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Abstract

Background: Accurately determining the epidemiology of dermatological

diseases such as hidradenitis suppurativa (HS), psoriasis (PsO), chronic

urticaria (CU) and/or atopic dermatitis (AD) is challenging due to variations in

prevalence and disease severity in the reported literature.

Objectives: The DERMACLEAR study aims to use natural language

processing (NLP) to assess the proportions of patients with HS, PsO, CU

and/or AD, and obtain information on patient profiles, patient journeys, and

disease and healthcare burden in Spain. Here, the study design and objectives

of the DERMACLEAR study are described and the precision of the NLP

system used is assessed.

Methods: This study will retrospectively collect patient information from

electronic health records (EHRs) at dermatology departments from seven

tertiary hospitals in Spain. The NLP system was developed by IOMED Medical

Solutions and was verified internally (IOMED scientific team) and externally

(principal investigators of each hospital) to determine its precision in

identifying patients with HS, PsO, CU and/or AD. Furthermore, internal

verification was performed on other medical variables relevant to the study.

Results: To date, the DERMACLEAR study has retrospectively collected data

from 54,458 patients with HS, PsO, CU and/or AD (HS: 5045; PsO: 32,559; CU:

8397; AD: 12,492). The average precision of the NLP system to identify patients

diagnosed with HS, PsO, CU, and/or AD across all hospitals exceeded 95% via

external and internal verification.

Conclusions: Results from the DERMACLEAR study will increase the real‐
world evidence of clinical practice, obtaining a large amount of information on

patients with the studied diseases. The NLP system used is precise in
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identifying patients diagnosed with HS, PsO, CU and/or AD, and other

medical variables from EHRs, highlighting that it is a valid system to use in the

DERMACLEAR study.
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INTRODUCTION

Hidradenitis suppurativa (HS), psoriasis (PsO), chronic
urticaria (CU) and atopic dermatitis (AD) are chronic,
immune‐mediated skin diseases with relapsing courses
that require long‐term management; these skin diseases
are associated with substantial morbidity.1 Accurately
determining the epidemiology of HS, PsO, CU and/or AD
is complex due to variations in prevalence and disease
severity reported in the literature. Furthermore, these
diseases can result in increased costs for patients, an
increased burden on hospitals, and a diminished quality
of life for patients.2

Big data, the analyses of large data sets, often utilizes
machine learning algorithms to gain insights into large
volumes of clinical data, including unstructured data
(e.g., clinical notes from electronic health records
[EHRs]), to accelerate innovation strategies in health-
care.3 An EHR is the digital version of a paper clinical
chart, which stores all digital documents related to a
patient's health including medical history, diagnoses,
medications, treatment plans, imaging data, and labora-
tory test results.

Artificial intelligence (AI) technology is increasingly
used in healthcare to manage EHRs and improve patient
management.4 Reading, capturing and processing EHR
data is useful for obtaining valuable epidemiological
insights for various diseases, which may support timely
treatment of patients and accelerate personalized care.5

Real‐world big data is increasingly being used in clinical
settings to mine existing clinical and epidemiological
data in various therapeutic domains,6,7 including
dermatology.8–11

Natural language processing (NLP) is an AI tool that
analyses large amounts of text data, converting it into
structured data that can be analysed more easily,
providing meaningful insights.12–15 NLP can extract large
amounts of data from EHRs with unprecedented
efficiency by reducing the time spent on manual
searching.5 NLP technology has been utilized in previous
studies to extract information from unstructured clinical
notes16–18; for example, to identify cases of psoriatic
arthritis from a large volume of EHRs.19 However, the

real‐world application of AI tools, including NLP, pose
several challenges in terms of accuracy and reliability.20

Therefore, a robust process to verify the clinical utility of
big data analytics is required, and each NLP system
should be verified for accuracy.

The DERMACLEAR study aims to retrospectively
collect patient information from EHRs using an NLP
system in dermatology departments from seven tertiary
hospitals in Spain. Here we present the study design and
objectives of the DERMACLEAR study and the results of
the verification of the NLP system used in the study.

