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Abstract

Around 30 million EU citizens suffer from a rare disease, and for many of
them an early diagnosis could be lifesaving. However, rare diseases are no-
toriously difficult to diagnose because of their low prevalence, large number,
and broad diversity of symptoms, so rare disease patients are often misdi-
agnosed or experience long diagnostic delays.

In this thesis we develop a search engine specifically designed for the task
of diagnosing rare diseases. The retrieval is performed on a large collection
of topically relevant medical articles and the user interface is optimised for
generating diagnostic hypotheses.

The performance of the vertical search engine is compared to that of other
web tools currently used by clinicians as aids in diagnosing difficult cases.
The evaluations show that the developed search engine has overall better
performance than the other tools.

Although our evaluations are promising, further studies are needed to
establish if using a vertical search engine could improve the clinical process
of diagnosing difficult cases and reduce diagnostic errors.
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Chapter 1

Introduction

1.1 Motivation

Computer software has been shown to improve many aspects of the clinical
process [1]. However, in the area of clinical diagnostics, the impact and
adoption of specialized software fell short of expectations [2, 3].

1.1.1 Clinical diagnosis decision support systems

Even if clinical diagnosis decision support systems (CDDSS) have been re-
searched and developed over the years, the proposed solutions were not
adopted by the medical community, in part due to a lack of synergy be-
tween the final software products and the diagnostic process [4].

Multiple reasons were identified for the limited adoption of such systems in
clinical use: the lengthy process of introducing patient data and interpreting
the response, the lack of integration with the clinical workflow, and the
inability to anticipate the clinical needs [5].

Although CDDSSs are not widely used in practice, the need for a support
system exists. Many clinicians, when faced with difficult cases, rely on gen-
eral purpose search engines or medical databases [6, 7]. Recent studies have
shown that Google Search1 is the preferred resource for searching medical
information [7, 8, 9], but PubMed2 is also widely used [7]. However, neither
of these systems fits well with the task of finding a diagnosis based on pa-
tient data. Google is not optimized for this task, but rather for general web
search, whereas PubMed, a medical bibliographic search engine, does not
rank results by relevance, but merely sorts them by publish date or other
bibliographic information.

Even if most of the clinical work is on common diseases, clinicians are most
likely to search for information when they encounter diagnostic difficulties.

1Google Search, http://www.google.com/
2PubMed, http://www.ncbi.nlm.nih.gov/pubmed/
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Therefore, dealing with such cases is an area where CDDSSs could improve
the current clinical practice. This is especially important, since such cases
often result in misdiagnosis or diagnosis delays that could negatively affect
the patient’s outcome [10].

1.1.2 Rare diseases

Many rare diseases are notoriously difficult to diagnose. The difficulty in
diagnosing rare diseases stems from their low prevalence, large number, and
broad diversity of symptoms. When encountering a rare disease patient,
clinicians often have little information on the disease. This can lead to
referring the patient to a specialist, performing unnecessary tests, or mis-
diagnosis. A study conducted by EURORDIS, the European Organization
for Rare Diseases, showed that 40% of rare disease patients were wrongly
diagnosed before the correct diagnosis was given, and that 25% of patients
had diagnostic delays between 5 and 30 years [11].

In recent years, rare diseases (also known as orphan diseases) gained spe-
cial status3,4 but there is no international consensus on what defines a rare
disease. Some diseases, such as malaria, are common in some areas, but have
low prevalence in others. Under the EC Regulation on Orphan Medicinal
Products [12], a rare disease must have a prevalence of less than 1 case in
2000 persons. Under this classification, there are close to 8000 rare diseases
and around 30 million (6-8%) EU citizens affected by a rare disease [13].
About 80% of rare diseases have genetic origins.

Existing rare disease diagnostic tools are either restrictive on their in-
put (symptoms must be selected from a predefined list), use manually con-
structed knowledge bases (difficult to keep up-to-date) [14, 15], or they use
a general-purpose information retrieval (IR) system (not optimised for the
task of diagnosing rare diseases). For example, Google’s use of PageRank
[16] does not make sense for rare disease retrieval since articles on rare dis-
eases are highly specialized and not necessarily popular.

Given the high percentage of misdiagnoses, long diagnostic delays, the
large number of patients suffering from rare diseases, and the costs of un-
necessary tests and interventions, it can be argued that there is a need to
research and develop a system with the purpose of supporting the diagnosis
of rare diseases.

3European Commission Perspective, http://ec.europa.eu/health/ph_information/
documents/ev20040705_rd05_en.pdf

4US Rare Diseases act of 2002, http://www.gpo.gov/fdsys/pkg/PLAW-107publ280/

pdf/PLAW-107publ280.pdf
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1.2 Project Goal

The overall goal is to create a freely available search engine dedicated to rare
diseases, that can be used by general practitioners, as well as experts in rare
diseases. The system intends to improve clinical practice by (1) providing an
extensive resource of rare disease information, (2) that can be freely accessed,
(3) providing a simple and intuitive search interface, and (4) displaying
information meaningful for clinicians to rapidly take decisions at the time
and place of the consultation.

In order to assess the possible improvements to clinical practice, the sys-
tem is evaluated and compared in terms of effectiveness and time require-
ments to other systems used by clinicians in the diagnostic process.

On the long term, a system based on this approach could lower the mis-
diagnosis rate and reduce delays in the diagnosis of patients suffering from
rare diseases. Ultimately, such a system could have a positive impact on
patients’ outcome, and lower healthcare costs.

1.3 Research Questions

RQ1 Does the experimental evaluation of our system show substantial im-
provements over other systems in terms of document relevance?

RQ2 Does the inclusion of a larger pool of articles on the topic of genetic
diseases improve the effectiveness of the system in diagnosing rare
diseases?

RQ3 Does increasing the prior probabilities of the relevance of rare disease
articles in contrast to the relevance of genetic disease articles improve
the effectiveness of the system in diagnosing rare diseases?

RQ4 Does the use of our system, in comparison with other systems, decrease
the search time spent by clinicians looking for rare disease diagnostic
hypotheses?

1.4 Contributions

The main contributions of this thesis are the following:

(a) Gathered a large collection of articles on rare and genetic diseases

(b) Developed a vertical search engine for the task of diagnosing rare dis-
eases

(c) Developed a web UI and an API to interact with the search engine
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(d) Delivered an alternative to the existing systems supporting rare disease
diagnosis

(e) Established an evaluation methodology tailored for clinical diagnosis
on the web

(f) Created a query collection for rare disease diagnosis systems evaluation

(g) Evaluated the developed system and other systems currently used by
clinicians as aids in the diagnostic process

The information resources used in the vertical search engine were collected
from various sources, providing rare and genetic disease articles heteroge-
neous in quality, length, and authority. A collection of around 30,000 topical
documents was retrieved from eight online medical resources and two med-
ical database resources. Additional general medical databases, collections
and classifications were retrieved and analysed.

The developed vertical search engine takes as input any textual patient
data, such as symptoms, test results, demographic information, and returns
a ranked list of potentially relevant documents on the topic of rare diseases.
Alternatively, the user can request a ranked list of disease names instead of
documents. The engine was developed using the open-source Lemur Project5

and is licensed under the GNU General Public License v26.
The system provides a simple-to-use web user interface (UI). Additionally,

we provide PDF output capability summarizing the results for later analysis
by clinicians. The system provides a web application programming interface
(API) for third-party applications to submit queries and receive results in
either HTML, XML, JSON, or PDF formats.

The design and development of the vertical search engine was backed by
a previous literature review on CDDSSs [17], discussions with a clinician
and a group of rare and genetic disease specialists, as well as input from
information retrieval experts.

In order to assess the performance of the system when compared to cur-
rent products used by clinicians, an evaluation methodology was devised
specifically for the task of diagnosing rare diseases based on textual patient
data. An evaluation based on this methodology was applied on two query
collections: a query collection constructed in collaboration with a medical
doctor7 consisting of 30 cases of rare disease patients, and another set of
26 queries from a previous study [18]. All of the queries are based on case
descriptions published in medical journals, as there is no dataset associating
patient data to rare diseases.

5The Lemur Project, http://www.lemurproject.org
6GNU General Public License v2, http://www.gnu.org/licenses/gpl-2.0.html
7Henrik L. Jørgensen, MD, PhD, Department of Clinical Biochemistry, Bispebjerg

University Hospital, Denmark
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1.5 Thesis Outline

The rest of the thesis is organized as follows. Chapter 2 describes the clinical
process of diagnosing diseases, the difficulties that are encountered by clini-
cians, the current trends in assisting them in the diagnostic process, and the
available medical information resources. Chapter 3 discusses the design of
the vertical search engine and the methodology devised for evaluating it and
other systems used in diagnosis. The vertical search engine’s efficiency and
effectiveness test results are presented in Chapter 4. Chapter 5 summarizes
the work done in the thesis, analyses the limitations of the current system,
and provides future extension ideas. Finally, Chapter 6 concludes the thesis
and restates the contributions of this work.
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Chapter 2

Background

2.1 Supporting the Diagnostic Process

In order to develop a system to improve the diagnostic process, it is impor-
tant to understand how this process works, what the difficulties are, and
where are the diagnostic errors most likely to occur. Understanding these
issues is crucial in successfully integrating the CDDSSs into the clinical
workflow and being accepted by the medical community [19].

2.1.1 The diagnostic process

The definition of diagnosis is not limited to a single concept, and ranges from
simply associating a disease to the symptoms presented by the patient [20],
to the analysis of the course of a disease from patient details (medical history,
symptoms, signs) [21]. Disease diagnosis involves a sequential testing of
hypotheses that are often drawn from additional history, symptoms, physical
exams, and laboratory tests, and that are verified by trials to see if the
patient responds to a specific treatment [21].

Our focus is on associating diseases to patient data. Given this definition,
the process of eliciting the correct disease (Figure 2.1) consists of generating
several hypotheses and, after a process of selection and elimination, reaching
a diagnostic decision. Finally, the clinician selects the best way to manage
the disease. However, the process is not necessarily that linear and some-
times a hypothesis is selected after a therapeutic trial is administered to see
if the patient responds to treatment [21].

Both the clinician’s knowledge and experience play an important role
in the diagnostic process. When generating hypotheses, clinicians use two
levels of medical knowledge: a low level one, comprised of medical facts,
and a high level one, obtained through professional experience [22]. It was
suggested that clinicians acquire approximately two million medical facts
during their studies and career [22].
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Figure 2.1: The diagnostic process, after [22]. A patient suffering from
a disease arrives at the clinician with some complaints. Together with the
findings, the clinician forms a patient model from which several hypotheses
are derived. In order to verify a hypothesis, more findings could be necessary.
Once a decision is reached, the clinician chooses the best way to manage the
disease.

By pattern matching their medical knowledge with patient data, clinicians
generate up to six or seven hypotheses, sometimes consisting of classes of
diseases [23]. This ability to rapidly generate hypotheses increases with
clinical experience [24].

As the volume of medical knowledge is constantly increasing, clinicians
find it hard to keep the pace with the medical literature. MEDLINE, the
leading medical bibliographic resource, adds between 2,000 and 4,000 cita-
tions each month to its existing 18 million references1. Even if many medi-
cal institutions have guidelines in place, there is a significant delay between
these guidelines being published and being adopted in clinical practice [25].

2.1.1.1 Diagnostic difficulty and error

For ninety percent of the patients, the first contact with the medical en-
vironment is through the general practitioner [26]. From early on in the

1MEDLINE Fact Sheet, http://www.nlm.nih.gov/pubs/factsheets/medline.html
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consultation, clinicians are able to identify a few diagnostic hypotheses,
however, with experience, they tend to rapidly recognize patterns instead
of exhaustively considering alternative hypotheses [27]. While this rapid
pattern-matching approach saves time and reduces testing costs in most of
the cases, for unusual presentations of common diseases or cases of rare
diseases this could lead to misdiagnoses.

Studies have shown that the key to avoiding misdiagnoses is having a good
set of diagnostic hypotheses [24, 27]. It was reported that in most of the
misdiagnoses, the correct hypothesis was not considered in the differential
diagnosis [27]. Moreover, in the case of rare diseases, general practitioners
may not be familiar with the pathology of many of the rare diseases, and
thus may not consider them in the differential diagnosis. If this is the case,
the diagnosis could be delayed or the patient may be misdiagnosed [24].

Another issue that may be indicative of misdiagnosis relates to the unan-
swered questions that clinicians face during consultations. Studies show
that up to half of the questions clinicians raise at the time and place where
diagnostic decisions are made remain unanswered [28, 29]. Although most
of these questions do not necessarily affect the final diagnosis, many of the
medical errors are caused by delayed or erroneous decisions [30]. Time con-
straints and lack of adequate resources are the main obstacles in pursuing
an answer [29].

Difficult cases increase the likelihood of diagnostic errors. Subsequently, it
is important to provide general practitioners with the best possible support
to avoid misdiagnosing difficult cases. A computer-assisted diagnostic sys-
tem that generates alternative hypotheses given patient data could improve
the diagnostic process for difficult cases, reducing delays and misdiagnosing
rates. The challenge is to understand how to support difficult cases diagnosis
without undermining the clinician’s experience, lengthening the diagnostic
process, or obstructing the clinician’s reasoning.

2.1.2 Previous efforts on supporting diagnosis

Early efforts to use computer diagnostic aids date to more than five decades
ago [19], but health care institutions have been slow in incorporating them
into the clinical workflow. It has been repeatedly asserted in literature that
these systems have the potential to reduce diagnostic errors and improve
quality of care [31, 32, 26, 33], and the utility of some of them was even
demonstrated through laboratory evaluation studies [31], but few were tested
in the field or developed further than the prototype stage [34], and none of
them is in widespread use today.

These systems have been previously categorized in literature along sev-
eral axes: based on their timing (before, during, or after consultation), set-
ting (inpatient or ambulatory care), scope (general or specialized), and in
terms of integration with other systems (with, for example, electronic health
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records EHR) [35, 36].
Early CDDSSs used predefined sets of rules, applied Bayesian inference

to calculate disease probabilities, or used machine learning to recognise pat-
terns between patient symptoms and diseases, to arrive at a list of possi-
ble diagnoses. This first generation of diagnosis support systems included
MYCIN2, QMR3, Iliad4 or DXplain5, and despite proven utility in experi-
mental settings [37], they encountered acceptance difficulties by the medical
community - mainly due to the amount of time needed to introduce clini-
cal data and the lack of high-quality clinical diagnostic knowledge content
[21]. Of these, DXplain displayed rare diseases separately from common dis-
eases [38]. Specialised on genetic disorders, Phenomizer6 is a tool based on
the Human Phenotype Ontology (HPO)7 that correlates phenotypic abnor-
malities with genetic disorders (OMIM entries) and contains around 9,900
features and 5,020 diseases [39]. Regardless of implementation, these sys-
tems usually take as input some patient data through predefined drop-down
lists or by repeatedly asking clinicians for specific patient details, which is
time-consuming and cumbersome to use.

With the goal of facilitating the storage and searching of medical informa-
tion, a wide variety of medical data has been aggregated into databases. One
such example is the OMIM database system8, specialized on human genes
and genetic phenotypes, containing information for all mendelian disorders
and over 12,000 genes [40]. On the topic of rare diseases, the Orphanet
database9 contains information on more than 5,000 rare diseases, and pro-
vides a service for retrieving data for about 2,000 rare diseases based on
clinical signs [14]. Other databases on topics associated with rare diseases
include the London Dysmorphology Database10, which is focused on pho-
tographic information for rare dysmorphic syndromes [41], and Possum11,
which is a dysmorphology database that contains textual and photographic
information on more than 3,000 syndromes [42].

The search by clinical signs service provided by both Orphanet and Phe-
nomizer is done using a controlled vocabulary (thesaurus). To search for
a diagnosis in Orphanet, the user has to go through multiple steps. Going
through a thesaurus and finding the right match can be a complex process
that lengthens the diagnostic time, negatively impacts the usability, and
limits integration in the clinical environment. Similarly, in Phenomizer, the

2MYCIN, http://www.computing.surrey.ac.uk/ai/PROFILE/mycin.html
3Quick Medical Reference, http://www.openclinical.org/aisp_qmr.html
4Iliad, http://www.openclinical.org/aisp_iliad.html
5DXplain, http://dxplain.org/dxp/dxp.pl
6Phenomizer, http://compbio.charite.de/Phenomizer/Phenomizer.html
7HPO, http://www.human-phenotype-ontology.org/index.php/hpo_home.html
8OMIM, http://www.ncbi.nlm.nih.gov/omim
9Orphanet, http://www.orpha.net/

10London Dysmorphology Database, http://www.lmdatabases.com/
11Possum, http://www.possum.net.au/
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patient symptoms and signs must be selected from a predefined list compiled
from the HPO ontology.

Another system that is being used by medical doctors for answering clin-
ical questions is PubMed [7], which is a medical citation search engine that
indexes over 20 million citations for biomedical literature from MEDLINE,
life science journals, and online books. However, PubMed’s main drawback
when searching for a diagnosis is the fact that the results are not ranked
based on query relevance, but only on publish date, author name or other
article meta-information that is not necessarily relevant in the search for a
diagnosis. Moreover, when submitting a query without additional boolean
operators, only articles containing all query terms are retrieved, dramatically
reducing the number of retrieved documents.

2.1.3 Current trends in computer-assisted diagnosis

Web IR systems are becoming increasingly popular for the task of diagnosing
difficult cases [10, 18, 32]. These systems are easy to use, fast, accessible,
and their databases are continuously updated.

The two main differences between web IR systems and medical database
systems are: the method of entering patient data, and the matching algo-
rithms they use. While most of the medical database systems take as input
complex structured queries requiring expert training, web IR systems simply
accept free-text queries. Moreover, medical database systems often return
only results that exactly match the user query, whereas web IR systems use
approximate matching algorithms. This is especially important for difficult
cases where symptoms can be missing or misleading. For example, searching
to solve a difficult case using PubMed usually requires the use of boolean
operators, as by default the results must match all query terms.

Currently, the most popular web systems used by clinicians are gen-
eral search engines such as Google, medical websites such as UpToDate,
Medscape, or WebMD, and medical database search tools such as PubMed
[7, 8, 43]. A recent study reported that the majority of medical personnel
used electronic medical resources in their day-to-day work, and that Google
was the preferred resource, with 82% of the physicians using it, followed by
PubMed, with 74% [7].

Despite the existence of specialized systems such as Orphanet, OMIM,
Phenomizer or Possum, the general web search engine Google is repeatedly
mentioned in literature as a valuable tool for diagnosing difficult and rare
disease cases [6, 10, 18, 44]. Among the advantages of using Google in this
setting are its comprehensive index12, its ease of use, and medical personnel’s
familiarity with it. Its main disadvantage in the scope of clinical diagnosis
is that the results contain noise, many of the results being non-relevant (e.g.

12 http://googleblog.blogspot.com/2008/07/we-knew-web-was-big.html
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pages from forums and personal blogs).
The problem with general search engines in the context of clinical diag-

nosis is that they are designed and optimised for web search. For example,
the list of patient symptoms can become very long in some cases, while web
search engines are optimised for short queries of two or three terms. Pop-
ularity boosting (e.g. hyperlinking, PageRank, user visit rates) is, again,
not appropriate in the case of rare diseases, where rare disease articles are
sparse and not popular. Moreover, these systems are designed for optimal
matching, where documents containing all search terms are ranked higher.
This is not necessarily appropriate for the task of diagnosing, as symptoms
may be misleading or some patient data may be irrelevant for solving the
case.

