2841),
hypertrophic cardiomyopathy (DOID:11984), pulmonary embolism
(DOID:9477), vasculitis (DOID:865), congestive heart failure (DOID:6000),
chronic obstructive pulmonary disease (DOID:3083), and fibromyalgia
(DOID:631). Non-clinical evaluation of phenotype associations for neurofi-
bromatosis 1 (DOID:0111253) was performed by author PNS on Q1 only,
with reference to literature rather than clinical experience.

Evaluation and analysis
To measure how well the SMP semantically recapitulated the BDLP, we
calculated an area under the curve (AUC) by ranking semantic similarity
scores calculated using the Resnik method72, comparing the phenotype
profiles of each pairwise combination of matched diseases in the BDLP and
SMP. Semantic similarity was calculated using the Semantic Measures
Library73. We used the Klarigi tool to perform compositional analysis of
phenotypes74, automatically correcting inclusion scores for subsumptive
phenotype relationships implied by the underlying ontology. A combina-
tion of Groovy and R were used to perform the valuation. Figures were
produced using the ggplot library.

Reporting summary
Further information on research design is available in the Nature Research
Reporting Summary linked to this article.

Data availability
The result data and intermediate data are available via https://github.com/
reality/sd_paperand https://phenotype.digital/. The derived associations for
the BDLP and SMP are available from a data repository36. Raw transaction
data is not made available as its ownership is retained by White Swan
charity.

Code availability
The code for experiments described in this paper is available from https://
github.com/reality/sd_paper.

https://doi.org/10.1038/s41746-024-01257-8 Article

npj Digital Medicine |           (2024) 7:263 11

http://phenotype.digital/
https://github.com/reality/sd_paper
https://github.com/reality/sd_paper
https://phenotype.digital/
https://github.com/reality/sd_paper
https://github.com/reality/sd_paper
www.nature.com/npjdigitalmed


Received: 19 December 2023; Accepted: 11 September 2024;

References
1. Jain, S. H., Powers, B. W., Hawkins, J. B. & Brownstein, J. S. The

digital phenotype. Nat. Biotechnol. 33, 462–463 (2015).
2. Insel, T. R. Digital phenotyping: a global tool for psychiatry. World

Psychiatry 17, 276 (2018).
3. Martinez-Martin, N., Insel, T. R., Dagum, P., Greely, H. T. & Cho, M. K.

Data mining for health: staking out the ethical territory of digital
phenotyping. npj Digit. Med. 1, 1–5 (2018).

4. Hamosh,A.,Scott,A.F.,Amberger,J.S.,Bocchini,C.A.&McKusick,V.A.
OnlineMendelian Inheritance inMan (OMIM), a knowledgebaseof human
genes and genetic disorders. Nucleic Acids Res. 33, D514–D517 (2005).

5. Pn,R. et al. TheHumanPhenotypeOntology: a tool for annotatingand
analyzing human hereditary disease. Am. J. Hum. Genet. 83,
610–615 (2008).

6. Hoehndorf, R., Schofield, P.N. &Gkoutos,G. V. Analysis of thehuman
diseasomeusing phenotype similarity between common, genetic and
infectious diseases. Sci. Rep. 5, 10888 (2015).

7. Hoehndorf, R., Schofield, P.N. &Gkoutos,G. V. Analysis of thehuman
diseasome using phenotype similarity between common, genetic,
and infectious diseases. Sci. Rep. 5, 10888 (2015).

8. Kafkas, Ş., Althubaiti, S., Gkoutos, G. V., Hoehndorf, R. & Schofield, P.
N. Linkingcommonhumandiseases to their phenotypes; development
of a resource for human phenomics. J. Biomed. Semant. 12, 17 (2021).

9. Pilehvar, M. T., Bernard, A., Smedley, D. & Collier, N. PheneBank: a
literature-based database of phenotypes. Bioinformatics 38,
1179–1180 (2022).

10. Slater, K. et al. Towards similarity-based differential diagnostics for
common diseases. Comput. Biol. Med. 133, 104360 (2021).

11. Köhler, S. et al. Encoding clinical data with the human phenotype
ontology for computational differential diagnostics. Curr. Protoc.
Hum. Genet. 103, e92 (2019).