METHODS

Study design

The DERMACLEAR study is a large, national, multi-
centre, noninterventional study that will retrospectively
collect patients’ information from EHRs in dermatology
departments from seven tertiary hospitals in Spain. The
primary aim of the study is to provide a comprehensive
overview of the number and proportion of patients
diagnosed with HS, PsO, CU and/or AD referred to these
dermatology departments over 6 years (June 2015–June
2021). The study will further assess the patient journey
and clinical management, the change in treatment
patterns over time and the burden on the healthcare
system. The objectives and endpoints are outlined in
Table 1.

The DERMACLEAR study design is shown in Figure 1.
Briefly, a data processing unit was installed in the seven
hospitals, and all data collection were performed by IOMED
Medical Solutions. Data were gathered, anonymized and
stored on the servers of the hospitals for optimal security;
IOMED's cloud servers will be used to analyse the EHRs. To
select and include eligible patients, and to collect and
organize data, EHRs will be processed by a data analytics
platform which includes an NLP system16–18 developed by
IOMED. This medical NLP system was retrained for this
study by IOMED, updating existing NLP models, and
designing and training new models via data annotation
performed by physicians. IOMED extracted and
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standardized clinical data from participating hospitals,
anonymized and processed clinical notes employing this
NLP system, extracted study variables, assessed the quality of
variables via manual annotation and retrained and updated
the NLP system to improve output metrics (Figure 2a).

Figure 2b details the distribution of IOMED processing
components between the hospital infrastructure and IO-
MED's cloud servers. Each hospital database was the clinical
data source, from which a connector component extracted
and transformed the data into an international standard

TABLE 1 Objectives and related endpoints of the DERMACLEAR study.

Objective Endpoint

Primary

1 • To determine the proportions of patients with HS, PsO, CU
and/or AD, and any combination of them visiting
dermatology departments in 7 tertiary hospitals in Spain
during the last 6 years (June 2015–June 2021)

• The proportion of patients with HS, PsO, CU and/or AD, and
any combination of them visiting dermatology departments in
7 tertiary hospitals in Spain during the last 6 years (June
2015–June 2021)

Secondary

2 • To describe patient profiles • Demographic characteristics
• Clinical characteristics
• Laboratory and other complementary tests at diagnosis, and
during the disease course

3 • To describe the patient journey • Referral patterns from other medical departments (including
GPs) to dermatology departments

• Referral patterns from dermatology departments to other
medical departments (including GPs)

• Time since symptom onset, first visit, diagnosis, treatment,
first positive response/remission to relapse

4 • To describe the patient treatment patterns • Sequence/duration of treatments
• Reasons for discontinuing biologic/nonbiologic therapies
• Restarting, discontinuing or switching therapies

5 • To describe patient disease activity • Severity scores before, during and after treatment
• Clinical response to therapies according to the natural
language used in clinical practice

6 • To measure the healthcare burden • Annual visits, hospitalizations, annual emergency visits,
annual laboratory tests and other complementary tests

• Annual prescription medication prescribed in each hospital

7 • To analyse the previous objectives in different patient
subpopulations

• To describe endpoints 1–6 according to the different patient
profiles for HS, PsO, CU and/or AD: demographic and clinical
characteristics, laboratory and other complementary tests at
diagnosis, and during the disease course

8 • To analyse the correlation between patient journey
milestones and demographic, clinical and laboratory study
variables

• Time since symptom onset, first visit, diagnosis, treatment,
first positive response and remission to relapse

• Demographic and clinical characteristics, and laboratory tests
• Disease activity over time

Exploratory

9 • To explore the proportions of patients with HS, PsO, CU
and/or AD, and/or any combination of them who did not
visit a dermatologist but visited other hospital medical
specialists

• The proportions of patients with HS, PsO, CU and/or AD,
and/or any combination of them who did not visit a
dermatologist but visited other hospital medical specialists