Even if popular, searching for diagnoses in Google or PubMed is still
time-consuming, so a specialized search engine could decrease search time
and improve performance.

2.2 State of the Art in Information Retrieval

A search engine application is grounded on theoretical information retrieval
(IR) concepts that deal with information analysis, storage, and retrieval.
Today, the most widespread use of search engines is in the web space, where
general purpose search engines have become to define the way people access
information. Beside these general purpose web search engines, a wide variety
of other IR systems exist: engines for vertical search, enterprise search,
bibliographic search, desktop search.

2.2.1 Information retrieval and document ranking

The vast majority of IR systems deal exclusively with text documents (e.g.
web pages, papers, books, ontologies), but increasingly also involve other
types of documents (e.g. images, videos, or audio material). For the task
of diagnosing rare diseases, the primary sources of information are text-
based resources such as published articles describing cases of rare disease
patients, web pages discussing the phenotype of rare diseases, or rare dis-
ease databases maintained by medical professionals and organizations. How-
ever, given that most of the rare diseases have a genetic origin (80%) and
that these often cause dysmorphological features, it is reasonable to assume
that an additional database of photographs showing the main dysmorphic
features of syndromes13 can be used in searching for a rare disease diagnosis.

IR systems solve tasks such as ad-hoc search, classification, or question
answering [45]. Ad-hoc search pertains to systems that take user queries

13London Medical Databases (LMD), Winter-Baraitser Dysmorphology Database
(WBDD), http://www.lmdatabases.com/
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as input, classification systems group items according to their content or
attributes, and question answering systems take user queries formulated as
questions and use natural language processing (NLP) to interpret them and
return answers.

IR systems use a data structure called index to store the document col-
lection and improve the speed of search. For fast full-text searches, the
inverted index stores an inverted list for each word consisting of references
to documents and the positions of each word in each of these documents. Be-
cause it transforms document-word into word-document information (thus
the name inverted), the system can quickly evaluate the search query by di-
rectly locating the documents containing the search terms and then ranking
the identified documents accordingly. To increase the likelihood of matching
query terms to terms from documents, stemming is often used. A stemmer
basically replaces members of a group of words to the base word (stem), for
example, the words ”disease”, ”diseases”, and ”diseased” are all stemmed
to ”diseas”.

In IR, the goal is to retrieve relevant documents, that is, documents that
are deemed of interest for the submitted search query. To address this, seve-
ral metrics are used in measuring the relevance of the retrieved documents.
Precision and recall are the most common. Precision refers to the proportion
of retrieved documents that are relevant, and recall measures the proportion
of relevant documents that are retrieved. To measure these scores, experi-
mental evaluations use test collections that consist of a document collection,
a sample of queries and, if available, a list of relevant documents for each
of these queries (called relevance judgements). In web search, measuring
recall is more problematic, as there is usually no knowledge of all relevant
documents that could be retrieved for a given query.

The process of matching documents to queries is formalized by the re-
trieval models. Ranking algorithms are built on top of retrieval models and
are used by the search engines to rank documents and return the list of the
highest ranking documents for a query. Historically, the Boolean and the
vector space models were used [45], but today the state of the art is repre-
sented by the probabilistic models, which replaced the use of other models
in practice.

The state of the art in retrieval models is ranking based on language
modelling, which is also a probabilistic model although it is classified sepa-
rately. In a language modelling setting, given a query q, each document d is
ranked according to the probability of generating the query terms from the
document’s language model D (P (q|D)). This is also known as the query
likelihood retrieval model. [45]
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2.2.2 Vertical search engines

Vertical search engines are specifically designed for retrieval on a particular
topic. As they are narrower in scope than the general purpose search en-
gines, the document collection is highly focused on a topic, their interface is
tailored for the tasks associated with that topic, and they can take advan-
tage of domain-specific knowledge. Therefore, they usually provide better
precision and perform better on user tasks than general purpose search en-
gines. On the topic of rare diseases, there are a limited number of vertical
search engines, such as the Rare Disease Communities’ Custom Search En-
gine14, or the Raredisease.org search engine15. These search engines are
constructed using the customization tools offered by the major web search
engine providers. Even if they are limited to a number of topically relevant
web resources, the core search technology used for the customized search
engines is the same as for the general-purpose products offered by the same
providers. As a result, these vertical search engines are not tailored for use
in the diagnostic process.

2.2.2.1 Custom search providers

As part of their efforts to provide customized search solutions, Google de-
veloped the Google Custom Search Engine (Google CSE) product. This
product allows web developers to select a set of web resources indexed by
Google from which to limit the retrieval of documents. Although custom
search engines are easy to create, they are also limiting in many aspects, for
example, the user cannot supplement the index with additional materials
not indexed by Google, and cannot modify the ranking algorithm, or rerank
the results returned by the search16. However, the user has the option of
limiting the retrieval to the small set of selected web resources, or perform
retrieval on all web resources indexed by Google but emphasize the docu-
ments from the set of selected resources. On the topic of rare diseases, such
a Google CSE exists (raredisease.org) and it is restricted to 17 websites with
content related to rare diseases.

Besides Google, both Yahoo!17 and Microsoft Bing18 provide APIs for
the customization of their search engines. Unlike Google CSE, these APIs
do not restrict the reranking of the results their return.

14Rare Disease Communities, Custom Rare Disease Search Engine, http://

www.rarediseasecommunities.org/en/search, searches the following four websites:
eurordis.org, orpha.net, rarediseases.org and rarediseases.info.nih.gov

15Rare Disease Search Engine that uses Google CSE, http://www.raredisease.org/
16The user is not allowed to ”edit, modify, truncate, filter or change the order of the

information contained in any Results”, Google CSE Terms of service, 1.4 Appropriate
Conduct, http://www.google.com/cse/docs/tos.html

17Yahoo! Search BOSS, http://developer.yahoo.com/search/boss/
18Bing API 2.0, http://www.bing.com/developers/
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2.2.3 The Lemur Project

Although there is no standard toolkit for developing IR research projects,
there are several viable options that could have been used for developing the
vertical search engine[46]. We have chosen the Lemur Project because of its
permissive open source license (BSD), because it is actively developed19,
scales up for tens of millions of documents20, and provides competitive ef-
ficiency and effectiveness results [47]. Other state of the art IR systems
include Lucene21, Ivory22, Terrier23, Zettair24 or MG [48].

The Lemur Project develops an open source search engine called Indri,
that was designed for building IR systems that use state of the art proba-
bilistic models and language modelling functions [49].

2.3 Medical Information Resources

Several medical information sources that are of interest for this work were
identified. Although varied in size and scope, many of the medical resources
are interconnected through medical classifications and ontologies.

2.3.1 Resources on rare diseases

When searching for rare diseases information, resources can be divided into
web databases targeted for use by medical professionals, and more patient-
oriented resources such as websites and blogs providing support for patients
suffering from a rare disease or their relatives and friends.

Patient support

The European Organisation for Rare Diseases (EURORDIS) is the largest
European network of patient organizations active in the area of rare diseases,
representing more than 470 rare disease organizations in 45 countries. Its
objective is to raise awareness of the impact of rare diseases and to improve
the quality of life of those people suffering from a rare disease25. While pro-
viding the patients with access to specialized knowledge, EURORDIS also
coordinates and makes available the undergoing research efforts for rare
disease conditions, frequently releasing studies concerning the status of rare
diseases in Europe. Similarly, in the US, the National Organization for Rare

19Lemur development, http://sourceforge.net/projects/lemur
20Lemur Project: http://www.lemurproject.org/indri.php
21Apache Lucene: http://lucene.apache.org
22Ivory, http://www.umiacs.umd.edu/~jimmylin/ivory/docs/index.html
23Terrier IR Platform, http://terrier.org/
24Zettair, http://www.seg.rmit.edu.au/zettair/
25EURORDIS, http://www.eurordis.org/who-we-are
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Disorders (NORD) is dedicated to assisting rare disease patients, patient or-
ganizations and medical health care providers26, and in Canada, there is the
Canadian Organization for Rare Disorders (CORD)27. NORD, however, also
provides rare disease descriptions aggregated in a 1,200 diseases database,
while on the European side, Orphanet is the major rare diseases information
resource provider. Moreover, many European countries have developed spe-
cific policies on rare diseases and opened local information and assistance
centres, and some have constructed rare disease databases in their national
language28. Other forms of support information include blogs (raredisease-
blogs.net, a joint EURORDIS-NORD project), European research projects
websites (dyscerne.org), national clinics and patient groups (Rare Disorders
Denmark, sjaeldnediagnoser.dk), or committees reports (Rare Diseases Task
Force, rdtf.org).

Rare and genetic disease databases

The largest web databases focused on rare diseases are the ones provided by
NORD and Orphanet29, but if genetic diseases are also considered (80% of
the rare diseases have genetic origin), an important resource is the database
maintained by the Genetic and Rare Diseases Information Center (GARD)30.
Other high-quality information resources focused on rare and genetic dis-
eases are described in Section 3.1, as they were used in the development of
the vertical search engine. Many rare diseases or subgroups and types of
diseases have dedicated webpages that explain their phenotype and man-
agement, and are maintained by specialized patient organizations, medical
doctors, or by patients suffering from a rare disease31. Resources related
to this specialized topic are not limited to textual information: the Winter-
Baraitser dysmorphology database includes photographs showing dysmor-
phic features of syndromes, and the Birth Defects Encyclopedia (BDE) has
over 1700 illustrations for articles on a variety of syndromes.

2.3.2 Medical databases

One of the largest medical database is the MEDLINE/PubMed database
provided by the National Library of Medicine (NLM) of the National Insti-
tutes of Health (NIH)32, and includes around 20 million citations and ab-

26NORD, http://www.rarediseases.org/about/vision-mission
27CORD, http://www.raredisorders.ca/aboutUs.html
28EURORDIS News, National Reference Centre for Rare Diseases, http://www.

eurordis.org/content/learning-each-other-across-europe
29Orphanet Alphabetical Disease Search List, http://www.orpha.net/consor/

cgi-bin/Disease_Search_List.php?lng=EN
30GARD, http://rarediseases.info.nih.gov/GARD/AboutGARD.aspx
31Abetalipoproteinemia Foundation, http://www.abetalipoproteinemia.org
32NLM, http://www.nlm.nih.gov/
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stracts from MEDLINE and other biomedical and life science journals. Of
these, the full text of 2,2 million articles is freely accessible through PubMed
Central (PMC). While users such as clinicians can access the information
through the provided web user interface, the bibliographic information can
also be fetched through the Entrez programming utilities33 or downloaded
through FTP34. However, the full text cannot be downloaded for all articles,
but only for a subset of around 230,000 articles contained in the PMC Open
Access Subset35. NLM also provides a range of other medical or biologi-
cal related databases36, such as Bookshelf, a collection of full-text online
biomedical books, the Database of Genomic Structural Variation (dbVar)
containing genomic variations information, the Genetics Home Reference
(GHR), and Online Mendelian Inheritance in Man (OMIM).

2.3.3 Medical classifications and ontologies

Each bibliographic reference in MEDLINE is indexed with NLM’s Medical
Subject Headings (MeSH) controlled vocabulary thesaurus37. The articles
are manually associated with a set of MeSH terms describing their content,
and, when searching on the MEDLINE/PubMed database, the query terms
are expanded using this vocabulary. However, the hierarchical structure
of the 26,140 descriptors in MeSH is not the single classification that can
be used for medical text annotation. The Unified Medical Language Sys-
tem (UMLS) Metathesaurus is a large (around 9 million distinct concept
names), multi-lingual (21 languages) vocabulary database describing the re-
lationships between biomedical and health related concepts38. UMLS also
gives access to a comprehensive clinical terminology, Systematized Nomen-
clature of Medicine–Clinical Terms (SNOMED CT)39, and to mappings into
the International Classification of Diseases, editions 9 and 10, Clinical Mod-
ifications (ICD-9-CM and ICD-10-CM)40.

Orphanet has created a clinical poly-hierarchical classification of rare dis-
eases based on the medical speciality managing the different aspects of rare
diseases41. For example, a rare disease can be categorized using this Or-

33EFetch for NLM Databases, http://eutils.ncbi.nlm.nih.gov/corehtml/query/

static/efetchlit_help.html
34Access Instructions for NLM Data, http://www.nlm.nih.gov/bsd/licensee/access/
35PMC open access articles, http://www.ncbi.nlm.nih.gov/pmc/tools/ftp/#XML_

for_Data_Mining
36NLM databases, http://www.nlm.nih.gov/databases/
37MeSH, http://www.nlm.nih.gov/pubs/factsheets/mesh.html
38UMLS Metathesaurus, http://www.nlm.nih.gov/research/umls/knowledge_

sources/metathesaurus/release/statistics.html
39SNOMEDCT, http://www.nlm.nih.gov/research/umls/Snomed/snomed_main.html
40ICD-10-CM, http://www.nlm.nih.gov/research/umls/sourcereleasedocs/

current/ICD10CM/
41Orphanet Classification of rare diseases, http://www.orpha.net/data/patho/Pro/

en/OrphanetClassificationRareDiseases.pdf
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Figure 2.2: Authors’ depiction of the interconnections between sev-
eral medical databases, ontologies and classifications. Marked with
grey are those resources that were indexed in the vertical search engine.

phanet classification both as a rare neurologic disease and a rare hemato-
logical disease. With a focus on genetic diseases, the Human Phenotype
Ontology (HPO) maps phenotypic abnormalities to OMIM records, genes,
and entries from the London Dysmorphology Database42. HPO is used by
Phenomizer, which is a tool designed for clinical diagnosis in human genetics
that matches HPO terms to diseases corresponding to OMIM entries.

These classifications, as well as the medical databases discussed in the
previous section, are interconnected through identification references, such
as OMIM numbers, ICD codes, or UMLS Metathesaurus identifiers (as seen
in Figure 2.2).

42HPO, http://www.human-phenotype-ontology.org/index.php/hpo_home.html
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Chapter 3

Methodology and Design

3.1 Rare Disease Information Resources

On the Internet, one can find numerous resources on rare diseases, but care
must be taken to prevent the selection of possibly low quality material such
as patient blogs, web forums, and low-quality commercial sites. The follow-
ing websites have been identified by the authors to provide alphabetically-
sorted lists of rare and genetic diseases information and were subsequently
used in the IR system. Each disease entry contains one or more of the fol-
lowing fields of information: disease name synonyms, symptoms, diagnostic
process, treatment, number of cases, organizations related to the disease, re-
search studies conducted for the disease, related articles in medical journals
and more. See Table 3.1 for details on what type of information is provided
by each of the resources.

Orphanet The portal for rare diseases and orphan drugs
http://orpha.net;
the leading resources on rare diseases in Europe; the information is
based on published scientific articles and updated on a regular basis;
the disease reports are peer-reviewed; database of around 6,000 rare
diseases.

NORD National Organization for Rare Disorders
http://rarediseases.org;
the disease reports are written by NORD medical writers and reviewed
by physicians (in some cases, the reports are written directly by the
physician); database of more than 1,200 diseases.

GARD Genetic and Rare Diseases Information Center, National Institutes
of Health
http://rarediseases.info.nih.gov/GARD/;
a collaborative effort of two agencies of the National Institutes of
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Health, The Office of Rare Diseases Research (ORDR) and the Na-
tional Human Genome Research Institute (NHGRI) to help people find
useful information about genetic conditions and rare diseases; contains
information for about 7,100 rare and genetic diseases1.

Socialstyrelsen The Swedish National Board of Health and Welfare
http://www.socialstyrelsen.se/rarediseases;
a government agency under the Ministry of Health and Social Affairs;
265 diagnoses in Swedish and 88 diagnoses in English; the reports are
made by medical specialists in cooperation with patient organizations2.

About.com Rare Diseases Portal
http://rarediseases.about.com/;
contains around 550 rare disease pages; the content is reviewed by a
medical review board3; although all articles are targeted to patients,
many of them describe diseases that could be useful in the IR system.

GHR Genetics Home Reference
http://ghr.nlm.nih.gov/BrowseConditions;
genetic conditions database; more than 550 health conditions, diseases
and syndromes; the information contained in the database is developed
by genetic counsellors, biologists, and information scientists4.

OMIM Online Mendelian Inheritance in Man
http://www.ncbi.nlm.nih.gov/omim;
a database of human genes and genetic phenotypes; updated daily;
includes around 20,700 entries; edited at Johns Hopkins University
School of Medicine.

HON Health on the Net Foundation List of Rare Diseases
http://www.hon.ch/HONselect/RareDiseases/index.html;
database of around 180 rare diseases; includes description of diseases
and accepted synonyms; provides links to multiple web resources.

Wikipedia Category Rare Diseases
http://en.wikipedia.org/wiki/CategoryRarediseases;
provides description for around 400 rare diseases; pages include links to
classifications such as ICD-9 or OMIM or other web resources; includes
a sub-category for rare cancers.

Wikipedia Category Syndromes
http://en.wikipedia.org/wiki/CategorySyndromes;

1Source of GARD data, http://rarediseases.info.nih.gov/GARD/AboutGARD.aspx
2About the Socialstyrelsen database, http://www.socialstyrelsen.se/

rarediseases/aboutrarediseases
3About.com Medical Review Board, http://www.about.com/health/review.htm
4GHR content, http://ghr.nlm.nih.gov/about#curation
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Orphanet x x x* x* x* x x* x* x* x* x* x* Yes Yes
NORD x x x x* x Yes No
GARD x x x x x* x* x* x* x* Yes No
Social. x x x x x x x x x x x x x x Yes Yes

About.com x x x x x x x* x x No No
GHR x x x x x* x* x* x* x x Yes No

OMIM x x x x x x x* No No
HON x x x x* x* x* x* x* Yes Yes

Wiki. RDis. x x x x x x x x x x x x No Yes
Wiki. Synd. x x x x x x x x x x x No Yes

Madisons x x x x x x x x x* x x Yes No

Table 3.1: Summary of the information provided by each resource.
Fields marked with * contain the specific information provided by the re-
source, but this information is not indexed by the developed vertical search
engine.

provides description for around 490 medical syndromes, many of which
lead to rare diseases; provides links to external medical classifications
and resources.

Madisons Madisons Foundation M-Power Rare Pedriatic Disease Database
http://www.madisonsfoundation.org/;
around 520 diseases with symptoms, prevalence, available treatments,
possible causes, prognosis, and links to other resources; all entries have
references; the organization has a medical advisory board that oversees
the information contained in the database.

3.2 Data Acquisition

The information resources used in the IR system were collected from various
sources, as presented in the previous section, and provide rare disease articles
that are heterogeneous in quality, length, and authority. In total, the corpus
contains around 31,590 documents that were retrieved from eight online
medical resources and two medical databases.