12. Job, J. et al. Phenotype-driven approaches to enhance variant
prioritization and diagnosis of rare disease. Hum. Mutation
43, (2022).

13. Boudellioua, I., Kulmanov, M., Schofield, P. N., Gkoutos, G. V. &
Hoehndorf, R. DeepPVP: phenotype-based prioritization of causative
variants using deep learning. BMC Bioinform. 20, 1–8 (2019).

14. Trakadis, Y. J., Fulginiti, V. & Walterfang, M. Inborn errors of
metabolism associated with psychosis: literature review and case-
control study using exome data from 5090 adult individuals. J. Inherit.
Metab. Dis. 41, 613–621 (2018).

15. Alfalahi, H., Dias, S. B., Khandoker, A. H., Chaudhuri, K. R. &
Hadjileontiadis, L. J. A scoping review of neurodegenerative
manifestations in explainable digital phenotyping. npj Parkinson’s Dis. 9,
1–22 (2023).

16. Leonelli, S. Bio-ontologies as tools for integration in biology. Biol.
Theory 3, 7–11 (2008).

17. Werner,A. &Malterud,K. It is hardworkbehavingasacrediblepatient:
encounters betweenwomenwith chronic pain and their doctors.Soc.
Sci. Med. 57, 1409–1419 (2003).

18. Agarwal, S. K. et al. Clinical diagnosis of endometriosis: a call to
action. Am. J. Obstet. Gynecol. 220, 354.e1–354.e12 (2019).

19. Bairey, M. C. N. et al. Knowledge, attitudes, and beliefs regarding
cardiovascular disease in women. J. Am. Coll. Cardiol. 70,
123–132 (2017).

20. Dubin, S. N. et al. Transgender health care: improving medical
students’ and residents’ training and awareness. Adv. Med. Educ.
Pract. 9, 377–391 (2018).

21. Wall,C.S. J., Patev,A. J. &Benotsch,E.G. Transbrokenarmsyndrome:
a mixed-methods exploration of gender-related medical misattribution
and invasive questioning. Soc. Sci. Med. 320, 115748 (2023).

22. Kronk, C. A. et al. Transgender data collection in the electronic health
record: Current concepts and issues. J. Am. Med. Inform. Assoc. 29,
271–284 (2022).

23. Kronk, C., Tran, G. Q. & Wu, D. T. Y. Creating a queer ontology: the
Gender, Sex, and Sexual Orientation (GSSO) ontology. In MEDINFO
2019: Health and Wellbeing e-Networks for All. IOS Press. L. Ohno-
Machado and B. Séroussi (Eds.). 208–212 (2019).

24. Kool, M. B. et al. Lack of understanding in fibromyalgia and
rheumatoid arthritis: the Illness Invalidation Inventory (3*I). Ann.
Rheum. Dis. 69, 1990–1995 (2010).

25. Sloan, M. et al. Attribution of neuropsychiatric symptoms and
prioritisation of evidence in the diagnosis of neuropsychiatric lupus:
mixedmethods analysis of patient and clinician perspectives from the
International INSPIRE Study. Rheumatology, kead685 (2023).

26. Cervesi, C., Battistutta, S., Martelossi, S., Ronfani, L. & Ventura, A.
Health priorities in adolescents with inflammatory bowel disease:
physicians’ versus patients’ perspectives. J. Pediatr. Gastroenterol.
Nutr. 57, 39 (2013).

27. Voigt, I., Wrede, J., Diederichs-Egidi, H., Dierks, M.-L. & Junius-
Walker, U. Priority setting in general practice: health priorities of older
patientsdiffer from treatmentprioritiesof their physicians.Croat.Med.
J. 51, 483–492 (2010).

28. Beach, W. A. Managing “stable” cancer news. Soc. Psychol. Q. 84,
26–48 (2021).

29. Pendleton, S. C. et al. Development and application of the ocular
immune-mediated inflammatory diseases ontology enhanced with
synonyms from online patient support forum conversation. Comput.
Biol. Med. 135, 104542 (2021).