10 • To explore the referral patterns of patients with HS, PsO,
CU and/or AD, and/or any combination of them who were
not referred to dermatologists but to other hospital medical
specialists instead

• Referral patterns of patients with HS, PsO, CU and/or AD,
and/or any combination of them who were not referred to
dermatologists but to other hospital medical specialists
instead

Abbreviations: AD, atopic dermatitis; CU, chronic urticaria; GP, general practitioner; HS, hidradenitis suppurativa; PsO, psoriasis.
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(Observational Medical Outcomes Partnership Common
Data Model). The clinical text was anonymized, normalized
and stored in a database managed by IOMED at each
hospital. Clinical texts, which may have been in a variety of
different formats (including tags inside the text, headings
and sections) were converted to plain text, streamlining it to
remove these elements and yield consistent text from all
hospitals. Anonymized and normalized texts were processed
with the NLP system using the cloud infrastructure; the NLP
results were stored on‐site inside the hospital, with no data
stored in the cloud infrastructure.

Inclusion and exclusion criteria

Eligibility criteria are individuals aged ≥18 years with a
diagnosis of HS, PsO, CU and/or AD. Patients with a

diagnosis of HS, PsO, CU and/or AD needed to visit ≥1
outpatient visit at a dermatology clinic or other depart-
ment of the corresponding hospital during the previous
6 years. Patients were excluded if no EHR data were
available.

Data sources, management and collection
process

The data source for the DERMACLEAR study was the
EHR for each patient pertaining to the diseases that were
being investigated. To identify and extract information
from EHRs, the NLP system ‘Medical Language API’ was
used. This software has successfully passed due diligence,
information technology security assurance and data
protection impact assessment processes to adhere to data

(a)

(b)

FIGURE 1 Study design of the DERMACLEAR study. Flow chart detailing the DERMACLEAR study design. (a) Data extraction (both
structured and unstructured data) from hospital sites to the final database lock; data will be extracted from hospital sites from 15 September
2020 to 15 February 2021. Structured data will undergo quality checks and unstructured data (clinical notes) will undergo data mining by
the NLP system, before data verification. Both structured and unstructured data, will be validated to yield the final database lock. (b)
Structured hospital data will be verified by the PI for the diseases of interest (HS, PsO, CU and/or AD). Should these data not meet quality
metrics, the NLP will be retrained. If these data meet quality metrics, the external metrics will be available (study results). Internal metrics
(for quality checks) will also be verified through the same process. AD, atopic dermatitis; CU, chronic urticaria; HS, hidradenitis
suppurativa; NLP, natural language processing; PI, principal investigator; PsO, psoriasis.
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privacy policy according to the General Data Protection
Regulation.

IOMED sent the database to the contract research
organization (CRO), Dynamic Science S.L., in a pre-
specified format to perform the statistical analysis
(Figure 3). The sponsor (Novartis Farmacéutica S.A.)
has no access to the overall database or any hospital
database.

The data anonymization process was divided into
anonymization of structured data (e.g., laboratory tests)
and of unstructured data (e.g., clinical notes). Structured
data were anonymized via the removal of personal
information from tables and by replacing personal
identifiers with hashes. Clinical notes were anonymized
via NLP. All anonymization processes were performed at
each individual hospital site (Figure 3) using the IOMED
server installed onsite.