These resources were selected to be used based on several factors. First
of all, the topic of the articles must be focused on rare diseases or genetic
disorders. Secondly, each article must describe, more or less, one particular
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disease. However, resources discussing only one disease or a restricted cate-
gory of diseases were not included. Moreover, the publisher of the documents
must be an authority in the medical field (this would exclude blogs, forums
and other web pages with unverified content). The selected web sources
are maintained by governmental organizations, patient groups, medical spe-
cialists, or other trusted parties. Overall, the websites had to contain high
quality articles on rare or genetic diseases, with original content, written by
specialists or properly referenced.

A web scraper was developed for retrieving part of the collection of med-
ical documents; specifically, for scraping the articles included in NORD,
GARD, Socialstyrelsen, About.com Rare Diseases, GHR, HON, and Madis-
ons collections. The hierarchical structure of the web resource was identified
and given to the scraper together with a set of rules to restrict scrapping to
the relevant articles from the hierarchy. All articles matching the restrictions
were saved for later processing.

For retrieving the Wikipedia articles, the MediaWiki API5 was used in
order to extract the XML files for the articles under the wiki categories Rare
Diseases and Syndromes.

For the two other resources, OMIM and Orphanet, the collection of ar-
ticles was downloaded from the server, and received by email on request,
respectively. The articles stored in OMIM were provided in flat text format,
and the ones from Orphanet were stored in spreadsheets.

3.3 Data Transformation

The files retrieved as a result of the text acquisition process were further
transformed into a standardized format for indexing - the TREC format.
The textual information from all sources was tagged with document number,
article title, URL, and article text (Listing 3.1). These entities are used by
other components of the IR system for rapidly accessing the information
contained in the documents.

As many of the documents were extracted from web pages, they were
all structured differently and needed to have their structure extracted and
converted to the TREC format. Web scrapping was performed by specifying
which structured elements (HTML tags) mapped to the desired TREC tags.

Documents where important structure elements were missing, such as the
title element, were ignored. For each resource, we constructed two kinds
of structural rules. First, the mandatory structural elements rule, specified
a set of elements of which none should be missing. Secondly, the optional
structural elements rule, where at least one structural element should be
present. Documents that did not comply with both rules were discarded.

5MediaWiki API, http://www.mediawiki.org/wiki/API:Query
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<DOC>
<DOCNO>18921</DOCNO>
<TEXT>
<URL>r a r e d i s e a s e s . i n f o . nih . gov/GARD/ Condit ion /5787/
Alstrom syndrome . aspx</URL>
<TITLE>Alstrom syndrome</TITLE>
<DESCRIPTION>Alstrom syndrome i s a ra r e d i s o r d e r
c h a r a c t e r i z e d by . . .
</DESCRIPTION>
</TEXT>
</DOC>

Listing 3.1: Snippet of a TREC-formatted document

3.4 Index Creation

The output of the text transformation component was stemmed and then
indexed for document retrieval. The Krovetz stemmer was used for grouping
words derived from the same stem, by converting plural form to single form
(e.g. -s, -es), converting from past to present tense (e.g. -ed), and by
removing the -ing suffixes [50]. The index was created on the transformed
TREC-formatted documents using the built-in functions provided by the
Lemur Project.

Two indexes were constructed based on the processed documents. The
first index, named Rare uses the sources that are mostly focused on rare
diseases, and excludes the resources focused only on genetic diseases. The
second index, named RareGenet uses all resources. The first index includes
10,263 documents, while the second comprises of 31,590 documents (Table
3.2). The reasons for creating two indexes are to evaluate the variations in
performance given different index sizes and coverage of information.

3.5 User Interaction

The specialized search engine takes as input some textual patient data, such
as symptoms, test results, demographic information, and returns a ranked
list of potentially relevant documents on the topic of rare diseases. The
patient data is entered as a query in the search engine interface, the query
is then processed and transformed into index terms, and finally the ranked
results are returned to the user through the interface. Figures 3.1 and 3.2
show how the user interaction with the system works.

To facilitate the usage of the system, the interface design is simple and
straightforward, similarly to popular search engines with which most clini-
cians are familiar. It provides a search box that gains focus on page load and
auto-expands on long inputs if the clinician decides to enter more detailed
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Rare RareGenet

Vocabulary
Term Count 2484358 25778103
Unique Terms 57450 319681
Document Count 10263 31590

Resources (article count)
NORD (1230) Yes Yes
Orphanet (2830) Yes Yes
GARD (4578) Yes Yes
Socialstyrelsen (114) Yes Yes
About.com (316) Yes Yes
HON (183) Yes Yes
Wiki. Rare Diseases (500) Yes Yes
Madisons (522) Yes Yes
Wiki. Syndromes (334) No Yes
GHR (626) No Yes
OMIM (20369) No Yes

Storage
Raw Size 543 MB 719 MB
TREC Size 17 MB 162 MB
Index Size 28 MB 227 MB

Table 3.2: Repository statistics. Vocabulary, resources and storage statis-
tics for the two collections indexed in the IR system.

patient data. The search is initiated by either pressing ←↩ or by clicking
the search button, and the query results are typically generated in under 0.1
seconds.

The list of results is presented inside a flexible widget which initially only
lists the rank, article title, and source, the latter of which is a clickable link
that opens the original article in a new browser window. In this simple view,
a clinician would get an overview of the most relevant diseases for the given
query (Figure 3.1).

If a more detailed analysis is required, a clinician could click on any of
the results or on the associated plus button, situated at the left side of each
entry, to display the entry’s details (Figure 3.2). The details consist of
the article’s complete title, full URL, and the first 400 words of the article
content. Multiple entries can be simultaneously opened for details.

The user can select which index is used for retrieval. By default, the
retrieval is performed on the Rare index, but the user can enable a check-box
to perform it on the RareGenet index. When the check-box state changes,
the search is automatically performed with the new settings.

An alternative experimental variant of the search engine allows users to
receive ranked disease names instead of ranked documents as results for
search queries (Figure 3.4). The disease ranking is based on the frequency
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Figure 3.1: Ranked list of documents. Search interface screenshot with
the results for the example query ”anemia, low red blood cells count, in-
fection” on the RareGenet index. The most relevant 20 articles are listed.
Each result has a rank, an article title, and a source (e.g. Wikipedia.org).
Clicking on the source redirects the user to the originating article. Clicking
on the plus sign or the list item itself shows the article’s details.

of disease name occurrences in the documents retrieved for the same query.
The results can be saved for later referral or analysis as a PDF file. This

file could also be used to print the results.
Every interaction the user has with the system is logged together with the

retrieved results. All logged data is aggregated at a session level, so we have
an overview of the entire set of actions performed by the user. Additionally,
a feedback box is provided at the bottom of the page (Figure 3.3).

3.5.1 Patient data as queries

As clinicians become more and more familiar to using Google and PubMed
as search interfaces for medical information retrieval, it may be argued that
they are becoming proficient in summarizing a clinical case in just a few
keywords.

It has been studied that the patient-centred queries submitted by clini-
cians using PubMed consist on average of only 2.5 terms [51]. More specifi-
cally, 56% of the queries consisted of only 1 or 2 terms, while 98% of them
consisted of fewer than 6 terms. The number of terms in the query par-
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Figure 3.2: Viewing more details about a document. Search interface
screenshot with the details for one of the results for the example query
”anemia, low red blood cells count, infection”. Clicking on one of the results
will present more detailed information for the selected item. In this example,
the second of the most relevant 20 articles was selected. Now, beside the
rank, article title, and source, a snippet (the first 400 words) of the article
is visible.

Figure 3.3: The feedback box. Positioned at the bottom of the page,
under the table listing the ranked results.
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Figure 3.4: Ranked list of diseases. Search interface screenshot with
the disease names retrieved for the example query ”anemia, low red blood
cells count, infection”. The returned list of diseases provides access to the
corresponding list of relevant documents.

tially determines the number of articles retrieved. For a query of only a
few terms, a large number of articles are expected to be returned, whereas
for queries consisting of more terms, the number of retrieved articles is ex-
pected to decrease [51]. This means that using more terms increases the risk
of finding no articles at all, but it could be that it also increases the chance
of evaluating more relevant articles (as the query might be more accurate).
Although this study indicates that PubMed queries in a clinical environment
have an average of 2.5 terms, it should be noted that this covered all queries
provided to PubMed. It is likely that when looking for a list of diagnos-
tic hypotheses, the clinician would provide more information than for other
clinical questions (e.g. medication dosage).

Because the developed vertical search engine accepts free-text input, the
patient-related questions that are to be summarized in queries for the search
interface can consist of any patient information. This is one of the advan-
tages of using free-text input over using predefined symptoms that need
to be selected from a list. The queries can include patient gender, demo-
graphic information, symptoms, evidence of diseases, test results, previous
diagnoses, and other information that the clinician might find relevant in
the differential diagnosis.
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3.5.2 Ranked results

Of the 3205 PubMed queries collected in the study mentioned in the pre-
vious section, for 81.9% of them only the first ten titles were viewed, and
no successive page was selected [51]. We can therefore conclude that 20
should be an adequate number of results that could be reasonably taken
into consideration by the clinician. Indeed, in a discussion with a clinician6,
it was confirmed that 20 results are enough given the time constraints in the
clinical setting. Popular search engines usually display 10 search results by
default.

3.5.2.1 Ranked articles

For each of the maximum 20 results returned for a query, the following
information is provided: rank (based on the ranking algorithm described
in Section 3.6.1), article title, source (organization or website), URL of the
original article, and a snippet of article text (the first 400 words). The
purpose of the snippet is to give to the clinician a preview of what the
article (hence, the disease) is about, the quality of the source, and to assist
in filtering the results. If the user is interested in the full article content,
the original document is one click away.

3.5.2.2 Ranked diseases

For the experimental version of the search engine that returns ranked dis-
eases as results for query searches, each of the results provides the following
information: rank (based on the ranking algorithm described in Section
3.6.2), the disease name and its synonyms, and the list of titles for those
articles returned by the document ranking algorithm that mention the dis-
ease.

3.5.3 Programming interface

The system allows third party applications to submit queries and receive the
same information provided by the web interface. Currently, XML, HTML
and JSON responses are provided, together with the ability to directly re-
quest responses as PDF files.

Therefore, the system could be integrated into the existing electronic
health record (EHR) systems deployed in many hospitals. One possible
scenario would be that the doctor could request a list of probable diseases
for a patient from inside the EHR system. In this way, the EHR could
automatically input patient data as a query and receive the results in XML,
JSON, HTML or PDF format.

6Henrik L. Jørgensen, chief physician at Bispebjerg Hospital
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3.6 Ranking Process

The ranking component is the core part of the search engine. The documents
are ranked according to a ranking algorithm that matches the terms from
the query with the terms from the indexed documents.

The user submits a query through the web interface or API to the server.
The server initiates the search for the query using the Lemur built-in func-
tions on the selected index. The result of the search is a list of up to 20
internal document reference numbers. These references are used to fetch
additional document information, which is then processed for output in the
requested output format.

In addition to ranking documents, the search engine provides an exper-
imental disease ranking feature. The list of disease names is computed by
first performing document ranking, extracting the disease names mentioned
in the first 20 document results, and then sort the extracted disease names
as described in Section 3.6.2.

3.6.1 Document ranking algorithm

To rank documents with respect to queries, a probabilistic model is applied
to the task of rare disease diagnosis. Given a query (q) consisting of patient
data, we would like to compute the probability of the document model (D)
being generated by the query (P (D|q)) and rank documents based on the
probability of generating the terms of the query from the article’s language
model (P (q|D)) [45]. Using Bayes’ theorem:

P (D|q) =
P (q|D)P (D)

P (q)
(3.1)

which is rank equivalent to:

P (D|q) = P (q|D)P (D) (3.2)

since P (q) is constant. P (D) is the prior probability of a document, and
we assume at this stage that these priors are uniform and thus can ignore
them. Hence:

P (D|q) ∝ P (q|D) (3.3)

Estimating the probability of a query being generated by a document
corresponds to estimating how likely it is for a document to be about the
correct disease from which the patient described in the query suffers.

As we use an unigram language model,

P (q|D) =
n∏

i=1

P (qi|D) (3.4)
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where n is the number of query terms, and qi is a query term, and:

P (qi|D) = fqi,D (3.5)

could be an estimate for P (qi|D), where fqi,D is the frequency of query
term qi in document D. However, if a document does not contain at least
one query term, P (qi|D) will become zero. To avoid this problem, we use a
smoothing technique. If P (qi|C) is the probability of the query term qi in the
document collection model C, then αDP (qi|C) is the probability estimate
of unseen words, where αD is a parameter. The probability for words that
occur is given by

(1− αD)P (qi|D) + αDP (qi|C) (3.6)

Using Dirichlet smoothing, we have:

αD =
µ

|D|+ µ
(3.7)

where |D| is the length of the document, and µ is tunable. By replacing αD

in Equation 3.6, we obtain an estimate for P (qi|D):

P (qi|D) =
fqi,D + µP (qi|C)

|D|+ µ
(3.8)

which leads to the document score being computed by the formula:

P (q|D) =
n∑

i=1

log
fqi,D + µP (qi|C)

|D|+ µ
(3.9)

Furthermore, evidence about the collected medical articles can be used to
revise the ranking. More specifically, the article’s origin can be used to adjust
the prior probability of article relevance. Thus, the articles on rare diseases
get a positive boost in their relevance prior probability, compared to articles
on genetic diseases. This is based on the intuition that documents about
rare diseases are more relevant when searching for a rare disease diagnosis.

3.6.2 Disease ranking algorithm

For the experimental version of the vertical search engine that ranks dis-
eases instead of documents, the ranked diseases are extracted from the most
relevant 20 documents returned by the document ranking algorithm. The
first step is the information extraction process, which consists of matching
rare disease names and synonyms from the Orphanet collection7 with arti-
cle titles. In the next step, a matrix of candidate diseases and their score is
computed using Equation 3.10:

7Orphanet rare diseases collection, http://www.orpha.net/consor/cgi-bin/

Disease_Search_List.php?lng=EN
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Si =
n∑

j=1

fij , (3.10)

where n is the number of documents returned by the IR system (in this case,
20), Si denotes the score of disease i, and fij is the frequency of disease i in
document j.

3.6.2.1 Step A: Constructing the disease-document frequency ma-
trix for each of the indexes

(1) Extract all document titles (i.e. disease names) from an index. Keep
corresponding document numbers. Remove the duplicates of existing
titles.

(2) Use the Orphanet synonyms database to add synonyms to the col-
lection of disease names. (If a disease name and its synonyms from
orphanet database was not found in the existing collection of titles, it
will not be added)

(3) For each disease (and its synonyms), get their frequency in documents.

3.6.2.2 Step B: Ranking diseases

(1) From the top 20 ranked documents, give each document a weight of
1 to share among all occurrences of rare disease names inside that
document, and sum the weights attributed to each of the diseases over
all 20 documents (Equation 3.10).

(2) Sort all diseases with Si > 0 by their score (Si).

3.7 Query Extraction

Two query collections were used in the evaluation of the system, one ex-
tracted by the authors, and the other extracted by a previous study [18]. In
both query collections, the selection of query terms was based on previously
published patient case reports. The use of case reports is motivated by the
lack of a publicly available test collection for rare diseases.

3.7.1 Rare diseases query collection

Twenty-five queries, each consisting of a series of symptoms and medical
observations describing the phenotype of a rare disease, were extracted from
20 case reports published in Orphanet Journal of Rare Diseases (OJRD)8,

8Orphanet Journal of Rare Diseases (OJRD), http://ojrd.com/
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an online open access journal providing full text articles on rare diseases
and drugs to treat them. At the time when the selection of case reports
was made, 22 case reports were available in the journal. Two of the reports
were excluded because one presented symptoms of multiple patients, and
the other presented the usage of a drug in an atypical presentation of a
common disease. From the 20 case reports, five of them discussed two cases
of patients presenting the same rare disease, thus the total number of queries
extracted from the journal reached 25.

The 25 queries were formulated by two non experts (the authors) and
validated by a clinician. The queries consist of the initial findings and the
symptoms that the patients presented before any genetic or more elaborate
mean of testing (that could directly point to the rare disease) was performed.
Physician Henrik L. Jørgensen provided feedback on the initial query for-
mulations, guiding in adding or removing some of the medical observations
in two of the queries, based on what knowledge of the patient a physician
would have before making some tests or further assumptions in the differen-
tial diagnosis of the rare disease. This collection of queries will be referred
to as the OJRD query collection from now on.

Another five queries were previously extracted as described in [52] from
five case descriptions proposed by the same physician. Each case is associ-
ated with a different rare disease. The queries were extracted by two non
experts but were not validated by a physician. These five cases will be re-
ferred to as the 5-cases query collection. Together, the OJRD and 5-cases
query collections form the rare diseases query collection.

For each case, the query terms and the associated correct diagnosis were
entered on a sheet. Synonyms for the correct diagnosis were also added to the
sheet if they appeared in the Orphanet dataset. The average query length
for the rare diseases query collection was 22.17 terms. Appendix A provides
the full table of queries, corresponding diagnoses and their synonyms, and
the source of the rare disease cases used in the evaluation.

3.7.2 Difficult cases query collection

Twenty-six cases extracted from the New England Journal of Medicine
(NEJM) as described in the British Medical Journal (BMJ) [18] were also
used in evaluating the performance of our system in comparison with sys-
tems that were previously described to be useful aids in the diagnosis of
difficult cases (such as Google [18] or PubMed). The queries, extracted by
a physician together with a rheumatologist, include three to five terms for
each case record. The cases are supposed to be difficult to diagnose, as they
were deemed interesting enough to be included in NEJM.

For each of the 26 cases, from now on referred to as difficult cases query
collection, we entered the case synopsis, query terms and the assigned cor-
rect diagnosis on a sheet, based on the table provided by the original BMJ
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article. Similarly to the rare disease cases described above, we searched for
alternative disease names for each final diagnosis and added them in the
sheet.

Moreover, we verified whether the final diagnoses of these difficult cases
are actually rare disease by searching their disease names on Orphanet.
Indeed, in 84.62% of the cases (22 cases), the correct diagnosis was a rare
disease. The average query length was of 5.0 terms.

3.8 Evaluation Methodology

In order to compare our system to other systems currently used by clinicians,
an evaluation methodology was established. Ideally, the experimental evalu-
ation for such a system should involve clinicians, but as this was not possible
as part of this work, we focused on creating an evaluation methodology that
could be easily replicated.

3.8.1 Relevance assessment

Two non-expert evaluators (the authors) queried the vertical search engine
with each of the query collections, and collected the results in a sheet for
later analysis. The correct diagnosis was not included in the search terms.

For a document to be considered relevant it must predominantly cover
the correct disease or one of its synonyms. A document is also considered
relevant if it predominantly covers a different form or type of the correct
disease, such as ’Loeys-Dietz type 1A’ instead of the correct ’Loeys-Dietz
syndrome type II’, or the ’X-linked Adrenoleukodystrophy’ instead of ’Au-
tosomal Neonatal Form of Adrenoleukodystrophy’.

In contrast, a non-relevant document is one where the correct disease
cannot be identified after a couple of minutes of reading. That is, the correct
disease should be mentioned in the beginning of the article, its title, or in
the snippet9. The first 400 words threshold was established. If an article
mentions the correct disease after the threshold, given the time constraints
in the clinical setting, it is reasonable to presume that there is a good chance
the clinician will not see it. In the case of articles that list multiple diseases,
a threshold of the first ten listed diseases was established. Moreover, a
document with restricted access is deemed not relevant if it can not be
considered relevant given only the freely available information.

