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Abstract. Patient-facing technology to support rare discase patients
seeking diagnosis has received comparatively little focus [rom the litera-
ture, despite the recognition of its importance. We hypothesise that this
is due to the challenges presented when designing pre-diagnostic patient-
facing technology within this area. A significant obstacle for research in
this area is the lack of data which represents the patient’s perspective.
Existing data typically does not present the temporal aspects ol diag-
nosis which are crucial to evaluate the diagnosis time ol technology and
consists of clinical terminology which is not representative ol patients.
This work aims to bridge this gap by creating open-source data which:
(i) utilises patient-friendly terms and (ii) facilitates the sequencing of
phenotypes to temporally recreate the informational journey of a rare
disease patient. Therefore, this work facilitates evaluations on whether
pre-diagnostic technology reduces the time to a rare discase diagnosis,
thus providing more meaningful metries for success.
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Health - Synthetic data - Data generation

1 Introduction

This paper looks at the generation of data for the evaluation of systems for
rare discase diagnosis considering the need for (i) a temporal lens (importance
of early diagnosis); and (ii) a patient-centred approach. Rare disease patients
face a long and dithenlt journey to attain a diagnosis. resulting in severe. per-
manent and debilitating effects on their health [6]. This is often referred to as
a diagnostic odyssey, with the average patient waiting four years, consulting
with five clinicians, and receiving three misdiagnoses before they are correctly
diagnosed [16]. Technologies to support rare disease diagnosis are almost always
clinician-facing [7]. However, the role of the patieut may be far more significant
for rare conditions [4.6]. 94.67 of clinicians believe that they have insuflicient or
very poor knowledge of rare discases [21] and lack time to research rare diseases.
In contrast, it is common for patients to research their health, utilising resources


https://creativecommons.org/licenses/by/4.0/

such as ChatGPT, Google or Facebook [3,19]. Tt follows that patients may be
able to contribute significantly to consultations with their healtheare providers.
Indeed. The UK Strategy for Rare Diseases states that patients can play a sig-
[1].

However, patients with rare diseases feel that they lack the support they

nificant role in diagnosis and treatment decisions if given suitable resources

need [5] which may be why patients resort to technology which is not specifically
designed for health. In addition, applications designed with the common inter-
est in mind will not cater for rare discase patients; information that is relevant
to a rare condition is inevitably irrelevant for the majority. This suggests that
patients do not have the resources required to play an active part in their health.
Therefore, there exists a need for patient-facing pre-diagnostic technology which

caters for the needs of people with undiagnosed rare diseases. Since this need
has been established, we hypothesise that the limited focus in this arca is due
to the lack of data which is representative of the patient’s perspective. Patient-
facing works include Kithnle et al.’s [12] paper on the design of RarePairs, a
peer-matched social media platform for rare disease patients. This required the
use of an extensive S0-question survey to match patients based on their experi-
ences through the healthcare svstem. The use of low-data approaches like this
suggests that the lack of patient perspective data is a key barrier to data-driven
approaches within this area.

Given that rare disease diagnosis is a long process where patients are unlikely
to be diagnosed at the first consultation, a positive outcome for patients with
rare conditions can be defined as the identification of a diagnosis as early in their
journey as possible. As such, the performance of pre-diagnostic technology for
rare discase patients needs to be evaluated throughout the diagnostic odyssey.
Hence, test data must facilitate this temporal aspect of evaluation. However. as
far as the authors are aware, there is only one paper [17] which evaluates the
time taken for the proposed model to reach a correct diagnosis. Rounicke et al.
evaluated their system, Ada DX, for each consultation that a patient has by
manually removing data which would not be available for a given consultation.
This revealed that only 33.3% of cases identified the correct condition in the top-
5-fit disease list at the first consultation, however, Ada DX suggested the correct
disease before clinical diagnosis for 53.8% of cases. This shows a non-trivial
differenee in the evalnation of t
over half of the cases is highly s
a single-point aceuracy of =

t

1is system sinee redncing the time to diagnosis for
gnificant in this context, however, to only show
4 does not aceurately portray the etfectiveness of

this system. Therefore, technology to support the diagnosis of rare diseases must
be evaluated at multiple points to get an acenrate impression of its effectiveness.
While the evaluation approach presented by Ronicke et al. facilitates this, it
may not be feasible in several research projects since the breakdown of cases
into each of the clinical visits may not be possible (i.e., this information may
not be present in the data, or it may be too time-consuming). Moreover, this
approach aims to support evaluations of clinically-based technologies and thus
is based on clinical data which does not represent the patient’s perspective,
so other methods may be required for patient-facing technologies. Therefore,



there exists a need for approaches to evaluate pre-diagnostic technologies for
rare diseases which can support the evaluation of patient-facing technology and
does not require significant editing of data for each evaluation.