Verification of the NLP system

Verifying NLP systems implies evaluating the precision
and recall. However, in this study, where millions of
clinical notes were processed by the NLP system,
measuring recall was not possible, as the total number
of mentions of diseases in the clinical notes would need
to be known in advance; this would require manual
revision of all notes, which would be intractable. A
sample of notes could be reviewed to estimate the total
number of mentions, but due to the sparsity of disease
mentions, this estimation would not be reliable. Due to
this limitation, recall was not calculated and only
precision metrics are provided. However, a previously
reported strategy was used during the NLP system's
development to reduce false negatives and improve
recall.21

(a)

(b)

FIGURE 2 Electronic health record data extraction and data access. (a) Illustration of the role of the NLP system in the conversion of
EHRs into structured data. Each hospital database was the source of the clinical data, from which a connector component extracted and
transformed the data into an international standard (OMOP‐CDM). Structured data (coded information) will be incorporated directly into
the clinical research database. Unstructured data (e.g., clinical notes from EHRs) will be converted into structured data using NLP system
before incorporation into the clinical research database. The database will be used to select eligible patients. (b) Illustration of the access to
clinical data by third parties such as a CRO or IOMED staff. Each hospital will be securely connected to IOMED's cloud, where the cloud
database (termed “database access point”) serves as a point of access to IOMED's databases for each hospital. This unique access point will
ensure control of access and facilitate the distribution of database queries to the hospital sites. CRO, contract research organization; EHR,
electronic health record; NLP, natural language processing; OMOP‐CDM, Observational Medical Outcomes Partnership‐Common Data
Model; RSA, Rivest‐Shamir‐Adleman encryption; SSL, Secure Sockets Layer; VPN, virtual private network.
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In this study, a data point relates to a specific mention
of a variable of interest (e.g., in an unstructured data
source; this could be mention of a medical term such as
‘psoriasis’ in a clinical note). Unstructured data points
captured via a NLP system are subject to error and need to
be verified for precision. The occurrence of HS, PsO, CU
and/or AD in EHRs, and other medical variables of interest
(e.g., type of drugs), were searched using the NLP system.

Both external and internal verification of the NLP
system were performed; external verification was per-
formed by the principal investigator of each hospital to
verify the precision of the NLP system to identify patients
with HS, PsO, CU and/or AD. Internal verification was
performed by the IOMED team to verify the precision of
the NLP system to identify patients with HS, PsO, CU
and/or AD, as well as other medical variables of interest.
Further methodological information is detailed in the
Supporting Information: Methods.

The NLP system included models for named entity
recognition (NER), named entity liking (NEL) and
context detection. The NER model identifies a medical
term (e.g., ‘psoriasis’) in an EHR and subsequently
assigns a semantic category to the medical term such as
‘disease’. The NEL model then associates each specific
medical term to a specific code under a medical coding

system to represent the specific meaning to the term in
the given context. Subsequently, context detection
models determine whether the mention of a variable
was negated, uncertain or referred to the past, present or
future. The result of the NLP system is a series of
mentions in the text of each of the desired variables (e.g.,
disease type), where each entity includes a series of
contextual attributes determining its temporality (pres-
ent/future/past), negation (negative/positive) or certainty
(certain/uncertain). Precision was calculated for each
variable of interest per hospital by using the formula:
(1−NER error rate) × number of annotations in that
variable.

Data analysis

All information from patients who fulfill the selection
criteria will be included in the data set for analysis. A
descriptive analysis of the variables included in the study
will be performed. For continuous variables, the mean
(SD) or median (first quartile, third quartile), and
minimum and maximum values will be reported.
Categorical variables will be described by absolute and
relative frequencies. For categorical and continuous

(b)

(a)

FIGURE 3 Data anonymization process. Illustration of the anonymization process to be conducted by IOMED. (a) Anonymization of
structured data will involve detection of identifier fields, such as patient names and surnames, followed by the creation of anonymized
identifiers and the removal of all patient personal identifiers to yield structured data without any personal identifiers. (b) Anonymization of
unstructured data (clinical notes) will involve identifying regular expressions (e.g., phone numbers, postal codes and email addresses) using
a pattern matcher. A machine learning model known as a probabilistic pattern matcher will be applied to identify patterns in the clinical
notes before all personal identifiers are removed to yield clinical notes without any personal identifiers.
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variables, the number of observations and missing data
will be specified. To minimize this risk of bias,
unavailable data/assessments will be stated as ‘not
available’ and be noted as ‘missing’ in the statistical
analyses. It is expected, however, that most data of
interest in this study will be registered in medical
records, as they are part of patients' routine clinical
follow‐ups.