An intermediary class of relevance was considered. A marginally relevant
document must predominantly cover other diseases or class of diseases than
the correct one, but it must mention the correct disease as an alternative
diagnosis or point to it in the beginning (title, snippet, first 400 words, or
in the first 10 members of a list).

9The snippet returned by our system contains the first 400 words of the article.
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For the results returned by the system using the experimental disease
ranking algorithm, relevant results should include the correct disease name,
mention one of the disease’s synonyms, or name a different form or type of
the correct disease.

The performance of the developed system was measured against Google
Search10, two instances of Google Custom Search11, and PubMed on the
same set of queries, using the same evaluation methodology. To avoid previ-
ous searches influencing the results, all searches on Google were made after
clearing browsing data and logging off any Google account.

The first three pages of results for each query, with 10 results per page,
were saved and evaluated for all Google searches. Three pages of results
were saved because many of the results pointed to the original articles from
which the queries were extracted. These articles were eliminated from the
results, and the new top 20 documents were evaluated.

Google Search imposes a 32-word limit (after the elimination of stop-
words) for the search query and truncates queries exceeding this limit. Only
2 out of the 30 queries in the rare diseases query collection were truncated.
For all experiments, the system was evaluated on the truncated versions of
those two queries.

On PubMed, the first 50 results were saved for each query and, as in the
case of Google, the original articles from which the queries were extracted
were discarded. The remaining top 20 articles were evaluated. The search
was performed using the default settings. Notably, by default, PubMed dis-
plays the retrieved documents in reverse chronological order of their publish
date.

3.8.2 Measuring search time

It is difficult to reliably assess the time it would take a clinician to find the
correct diagnostic hypothesis using a web search tool without the help of
medical personnel. However, we tried to overcome this problem by counting
the number of words to read and clicks to press until arriving at the correct
diagnosis. To simplify the evaluation, we assumed that the user would go
through the results page from start to finish, stopping when the correct
disease is read. If the correct disease is not mentioned in the results page,
then the reader would start following the links associated to the results, in
the order they were ranked. We consider that each click to an article would
take at least one minute of the user’s time before an assessment of relevance
is made.

10Google Search, http://www.google.com/
11Google CSE, http://www.google.com/cse/
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Chapter 4

Results

4.1 Efficiency and Effectiveness

As part of the evaluation process of the system discussed in this work, we
performed both efficiency tests and effectiveness evaluation experiments.
The scope of efficiency tests is to elucidate the system’s behaviour with
respect to time and space constraints. On the other hand, effectiveness
measures evaluate the system with respect to its ability to find relevant
information.

4.1.1 Efficiency scores

The efficiency of the system can be assessed by measuring the time and
space requirements of the data acquisition and indexing processes, and more
importantly, the throughput and latency of the querying process.

For all measurements, the testing machine was a Xen1 virtual instance
running the x86-64 version of CentOS 5.5 Linux distribution2. The virtual
instance was allocated with 1 GB RAM, and 100 GB of disk space, and ran
on an Intel Xeon E5530 clocked at 2.40 GHz.

In order to create the index, we first need to download the raw datasets
from their respective sources and preprocess them. Measuring this process
is important because it is the most time and space consuming. The time di-
mension of data acquisition is mostly determined by the constraints imposed
by the data owners. For web resources, we limit the scrapper to download
at most three resources per source every second. To speed up the acquisi-
tion time, data downloading and preprocessing are performed in parallel, by
creating a separate thread for each resource provider.

The indexing process is performed on a set of TREC-formatted files rep-
resenting the processed raw data. For this evaluation, the index creation

1Xen Hypervisor, http://www.xen.org
2CentOS, http://www.centos.org
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Rare RareGenet

Querying
Query throughput 142 queries / min 121 queries / min
Query latency 0.42 s 0.49

Indexing
Indexing Time 10 s 57 s
Index Size 28 MB 227 MB

Data acquisition
Download + Transform Time 6949 s (115.8 min) 6940 s (115.7 min)
Download Size 613 MB 791 MB
TREC Transform Size 17.19 MB 162.2 MB

Table 4.1: Efficiency scores, measured on the two indexes Rare and
RareGenet.

process was allocated 500 MB of RAM. Stemming was enabled (the Krovetz
stemmer algorithm was used).

In order to measure the query throughput and latency, we used the queries
from both query collections, the rare diseases query collection and the diffi-
cult cases query collections, totalling 56 queries. The system was queried 10
times using the 56 queries and the average latency and throughput measures
were recorded (Table 4.1).

4.1.2 Effectiveness scores

For the task of diagnosing, medical literature suggests that it is crucial
to have the correct disease considered in the set of diagnostic hypotheses
(Section 2.1.1.1). As the goal of this system is to generate hypothesis
ideas, we consider the presence of the correct disease in the top 20 results
as the primary effectiveness measure. We also consider that the rank would
influence the chances for a disease to be considered as a hypothesis.

Therefore, in the evaluation of the system, we also employ the following
effectiveness scores: mean reciprocal rank (MRR), average precision at ranks
10 and 20 (P@10 and P@20), and the normalized discounted cumulative gain
at ranks 10 and 20 (NDCG@10 and NDCG@20) [45]. These scores measure
different aspects of the ability of the search engine to retrieve and rank the
most relevant documents given a query.

4.1.2.1 Mean reciprocal rank

The reciprocal rank score is equal to the inverse of the rank where the first
relevant document was retrieved (marginally relevant documents excluded).
Let RR denote the reciprocal rank for a given query, then:

RR =
1

rank1
, (4.1)
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where rank1 denotes the rank of the first relevant document retrieved.
The mean reciprocal rank is computed by averaging the reciprocal rank

for queries where a relevant document was retrieved. Queries for which no
relevant document was retrieved have a reciprocal rank equal to zero.

This relevance measure is suited for our purpose as we are mostly inter-
ested at what rank the correct diagnosis is first retrieved. It is important for
the correct document to be first mentioned higher in the ranking, because
that is when the doctor may consider it as a diagnostic alternative. Given
the constraints of the clinical setting, the clinician may not have the time
to look over all 20 results. The MRR measure severely penalises queries for
which the first relevant document is not returned as the first result.

4.1.2.2 Average precision at rank n

Precision measures the proportion of retrieved documents that are relevant.
In the case of a diagnostic system, good precision could be seen as a confir-
mation of a hypothesis.

Let P denote the precision for a given query, then:

P =
|Rel ∩Ret|
|Ret| , (4.2)

where |Ret| denotes the number of retrieved documents, and |Rel ∩ Ret|
denotes the number of retrieved documents that are relevant.

Marginally relevant documents are considered non-relevant for this mea-
surement, as we use binary relevance in computing the precision, and are
interested only in highly relevant documents.

In the evaluation, precision was measured at two ranks, considering only
the topmost results returned by the system. This is called precision at
n and denoted P@n. Considering this, the average precision is computed
by averaging the precision values from the rank positions where a relevant
document was retrieved.

In the setting of clinical diagnosis of rare diseases, we can argue that
precision at rank 10 is more important, as the clinician is expected to be
confronted for the first time with unknown diseases, and might need some
time to reflect upon a disease and form a hypothesis.

4.1.2.3 Normalized discounted cumulative gain at rank n

Unlike the previous relevance measures, the discounted cumulative gain
(DCG) uses a graded relevance. Graded relevance, as opposed to binary
relevance judgements, distinguishes between different levels of relevance of
a document. We chose to give grade 3 to relevant documents and grade 1
to marginally relevant documents. Marginally relevant documents are those
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that, although not on the topic of the correct disease, mention the correct
diagnostic as an alternative.

Let DCGn denote the discounted cumulative gain for a given query at
rank n, then:

DCGn = r1 +
n∑

i=2

ri
log2 i

, (4.3)

where ri denotes the relevance grade for rank i. To take into account that
results at lower ranks have reduced influence, their grade is divided by the
binary logarithm of their rank.

In order for queries with different number of relevant documents to be
compared, we compute the ideal discounted cumulative gain (IDCG) by
computing the DCG for the ideal ranking (obtained by a descending sort
of the relevance grades). Then, the normalized discounted cumulative gain
(NDCG) at rank n is computed by:

NDCGn =
DCGn

IDCGn
, (4.4)

4.2 Experimental Evaluation

In order to evaluate the research questions from Section 1.3, the effectiveness
of the developed vertical search engine was tested on the two indexes Rare
and RareGenet, and compared the results with the effectiveness of other
systems used by clinicians: Google Search, two customized Google search
engines, as well as PubMed.

4.2.1 Rare and RareGenet indexes

The evaluation of the search engine on the two indexes, Rare and RareGenet,
had the goal of establishing if the inclusion of genetic disease articles would
improve the effectiveness without degrading efficiency, as well as establishing
whether by increasing the prior probabilities of the relevance of the rare
disease articles improves the overall effectiveness.

The queries were entered as they are listed in Appendix A. For each
query, the system returned the twenty top ranked documents.

4.2.1.1 Rare diseases query collection

Comparing effectiveness of Rare and RareGenet indexes

Overall, the system performs better on the RareGenet index, confirming
the hypothesis that adding genetic diseases, which represent 80% of the rare
diseases, would improve the coverage of the system. As such, on the Rare
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Rare RareGenet

Total number of cases 30 30

Correct diagnosis in top 10 20 (66.67%) 21 (70%)
Correct diagnosis in top 11-20 0 (0%) 2 (6.67%)
Correct diagnosis not found 10 (33.3%) 7 (23.33%)

Mean reciprocal rank (MRR) 0.445 0.467
Average precision rank 10 (P@10) 0.123 0.157
Average precision rank 20 (P@20) 0.073 0.105
NDCG@10 0.516 0.423
NDCG@20 0.536 0.493

Table 4.2: Effectiveness of the two indexes on the rare disease query
collection . Including the articles on genetic diseases improves the overall
performance of the system. Retrieval on the RareGenet index results in
finding the correct diagnosis in 76.67% of the cases (23 out of 30 cases).

index, the system returns relevant results for 20 queries (66.67%). In con-
trast, on the RareGenet index, this number increases to 23 (76.67%). The
results for the rare disease query collection are summarized in Table 4.2.

Although most of the effectiveness metrics improve, notably the NDCG
scores drop for the RareGenet index. This indicates that, for the RareGenet
index, the ranking of relevant documents deviates more from the ideal rank-
ing than is the case for the Rare index document ranking.

It should be noted that for one of the 30 cases the correct diagnosis is not
in the Rare index; specifically, for case 18-1-1 (correct diagnosis: Ligase 4
syndrome). Thus, it can be argued that this case should be eliminated from
the evaluation process. If so, retrieval on the Rare index results in 68.96%
(20 out of 29) cases with the correct diagnosis in the results.

The hypothesis also holds true when considering the OJRD and 5-cases
query collections separately. For the queries from the OJRD query collection,
retrieval on the RareGenet index results in finding the correct diagnosis in
72% of the cases (18 out of 25 cases), while on the Rare index it finds the
correct diagnosis in 60% of the cases. For these cases, on the Rare index,
MRR was 0.394, P@10 was 0.116 and P@20 was 0.068. Similarly, for the
RareGenet index, MRR was 0.459, P@10 was 0.160, and P@20 was 0.106.
For the 5-cases query collection proposed by a physician, the system finds
all correct diagnoses (100%) for both indexes.

However, in some cases, for example for query H-5, the rank of the first
relevant document drops from 1 to 15 for the RareGenet index. Genetic dis-
ease articles have in general a higher rank than the rare disease articles and
result in lower ranks for the rare disease articles that might be more relevant.
On the other hand, the intuition was that including genetic disease articles
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will result in more correct diagnoses being found. This was confirmed by
the fact that three cases that were not correctly diagnosed using the Rare
index were found using the RareGenet index.

Assigning prior probabilities based on article topic

Motivated by these observations, documents from the RareGenet index were
assigned prior probabilities of relevance in accordance to the type of disease
they cover. Thus, documents that also appear in the Rare index were as-
signed higher relevance probabilities than the rest, the intuition being that
rare disease articles are highly relevant for our task. If C denotes the index
containing both rare and genetic disease documents, then:

P (R|C)x+ P (G|C)y = 1, (4.5)

where x = φy (φ is the boosting factor), and P (R|C) (resp. P (G|C)) de-
notes the probability of relevance of all rare disease (resp. genetic disease)
documents in the index C.

By giving a four times higher (φ = 4) relevance prior probability to those
articles that are about rare diseases, the number of relevant documents in
the top ten results increases from a value of P@10 of 0.157 to 0.173, as well as
the NDCG@10 from 0.423 to 0.433, indicating that relevant documents are
ranked higher for the first ten results. For the less important results from
ranks 11 to 20, precision increases from 0.105 to 0.115, while NDCG@20
remains the same. This indicates that relevant rare disease articles that
were previously not retrieved are now appearing at lower ranks, and rare
disease articles that were previously retrieved at lower ranks are now closer
to the top. Despite the better ranking, the number of cases for which the
correct diagnosis is retrieved remains the same. Results are in Table 4.3.

These experiments were ran using the query likelihood model with Dirich-
let smoothing at default settings. That is, using the Krovetz stemmer, no
stop words removal, and a smoothing parameter with the value of 2500
(µ = 2500).

Although we did not systematically evaluate our system on a range of
values for µ (Chapter 5) to empirically establish the best smoothing pa-
rameter for our indexes, as the µ parameter was tunable in the model, we
did perform two additional evaluations for µ values of 800 and 4000 (Table
4.4). Even if the effectiveness of the system is not dramatically improved,
the performance with a µ value of 4000 slightly improves the overall effec-
tiveness with the exception of P@10. Combined with the prior probabilities
boost factor of 4 for the relevance of rare disease articles, the improvements
in performance are even more evident (as seen in Table 4.4). As a result,
for all experiments that follow, we have chosen to use a µ value of 4000 for
the smoothing.
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RareGenet φ = 2 RareGenet φ = 4

Number of cases 30 30

Correct diagnosis in top 10 21 (70%) 21 (70%)
Correct diagnosis in top 11-20 2 (6.67%) 2 (6.67%)
Correct diagnosis not found 7 (23.33%) 7 (23.33%)

Mean reciprocal rank (MRR) 0.468 0.469
Average precision rank 10 (P@10) 0.167 0.173
Average precision rank 20 (P@20) 0.110 0.115
NDCG@10 0.431 0.433
NDCG@20 0.490 0.492

Table 4.3: Effectiveness scores obtained by boosting the relevance
of the rare disease articles (with boosting factors φ of 2 and 4) on the rare
disease queries collection. The number of correct diagnoses found in top 10
and top 20 remains the same as for retrieval from index RareGenet without
using priors. However, the performance scores have slightly improved (the
rank of the correct disease is higher and the number of relevant documents
has increased).

4.2.1.2 Difficult cases query collection

The evaluation results for the retrieval from Rare and RareGenet for the
difficult cases query collection are summarized in Table 4.5.

As noted in the evaluation of the rare diseases query collection, retrieval
on the RareGenet index performs better than using the Rare index. The
percentage of queries for which the correct diagnosis was found in the results
using the RareGenet index is 50% (13 of 26 cases). Of these 13 queries, all
had the correct diagnosis first mentioned in the top 10 results, and 6 of them
had the correct diagnosis first mentioned in the top 5 results. Retrieval on
the Rare index results in finding the correct diagnosis in 38.46% of the cases
(10 of 26). Of these 10 queries, 9 had the correct diagnosis mentioned in
first 10 results, and 6 of them in the first 5 results.

Three cases correspond to diagnoses that were not found in either of our
document indexes. If we exclude these cases, and consider only the subset
of 23 cases from the rare diseases query collection for which the correct
diagnosis is found in the indexes, retrieval from the Rare index results in
43.47% (10 of 23) cases solved, and 56.52% (13 of 23) for retrieval from the
RareGenet index.

Of the 26 cases included in the difficult cases query collection, 22 have
been identified as rare disease entries in the Orphanet database. If we con-
sider this subset of 22 rare disease cases, retrieval on the two indexes Rare
and RareGenet results in 45.45% (10 of 22), respectively 59.09% (13 of 22)
queries with the correct diagnosis mentioned in top 20 results. Moreover,
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µ = 4000 RareGenet RareGenet φ = 2 RareGenet φ = 4

C.d. in top 10 22 (73.33%) 22 (73.33%) 23 (76.67%)
C.d. in 11-20 1 (3.33%) 1 (3.33%) 0 (0%)
C.d. not found 7 (23.33%) 7 (23.33%) 7 (23.33%)

MRR 0.496 0.481 0.481
P@10 0.147 0.160 0.173
P@20 0.107 0.112 0.122
NDCG@10 0.434 0.438 0.448
NDCG@20 0.505 0.504 0.503

µ = 2500 RareGenet RareGenet φ = 2 RareGenet φ = 4

C.d. in top 10 21 (70%) 21 (70%) 21 (70%)
C.d. in 11-20 2 (6.67%) 2 (6.67%) 2 (6.67%)
C.d. not found 7 (23.33%) 7 (23.33%) 7 (23.33%)

MRR 0.467 0.468 0.469
P@10 0.157 0.167 0.173
P@20 0.105 0.110 0.115
NDCG@10 0.423 0.431 0.433
NDCG@20 0.493 0.490 0.492

µ = 800 RareGenet RareGenet φ = 2 RareGenet φ = 4

C.d. in top 10 21 (70%) 21 (70%) 21 (70%)
C.d. in 11-20 0 (0%) 0 (0%) 0 (0%)
C.d. not found 9 (30%) 9 (30%) 9 (30%)

MRR 0.437 0.438 0.438
P@10 0.167 0.170 0.163
P@20 0.103 0.107 0.112
NDCG@10 0.461 0.447 0.434
NDCG@20 0.496 0.497 0.496

Table 4.4: Effectiveness scores for the rare disease queries collection
obtained by changing φ and µ. Performance evaluation using boosting
factors φ of 2 and 4, and µ values of 800, 2500 and 4000.
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Rare RareGenet

Total number of cases 26 26

Correct diagnosis in top 10 9 (34.61%) 13 (50%)
Correct diagnosis in top 11-20 1 (3.84%) 0 (0%)
Correct diagnosis not found 16 (61.54%) 13 (50%)

Mean reciprocal rank (MRR) 0.158 0.186
Average precision rank 10 (P@10) 0.054 0.073
Average precision rank 20 (P@20) 0.042 0.044
NDCG@10 0.358 0.279
NDCG@20 0.390 0.325

Table 4.5: Evaluation of Rare and RareGenet on the difficult cases
text collection . Including in the search the articles about genetic diseases
improves the performance of the system. Retrieval on the bigger index,
RareGenet, concludes in finding the correct diagnosis in 50% of the cases.

for RareGenet, the MRR score would improve to 0.219 and P@10 to 0.086.
The authors of the original BMJ article providing this query collection

extracted three to five search terms for each of the 26 NEJM published
case. They had the Google search engine in mind from the beginning, and
thus one could argue that these queries were tailored for Google search -
short queries consisting of only a few keywords that would ”not return a
non-specific result” [18].