Hence, we identify two key barriers to accessing suitable data for the imple-
mentation and evaluation of rare discase patient-facing technology. Firstly,
many sources of patient data are obtained from Electronic Health Records
(EHR) [11.22] which consist of technical, clinical terminology. These data are
not suitable for patient-lacing technology as they do not use patient terminology
for symptoms. Secondly, each of the numerous consultations involved in a rare
diagnosis 6] presents an opportunity for diagnosis, so static performance met-
rics do not offer sufficient insight into the benetits of pre-diagnostic technology
for rare discases. Henee, a suitable test set must present different stages of the
informational journey of each rare disease patient in order to assess the perfor-
mance of pre-diagnostic technology over the stages of the diagnostic odyssey.
Therefore, we need data which not only uses non-expert terminology, but that
also sequences data in the order of a patient’s information discovery. To address
this gap, we present a data generation process to curate patient perspective data
which we make freely available on GitHub!. This dataset provides a basis from
which we generate: the Static User Profile Data which provides a static dataset
for the curation of pre-diagnostic technology; and the Time-Series Persona Data
which provides a suitable test set for evaluating pre-diagnostic technology for
rare disease patients. These datasets aim to facilitate early-stage and proof-of-
concept studies for rare disease pre-diagnostic technology.

2 Data Curation Process Overview

Figure 1 provides an overview of the processes to curate the datasets presented
in this paper. The process begins with the established Orphanet rare diseases
and phenotypes dataset, which contains phenotypes and the frequency of oceur-
rence of each phenotype within each given disorder, and which is described in
more detail later. We then augment Orphanet’s data with patient perspective
information (layman terminology and patient information discovery) to curate
the Patient Perspective Dataset. This dataset provides a basis from which we
generate the Time-Series Persona Data and the Static User Profile Data. We
describe this process in more detail below.

2.1 Included Disorders
Creating a dataset for the estimated 10,000 types of rare diseases [13] presents
a significant amount of work for proof of concept evaluations. Therefore, to

establish a challenging but tractable basis on which to evaluate the poten-
tial of earlyv-development pre-diagnostic technology, we adopt a subset of three

! https:/ /github.com /902549 / patient _perspective_data.
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Fig. 1. Overview of the curation process for cach of the three datasets

main rare diseases: Fabry Disease?, Gaucher Disease®, and hypermobile Ehlers-
Danlos Syndrome (hEDS)* as the “positive’ classes for the test data. These were
chozen becanse they are well documented. have varving diagnostic ditliculties,
and are easily misdiagnosed [2,9,15]. Thus, they provide a suitably challenging
information-secking task but also have sufficient documentation to serape addi-
tional data. Clearly, for the purposes of evaluation, we need additional conditions
in the databases to suthiciently assess their performance. The inclusion criteria
were chosen to create a real-life distribution of the experimental context. That
is, the three main rare discases provided the basis for the Time-Series Persona
Data (i.e., the positive classes), but prototypes should also include similar con-
ditions (i.c., the negative classes - conditions that are most likely to be mistaken

as the positive class).