30. Stewart, M. Towards a global definition of patient centred care: the
patient should be the judge of patient centred care. BMJ 322,
444–445 (2001).

31. Lenzi, A., Maranghi, M., Stilo, G. & Velardi, P. The social phenotype:
extracting a patient-centered perspective of diabetes from health-
related blogs. Artif. Intell. Med. 101, 101727 (2019).

32. Maggio, V., Di Cara, N. H., Tanner, A., Haworth, C.M. A. & Davis, O. S.
P. Understanding the potential and pitfalls of digital phenotypes to
measure population mental health and wellbeing. Lancet 398,
S10 (2021).

33. Haendel, M. A. et al. A census of disease ontologies. Annu. Rev.
Biomed. Data Sci. 1, 305–331 (2018).

34. Schriml, L. M. et al. The Human Disease Ontology 2022 update.
Nucleic Acids Res. 50, D1255–D1261 (2022).

35. Köhler, S. et al. The Human Phenotype Ontology in 2021. Nucleic
Acids Res. 49, D1207–D1217 (2021).

36. Slater, K. et al.Multicontextual Phenotype Models: Biomedical
Database and Literature Phenotype and Social Media Phenotype.
https://doi.org/10.5281/zenodo.12780137 (2024).

37. Jacobsen, J. O. B. et al. The GA4GH Phenopacket schema: a
computable representation of clinical data for precision medicine.
Nature Biotechnology 40, 817–820 (2022).

38. Berwick,R., Barker, C., Goebel, A. &Group,O. BotG.D. Thediagnosis
of fibromyalgia syndrome. Clin. Med. 22, 570 (2022).

39. Fitzcharles,M.-A. et al. Nociplastic pain: towards an understanding of
prevalent pain conditions. Lancet 397, 2098–2110 (2021).

40. Aşkın, A. et al. Prevalence of fibromyalgia syndrome and its
correlationswith arrhythmia in patientswith palpitations.ActaMedica
60, 146–151 (2018).

41. Günlü, S. & Aktan, A. Evaluation of the cardiac conduction system in
fibromyalgiapatientswith complaintsof palpitations.Cureus14, 9 (2022).

42. Huang, H., Deb, A., Culbertson, C., Morgenshtern, K. & Hohler, A. D.
Dermatological manifestations of postural tachycardia syndrome are
common and diverse. J. Clin. Neurol. 12, 75–78 (2016).

43. Laniosz, V., Wetter, D. A. & Godar, D. A. Dermatologic manifestations
of fibromyalgia. Clin. Rheumatol. 33, 1009–1013 (2014).

https://doi.org/10.1038/s41746-024-01257-8 Article

npj Digital Medicine |           (2024) 7:263 12

https://doi.org/10.5281/zenodo.12780137
https://doi.org/10.5281/zenodo.12780137
www.nature.com/npjdigitalmed


44. Mucci, V. et al. Vestibular disability/handicap in fibromyalgia: a
questionnaire study. J. Clin. Med. 11, 4017 (2022).

45. Chung, C. H., Jang, G. & Lee, C.-H. The impact of tinnitus on
fibromyalgia. J. Rheum. Dis. 28, 31–37 (2021).

46. Wolfe,F.,Rasker,J.J.&Häuser,W.Hearing loss infibromyalgia?Somatic
sensory and non-sensory symptoms in patients with fibromyalgia and
other rheumatic disorders. Clin. Exp. Rheumatol. 30, 88–93 (2012).

47. Fusco, H. C. Sd. C. et al. Lower urinary tract symptoms and perineal
function in women with and without fibromyalgia: a cross-sectional
study. Clin. Rheumatol. 38, 2885–2890 (2019).

48. Hulens, M. et al. Electrodiagnostic abnormalities associated with
fibromyalgia. J. Pain Res. 13, 737–744 (2020).

49. Carrasco-Vega, E., Ruiz-Muñoz, M., Cuesta-Vargas, A., Romero-
Galisteo, R. P. & González-Sánchez, M. Individuals with fibromyalgia
have a different gait pattern and a reducedwalk functional capacity: a
systematic review with meta-analysis. PeerJ 10, e12908 (2022).