However, in the clinical setting, at the time and place where diagnostic
decisions are made, the clinician has access to a larger amount of patient
information that could be relevant, and thus is more likely to introduce a
more detailed description of the case. As the authors of the BMJ article also
provided the synopses of the NEJM cases, we have designed an experiment
to compare the performance of the system on these synopses. The average
number of terms in a query from this difficult cases synopses collection is
9.38 (it was 5.0 for the difficult cases query collection).

For the difficult cases synopses collection, retrieval on RareGenet results
in finding the correct diagnosis mentioned in 34.62% (9 of 26) cases, and on
Rare in 38.46% (10 of 26) cases. Thus, it performs poorly when compared to
the results obtained on the difficult cases query collection. However, some of
the queries returning relevant results on the synopses did not return relevant
results on the difficult cases query collection, indicating that a combination
of synopses and keywords could perform better together than individually.

4.2.2 Google Search and Google Custom Search

As the Google search engine proved to be the most widely used web tool
in the clinical setting, it was evaluated and compared in performance with
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Figure 4.1: Web resources. The Rare index contains documents extracted
from eight rare disease web sources, while the RareGenet index also adds
documents extracted from three genetic disease web sources. Meanwhile,
the customized search engines Google CSE Restricted and Google CSE Web
were customized on these eleven web sources plus five more web pages. The
standard Google Search retrieves from the entire web.

our system. Moreover, two versions of Google CSE were customized and
evaluated. The first custom search, referred to as Google CSE Restricted
for the purpose of this evaluation, was restricted on the resources used by
our system and five additional web pages. The five additional web pages
consisted mostly of links to other web resources and thus were not included
in our indexes. The second custom search, referred to as Google CSE Web,
was set to search the entire web, but emphasize the sources provided to
Google CSE Restricted. See Figure 4.1 for the list of resources used in
customizing the Google search.

4.2.2.1 Rare diseases query collection

As Google CSE Restricted was customized to retrieve from a superset of the
web resources we used in our system, it is the most similar in terms of index
content. However, as shown in Table 4.6, it performs the worst. This could
indicate that the algorithms Google uses may be tailored for web search and
not for a restricted set of resources. This is confirmed by the performance
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Rare RareGenet Google
Search

Google
CSE Rest.

Google
CSE Web

No. of cases 30 30 30 30 30
Corr. diag. top 10 20(66.67%) 21 (70%) 5(16.67%) 1(3.33%) 6(20%)
Corr. diag. top 20 0 (0%) 2 (6.67%) 0 (0%) 0 (0%) 1(3.33%)
Corr. diag. NF 10 (40%) 7(23.33%) 25(83.33%) 29(96.67%) 23(76.67%)
MRR 0.445 0.467 0.056 0.033 0.173
P@10 0.123 0.157 0.023 0.003 0.030
P@20 0.073 0.105 0.013 0.002 0.017
NDCG@10 0.516 0.423 0.168 0.033 0.275
NDCG@20 0.536 0.493 0.189 0.033 0.283

Table 4.6: Effectiveness of Google on the rare disease query col-
lection . Performance comparison between the vertical search engine and
Google, Google CSE Restricted, and Google CSE Web.

of Google CSE Web which combines Google’s general search index with the
given custom resources. This hybrid approach performs considerably better
than both the regular Google search and Google CSE Restricted, finding the
correct diagnosis in 23.33% (7 out of 30) of the cases. However, our system
manages to find the correct diagnosis in 23 cases (76.67%).

The performance of the Google Search and the two customizations of
Google CSE is similar on all query collections. For the 25 cases from the
OJRD collection, retrieval on Google Search results in the correct diagnosis
being found in 3 cases (12%), the Google CSE Web results in finding the
correct diagnosis in 4 cases (16%), while Google CSE Restricted does not find
any of the correct diagnoses (0%). Our system finds the correct diagnosis in
18 cases (72%). Similarly, for the 5-cases query collection, retrieval on the
general Google Search results in finding the diagnosis in 2 cases (40%), the
Google CSE Web finds the correct diagnosis in 3 (60%), and Google CSE
Restricted in 1 (20%). This is in comparison with our system that finds the
correct diagnosis for all five cases.

One of the issues that seems to affect Google’s performance is the length
of the queries from our query collection. As Google is focused on general
web search, it is a reasonable assumption that, in that setting, most queries
will be much shorter. However, a clinical case deemed difficult will probably
be described in more than a few keywords. Thus, given the relatively poor
results of the Google search engines on our query collection, we can conclude
that it is not tailored for the task of diagnosing.

4.2.2.2 Difficult cases query collection

A controversial study of the usage of Google Search as an aid in diagnosing
difficult cases concluded that for the difficult cases query collection in 58% of
the cases the correct diagnosis was found using Google Search [18]. However,
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Rare RareGenet Google
Search

Total number of cases 26 26 26
Correct diagnosis in top 10 9 (34.61%) 13 (50%) 11 (42.30%)
Correct diagnosis in top 11-20 1 (3.84%) 0 (0%) 2 (7.69%)
Correct diagnosis not found 6 (61.54%) 13 (50%) 13 (50%)
Mean reciprocal rank (MRR) 0.158 0.186 0.380
Average precision rank 10 (P@10) 0.054 0.073 0.123
Average precision rank 20 (P@20) 0.042 0.044 0.106
NDCG@10 0.358 0.279 0.391
NDCG@20 0.390 0.325 0.506

Table 4.7: Effectiveness of Google on the difficult cases query col-
lection . Performance comparison between the vertical search engine and
Google.

the study is hard to reproduce as not all evaluation settings were given.
Nevertheless, we decided to replicate their study with our own methodology
as described in Section 3.8. The evaluation results for the general Google
Search on the difficult cases query collection are summarized and compared
with retrieval from Rare and RareGenet in Table 4.7.

In terms of the percentage of queries for which the correct diagnosis
was found, both Google Search and our vertical search engine using the
RareGenet index succeeded in finding the correct disease in 50% of the
cases. However, the MRR score of the Google search engine is considerably
better, 0.380 compared to 0.186, which could be expected since this query
collection was optimized for web search, as discusses in Section 4.2.1.2.

If we eliminate the four cases of diseases that are not classified as rare, the
results are as follows: Google Search finds the correct diagnosis in 54.54%
cases (12 of 22), while on our search engine using the RareGenet index, the
correct diagnosis is found in 59.09% cases (13 of 22), with MRR values of
0.426 for Google Search and 0.219 for RareGenet.

4.2.3 PubMed

Besides Google Search, PubMed is also popular with clinicians [7, 9, 53].
Thus, we evaluated its effectiveness in retrieving relevant articles for the
two query collections, and compared the results with those obtained by the
developed vertical search engine.

4.2.3.1 Rare diseases query collection

Searching on PubMed for correct diagnoses on the rare diseases query col-
lection returned no results, with the exception of three query searches that
retrieved only the original articles from which the queries were extracted.
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As the searches were performed using the queries as listed in Appendix A,
that is, comma-separated patient symptoms, the parser used by PubMed
automatically replaces the commas with AND operators, which forces the
matching algorithm to return only those articles containing all symptoms.
This is not necessarily desired, especially in the case where there is a long
list of symptoms that a patient presents, as is the case with the set of queries
contained in the rare diseases query collection.

An alternative would be to replace commas with OR operators, but this
results in matching the query with all documents that contain at least one
of the terms in the query’s OR symptoms list. Moreover, these documents
are returned based on article meta-information, such as publishing date (de-
fault choice), and cannot be ranked based on, for example, the number of
symptoms that are covered in a document. Even when using a research
methodology filter such as the Diagnosis category filter which limits results
to the specific area of clinical diagnosis3, the number of results is unman-
ageable in clinical setting (tens of thousands of results).

Another alternative is to make use of the three boolean operators (AND,
OR, NOT) provided by PubMed, and combine these with fields designa-
tions, such as ”MeSH terms”, or parentheses, in order to reformulate the
query based on the relevance of some symptoms or query terms. However,
this is rarely used by clinicians searching PubMed [9, 54]. Another issue of
this advanced query formulation task is that it is necessary to have an un-
derstanding of the significance of patient symptoms to be able to reduce the
number of query terms, which in the case of rare diseases might be difficult
as many have common, non-specific symptoms.

The queries from the rare diseases query collection include exhaustive
lists of patient information, and PubMed does not perform well on them.
Excluding or reformulating some of the symptoms in order to shorten the
search query and better summarize the case might be an alternative. For
example, by summarizing query 15-1-1, ”teenager, girl, hypotonia, dehydra-
tion, acidosis, massive ketonuria, hyperammonemia” which initially returned
no results, to ”acidosis, massive ketonuria, hyperammonemia” concludes in
finding two articles, the first of which describes the correct diagnosis.

4.2.3.2 Difficult cases query collection

There is a major difference between the performance of PubMed on the two
query collections. While for the rare diseases query collection it does not
return any relevant result, on the difficult cases query collection PubMed
finds the correct diagnosis for 34.62% of the queries (9 out of 26). We also
repeated the search for the synopses of the difficult cases in this collection
(i.e. searched on the difficult queries synopses collection) which concluded

3PubMed Clinical Queries, http://www.ncbi.nlm.nih.gov/sites/pubmedutils/

clinical
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Rare RareGenet Google
Search

PubMed

No. of cases 26 26 26 26
Corr. diag. top 10 9 (34.61%) 13 (50%) 11 (42.30%) 7 (26.92%)
Corr. diag. top 20 1 (3.84%) 0 (0%) 2 (7.69%) 2 (7.69%)
Corr. diag. NF 6 (61.54%) 13 (50%) 13 (50%) 17 (65.38%)
MRR 0.158 0.186 0.380 0.276
P@10 0.054 0.073 0.123 0.046
P@20 0.042 0.044 0.106 0.035
NDCG@10 0.358 0.279 0.391 0.265
NDCG@20 0.390 0.325 0.506 0.290

Table 4.8: Effectiveness of PubMed on the difficult cases query
collection . Performance comparison between the vertical search engine,
Google and PubMed.

in finding the original articles from which the queries were extracted in four
cases, and no other documents being retrieved. This is similar with the
PubMed results for the rare diseases query collection.

While PubMed’s MRR is higher than the MRR of the vertical search en-
gine, the other effectiveness values are smaller. The MRR value of PubMed
is in such contrast to the other metrics because 7 of the 9 queries for which
PubMed finds the correct disease have the first relevant result at rank 1,
the remaining 2 results having ranks 11 and 12. By comparison, our system
returns the relevant results at rank 1 in only 3 cases, and the MRR score
penalizes results where the relevant documents have lower ranks. As such,
although all other metrics are better for our system, PubMed scores better
in terms of MRR.

If the four queries for which the correct diagnoses were not found in
the Orphanet database are excluded from the query collection, PubMed
finds the correct diagnoses in 36.36% of the cases (8 out of 22), while on
the RareGenet index, the developed vertical search engine finds the correct
diagnosis in 59.09% of the cases (13 of 22). The MRR for PubMed would
become 0.280, while for RareGenet it would be 0.219.

4.3 Search Time

The objective of the following experiment was to asses whether the developed
vertical search engine is more effective in terms of time spent for answering
diagnostic questions than the other systems used by clinicians.

This was tested on a subset of the two query collections. For the rare
diseases query collection, only those queries that resulted in the correct di-
agnosis being found by both Google Search and the vertical search engine
using the RareGenet index were selected (PubMed did not solve any of the
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cases from this collection). For the difficult cases query collection, the se-
lected subset consisted of those cases solved by our system, Google Search,
and PubMed. In total, this experiment was performed on 11 cases (5 from
the rare diseases query collection, and 6 from the difficult cases query col-
lection).

Ideally, this experiment would have involved clinicians using each of the
systems to find the correct diagnosis. However, as this was not possible, we
used the methodology described in Section 3.8.2.

The measures used in the experiment consist of the number of words to
be read and the number of clicks needed to arrive at the correct diagnosis.
For the subset from the rare diseases query collection, using our system a
user would have to read on average 9.6 words before the correct diagnosis is
mentioned, while with Google Search, the correct diagnosis would be read
after an average of 282.6 words (Appendix C). For this subset of queries,
no clicks were required from either systems, as the correct diseases were
mentioned in the results page. For the subset from the difficult cases query
collection, a user would read on average 13.2 words using our system until
the correct diagnosis is mentioned, no additional clicks being required. For
the same query subset, using Google would require an average of 22.7 words
being read and 2 clicks being pressed, with an additional average of 163
words to be read after the clicks, before reading the correct diagnosis. In
the case of PubMed, an average of 49.2 words would have to be read, 1 click
pressed, and 131 words read after the click for the correct diagnosis to be
mentioned (Table C.9).

This experiment shows that a clinician using our system would spot the
correct disease faster than by using the other two systems. Combining this
with the fact that our system effectiveness is overall better than the other
systems, we could argue that using our system decreases the search time
spent by clinicians looking for rare disease diagnostic hypotheses.

4.4 Failure Analysis

Experimental evaluation on the rare diseases query collection shows that
the vertical search engine using the RareGenet index can find the correct
diagnosis for 23 of 30 rare disease cases (76.67%). Still, for seven cases of
the rare disease query collection (see Table 4.9), the correct diagnosis is
not found using this system, although documents on the diseases exist in
the index. In what follows, we intend to analyse the reasons for which our
system failed in these cases.

After the queries extraction process, the search queries were validated
by a clinician4. For cases 7-1-1, 12-1-1, and 13-1-1 we have received a few
comments from him regarding the difficulty of correctly diagnosing these

4Henrik L. Jørgensen, chief physician at Bispebjerg Hospital
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Query ID Final Diagnosis Query

1-1-1 Rothmund-
Thomson syndrome

6 year old, girl, weight length head circumference below the third
percentile, atrophic and hyperpigmented skin lesions, pointed nose,
aberrant thumbs with diminished flexion, bilateral glue ears, purulent
rhinitis

7-1-1 Congenital hepatic
fibrosis

10 year old, girl, thrombocytopenia, splenomegaly, headache, itching
rubeoliform rash

9-1-1 Type I tyrosinemia 4 month old, boy, epistaxis, haematemesis, haematochezia, subcon-
junctival bleeding, petechiae, haematomas, haemangioma, slightly en-
larged liver, elevated serum transaminases

12-1-1 Whipple’s disease 64 year old, male, inflammatory back pain, flares of arthritis, multi-
segmental spondylitis

13-1-1 Dengue hemorrhagic
fever

70 year old, male, massive hemoptysis, respiratory distress, anemia,
hemodynamic instability, renal failure, intense headache, arthralgia,
myalgias, ecchymoses over arms and abdomen, acidosis, pleural effu-
sions, blood tinged secretion from lungs

18-1-1 LIG4 syndrome girl, pronounced microcephaly, short stature, psychomotoric delay,
distinctive facial appearance, thrombocytopenia, anemia, leukocy-
topenia, pancytopenia, growth retardation, telecanthus, epicanthal
folds, ptosis, infections of the inner ear and respiratory tract, hy-
poplastic marrow with cellular dysplasia

20-1-1 Terminal deletion of
chromosome 4q

21 year old, female, irregular menses, menorrhagia, hand and foot
malformation, ovarian cyst, basic cognitive function

Table 4.9: The seven cases from the rare diseases query collection
for which the correct diagnosis was not found by the vertical search engines
using the RareGenet index, although documents on these diseases exist in
the index.

cases. The comments were the following: for case 7-1-1 ”these symptoms
could be caused by many different diseases, including some fairly common
ones”, for case 12-1-1 ”in a patient of 64 years, these symptoms could be
caused by a multitude of diseases, most of them much more common than
the rare infectious disease”, and for case 13-1-1 ”interesting, although not
that uncommon; several other similar infections could produce a picture like
this”. The common feature describing these cases is that their presentation
is very likely to fit a multitude of other diagnostic hypotheses much more
probable to occur than the correct disease. Thus, they are even more difficult
to diagnose and more likely to result in misdiagnoses or diagnosis delays
caused by numerous laboratory tests and therapeutic trials. It is worth
mentioning that neither Google Search nor any of the Google customized
search engines found the correct diagnoses for the seven cases where our
system failed.

For the difficult cases query collection, the system failed to retrieve the
correct diagnosis for 13 of the queries (50%) using the RareGenet index
(Table 4.10). Four of these thirteen cases are not listed as rare diseases by
the Orphanet rare disease database (4 of 13, 30.76%). As a result, three of
these diseases are not even part of our index, which is to be expected, as
our index is focused on the topic of rare diseases.

From the remaining nine cases, one of the queries pertains to a patient
simultaneously suffering from two diseases. This type of cases are obviously
harder to elucidate. In our evaluation methodology, a document must cover
both diseases in order to be considered relevant for such a case. This is
probably a flaw since the patient could benefit from any of the diseases
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BMJ
Case

BMJ Synopsys BMJ Google Search
Terms

BMJ Final Diag-
nosis

Is
rare

In
Rare
Genet

Ret.
by
Google

Ret.
by
PubMed

5 53 yo man with depression,
Aortic regurg, heart block
and acute puloedema.

Acute Aortic regurgi-
tation, depression, ab-
scess

Infective endo-
carditis

Yes Yes No Yes

6 58 yo newly diagnosed oe-
sophageal cancer, refrac-
tory hic cups and vomiting

oesophageal cancer,
refractory hic cups,
nausea, vomiting

Linitis plas-
tica with bowel
obstruction

Yes Yes No No

8 10 yo boy with right thigh
pain and CT showed lytic
R hip lesion

hip lesion, older child Osteoid osteoma No Yes No No

9 67 yo man with acute res-
piratory failure, exposure
to bird dropping

HRCT centrilobu-
lar nodules, acute
respiratory failure

Hot tub lung
secondary to M
avium

Yes Yes No No

10 73 yo fever, thigh pain,
urinary frequency, previ-
ous statin use

fever, bilateral thigh
pain, weakness

Ehrlichiosis Yes Yes No No

14 38 yo man with ulcerative
colitis, fever, blurred vi-
sion and dyspnoea

ulcerative colitis,
blurred vision, fever

Vasculitis Yes Yes No No

15 80 yo man with dyspnoea
and proteinuria

nephrotic syndrome,
Bence Jones, ventric-
ular failure

Amyloid light
chain

Yes Yes Yes No

16 9 yo female with headache,
hypertension, visual dis-
turbance

hypertension, pa-
pilledema, headache,
renal mass, cafe au
lait

Pheochromocytoma Yes Yes Yes No

17 22 yo female with back
pain, pulmonary infil-
trates, rapidly progressing
to death

sickle cell, pulmonary
infiltrates, back pain

Acute chest syn-
drome

No No Yes Yes

18 45 yo female with painful
abdo mass

fibroma, astrocytoma,
tumor, leiomyoma,
scoliosis

Endometriosis Yes Yes No No

19 17 yo female Tsunami sur-
vivor with respiratory dis-
tress and R hemiplegia

pulmonary infiltrates,
cns lesion

Aspiration pneu-
monia and brain
abscess (polymi-
crobial)

No No No No

25 40 yo with wt loss, sweats
and persistent fever after
food poisoning.

portal vein thrombo-
sis, cancer

Pylephlebitis No No No No

31 60 yo man with buttock
purpuric rash, chronic re-
nal failure.

buttock rash, renal
failure, edema

Cryoglobulinaemia Yes Yes No No

Table 4.10: The 13 cases from the difficult cases query collection
for which the correct diagnosis was not found by the vertical search engine
using the RareGenet index.
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being identified and managed.
From the 13 cases for which our system failed to find the correct diagnosis,

Google Search succeeded in finding three of them (23.07%). Of these three,
the correct diagnosis for one case is not listed as a rare disease in Orphanet,
and is not indexed in RareGenet (Table 4.10). The relevant results returned
by Google for the remaining two articles are mostly published case reports.
This suggests that we might improve the coverage of the system by including
additional medical case reports from, for example, PubMed Central Open
Access Subset.