The inclusion of misdiagnoses was guided by the relevant literature on the
disease in question [1,10,14,15]. Psychological conditions were excluded and only
specific named conditions were included. This resulted in a total of 16 rare dis-
orders to provide the negative classes™ (19 disorders including the three positive
classes). Note that our data aims to facilitate comparative evaluations between
completing systems, not aiming to give an absolute measure for any given sys-
tern: therefore it is sntheient to have a range of conditions, but not match base-
rate prevalence. In addition, our data aims to facilitate symptom-hased patient
matching systems which aim to cater for those facing a diagnostic odyssey, so
people with common diseases would not have the need of this tool. The database

hitps://rarcediscases.org/rare-discases /fabry-discase/  hitps://medlineplus.

gov/geneties/condition/labry-disease/  https://www.ninds.nih.gov/health-

information/disorders /fabry-disease.

wikipedia.org /wiki/Gancher’s_disease/ https://www.nebinlm.nih.gov/books/
NBRK1269/.
https://www.nhs.uk/conditions/chlers-danlos-syndromes/ hitps://www.ncbi.

nlm.nih.gov/books/NBK1279/ https:/ /www.chlers-danlos.com/what-is-eds/
hypermobile-chlers-danlos-syndrome-heds//.

rheuwmatic fever, dermatomyositis, ervihromelalgia, myelofibrosis, live rare forms of
leukemia, two rare types of avascular necrosis, two rare forms ol rheumatoid arthritis,

vEDS, cEDS, cardiac-valvular EDS.



in a real-world context would be comprised of its users, so there would not typ-
ically be patients with common conditions in the database.

3 Curating the Patient Perspective Dataset

Both the Static User Profile Data and the Time-Series Persona Data require
realistic patient data which represents the patient’s perspective. However, many
sources of patient data are obtained [rom Electronic Health Records (EHR)
which consist of technical, clinical terminology [11,22]. These datasets show
patients, their condition, and their phenotypic information, either stored as codes
or in raw text. However. they are often dithicult to access and do not represent a
patient’s perspective, since this would naturally consist of non-expert language.
Some datasets exist which reflect the patient perspective, for example, a mun-
ber of companies, such as Apple or Google, collect health data (e.g. symptom
logging and sensor readings) from smart devices, but these datasets are consid-
ered proprietary information and as such are not publicly available. We therefore
propose an approach to generate synthetic patient data consisting of non-expert
terms for the phenotypes.

We need to create unique and realistic profiles to ensure both our Time-
Series Persona Data and Static User Profile Data are as close to real data as
possible, thus some form of real patient data must be used as a basis. Since data
reflecting the patient perspective is nol easily accessible, we use clinical patient
data as a basis to create patient perspective profiles. Therefore, several aspects
of the clinical patient data will need to be edited to make it representative of the
patient’s perspective. To ensure this process is efficient, we utilise a knowledge
base to create the Patient Perspective Dataset (as opposed to data consisting of
individual patient cases) to act as a base from which we can generate as many
patient profiles we choose without creating additional work.

Orphanet has endeavoured to gather and improve knowledge on rare diseases
since 1997, and as such has created several knowledge bases which provide insight
into many different aspects of rare discases. One knowledge base that Orphanet
curated is their rare discases and phenotypes knowledge base®. This contains
phenotypes as well as the corresponding frequency of occurrence of each pheno-
type within each given disorder. In addition, it consists of standardised clinical
terminology, is widely used for rare discase rescarch, is frequently updated, multi-
lingual, open source, and spans thousands of rare disorders. Moreover, it enables
reproducibility and ensures that, if used in future development, it remains up to
date and this process can be expanded to curate larger and more comprehen-
sive datasets. Therefore, Orphanet’s knowledge base provides a suitable starting
point to create the Patient Perspective Dataset which provides the base from
which we generate both the Time-Series Persona Data and the Static User Profile
Data. Below we first describe the process used to create the Patient Perspective
Dataset. then we present the remaining processes for the Static User Profile Data
as well as the Time-Series Persona Data.

6 ¥ /
" https://www.orphadata.com/phenotypes.



Now that we have chosen the clinical data to hase our patient profiles on,
we need to alter this data to represent the perspective of rare disease patients.
To create the Patient Perspective Dataset, we enrich the Orphanet data by
augmenting the phenotype information for each disease with: HPO categories,
layman terms, phenotype discovery group (i.e., development traits, symptoms,
exploratory clinical findings, specific clinical findings), and probability of occur-
rence. Then we define a phenotype sampling process to dynamically generate
a range of varied patient profiles from the Patient Perspective Data, using the
probability of occurrence and some perturbation noise, each patient profile sam-
ples a proportional amount of phenotypes.