Where appropriate, linear regression and logistical
regression models will be used to assess correlations
between patient journey milestones and demographic,
clinical and laboratory study variables. All analyses will
be performed using the designated CRO and will be
performed using the SAS system package (version 9.4 or
higher).

RESULTS

Patients

To date, the DERMACLEAR study has retrospectively
collected data from 54,458 patients with HS, PsO, CU and
AD (HS: 5045; PsO: 32,559; CU: 8397; AD: 12,492)
attending dermatology clinics across seven tertiary
hospitals in Spain in the previous 6 years (June 2015‐
June 2021).

Precision of the NLP system to identify
patients with HS, PsO, CU and/or AD

Based on a sample size calculation for each hospital site,
683 patients with HS, 756 patients with PsO, 821 patients
with CU and 896 patients with AD were selected as a
sample for verification (Table 2). The average precision of
the NLP system across all seven hospitals exceeded 95%
in identifying all four dermatological diseases via both
external and internal verification processes (Figure 4).

The external precision was 99.9% for HS, 98.8% for PsO,
100.0% for CU and 98.3% for AD. The internal precision
was 100.0% for HS, CU and/or AD, and 96.7% for PsO.

Precision of the NLP system in identifying
all medical variables of interest

The precision of the NLP system, based on internal
verification, to identify all variables of interest was high
(≥95%) for most variables. A total of 367 variables of
interest were categorized into seven groups: type of
disease/disorder (33.2%, 122/367), type of drug (29.2%,
107/367), body area affected (11.4%, 42/367), outcome
measure/diagnostic test (8.7%, 32/367), symptom (7.9%,
29/367), miscellaneous (7.9%, 29/367) and nonpharma-
cological treatment (1.9%, 7/367). The precision of each
variable is detailed in Supporting Information: Table S1.

DISCUSSION

Obtaining accurate epidemiological insights and disease
characteristics from large patient cohorts remains a
challenge in dermatological diseases such as HS, PsO,
CU and/or AD due to variations in prevalence and
disease severity in the reported literature.1 The use of
NLP in processing information from EHRs represents a
unique opportunity to gain insights into disease epide-
miology and improve patient management.14

The current study investigated the precision of the
NLP system that was used to extract data from EHRs in
dermatology departments across seven tertiary hospitals
in Spain as part of the DERMACLEAR study. Overall,
both external and internal verification of the NLP
system's precision to identify all four dermatological
diseases of interest was high, with an average precision
≥95%. For all variables of interest (N= 367), the precision
remained high (≥95%) for most variables.

TABLE 2 The proportion of patients included in the random sample for verification in each dermatological disease.

Disease

Number of patients
overall across the 7
hospital sites

Number of patients in
the random sample
for verification

Proportion of patients overall
in the random sample for
verification (%)

HS 5045 683 13.5

PsO 32,559 756 2.3

CU 8397 821 9.8

AD 12,492 896 7.2

Note: Patients with ≥1 dermatological disease of interest were included in each disease row but only included once in the total number of patients.

Abbreviations: AD, atopic dermatitis; CU, chronic urticaria; HS, hidradenitis suppurativa; PsO, psoriasis.
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The results of the DERMACLEAR study are reliant
on the NLP system being precise when collecting and
processing patient data from EHRs. The high precision
observed in this study is reassuring and enables
physicians to trust the system to extract and process
health information accurately. The precision of the NLP
system used in the DERMACLEAR study is higher than
that reported in an onco‐dermatology NLP study that
assessed basal cell carcinoma22 and in a neurology study
in patients with epilepsy,23 potentially due to the
different NLP systems used.