PubMed succeeded in finding the correct diagnosis in a total of 9 cases.
Out of these, two were not found by our system. One was not indexed by
our system and it was not listed as a rare disease in Orphanet, and the other
was only retrieved by PubMed, as neither our system nor Google managed
to retrieve relevant articles for the case.

While for the rare diseases query collection, which consists of long search
queries (22.17 terms on average), our system obviously outperformed Google,
on the queries from the difficult cases query collection (with 5 terms on av-
erage), the two systems perform similarly. We analyse the reasons why this
happens in the following chapter.
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Chapter 5

Discussion

5.1 Summary of the Experimental Evaluation

Effectiveness improvements over other systems

RQ1 Does the experimental evaluation of our system show substantial im-
provements over other systems in terms of document relevance?

The experimental evaluation of the vertical search engine, Google Search,
two Google custom searches, and PubMed shows that for most of the mea-
surements, the developed vertical search engine performs better, or at least
similar to the other systems. From the range of experiments performed,
the closest match to the overall effectiveness of our system is the Google
Search engine’s performance on the difficult cases query collection, where
both systems find the correct diagnosis in 50% of the cases. On all other
effectiveness experiments, our system consistently delivers better results.

The failure to perform better than Google on the difficult cases query
collection is probably a result of the query collection’s low average term
count, which means that only what are considered to be the most important
patient features are included in the query. It could be argued that searching
with a short query is a familiar search strategy for clinicians, but on the
other hand, at the time when diagnostic decisions are made, the clinician
has access to a variety of patient data, including history and test results.
Moreover, at this step, it is important to generate new hypothesis ideas as
opposed to forcing the clinician to select what patient information is the
most relevant for a diagnosis.

The effectiveness scores combined with a user interface optimised for the
task of diagnosing rare diseases could translate into an improved diagnostic
process by shortening search times and presenting more relevant diagnostic
hypotheses.
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Index coverage affecting the system’s effectiveness

RQ2 Does the inclusion of a larger pool of articles on the topic of genetic
diseases improve the effectiveness of the system in diagnosing rare dis-
eases?

From the experiments made on the developed vertical search engine, we
have identified that including in the system’s index articles on both rare and
genetic diseases results in better effectiveness scores than retrieving from a
smaller index containing mostly rare disease articles. This observation can
be explained by the fact that, by including genetic disease articles, many of
which are also rare, the disease coverage increases.

On the rare diseases query collection, retrieval from the RareGenet index
results in finding the correct diagnosis in 76.67% of the cases, while retrieval
from the Rare index results in finding the correct diagnosis in 66.67% of the
cases. On the difficult cases query collection, retrieval from the RareGenet
index results in finding the correct diagnosis in 50% of the cases, and retrieval
from the Rare index results in finding the correct diagnosis in 38.46% of the
cases. No major differences in MRR or NDCG are observed.

Although the index size increased by 207.8% with the inclusion of genetic
articles, efficiency measures results are not deteriorated and score below
the efficiency limit of 0.5 seconds for a response, which is perceived as an
instantaneous reply [45].

Therefore, the inclusion of genetic disease articles improves the overall
effectiveness of the system for both query collections without a major speed
impact. In the future, it would be interesting to see if similar improvements
can be achieved with an even wider collection of articles.

Using prior probabilities to increase the relevance of rare dis-
ease articles

RQ3 Does increasing the prior probabilities of the relevance of rare disease
articles in contrast to the relevance of genetic disease articles improve
the effectiveness of the system in diagnosing rare diseases?

With the inclusion of genetic disease articles into the index, many of the
documents returned for the tested queries belonged to the resources on ge-
netic diseases. As a consequence, some articles that were relevant using the
Rare index were not retrieved in top 20 any more. In order for those articles
to be ranked higher, we decided to increase the prior probabilities of the
relevance of all rare disease articles.

We measured the effectiveness for retrieval from the RareGenet index on
the rare diseases query collection using boosting factors φ of 2 and 4 for
the rare disease articles relevance, and compared these values with retrieval
without using prior probabilities. MRR, average precision and NDCG scores
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showed a slight improvement, although the number of cases for which the
correct diagnosis was found in the results remained the same.

When the experiments were repeated for two additional smoothing values
(800 and 4000), the best overall effectiveness was observed on the RareGenet
index with a boosting factor φ = 4 and a smoothing value µ = 4000. How-
ever, due to the fact that we manually evaluated the effectiveness, we did not
perform the evaluation on a range of µ and φ values. As a result, we cannot
assess how these values correlate with the effectiveness measurements.

Reducing the amount of time spent searching for diagnostic
hypotheses

RQ4 Does the use of our system, in comparison with other systems, decrease
the search time spent by clinicians looking for rare disease diagnostic
hypotheses?

Our experiments show that if a clinician is to read the results of a query
from start to finish, and then sequentially go through the linked articles if
the correct disease is not found in the results page, using our system would
be faster than using Google or PubMed.

These results are to be expected, as the system is optimised for the task
of generating diagnostic hypotheses. It should be mentioned that most of
the titles for the documents indexed by our system are those of the disease
they cover. As a result, almost always, if the correct diagnosis is retrieved,
the name of the correct disease or one of its synonyms appear directly in
the results page, without further clicks being necessary.

Although the time it takes to arrive at the first mention of the correct
diagnosis is better for our system, it is not clear if this would necessarily
translate into clinicians generating diagnostic hypotheses faster. The only
way to assess this with certainty would be by observing the clinicians using
the systems themselves.

5.2 Limitations and Directions of Future Work

The most important deficiency in evaluating the vertical search engine was
the fact that the authors themselves performed all the experiments and mea-
surements. Moreover, only previously reported patient cases were used for
the query collections. In the future, it is crucial that a tighter collaboration
with medical personnel is established in order to gather original rare disease
cases, have the clinicians perform relevance assessments, and understand
their searching behaviour. Even if the overall performance of the system
is better than that of other systems used by clinicians, there are numerous
directions for future work that could be explored.

57



5.2.1 Evaluation strategy

The tests and experimental evaluations were performed by two non-medical
experts not blinded to the correct diagnoses. While these experimental
laboratory tests show satisfactory results, further tests are needed before
the search engine can be used in clinical practice.

It would be interesting to further investigate the performance of the sys-
tem by designing a randomized controlled laboratory trial, where expert
evaluators (medical students, clinicians, general practitioners, or rare dis-
ease experts) are blinded to the correct diagnosis. Such an investigation
could establish the effectiveness of the system when used by medical spe-
cialists. Moreover, a field test could be conducted at a rare disease centre,
to provide an insight into what are the specific clinical needs, how to best
integrate the system into the clinical workflow, and test if such a system
could improve the diagnostic process.

The two query collections used to evaluate the system consist of 30, re-
spectively 26, queries representing rare disease and difficult cases. A larger
query collection comprised of novel rare disease cases should be constructed.
However, it is difficult to collect original descriptions of rare disease cases.
One way to collect such information is through clinicians that have encoun-
tered rare disease cases, but care must be taken to remove personal patient
information first.

One of the flaws of using previously used query collections or creating
collections from previously reported cases is that Google, as well as PubMed,
usually index the original articles discussing the cases. This issue has been
solved in our evaluations by merely eliminating the original articles, but this
approach could introduce some bias.

The query collections used in the evaluations do not have associated rel-
evance judgements. As we compare the developed system with web search
engines where it is difficult to identify all relevant documents for a given
query, we did not add relevance judgements. However, if the focus is more
on testing the performance of the system alone, relevance judgements could
be added, and thus the evaluation process could be improved. By automat-
ing the evaluation, a larger number of tests and experiments could be per-
formed. For example, it would be possible to find the best value for the µ
smoothing parameter for a given index. Moreover, because the number of
relevant documents for a query would be known in advance, the system’s
recall could also be measured.

As part of our efforts to understand the needs of clinicians, we had a
meeting with two experts on rare and genetic diseases from Rigshospitalet.
Even if we received positive feedback on a demonstration of the system, we
strongly believe that a better understanding of the clinical needs is crucial
for having such a system accepted by the medical professionals.
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5.2.1.1 Ranking diseases instead of documents

The disease ranking experimental version of the vertical search engine presents
to the clinician a list of ranked diseases extracted from the first 20 docu-
ments returned by the document ranking algorithm. This approach could
further decrease the search time for diagnostic hypotheses, since instead of
documents, every disease could have associated a short summary contain-
ing the disease description, symptoms, disease confirmation tests, genetic
causes, differential diagnoses, or other information aggregated from medical
resources.

In our tests, disease ranking sometimes manages to extract the correct
disease for more cases. For example, for the difficult cases query collection,
it finds four additional correct diagnoses for the Rare index, and three for
the RareGenet index (Appendix C). However, there are now on average 52
results for retrieval from the Rare index, and 341 for the RareGenet index,
and the MRR values decrease considerably.

Although for now disease ranking does not seem to be better at generating
diagnostic hypotheses, starting from the idea of returning diseases as results,
it would be probably interesting to further develop a visual graph of the
results and their interconnections. Such a visualization could prove useful
to see, for example, if the results come from a certain class of diseases,
possibly streamlining the diagnostic process.

5.2.1.2 Search time

The most important issue with our measurement of the time it would take
a clinician to arrive at the correct diagnosis is that we cannot observe the
clinicians using the evaluated systems. For example, our näıve approach
of considering that the clinician sequentially reads and clicks through the
results, is certainly far from real practice.

If a field study is to be conducted, a logging and timing of the clinicians’
actions would be a more appropriate and precise measurement. Addition-
ally, a qualitative test could point into the areas that could be improved to
decrease the time it takes clinicians to generate hypothesis ideas using the
vertical search engine.

5.2.2 System design

In our system, we have used the textual information from a variety of rare
and genetic disease resources. However, as hinted in Figure 2.2, many of
these resources provide additional information such as references to entries
in medical classifications, databases, or ontologies. Moreover, most of the
resources have a well-defined structure which means that disease synonyms,
symptoms, evolution, or treatment are usually separated into different sec-
tions. Although we have not used the structure or references to other med-
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Figure 5.1: PubMed translation into MeSH terms for the query ”21
year old, female, irregular menses, menorrhagia, hand and foot malforma-
tion, ovarian cyst, basic cognitive function”.

ical resources present in the documents indexed in our system, it is obvious
that this information could be used to improve the system. One possible
scenario would be the use of this information when displaying the results
for the most relevant documents or diseases. Another possibility would be
to try to improve the disease ranking algorithm by using the references to
other medical resources to compute similarity measures between diseases.
Additionally, the structure of the documents and natural language process-
ing (NLP) techniques could be used to identify a timeline of the disease’s
evolution or concepts associated to the disease, such as risk population, age
of onset, inheritance, or differential diagnosis.

Information extraction could be used to identify in the documents the
medical terms that appear in medical vocabularies such as those from the
UMLS Metathesaurus. This information could be used to filter the results
according to symptoms, identify known disease names, recognize temporal
expressions (e.g. previous symptoms or conditions for a patient), detect co-
reference (e.g. linking names that refer to the same disease) and identify
relations between entities (e.g. a disease considered in the differential di-
agnosis of another disease). For annotating the medical text, the following
classifications and ontologies could be used: UMLS Metathesaurus, HPO,
OMIM, ICD, Orphanet classification of rare diseases, Gene Ontology (GO),
MeSH headings, or the London Dysmorphology Database.

The same information extraction techniques can be applied on the user
queries, by matching the query terms with terminology from the medical
vocabularies and ontologies. For example, queries submitted to PubMed
are automatically translated into MeSH terms, as shown in Figure 5.1. Al-
though most of the queries we use in our evaluation include the age of the
patient, this information is not used in the vertical search engine. However,
by using the MeSH headings, an expression such as ”21 year old” is asso-
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ciated with the term ”adult”, which is added to the list of synonyms to be
used in the search. Besides enriching the query with synonyms, the medical
vocabularies could be used to provide spell checking functionality, and the
Metathesaurus in particular could help translate specialised medical terms
given in a different language.

Because the sources of information indexed by the vertical search engine
are heterogeneous in quality and style, it might be useful for the clinicians
to have the resources classified based on the type of language in which they
are written, either using expert medical terms or basic English [55]. In this
way, patient-oriented articles could be distinguished from articles addressed
to medical specialists.

Another possibility would be to correlate the retrieved results with ac-
tions that could be taken by the clinician in order to confirm or eliminate
hypotheses. For example, disease-associated tests for confirming the pres-
ence of a disease in the patient could be presented, as well as disease inher-
itance information that might guide the clinician in verifying the patient’s
medical history. Photographic images associated to those rare diseases that
present known dysmorphic features could also be integrated as additional
information for the retrieved results.

Besides rare diseases, there are also other situations in which elucidating
the diagnosis could be difficult, such as patients simultaneously suffering
from multiple diseases, or exhibiting atypical or non-specific presentations
[27]. It could be interesting to extend the collection of articles indexed by
the system and evaluate it on these types of difficult cases as well.
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Chapter 6

Conclusions

As a consequence of the low prevalence and unspecific symptoms of rare dis-
eases, patient suffering from a rare disease are faced with high misdiagnosis
rates and long diagnostic delays. Therefore, the area of rare disease diagno-
sis is one where information retrieval could improve practice, by making use
of the domain-specific knowledge from medical databases and the relations
between these. As part of this study, a functional rare disease vertical search
engine was developed with the goal of retrieving relevant documents given
textual patient descriptions.

The goal of the thesis was to create a freely available vertical search
engine dedicated to rare diseases that could be used by clinicians in their
differential diagnostic process. A document collection was extracted from
publicly available rare and genetic disease articles, on which state-of-the-art
IR techniques were applied. The user interface, inspired by the simplicity of
web search engines, allows clinicians to introduce any patient data as free
text and have a quick overview of the results, together with the option of
viewing more details for selected documents.

An important part of the study was to evaluate the effectiveness of the
developed vertical search engine as compared to other systems currently
used by clinicians when faced with diagnosing difficulties. Although no field
study was performed, our experiments show that the developed vertical
search engine has better overall performance than other systems.

Nevertheless, in order to establish if using such a system improves the
clinical practice, and in order to further investigate the clinical workflow
and understand how clinicians use the system, laboratory control trials and
field test will have to be conducted.
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of queries sent to PubMed at the point of care: observation of search
behaviour in a medical teaching hospital,” BMC Medical Informatics
and Decision Making, vol. 8, p. 42, 2008.

[52] H. G. Jensen and M. Andersen, “Support decision system for diagnosing
rare diseases using vector space model and medical text mining. Techni-
cal Report,” Institute of Computer Science at Copenhagen University,
January 2010.

[53] R. Thiele, N. Poiro, D. Scalzo, and E. Nemergut, “Speed, accuracy,
and confidence in Google, Ovid, PubMed, and UpToDate: results of
a randomised trial,” Postgraduate Medical Journal, vol. 86, no. 1018,
p. 459, 2010.

[54] J. Herskovic, L. Tanaka, W. Hersh, and E. Bernstam, “A day in the
life of PubMed: analysis of a typical days query log,” Journal of the
American Medical Informatics Association, vol. 14, no. 2, p. 212, 2007.

69



[55] N. Grabar and S. Krivine, “Application of cross-language criteria for
the automatic distinction of expert and non expert online health docu-
ments,” Artificial Intelligence in Medicine, pp. 252–256, 2007.

70



Appendix A

Query Collections

71



Q
u
e
ry

ID
C

o
rr

e
c
t

D
ia

g
n
o
si

s
Q

u
e
ry

S
o
u
rc

e
S
y
n
o
n
y
m

s
(f

ro
m

O
rp

h
a
n
e
t)

H
1
-1

F
ib

ro
d
y
sp

la
si

a
o
ss

ifi
-

c
a
n
s

p
ro

g
re

ss
iv

a
B

o
y
,

n
o
rm

a
l

b
ir

th
,

d
e
fo

rm
it

y
o
f

b
o
th

b
ig

to
e
s

(m
is

si
n
g

jo
in

t)
,

q
u
ic

k
d
e
v
e
lo

p
m

e
n
t

o
f

b
o
n
e

tu
m

o
r

n
e
a
r

sp
in

e
a
n
d

o
st

e
o
g
e
n
e
si

s
a
t

b
io

p
sy

H
e
n
ri

k
L

.
J
ø
rg

e
n
se

n
’F

O
P

’,
’M

a
n

o
f

st
o
n
e
’,

’M
y
o
si

ti
s

o
ss

ifi
c
a
n
s

p
ro

g
re

ss
iv

a
’,

’F
ib

ro
d
y
sp

la
si

a
o
ss

ifi
c
a
n
s

p
ro

-
g
re

ss
iv

a
’

H
2
-1

A
d
re

n
o
le

u
k
o
d
y
st

ro
p
h
y

a
u
to

so
m

a
l

n
e
o
n
a
ta

l
fo

rm

N
o
rm

a
ll
y

d
e
v
e
lo

p
e
d

b
o
y

a
g
e

5
,

p
ro

g
re

ss
iv

e
d
e
v
e
lo

p
m

e
n
t

o
f

ta
lk

in
g

d
iffi

c
u
lt

ie
s,

se
iz

u
re

s,
a
ta

x
ia

,
a
d
re

n
a
l

in
su

ffi
c
ie

n
c
y

a
n
d

d
e
g
e
n
e
ra

ti
o
n

o
f

v
is

u
a
l

a
n
d

a
u
d
it

o
ry

fu
n
c
ti

o
n
s

H
e
n
ri

k
L

.
J
ø
rg

e
n
se

n
’A

D
L

’,
’A

d
re

n
o
le

u
k
o
d
y
st

ro
p
h
y
,

X
-l

in
k
e
d
’,

’A
d
re

n
o
le

u
k
o
d
y
st

ro
p
h
y
,

n
e
o
n
a
ta

l’
,

’P
se

u
-

d
o
a
d
re

n
o
le

u
k
o
d
y
st

ro
p
h
y
’,

’A
c
y
l-

C
o
A

o
x
i-

d
a
se

d
e
fi

c
ie

n
c
y
’,

’A
d
re

n
o
le

u
k
o
d
y
st

ro
p
h
y
,

X
-

li
n
k
e
d
,

c
e
re

b
ra

l
fo

rm
’

H
3
-1

P
a
p
il
lo

n
L

e
fe

v
re

sy
n
-

d
ro

m
e

B
o
y

a
g
e

1
4
,

y
e
ll

o
w

,
k
e
ra

to
ti

c
p
la

q
u
e
s

o
n

th
e

sk
in

o
f

p
a
lm

s
a
n
d

so
le

s
g
o
in

g
u
p

o
n
to

th
e

d
o
rs

a
l

si
d
e
.