3.1 Identifying Patient Terminology for Phenotypes

For cach phenotype associated with the 19 disorders, the knowledge base used
standardised clinical terminology, namely Human Phenotype Ontology (HPO)
terms [18]. HPO not only provides a standardised list of clinical terminology, but
it also has synonyms and definitions and classifies phenotypes into categories
ol the human body (Le., organ systems and parts of the body)., All ol this
information is accessible on their website”.

Using HPO’s synonyms and definitions, we created initial patient terms. In
particular, where synonyins were decmed to be patient- or non-expert-friendly,
these were chosen. If there were no synonyms or only expert synonyms, the
definitions were checked for short phrases which could be considered synonymous
terms in themselves. Phenotypes that did not have clear patient-friendly terms
from HPO were researched and discussed among multiple groups of two to four
non-cxperts (people who were not healtheare professionals) until a term was
unanimously agreed upon.

Once all terms were finalised by the non-experts, an experienced healtheare
professional was shown the original HPO terms as well as the non-expert terms
that we created for the three main disorders. They then checked that the patient
phenotypes matched the original HPO term. The non-expert terms were then
updated according to the suggestions made by the healtheare professional.

3.2 Labelling Phenotypes with Their Discovery Group and HPO
Category

Now that we have finalised our layman phenotype terms, let us consider the order
of discovery of the different types of patient data and group them accordingly.
First, we define and categorise phenotypes into four different, discovery groups:
developmental traits, symptoms, exploratory clinical findings, and specific clini-
cal findings. Second. we identify pre-requisites for specifie clinical findings from
existing phenotypes. Finally, we add additional pre-requisite symptoms for phe-
notypes which can be considered conditions in themselves identified by a clini-
cian. These stages provide the crucial sequencing information which we later use
to create the Time-Series Persona Data.

T hitps://hpo.jax.org/.



Define and Label Phenotypes by Discovery Group. We can consider each
phenotype to either be symptoms (i.e., patient observable) or clinical findings
(i.e., not observable by the patient). Since patients would clearly identify phe-
notypes theyv can observe themselves before those which require a clinical inves-
tigation, these phenotypes should come first. Some symptoms, such as feeding
difficulties in infancy, would be observable from birth or a very young age. There-
fore, it is important to distinguish these phenotypes, so the first two discovery
groups are symptoms and developmental traits.

In addition, we can consider clinical findings to have two main types:
exploratory clinical findings and specific elinical findings. We define exploratory
clinical findings to be traits that are likely to be identified from routine investiga-
tions (e.g., blood tests, standard physical examinations). As such, many of these
findings will be identified during or shortly after a patient visits their primary
are physician.

We define specifie clinical findings as traits which are likely to only be identi-
fied from specific investigations. It would be unrealistic for specific investigations
to be conducted without the presence of symptoms to prompt these investi-
gations. For example, the probability of discovering an abnormal myocardium
morphology (abnormal heart wall musele) is inereased with the presence of car-
diovascular symptoms, such as chest pain. Therefore, for each specific finding,
we must ensure that the pre-requisite symptoms that are needed to prompt the
necessary investigations are also sampled along with the specific finding.

[dentify Pre-requisites for Specific Clinical Findings. This stage utilises
HPO categories to identify pre-requisites for specifie findings, namely the HPO
category of a specific finding denotes the HPO category to identify required pre-
requisites. That is, (i) we scrape HPO categories for each phenotype within the
dataset. (ii) when a specific finding is sampled, 1-2 symptoms with the same
HPO category are sampled.

First, we need to establish which symptoms should be considered pre-
requisites for a given specific finding. To do this. we augment cach phenotype
in our data with its HPO ecategory (i.c., organ systems and other physiological
categories) as gathered from HPO’s website. Then, for each sampled specific
clinical finding, we additionally sample pre-requisite symptoms with the same
HPO category as the finding. We generate one to two pre-requisite symptoms
for each specific clinical finding using a random number generator to add per-
turbation noise. For example, if abnormal myocardium morphology was sampled,
;ardiovascular svmptoms such as heart palpitations would also be sampled.