50. Heredia-Jimenez, J., Latorre-Roman, P., Santos-Campos, M.,
Orantes-Gonzalez, E. & Soto-Hermoso, V. M. Spatio-temporal gait
disorder and gait fatigue index in a six-minutewalk test in womenwith
fibromyalgia. Clin. Biomech. 33, 1–6 (2016).

51. Ahbouch, A. et al. An investigation of the association between 3D
spinal alignment and fibromyalgia. J. Clin. Med. 12, 218 (2022).

52. Katz, R. S., Leavitt, F., Cherny, K., Small, A. K. & Small, B. J. The vast
majority of patients with fibromyalgia have a straight neck observed
on a lateral view radiograph of the cervical spine: an aid in the
diagnosis of fibromyalgia and a possible clue to the etiology. J. Clin.
Rheumatol. 29, 91 (2023).

53. Ersoy, S., Kesiktas, F. N., Sirin, B., Bugdayci, D. & Paker, N. The effect
of vitamin D treatment on quality of life in patients with fibromyalgia.
Irish J. Med. Sci. (1971-) 193, 1863–4362 (2023).

54. Yang, C.-C. et al. Psychological outcomes and quality of life of
fibromyalgia patients with Vitamin D supplementation—a meta-
analysis. J. Clin. Med. 12, 2750 (2023).

55. Karras, S., Rapti, E., Matsoukas, S. & Kotsa, K. Vitamin D in
fibromyalgia: a causative or confounding biological interplay?
Nutrients 8, 343 (2016).

56. Arranz, L.-I.,Canela,M.-Á.&Rafecas,M.Dietaryaspects infibromyalgia
patients: resultsof a survey on food awareness, allergies, andnutritional
supplementation. Rheumatol. Int. 32, 2615–2621 (2012).

57. Kang, Y., Trewern, L., Jackman, J., McCartney, D. & Soni, A. Chronic
pain: definitions and diagnosis. BMJ. 381, e076036 (2023).

58. Häuser, W., Walitt, B., Fitzcharles, M. A. & Sommer, C. Review of
pharmacological therapies in fibromyalgia syndrome. Arthritis Res.
Ther. 16, 1–10 (2014).

59. Zandijk, AJL. et al. Chloride in heart failure: the neglected electrolyte.
Heart Fail. 9, 904–915 (2021).

60. Arbelo, E. et al. 2023 ESC Guidelines for the management of
cardiomyopathies: Developed by the task force on the management
of cardiomyopathies of the European Society of Cardiology (ESC).
Eur. Heart J. 44, 3503–3626 (2023).

61. Wojcik, S. & Hughes, A. Sizing Up Twitter Users (Pew Research
Center, 2019).

62. Ferrari, A. J. et al. Global incidence, prevalence, years lived with
disability (YLDs), disability-adjusted life-years (DALYs), and healthy
life expectancy (HALE) for 371 diseases and injuries in 204 countries
and territories and 811 subnational locations, 1990–2021: a
systematic analysis for theGlobal Burden of Disease Study 2021. The
Lancet. 403, 2133–2161 (2024).

63. Vasilevsky, N. A. et al. Plain-language medical vocabulary for
precision diagnosis. Nat. Genet. 50, 474–476 (2018).

64. Brahams, D. UK compulsory detention for anorexia makes legal
history. Lancet 349, 860 (1997).

65. Kraljevic, Z. et al. Multi-domain clinical natural language processing
with MedCAT: the medical concept annotation toolkit. Artificial
intelligence in medicine. 117, 102083 (2021).

66. Shefchek, K. A. et al. The Monarch Initiative in 2019: an integrative
data and analytic platform connecting phenotypes to genotypes
across species. Nucleic Acids Res. 48, D704–D715 (2020).

67. Unni, D. R. et al. Biolink Model: a universal schema for knowledge
graphs in clinical, biomedical, and translational science. Clin. Transl.
Sci. 15, 1848–1855 (2022).

68. Slater, K., Bradlow, W., Ball, S., Hoehndorf, R. & Gkoutos, G. V.
Improved characterisation of clinical text through ontology-based
vocabulary expansion. J. Biomed. Semant. 12, 7 (2021).