B
o
th

h
a
n
d
s

a
n
d

fe
e
t

a
re

a
ff

e
c
te

d

H
e
n
ri

k
L

.
J
ø
rg

e
n
se

n
’K

e
ra

to
si

s
p
a
lm

o
p
la

n
ta

r
-

p
e
ri

o
d
o
n
to

p
a
th

y
’

H
4
-1

K
le

in
e

L
e
v
in

S
y
n
-

d
ro

m
e

J
e
w

is
h

b
o
y

a
g
e

1
6
,

m
o
n
th

ly
se

iz
u
re

s,
sl

e
e
p

d
e
fi

c
ie

n
c
y
,

a
g
g
re

s-
si

v
e

a
n
d

ir
ri

ta
b
le

w
h
e
n

w
o
k
e
n
,
h
ig

h
ly

in
c
re

a
se

d
se

x
u
a
l
a
p
p

e
ti

te
a
n
d

h
u
n
g
e
r

H
e
n
ri

k
L

.
J
ø
rg

e
n
se

n

H
5
-1

S
c
h
in

z
e
l-

G
ie

d
io

n
S
y
n
-

d
ro

m
e

M
a
le

c
h
il
d
,

m
a
lf

o
rm

a
ti

o
n
s

a
t

b
ir

th
,

m
id

fa
c
ia

l
re

tr
a
c
ti

o
n

w
it

h
a

d
e
e
p

g
ro

o
v
e

u
n
d
e
r

th
e

e
y
e
s,

a
n
d

h
y
p

e
rt

e
lo

ri
sm

,
sh

o
rt

n
o
se

w
it

h
a

lo
w

n
a
sa

l
b
ri

d
g
e

a
n
d

la
rg

e
lo

w
se

t
e
a
rs

,
w

id
e

m
o
u
th

a
n
d

re
tr

o
g
n
a
th

ia
.

H
y
p

e
rt

ri
c
h
o
si

s
w

it
h

b
ri

g
h
t

re
d
d
is

h
h
a
ir

a
n
d

a
m

e
d
ia

n
fr

o
n
ta

l
c
u
ta

n
e
o
u
s

a
n
g
io

m
a
,

sh
o
rt

n
e
c
k

w
it

h
re

d
u
n
d
a
n
t

sk
in

,
B

il
a
te

ra
l

in
g
u
in

a
l

h
e
rn

ia
s,

h
y
p

o
sp

a
d
ia

s
w

it
h

a
m

e
g
a
m

e
a
-

tu
s,

a
n
d

c
ry

p
to

rc
h
id

is
m

H
e
n
ri

k
L

.
J
ø
rg

e
n
se

n
’M

id
fa

c
e

re
tr

a
c
ti

o
n

sy
n
d
ro

m
e
,

S
c
h
in

z
e
l-

G
ie

d
io

n
ty

p
e
’

1
-1

-1
R

o
th

m
u
n
d
-T

h
o
m

so
n

sy
n
d
ro

m
e

6
y
e
a
r

o
ld

,
g
ir

l,
w

e
ig

h
t

le
n
g
th

h
e
a
d

c
ir

c
u
m

fe
re

n
c
e

b
e
lo

w
th

e
th

ir
d

p
e
rc

e
n
ti

le
,

a
tr

o
p
h
ic

a
n
d

h
y
p

e
rp

ig
m

e
n
te

d
sk

in
le

si
o
n
s,

p
o
in

te
d

n
o
se

,
a
b

e
rr

a
n
t

th
u
m

b
s

w
it

h
d
im

in
is

h
e
d

fl
e
x
io

n
,

b
il

a
t-

e
ra

l
g
lu

e
e
a
rs

,
p
u
ru

le
n
t

rh
in

it
is

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

5
/
1
/
3
7

’R
T

S
’,

’P
o
ik

il
o
d
e
rm

a
o
f

R
o
th

m
u
n
d
-

T
h
o
m

so
n
’,

’R
T

S
1
’,

’R
o
th

m
u
n
d
-T

h
o
m

so
n

sy
n
d
ro

m
e

ty
p

e
1

o
r

2
’,

’P
o
ik

il
o
d
e
rm

a
o
f

R
o
th

m
u
n
d
-T

h
o
m

so
n

ty
p

e
1

o
r

2
’,

’R
T

S
2
’

2
-1

-1
A

u
to

so
m

a
l

re
c
e
s-

si
v
e

c
e
n
tr

o
n
u
c
le

a
r

m
y
o
p
a
th

y
(A

R
C

N
M

)

1
3

y
e
a
r

o
ld

,
te

e
n
a
g
e

g
ir

l,
sk

e
le

ta
l

m
u
sc

le
d
e
fe

c
ts

(m
u
sc

le
w

e
a
k
-

n
e
ss

),
m

il
d

m
e
n
ta

l
re

ta
rd

a
ti

o
n
,

o
p
h
th

a
lm

o
p
a
re

si
s

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

5
/
1
/
3
5

’A
u
to

so
m

a
l

d
o
m

in
a
n
t

c
e
n
tr

o
n
u
c
le

a
r

m
y
o
p
a
-

th
y
’

2
-2

-1
A

u
to

so
m

a
l

re
c
e
s-

si
v
e

c
e
n
tr

o
n
u
c
le

a
r

m
y
o
p
a
th

y
(A

R
C

N
M

)

1
4

y
e
a
r

o
ld

,
te

e
n
a
g
e

b
o
y
,

m
il

d
m

e
n
ta

l
re

ta
rd

a
ti

o
n
,

p
ro

x
im

a
l

m
u
sc

le
w

e
a
k
n
e
ss

,
u
n
a
b
le

to
w

a
lk

(w
h
e
e
lc

h
a
ir

-b
o
u
n
d
),

p
re

m
a
-

tu
re

v
e
n
tr

ic
u
la

r
c
o
m

p
le

x
e
s,

o
p
h
th

a
lm

o
p
a
re

si
s

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

5
/
1
/
3
5

’A
u
to

so
m

a
l

d
o
m

in
a
n
t

c
e
n
tr

o
n
u
c
le

a
r

m
y
o
p
a
-

th
y
’

3
-1

-1
C

e
re

b
ro

te
n
d
in

o
u
s

x
a
n
th

o
m

a
to

si
s

(C
T

X
)

S
y
n
o
n
y
m

:
S
te

ro
l

2
7
-h

y
d
ro

x
y
la

se
d
e
fi

-
c
ie

n
c
y

3
5

y
e
a
r

o
ld

,
fe

m
a
le

,
p
ro

g
re

ss
iv

e
d
is

tu
rb

a
n
c
e

o
f

g
a
it

(d
iffi

c
u
lt

ie
s

in
w

a
lk

in
g
),

re
c
u
rr

e
n
t

d
ia

rr
h
e
a
,
b
ro

n
c
h
it

is
,
g
ro

w
th

re
ta

rd
a
ti

o
n
,

m
il
d

re
ta

rd
a
ti

o
n

o
f

p
sy

c
h
o
m

o
to

r
d
e
v
e
lo

p
m

e
n
t

in
in

fa
n
c
y
,
b
il
a
t-

e
ra

l
ju

v
e
n
il
e

c
a
ta

ra
c
ts

,
sw

e
ll
in

g
o
f

th
e

A
c
h
il
le

s
te

n
d
o
n
s,

h
ig

h
a
rc

h
e
d

fe
e
t,

e
x
a
g
g
e
ra

te
d

te
n
d
o
n

re
fl

e
x
e
s

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

5
/
1
/
2
7

’X
a
n
th

o
m

a
to

si
s

c
e
re

b
ro

te
n
d
in

o
u
s’

,
’S

te
ro

l
2
7
-h

y
d
ro

x
y
la

se
d
e
fi

c
ie

n
c
y
’

4
-1

-1
C

o
g
a
n
’s

sy
n
d
ro

m
e

2
5

y
e
a
r

o
ld

,
w

o
m

a
n
,

c
o
n
ju

n
c
ti

v
a
l

h
y
p

e
ra

e
m

ia
,

in
te

rs
ti

ti
a
l

k
e
r-

a
ti

ti
s,

m
o
d
e
ra

te
b
il
a
te

ra
l

se
n
so

ri
n
e
u
ra

l
h
e
a
ri

n
g

lo
ss

,
ti

n
n
it

u
s,

d
iz

z
in

e
ss

,
n
a
u
se

a
a
n
d

v
e
rt

ig
o

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

5
/
1
/
1
8

5
-1

-1
C

D
G

(C
o
n
g
e
n
it

a
l

D
is

o
rd

e
rs

o
f

G
ly

c
o
-

sy
la

ti
o
n
)

sy
n
d
ro

m
e

ty
p

e
Ic

S
y
n
o
n
y
m

s:
C

a
rb

o
h
y
d
ra

te
d
e
fi

-
c
ie

n
t

g
ly

c
o
p
ro

te
in

sy
n
d
ro

m
e

ty
p

e
Ic

,
C

o
n
g
e
n
it

a
l

d
is

o
rd

e
r

o
f

g
ly

c
o
sy

la
ti

o
n

ty
p

e
1
c

(o
r

Ic
)

1
1

y
e
a
r

o
ld

,
b

o
y
,

se
v
e
re

p
sy

c
h
o
m

o
to

r
re

ta
rd

a
ti

o
n
,

se
iz

u
re

s,
st

ra
b
is

m
u
s,

in
v
e
rt

e
d

n
ip

p
le

s,
d
il
a
te

d
c
a
rd

io
m

y
o
p
a
th

y
,

h
y
p

o
to

-
n
ia

,
w

h
e
e
lc

h
a
ir

-b
o
u
n
d

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

5
/
1
/
7

’C
D

G
sy

n
d
ro

m
e
’,

’C
o
n
g
e
n
it

a
l

D
is

o
rd

e
rs

o
f

G
ly

c
o
sy

la
ti

o
n
’,

’C
a
rb

o
h
y
d
ra

te
d
e
fi

c
ie

n
t

g
ly

-
c
o
p
ro

te
in

sy
n
d
ro

m
e
’

6
-1

-1
M

a
y
e
r-

R
o
k
it

a
n
sk

y
-

K
st

e
r-

H
a
u
se

r
sy

n
-

d
ro

m
e

1
7

y
e
a
r

o
ld

,
w

o
m

a
n
,

c
o
n
g
e
n
it

a
l

ri
g
h
t

p
u
lm

o
n
a
ry

h
y
p

o
p
la

si
a
,

ri
g
h
t

h
ip

d
y
sp

la
si

a
,

a
b
se

n
c
e

o
f

u
te

ru
s,

ru
d
im

e
n
ta

ry
u
te

ri
n
e

h
o
rn

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

5
/
1
/
6

’M
U

R
C

S
a
ss

o
c
ia

ti
o
n
’,

’K
li

p
p

e
l-

F
e
il

d
e
fo

r-
m

it
y

-
c
o
n
d
u
c
ti

v
e

d
e
a
fn

e
ss

-
a
b
se

n
t

v
a
g
in

a
’,

’M
u
ll
e
ri

a
n

a
p
la

si
a

-
re

n
a
l

a
p
la

si
a

-
c
e
rv

i-
c
o
th

o
ra

c
ic

so
m

it
e

d
y
sp

la
si

a
’,

’M
R

K
H

sy
n
-

d
ro

m
e
’,

’R
o
k
it

a
n
sk

y
se

q
u
e
n
c
e
’,

’R
o
k
it

a
n
sk

y
sy

n
d
ro

m
e
’

7
-1

-1
C

o
n
g
e
n
it

a
l

h
e
p
a
ti

c
fi

-
b
ro

si
s

(C
H

F
)

1
0

y
e
a
r

o
ld

,
g
ir

l,
th

ro
m

b
o
c
y
to

p
e
n
ia

,
sp

le
n
o
m

e
g
a
ly

,
h
e
a
d
a
c
h
e
,

it
c
h
in

g
ru

b
e
o
li
fo

rm
ra

sh
h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

5
/
1
/
4

8
-1

-1
H

y
p

o
p
h
o
sp

h
a
te

m
ic

ri
c
k
e
ts

w
it

h
h
y
p

e
rc

a
l-

c
iu

ri
a

1
1

y
e
a
r

o
ld

,
g
ir

l,
in

te
rm

it
te

n
t

a
b

d
o
m

in
a
l
p
a
in

,
m

il
d

d
o
rs

a
l
sc

o
-

li
o
si

s,
lo

w
se

ru
m

p
h
o
sp

h
a
te

/
h
y
p

o
p
h
o
sp

h
a
te

m
ia

,
h
y
p

e
rc

a
lc

u
-

ri
a
,

e
le

v
a
te

d
se

ru
m

1
.2

5
d
ih

y
d
ro

x
y
v
it

a
m

in
D

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

5
/
1
/
1

9
-1

-1
T

y
p

e
I

ty
ro

si
n
e
m

ia
S
y
n
o
n
y
m

s:
F
u
-

m
a
ry

la
c
e
to

a
c
e
ta

se
d
e
fi

c
ie

n
c
y
,

H
e
p
a
-

to
re

n
a
l

tr
y
o
si

n
o
si

s
/

ty
ro

si
n
e
m

ia

4
m

o
n
th

o
ld

,
b

o
y
,

e
p
is

ta
x
is

,
h
a
e
m

a
te

m
e
si

s,
h
a
e
m

a
to

c
h
e
z
ia

,
su

b
c
o
n
ju

n
c
ti

v
a
l

b
le

e
d
in

g
,

p
e
te

c
h
ia

e
,

h
a
e
m

a
to

m
a
s,

h
a
e
m

a
n
-

g
io

m
a
,

sl
ig

h
tl

y
e
n
la

rg
e
d

li
v
e
r,

e
le

v
a
te

d
se

ru
m

tr
a
n
sa

m
in

a
se

s

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

4
/
1
/
2
8

’T
y
ro

si
n
e
m

ia
ty

p
e

1
’,

’H
e
p
a
to

re
n
a
l

ty
ro

si
n
e
-

m
ia

’,
’F

u
m

a
ry

la
c
e
to

a
c
e
ta

se
d
e
fi

c
ie

n
c
y
’

1
0
-1

-1
L

o
e
y
s-

D
ie

tz
sy

n
d
ro

m
e

(L
D

S
)

ty
p

e
I

7
y
e
a
r

o
ld

,
b

o
y
,

d
y
sm

o
rp

h
ic

si
g
n
s,

b
lu

e
sc

le
ra

e
,

h
ig

h
-a

rc
h
e
d

p
a
la

te
,

b
ifi

d
u
v
u
la

,
jo

in
t

h
y
p

e
rm

o
b
il
it

y
,

m
u
sc

u
la

r
h
y
p

o
tr

o
p
h
y
,

tr
a
n
sl

u
c
e
n
t

sk
in

,
a
o
rt

ic
ro

o
t

d
il
a
ta

ti
o
n
,

c
a
m

p
to

d
a
c
ty

ly
a
n
d

u
l-

n
a
r

d
e
v
ia

ti
o
n

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

4
/
1
/
2
4

’A
o
rt

ic
a
n
e
u
ry

sm
sy

n
d
ro

m
e
,

L
o
e
y
s-

D
ie

tz
ty

p
e
’,

’A
o
rt

ic
a
n
e
u
ry

sm
sy

n
d
ro

m
e
,

d
u
e

to
T

G
F

b
ta

re
c
e
p
to

rs
a
n
o
m

a
li
e
s’

T
a
b

le
A

.1
:

R
a
re

d
is

e
a
se

s
q
u

e
ry

c
o
ll
e
c
ti

o
n

(p
a
rt

1
)

72



Q
u
e
ry

ID
C

o
rr

e
c
t

D
ia

g
n
o
si

s
Q

u
e
ry

S
o
u
rc

e
S
y
n
o
n
y
m

s
(f

ro
m

O
rp

h
a
n
e
t)

1
0
-2

-1
L

o
e
y
s-

D
ie

tz
sy

n
d
ro

m
e

(L
D

S
)

ty
p

e
II

4
8

y
e
a
r

o
ld

,
w

o
m

a
n
,

a
o
rt

ic
a
n
e
u
ry

sm
,

h
a
e
m

a
to

m
a
,

tr
a
n
sl

u
c
e
n
t

sk
in

,
b
il
a
te

ra
l

v
e
n
o
u
s

v
a
ri

c
o
si

ti
e
s,

re
c
u
rr

e
n
t

w
ri

st
d
is

lo
c
a
ti

o
n
s

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

4
/
1
/
2
4

’A
o
rt

ic
a
n
e
u
ry

sm
sy

n
d
ro

m
e
,

L
o
e
y
s-

D
ie

tz
ty

p
e
’,

’A
o
rt

ic
a
n
e
u
ry

sm
sy

n
d
ro

m
e
,

d
u
e

to
T

G
F

b
ta

re
c
e
p
to

rs
a
n
o
m

a
li
e
s’

1
1
-1

-1
A

rt
e
ri

a
l

to
rt

u
o
si

ty
sy

n
d
ro

m
e

(A
T

S
)

8
m

o
n
th

s
o
ld

,
m

a
le

,
p
ro

g
re

ss
iv

e
si

g
n
s

o
f

re
sp

ir
a
to

ry
d
is

tr
e
ss

,
ta

c
h
y
p
n
e
a
,

p
u
lm

o
n
a
ry

h
y
p

e
rt

e
n
si

o
n
,

to
rt

u
o
si

ty
o
f

a
o
rt

ic
a
rc

h
,

fa
c
ia

l
d
y
sm

o
rp

h
is

m
s

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

4
/
1
/
2
0

1
1
-2

-1
A

rt
e
ri

a
l

to
rt

u
o
si

ty
sy

n
d
ro

m
e

(A
T

S
)

5
y
e
a
r

o
ld

,
m

a
le

,
d
y
sp

n
o
e
a
,

a
st

h
e
n
ia

,
p
u
lm

o
n
a
ry

h
y
p

e
rt

e
n
si

o
n
,

se
v
e
re

st
e
n
o
se

s
e
lo

n
g
a
ti

o
n

a
n
d

to
rt

u
o
si

ty
o
f

p
u
lm

o
n
a
ry

a
rt

e
r-

ie
s

b
ra

n
c
h
e
s

a
o
rt

ic
a
rc

h
so

v
ra

o
rt

ic
tr

u
n
k
s

a
n
d

il
ia

c
a
rt

e
ri

e
s,

d
y
sm

o
rp

h
ic

fe
a
tu

re
s,

jo
in

ts
h
y
p

e
rm

o
b
il

it
y

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

4
/
1
/
2
0

1
2
-1

-1
W

h
ip

p
le

’s
d
is

e
a
se

S
y
n
o
n
y
m

s:
In

te
st

i-
n
a
l

li
p

o
d
y
st

ro
p
h
y
,

In
te

st
in

a
l

li
p

o
p
h
a
g
ic

g
ra

n
u
lo

m
a
to

si
s,

S
e
c
-

o
n
d
a
ry

n
o
n
-t

ro
p
ic

a
l

sp
ru

e

6
4

y
e
a
r

o
ld

,
m

a
le

,
in

fl
a
m

m
a
to

ry
b
a
c
k

p
a
in

,
fl

a
re

s
o
f

a
rt

h
ri

ti
s,

m
u
lt

is
e
g
m

e
n
ta

l
sp

o
n
d
y
li
ti

s
h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

4
/
1
/
1
3

’W
h
ip

p
le

d
is

e
a
se

’,
’I

n
te

st
in

a
l
li
p

o
d
y
st

ro
p
h
y
’,

’S
e
c
o
n
d
a
ry

n
o
n
-t

ro
p
ic

a
l

sp
ru

e
’,

’I
n
te

st
in

a
l

li
p

o
p
h
a
g
ic

g
ra

n
u
lo

m
a
to

si
s’