Add Clinician Identified Pre-requisites. In addition, some phenotypes, such
as anaemia, may be considered conditions in of themselves. As such, there would
naturally be syvmptoms associated with them, however, this was not present
in the data. Since a clinician will know these conditions well, by denoting the
presence of the condition, the associated symptoms may be implied. However, a
patient will not necessarily recognise these associated svmptoms. Therefore, we
also add key symptoms associated with conditions that are present in the dataset.
The underlying symptoms of phenotypes of this nature were identified by a



healtheare professional and as such these symptoms were added and categorised
nto a new discovery group, pre-requisites. This ensured that they were only
sampled if they are a pre-requisite of a phenotype that has been sampled. and
otherwise cannot be sampled.

3.3 Probabilistic Sampling of Phenotypes

To generate a realistic range of phenotypes for each patient profile for a given
disease we transformed unstructured frequency values from Orphanet’s ontology
into a probability density. The Orphanet ontology consisted of categorical val-
ues stored as strings (namely, always present: 100 %, very [requent: 99%-80%
frequent: 79%-30%, occasional: 20%-5%. rare: 4%-1%. excluded: 0%). For values
in a range. we took the mid-point of the percentage values and converted these
to numbers between 0 and 1.

To generate unigue patient profiles, we take a sample of phenotypes for a
given disorder by randomly sampling from their defined frequency distribution
using Numpy's random choice funetion®. Since the phenotypes in cach discovery
group are generated separately, we need to normalise our frequencies for each
discovery group (this is a requirement of the sampling function). Since we sample
within each discovery group, we lose the distribution of each group, so we set
the number of phenotypes sampled to be representative of the weight of the
discovery group’s frequency. In addition, the proportion of phenotypes for each
discovery group will vary from patient to patient. so we add some perturbation
noise to the number of phenotypes sampled within the discovery group.

Now, let us formalise this as an equation for clarity. Given a disorder there is
a set D of phenotypes for that disorder and a collection G4...G5 of the discovery
groups for the disorder that have the properties: (i) G < D — a disorder’s
discovery group only includes phenotypes for that disorder, (i) 2 = [J(G))
every phenotype for the disorder is in a discovery group, (iil) G, NGy = @ for k £ 1

no phenotype in more than one discovery group. So. we define the weight, w,
2(7;[‘“ where F} is the frequency of phenotype
i. Therefore, given the total number of desired phenotypes per patient profile 7,
the size of phenotypes sampled within a specific discovery group is 7" # w with
some perturbation noise and then rounded to the nearest whole number.

of the discovery group as w =

4 Static User Profile and Time-Series Persona Data

Twao separate processes follow now that we have created our Patient Perspective
Data and defined our process for sampling phenotypes. For the Static User Profile
Data, a diagnosis status and a name are assigned to the patient profile to create a
user. For the Time-Series Persona Data, the phenotypes are sequenced based on
their discovery group and divided into informational stages. We describe these
steps in more detail in the following scetions.

] / -/ / / y 1 / o / H
https://mumpy.org/doc/stable/reference/random/generated /numpy.random.choice,
html.
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Fig. 2. Information discovery during a rare disease diagnostic odyvssey

4.1 Creating the Static User Profile Data

Using the method described above, we sample patient personas from the Patient
Perspective Dataset. The Static User Profile Data is intended to provide a user
base for recommendation systems for svmptom-based patient matching, so now
we augment the data for this purpose. First, we set a diagnostic status for users.
Let’s consider a patient matching system that is predominantly aimed to be a
pre-diagnostic application but not limited to pre-diagnosis. As such, we assume
the majority of users are undiagnosed, so some people with diagnoses will be
on the system. Therefore, we populate 80% of the users in the Static User Pro-
file Data to be undiagnosed, the remaining nsers’ diagnostic status displays the
sampled disorder name. In addition, to ensure that the data presents humanistic
users (as would be the case in a real-world context). we include randomly gener-
ated first names for each of the profiles. Therefore, the Static User Profile Data
portrays a patient profile with a name, diagnosis status and a list of phenotypes.

4.2 Creating the Time-Series Persona Data

In this section, we outline our process to create the Time-Series Persona Data.
The Patient. Perspective Dataset that we generated above to provides a basis
from which we can generate the Time-Series Persona Data. Given that the
Patient Perspective Dataset was based on a rigorous knowledge base, it provides
a realistic static basis for the Time-Series Persona Data. However, to simulate
the informational journey of a rare discase patient, we need to augment the
data with critical sequencing information which is representative of a patient’s
discovery of phenotypes. In particular, we use the sampling process described
above to create patient personas. We then use the discovery groups to sequence
phenotypes of each patient persona based on the patient information discovery
of the phenotype group. These steps are described in more detail below.