69. Kazakov, Y., Krötzsch, M. & Simančík, F. The incredible ELK. J.
Autom. Reason. 53, 1–61 (2014).

70. Storey, J. D. The positive false discovery rate: a Bayesian
interpretation and the q-value. Ann. Stat. 31, 2013–2035 (2003).

71. Joshi, A., Kale, S., Chandel, S. & Pal, D. K. Likert Scale: explored and
explained. Br. J. Appl. Sci. Technol. 7, 396–403 (2015).

72. Resnik, P. Using information content to evaluate semantic similarity in
a taxonomy. arXiv:cmp-lg/9511007 (1995).

73. Harispe,S.,Ranwez,S., Janaqi,S.&Montmain,J.Thesemanticmeasures
library and toolkit: fast computation of semantic similarity and relatedness
using biomedical ontologies. Bioinformatics 30, 740–742 (2014).

74. Slater, K. et al. Klarigi: characteristic explanations for semantic
biomedical data. Comput. Biol. Med. 153, 106425 (2023).

Acknowledgements
We would like to thank Beth Fordham, Dr. Jackie Williams, and Lauren
Cooper for their contributions. We are grateful to the clinical review
respondents: Dr. Keith Roberts, Prof. Alice Turner, Dr. Benjamin Mulhearn,
Dr. Jess Ellis, Dr. Anita Sullivan, Dr. ClaraGreen, Dr. Caitlin Stevens, Dr. Ser-
LingChua,Dr. AgustinMartin-Clavijo, andDr. AsgherChampsi. The authors
acknowledge support from theNIHRBirminghamECMC,NIHRBirmingham
SRMRC, Nanocommons H2020-EU (731032), NIHR BBRC, MRC HDR UK
(HDRUK/CFC/01), KAUST OSR (URF/1/3790-01-01), and MRC (MR/
S003991/1), MAESTRIA (Grant agreement ID 965286), HYPERMARKER
(Grant agreement ID 101095480), PARC (Grant Agreement No 101057014)
and the MRC Health Data Research UK (HDRUK/CFC/01) and HDRUK
midlands regional community project [QQ2], initiatives funded by UK
Research and Innovation, Department of Health and Social Care (England)
and the devolved administrations, and leading medical research charities.

Author contributions
K.S. conceived the study, designed and implemented the experiment,
performed the data analysis, and drafted themanuscript. P.N.S. contributed
to experimental design, validation, and clinical interpretation of results and
writing of the manuscript. J.W. performed data pre-processing and con-
tributed to subsequent data analysis. A.I. contributed to the clinical inter-
pretation of results. W.B. contributed to the clinical interpretation of results
and the development of the questionnaire design. F.A. contributed to the
evaluationof results and study presentation.G.V.G. andP.C. supervised the
study, contributed to experimental design, and contributed to the manu-
script. All authors approved the manuscript for submission.

Competing interests
The authors declare that they have no non-financial competing interests,
and the following financial interest: James Wright is an employee of White
SwanCharity, whoprovided thedataset for andcollaboratedwith this study,
and was previously an employee of Black Swan, of which White Swan is a
related but separate entity.

Additional information
Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41746-024-01257-8.

Correspondence and requests for materials should be addressed to
Karin Slater.

https://doi.org/10.1038/s41746-024-01257-8 Article

npj Digital Medicine |           (2024) 7:263 13

https://doi.org/10.1038/s41746-024-01257-8
www.nature.com/npjdigitalmed


Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in anymedium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the
article’sCreativeCommons licence and your intended use is not permitted
by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

https://doi.org/10.1038/s41746-024-01257-8 Article

npj Digital Medicine |           (2024) 7:263 14

http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
www.nature.com/npjdigitalmed

	Talking about diseases; developing a model of patient and public-prioritised disease phenotypes
	Results
	Comparative analysis of SMP and BDLP
	Clinical review and hypothesis generation

	Discussion
	Methods
	Dataset
	Social media phenotype (SMP)
	Biomedical Database and Literature Phenotype (BDLP)
	Identifying novel associations
	Clinical review
	Evaluation and analysis
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