NLP systems have the potential to improve epide-
miology disease awareness; NLP has been utilized in
previous studies to extract information from
unstructured clinical notes, including the dermatology
setting.16–18,24 Morandini et al.16 used NLP to assess
clinical notes to identify diseases that present together as
comorbidities. Through NLP, they reported that, of 2057
patient records, the most common conditions that occur
together were oral allergy syndrome and urticaria,
angioedema and urticaria, and rhinitis and asthma. A
large study in the United States (n= 133,025) used NLP
to extract information from clinical notes of patients with
AD and identified unmet needs in physician care; the
study revealed that while physician notes for patients
with AD recorded symptoms and treatment strategies,
the notes had no mention of quality of life and burden of
disease.24 A recent study by Malden et al.25 has shown
that NLP can be used to identify coronavirus disease 2019
(COVID‐19) symptoms from the unstructured EHRs of
359,938 patients with COVID‐19. Although NLP has
been previously employed to extract information from
clinical notes of patients with AD,24 the current study

will be the first, to the authors’ knowledge, that uses NLP
to extract information from the clinical records of
patients with HS, PsO, CU and/or AD.

This first‐in‐kind study will implement AI through
NLP to process EHRs and determine the proportions of
patients with HS, PsO, CU and/or AD in Spain, as well as
describe patient profiles, patient journeys and the disease
and healthcare burden. The DERMACLEAR study will
include a large volume of EHRs from patients attending
multiple hospitals across Spain over 6 years, making the
upcoming results representative of the population of
interest in Spain. Using EHRs is difficult for conducting
clinical research, as EHR data are typically presented as
unstructured clinical narratives; results from the DER-
MACLEAR study will help address machine‐readability
problems and increase awareness of the prevalence,
clinical unmet needs and patient profiles of each of the
studied diseases. The results will also highlight the
importance of a comprehensive follow‐up and appropri-
ate disease management for patients suffering from HS,
PsO, CU and/or AD.

Study limitations

The real‐world data collected in the DERMACLEAR
study will be generated from EHRs from dermatologists
in tertiary hospitals, which has some potential limita-
tions. Selection bias may produce false associations if the
study population does not reflect the population of
interest. To avoid this, included patients will comprise a
heterogeneous population with the only selection criteria
being adults with a diagnosis of HS, PsO, CU and/or AD

FIGURE 4 Precision of the NLP system. The average external and internal precision of the NLP system to identify patients with the four
dermatological diseases of interest based on a random sample from the seven tertiary hospitals. AD, atopic dermatitis; CU, chronic urticaria;
HS, hidradenitis suppurativa; N, number of patients included in the random sample; NLP, natural language processing; PsO, psoriasis.
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and ≥1 outpatient visit during the last 6 years. The
difficulty of extracting clinical data from unstructured
EHRs by NLP and their conversion into research
variables may represent a quality limitation. In clinical
databases, data from EHRs can be inaccurate,
incomplete, fragmented and inconsistent, and are not
subject to a quality procedure to ensure data integrity
and accuracy. Furthermore, some variables expressed as
acronyms, scores, or text with numeric values (e.g.,
PASI75) can be difficult for the AI system to capture
without context.

A further limitation is that the proportion of patients
included in the random sample for verification across the
four dermatological diseases was not equal and was small
relative to the total population enroled. Finally, data
access and data sources are not homogeneous between
hospital sites and there may be some duplication; these
reports must be de‐duplicated, which may be time
consuming.

CONCLUSION

The DERMACLEAR study will increase the real‐world
evidence of clinical practice, obtaining a large amount of
information on patients with HS, PsO, CU and/or AD
attending hospitals in Spain. Results from the DERMA-
CLEAR study will provide insight into the disease
prevalence, clinical unmet needs and patient profile of
patients with HS, PsO, CU and/or AD. This may further
elucidate the role of a comprehensive follow‐up and
disease management of patients suffering from these
dermatological diseases. The precision of the NLP system
used in the DERMACLEAR study is high (≥95%) in
identifying HS, PsO, CU and/or AD in EHRs, verifying
that it is a valid instrument with clinical utility for the
DERMACLEAR study.
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