First, we recreate the temporal aspect of information discovery from a
patient’s perspective. To do this, let us relate the phenotypes from our data
to the diagnostic odyssey. In particular, as shown in Fig. 2, we can augment the
patient journey diagram with the discovery groups, showing the order in which



clinical discoveries are made and observed by the patient. The different types of
data which we divided into the following discovery groups: developmental traits;
symptoms; pre-requisite symptoms: exploratory clinical findings: specific clini-
cal findings. This grouping can be utilised to provide the synthetic data with
critical sequencing information to facilitate the revelation of phenotypes as each
discovery group is perceived by the patient.

Patients discover the ditferent types of phenotyvpes at different rounds of their
diagnostic journey. Firstly, phenotypes which are observable by patients would
be discovered first. Since developmental traits are present from an early age. it
follows that these phenotypes should oceur first, followed by non-developmental
symptoms. Secondly, once the patient seeks medical help, clinicians will start
providing them with information from tests or physical examinations. Routine
investigations are often made on the first few visits, so exploratory findings will
be identified first. Specific findings will occur latest in the diagnostic odyssey
since these findings require specific investigations prompted by the phenotypes
observed thus far. Therefore, to ensure that the Time-Series Persona Data is
representative of a rare disease odyssey, we order the synthetic data so that
developmental traits come first, followed by symptoms (including pre-requisites),
exploratory findings, and finally specific findings.

Following this, we divided the phenotypes into ditferent stages of information
discovery hy distributing the sorted phenotypes equally into the number of stages
desired. In our case, we distributed the phenotypes equally to ensure that cach
stage was consistent in the amount of information that was revealed. Table |
shows an example of the final generated Time-Series Persona Data for each of
the three conditions included in the laboratory study.

Table 1. Time-Series Persona Data example for the three conditions

Condition Early Stage Middle Stage ‘Laﬁe Stage

hEDS Sleep disturbance. Joint Fatigne, Heartburn, Thin | Nansea and vomiting, Soft
din. Depressivity, Vertigo | skin, Constipation,
dislocation, Muscle pain Gastrointestinal

dislocation. Stretchy skin, Elbow | sk

dysmotility, Extra bones in
|ll[‘ craninm

Fabry Small dark-red spot., Poor Joint pain, Blood in urine, | Kidney damage/Kidney
Disease appetite and weight loss, Lack of | Thickened skin, Vision loss | disease, Cataract, Optic
sweating, Nausea and vomiting atrophy, Corneal

dystrophy

Gancher Squint, Corneal opacity, Joint Tremor, Falling, Delayed | Osteopenia: Decreased
Disease pain, Abdominal pain, Recurrent | skeletal maturation, bone density, Enlarged
fractures Recurrent. fractures Tiver, Cranial nerve

paralvsis, Enlarged spleen

5 Evaluating the Database

The steps above augmented a clinical knowledge base with patient terminol-
ogy and sequencing information to create the Static User Profile Data and the



Time-Series Persona Data. These datasets provide data which represents the
patient perspective for the curation of patient-facing technology. In addition,
the Time-Series Persona data provides a temporal dataset to facilitate evalua-
tions at different stages of the diagnostic odyssev. This provides more meaningtul
measures of the efficacy of technology by facilitating assessments on how quickly
and consistently it suggests the correct diagnosis. However, before we use this
data to perform evaluations, we must assess its suitability for purpose. In par-
ticular, we need to evaluate whether it provides a suitable representation of the
informational journey of a real-world rare disease diagnosis.

Typical methods of evaluating synthetic data include comparing with other
data using statistical methods or the performance of machine learning models.
We do not have other data to compare our synthetic data to, so we could not use
this evaluation method. Another method of validation is through feedback from
domain experts, or by evaluating the utility of data for its intended application.

The Patient Perspective Dataset intends to represent patients, but is based
on clinical data, so we can consider both healthcare professionals (HCPs) and
non-HCPs to be domain experts in different ways, As non-HCPs would not
know medical terminology, their input was important to provide terminology
which was understandable to patients, whereas the HCPs knowledge of medical
terminology verified that these terms were representative of the original HPO
term. So. there was continual formative evaluation by domain experts throughout
the process. As such, a subsequent expert evaluation of the Patient Perspective
Data was not decmed necessary. Instead, we incorporate expert input to evaluate
whether individual personas are realistic in the Time-Series Persona Data.

A healthcare practitioner with experience in primary care and rare discases
tested the Time-Series Persona Data by participating in a blinded simulation
task, where the underlying condition of a given persona was only revealed at
the end. They were presented three informational stages where new phenotypes
were revealed and were asked to identify the condition using Google. Once the
condition was revealed at the end of the three informational stages, they were
asked about the realism of the task based on their clinical experience. They
expressed that the patient persona made sense and was similar to their clinical
experiences.

However, they discussed that when making diagnostic decisions, they would
typically inquire about the patient’s family history and duration of symptoms.
Given that patients do not typically consider their familv history until a genetic
condition is suspected [8,20]. we did not consider this data feature to be necessary
for the study. Moreover, we also deemed it could potentially lead participants to
actively pursue genetic causes who would not have otherwise considered a genetic
condition. The duration of symptoms, however, would be a relevant addition to
the data. but as we did not have this information in the Orphanet dataset, we
could not add this aspect. For future studies, we could explore methods to curate
additional data features. such as the duration of symptoms. However, we deemed
the current data to be suthicient for preliminary evaluations.



The Time-Series Persona Data may facilitate evaluations for a small number
of conditions. In the context of proof of concept and early-stage evaluations, this
provides a strong indication on potential. However, a larger datascet of patient
phenotypes would be necessary to allow for evaluations on a greater scale. Large
Language Models (LLMs) have shown significant promise in generating textual
data based on a given input. Pre-trained transformer models, such as BART may
be fine-tuned on the manually curated Patient Perspective Dataset, in addition
to text scraped from HPO’s website to provide a model which will translate
clinical terminology to patient terminology. In addition, due to the variability
of outputs from models like GP'T' 4, this may also provide multiple synonymous
terms, thus adding to the realism of the patient data.

Future work may explore whether the Time-Series Patient Persona Dataset
may be adapted to facilitate evaluations for clinician-facing technology. This
may facilitate evaluation approaches that assess technology based on the time
taken to diagnosis, rather than as a single-point accuracy. Ronicke et al. [17]
performed a temporally-aware evaluation, however, it required signilicant manual
edits to separate data based on the information that would be available at specific
clinical visits. Researchers may not have sutficient time to perform these mannal
edits, so this dataset may provide a low-resource approach to facilitate temporal
evaluations to support clinicians with rare diagnosis.

6 Conclusion

This paper presents a data generation approach for the curation of the Patient
Perspective Dataset which aims to provide patient data which utilises (i) a tem-
poral lens; and (ii) patient-centred language. We provide the Patient Perspective
Datasct along with the code for sampling patient profiles on GitHub”. This data
aims to bridge the gap where existing datasets were not suitable for patient-
facing technology. Firstly, this data utilises non-expert terminology to represent
the language used by patients. Sccondly, this data is augmented with sequencing
information to allow for temporal evaluations.

Clearly, the dataset presented in this paper provides a small sample of man-
ually curated data. This provides a starting point from which a larger dataset
could be curated with an automated pipeline. For example, a pre-trained trans-
former models may be fine-tuned on the Patient Perspective Dataset to pro-
vide a model which will translate clinical terminology to patient terminology. In
addition, the HPO category, synonyms and definitions from HPO's website can
easily be scraped using the phenotype’s HPO 1D and the disorder’s Orphanet
ID. Hence, this work can act as a basis from which an automatically generated
patient perspective dataset may be curated. This would facilitate temporally
aware evaluations to promote the design of pre-diagnostic technology which per-
forms well throughout the stages of diagnosis. As such, this could open a new
avenue of research to apply algorithims more suited to temporal contexts to this
area which conld prove more etfective for this context of a lengthy diagnosis.

/

v hitps://github.com/902549/ patient_perspective_data.



Considering temporal approaches for pre-diagnostic technology for rare diseases
may increase the potential to support more challenging diagnoses where further
investigations facilitate differentiation from common conditions.
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