1
3
-1

-1
P

u
lm

o
n
a
ry

h
e
m

-
o
rr

h
a
g
e

sy
n
d
ro

m
e

a
ss

o
c
ia

te
d

w
it

h
d
e
n
g
u
e

fe
v
e
r

7
0

y
e
a
r

o
ld

,
m

a
le

,
m

a
ss

iv
e

h
e
m

o
p
ty

si
s,

re
sp

ir
a
to

ry
d
is

-
tr

e
ss

,
a
n
e
m

ia
,

h
e
m

o
d
y
n
a
m

ic
in

st
a
b
il

it
y
,

re
n
a
l

fa
il

u
re

,
in

te
n
se

h
e
a
d
a
c
h
e
,

a
rt

h
ra

lg
ia

,
m

y
a
lg

ia
s,

e
c
c
h
y
m

o
se

s
o
v
e
r

a
rm

s
a
n
d

a
b
-

d
o
m

e
n
,

a
c
id

o
si

s,
p
le

u
ra

l
e
ff

u
si

o
n
s,

b
lo

o
d

ti
n
g
e
d

se
c
re

ti
o
n

fr
o
m

lu
n
g
s

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

4
/
1
/
8

’D
e
n
g
u
e

h
e
m

o
rr

h
a
g
ic

fe
v
e
r’

1
4
-1

-1
A

b
e
ta

li
p

o
p
ro

te
in

e
m

ia
(A

B
L

)
S
y
n
o
n
y
m

s:
B

a
ss

e
n
-K

o
rn

z
w

e
ig

d
is

e
a
se

,
H

o
m

o
z
y
g
o
u
s

fa
m

il
ia

l
h
y
p

o
b

e
-

ta
li
p

o
p
ro

te
in

e
m

ia
(H

o
F

H
B

L
)

4
6

y
e
a
r

o
ld

,
fe

m
a
le

,
p
to

si
s,

a
c
a
n
th

o
c
y
to

si
s,

h
is

to
ry

o
f

d
ia

rr
h
e
a
,

a
ta

x
ia

,
p
a
re

st
h
e
si

a
h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

3
/
1
/
1
9

’A
c
a
n
th

o
c
y
to

si
s’

,
’A

b
e
ta

li
p

o
p
ro

te
in

e
m

ia
’,

’B
a
ss

e
n
-K

o
rn

z
w

e
ig

d
is

e
a
se

’,
’H

o
m

o
z
y
g
o
u
s

fa
m

il
ia

l
h
y
p

o
b

e
ta

li
p

o
p
ro

te
in

e
m

ia
’

1
4
-2

-1
A

b
e
ta

li
p

o
p
ro

te
in

e
m

ia
(A

B
L

)
S
y
n
o
n
y
m

s:
B

a
ss

e
n
-K

o
rn

z
w

e
ig

d
is

e
a
se

,
H

o
m

o
z
y
g
o
u
s

fa
m

il
ia

l
h
y
p

o
b

e
-

ta
li
p

o
p
ro

te
in

e
m

ia
(H

o
F

H
B

L
)

1
6

y
e
a
r

o
ld

,
g
ir

l,
p

e
rs

is
te

n
t

d
ia

rr
h
e
a
,

a
c
a
n
th

o
c
y
to

si
s,

m
il
d

d
y
sa

rt
h
ri

a
,

re
d
u
c
e
d

m
u
sc

le
b
u
lk

,
b
il
a
te

ra
l

p
ro

x
im

a
l

m
u
sc

le
w

e
a
k
n
e
ss

,
a
b
se

n
t

d
e
e
p
-t

e
n
d
o
n

re
fl

e
x
e
s,

u
p
g
o
in

g
p
la

n
ta

r
re

-
fl

e
x
e
s,

re
d
u
c
e
d

se
n
si

ti
v
it

y
to

li
g
h
t,

d
y
sd

ia
d
o
c
h
o
k
in

e
si

a

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

3
/
1
/
1
9

’A
c
a
n
th

o
c
y
to

si
s’

,
’A

b
e
ta

li
p

o
p
ro

te
in

e
m

ia
’,

’B
a
ss

e
n
-K

o
rn

z
w

e
ig

d
is

e
a
se

’,
’H

o
m

o
z
y
g
o
u
s

fa
m

il
ia

l
h
y
p

o
b

e
ta

li
p

o
p
ro

te
in

e
m

ia
’

1
5
-1

-1
M

e
th

y
lm

a
lo

n
ic

a
c
id

e
m

ia
(M

M
A

)
S
y
n
o
n
y
m

s:
M

e
th

y
l-

m
a
lo

n
ic

a
c
id

u
ri

a

te
e
n
a
g
e
r,

g
ir

l,
h
y
p

o
to

n
ia

,
d
e
h
y
d
ra

ti
o
n
,

a
c
id

o
si

s,
m

a
ss

iv
e

k
e
-

to
n
u
ri

a
,

h
y
p

e
ra

m
m

o
n
e
m

ia
h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

3
/
1
/
2

’A
d
e
n
o
sy

lc
o
b
a
la

m
in

d
e
fi

c
ie

n
c
y
’,

’M
e
th

y
l-

m
a
lo

n
ic

a
c
id

e
m

ia
,

v
it

a
m

in
B

1
2

re
sp

o
n
si

v
e
’,

’M
e
th

y
lm

a
lo

n
ic

a
c
id

u
ri

a
,

v
it

a
m

in
B

1
2

re
-

sp
o
n
si

v
e
’

1
5
-2

-1
P

ro
p
io

n
ic

a
c
id

e
m

ia
(P

A
)

S
y
n
o
n
y
m

s:
P

ro
p
io

n
ic

a
c
id

u
ri

a
,

K
e
to

ti
c

g
ly

c
in

e
m

ia
,

P
ro

p
io

n
y
l-

C
o
A

c
a
r-

b
o
x
y
la

se
d
e
fi

c
ie

n
c
y

g
ir

l,
h
y
p

o
to

n
ia

,
se

iz
u
re

s,
d
e
h
y
d
ra

ti
o
n
,
p

o
ly

p
n
e
a
,
a
c
id

o
si

s,
m

a
s-

si
v
e

k
e
to

n
u
ri

a
,

h
y
p

e
ra

m
m

o
n
e
m

ia
h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

3
/
1
/
2

’P
ro

p
io

n
ic

a
c
id

e
m

ia
’,

’G
ly

c
in

e
m

ia
,

k
e
to

ti
c
’,

’P
ro

p
io

n
y
l-

C
o
A

c
a
rb

o
x
y
la

se
d
e
fi

c
ie

n
c
y
’

1
6
-1

-1
A

ls
tr

o
m

sy
n
d
ro

m
e

(A
ls

tr
m

sy
n
d
ro

m
e
)

2
7

y
e
a
r

o
ld

,
w

o
m

a
n
,

b
li
n
d
n
e
ss

,
o
b

e
si

ty
,

ty
p

e
2

d
ia

b
e
te

s,
re

n
a
l

d
y
sf

u
n
c
ti

o
n
,

c
h
ro

n
ic

p
y
e
lo

n
e
p
h
ri

ti
s,

h
y
p

e
rt

e
n
si

o
n
,

h
ir

su
ti

sm
,

re
ti

n
it

is
p
ig

m
e
n
to

sa
,

c
a
ta

ra
c
t

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

2
/
1
/
4
9

1
7
-1

-1
P

u
lm

o
n
a
ry

a
lv

e
o
la

r
p
ro

te
in

o
si

s
(P

A
P

)
1
7

y
e
a
r

o
ld

,
b

o
y
,

ly
si

n
u
ri

c
p
ro

te
in

in
to

le
ra

n
c
e
,

m
il
d

re
st

ri
c
-

ti
v
e

fu
n
c
ti

o
n
a
l

im
p
a
ir

m
e
n
t,

d
ig

it
a
l

c
lu

b
b
in

g
,

a
ty

p
ic

a
l

a
b

d
o
m

-
in

a
l

a
n
d

th
o
ra

c
ic

p
a
in

,
g
ro

u
n
d

g
la

ss
a
tt

e
n
u
a
ti

o
n
,

in
te

rl
o
b
u
la

r
se

p
ta

th
ic

k
e
n
in

g
,

m
o
d
e
ra

te
re

st
ri

c
ti

v
e

v
e
n
ti

la
to

ry
d
e
fe

c
t,

m
il
d

a
n
e
m

ia
,

th
ro

m
b

o
c
y
to

p
e
n
ia

,
in

c
re

a
se

in
la

c
ta

te
d
e
h
y
d
ro

g
e
n
a
se

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

2
/
1
/
1
4

1
8
-1

-1
L

ig
a
se

IV
d
e
fi

c
ie

n
c
y

sy
n
d
ro

m
e

(L
IG

4
sy

n
-

d
ro

m
e
)

S
y
n
o
n
y
m

s:
L

ig
a
se

4
sy

n
d
ro

m
e

g
ir

l,
p
ro

n
o
u
n
c
e
d

m
ic

ro
c
e
p
h
a
ly

,
sh

o
rt

st
a
tu

re
,

p
sy

c
h
o
m

o
to

ri
c

d
e
la

y
,

d
is

ti
n
c
ti

v
e

fa
c
ia

l
a
p
p

e
a
ra

n
c
e
,

th
ro

m
b

o
c
y
to

p
e
n
ia

,
a
n
e
-

m
ia

,
le

u
k
o
c
y
to

p
e
n
ia

,
p
a
n
c
y
to

p
e
n
ia

,
g
ro

w
th

re
ta

rd
a
ti

o
n
,

te
le

-
c
a
n
th

u
s,

e
p
ic

a
n
th

a
l
fo

ld
s,

p
to

si
s,

in
fe

c
ti

o
n
s

o
f
th

e
in

n
e
r

e
a
r

a
n
d

re
sp

ir
a
to

ry
tr

a
c
t,

h
y
p

o
p
la

st
ic

m
a
rr

o
w

w
it

h
c
e
ll
u
la

r
d
y
sp

la
si

a

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

2
/
1
/
5

’L
ig

a
se

4
sy

n
d
ro

m
e
’

1
9
-1

-1
O

ro
m

a
n
d
ib

u
la

r-
li
m

b
h
y
p

o
g
e
n
e
si

s-
M

b
iu

s
sy

n
d
ro

m
e

5
y
e
a
r

o
ld

,
b

o
y
,

c
o
n
g
e
n
it

a
l

m
a
lf

o
rm

a
ti

o
n
s,

m
a
lf

o
rm

a
ti

o
n
s

o
f

th
e

h
a
n
d
s

a
n
d

fe
e
t,

b
il
a
te

ra
l

st
ra

b
is

m
u
s,

sm
a
ll

to
n
g
u
e
,

im
-

p
a
ir

e
d

c
o
o
rd

in
a
ti

o
n
,

e
x
p
re

ss
io

n
le

ss
fa

c
e
,

p
ro

m
in

e
n
t

fo
re

h
e
a
d
,

d
e
p
re

ss
e
d

n
a
sa

l
b
ri

d
g
e
,

h
y
p

o
p
la

st
ic

th
u
m

b
s,

b
il
a
te

ra
l

a
d
a
c
ty

ly
o
f

th
e

fe
e
t,

sh
o
rt

st
a
tu

re
,

se
v
e
re

m
y
o
p
ia

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

2
/
1
/
2

’M
o
e
b
iu

s
sy

n
d
ro

m
e
’,

’C
o
n
g
e
n
it

a
l

fa
c
ia

l
d
ip

le
g
ia

’

2
0
-1

-1
T

e
rm

in
a
l

d
e
le

ti
o
n

o
f

c
h
ro

m
o
so

m
e

4
q

2
1

y
e
a
r

o
ld

,
fe

m
a
le

,
ir

re
g
u
la

r
m

e
n
se

s,
m

e
n
o
rr

h
a
g
ia

,
h
a
n
d

a
n
d

fo
o
t

m
a
lf

o
rm

a
ti

o
n
,

o
v
a
ri

a
n

c
y
st

,
b
a
si

c
c
o
g
n
it

iv
e

fu
n
c
ti

o
n

h
tt

p
:/

/
w

w
w

.o
jr

d
.c

o
m

/
c
o
n
te

n
t/

2
/
1
/
9

’D
e
le

ti
o
n

4
q
’,

’M
o
n
o
so

m
y

4
q
’,

’D
is

ta
l

m
o
n
o
-

so
m

y
4
q
’,

’D
is

ta
l

d
e
le

ti
o
n

4
q
’,

’T
e
lo

m
-

e
ri

c
d
e
le

ti
o
n

4
q
’,

’N
o
n
-d

is
ta

l
m

o
n
o
so

m
y

4
q
’,

’N
o
n
-d

is
ta

l
d
e
le

ti
o
n

4
q
’,

’N
o
n
-t

e
lo

m
e
ri

c
m

o
n
o
so

m
y

4
q
’

T
a
b

le
A

.2
:

R
a
re

d
is

e
a
se

s
q
u

e
ry

c
o
ll
e
c
ti

o
n

(p
a
rt

2
)

73



Q
u
e
ry

ID
In

it
ia

l
Q

u
e
ry

T
ru

n
c
a
te

d
Q

u
e
ry

H
5
-1

M
a
le

c
h
il
d
,

m
a
lf

o
rm

a
ti

o
n
s

a
t

b
ir

th
,

m
id

fa
c
ia

l
re

tr
a
c
ti

o
n

w
it

h
a

d
e
e
p

g
ro

o
v
e

u
n
d
e
r

th
e

e
y
e
s,

a
n
d

h
y
p

e
rt

e
lo

ri
sm

,
sh

o
rt

n
o
se

w
it

h
a

lo
w

n
a
sa

l
b
ri

d
g
e

a
n
d

la
rg

e
lo

w
se

t
e
a
rs

,
w

id
e

m
o
u
th

a
n
d

re
tr

o
g
n
a
th

ia
.

H
y
p

e
rt

ri
c
h
o
si

s
w

it
h

b
ri

g
h
t

re
d
d
is

h
h
a
ir

a
n
d

a
m

e
d
ia

n
fr

o
n
ta

l
c
u
-

ta
n
e
o
u
s

a
n
g
io

m
a
,
sh

o
rt

n
e
c
k

w
it

h
re

d
u
n
d
a
n
t

sk
in

,
B

il
a
te

ra
l
in

g
u
in

a
l
h
e
rn

ia
s,

h
y
p

o
sp

a
d
ia

s
w

it
h

a
m

e
g
a
m

e
a
tu

s,
a
n
d

c
ry

p
to

rc
h
id

is
m

M
a
le

c
h
il
d
,

m
a
lf

o
rm

a
ti

o
n
s

a
t

b
ir

th
,

m
id

fa
c
ia

l
re

tr
a
c
ti

o
n

w
it

h
a

d
e
e
p

g
ro

o
v
e

u
n
d
e
r

th
e

e
y
e
s,

a
n
d

h
y
p

e
rt

e
lo

ri
sm

,
sh

o
rt

n
o
se

w
it

h
a

lo
w

n
a
sa

l
b
ri

d
g
e

a
n
d

la
rg

e
lo

w
se

t
e
a
rs

,
w

id
e

m
o
u
th

a
n
d

re
tr

o
g
n
a
th

ia
,

H
y
p

e
rt

ri
c
h
o
si

s
w

it
h

b
ri

g
h
t

re
d
d
is

h
h
a
ir

a
n
d

a
m

e
d
ia

n
fr

o
n
ta

l
c
u
ta

n
e
o
u
s

a
n
g
io

m
a
,

sh
o
rt

n
e
c
k

1
7
-1

-1
1
7

y
e
a
r

o
ld

,
b

o
y
,

ly
si

n
u
ri

c
p
ro

te
in

in
to

le
ra

n
c
e
,

m
il
d

re
st

ri
c
ti

v
e

fu
n
c
ti

o
n
a
l

im
p
a
ir

m
e
n
t,

d
ig

it
a
l

c
lu

b
b
in

g
,

a
ty

p
ic

a
l

a
b

d
o
m

in
a
l

a
n
d

th
o
ra

c
ic

p
a
in

,
g
ro

u
n
d

g
la

ss
a
tt

e
n
u
a
ti

o
n
,

in
te

r-
lo

b
u
la

r
se

p
ta

th
ic

k
e
n
in

g
,

m
o
d
e
ra

te
re

st
ri

c
ti

v
e

v
e
n
ti

la
to

ry
d
e
fe

c
t,

m
il
d

a
n
e
m

ia
,

th
ro

m
b

o
-

c
y
to

p
e
n
ia

,
in

c
re

a
se

in
la

c
ta

te
d
e
h
y
d
ro

g
e
n
a
se

1
7

y
e
a
r

o
ld

,
b

o
y
,

ly
si

n
u
ri

c
p
ro

te
in

in
to

le
ra

n
c
e
,

m
il
d

re
st

ri
c
ti

v
e

fu
n
c
ti

o
n
a
l

im
p
a
ir

m
e
n
t,

d
ig

it
a
l

c
lu

b
b
in

g
,

a
ty

p
ic

a
l

a
b

d
o
m

in
a
l

a
n
d

th
o
ra

c
ic

p
a
in

,
g
ro

u
n
d

g
la

ss
a
tt

e
n
u
a
ti

o
n
,

in
te

r-
lo

b
u
la

r
se

p
ta

th
ic

k
e
n
in

g
,

m
o
d
e
ra

te
re

st
ri

c
ti

v
e

v
e
n
ti

la
to

ry
d
e
fe

c
t,

m
il
d

a
n
e
m

ia
,

th
ro

m
b

o
-

c
y
to

p
e
n
ia

,
in

c
re

a
se

in
la

c
ta

te

T
ab

le
A

.3
:

T
h

e
tw

o
tr

u
n

c
a
te

d
q
u

e
ri

e
s

fr
o
m

th
e

ra
re

d
is

ea
se

s
q
u

e
ry

co
ll

ec
ti

o
n

74



B
M

J
C

a
se

B
M

J
S
y
n
o
p
sy

s
B

M
J

G
o
o
g
le

S
e
a
rc

h
T

e
rm

s
B

M
J

F
in

a
l

D
ia

g
n
o
si

s
In

O
rp

h
a
n
e
t?

In
R

a
re

?
In

R
a
re

G
e
n
e
t?

S
y
n
o
n
y
m

s
(f

ro
m

O
rp

h
a
n
e
t)

5
5
3

y
o

m
a
n

w
it

h
d
e
p
re

ss
io

n
,

A
o
rt

ic
re

g
u
rg

,
h
e
a
rt

b
lo

c
k

a
n
d

a
c
u
te

p
u
lo

e
d
e
m

a
.

A
c
u
te

A
o
rt

ic
re

g
u
rg

it
a
-

ti
o
n
,

d
e
p
re

ss
io

n
,

a
b
sc

e
ss

In
fe

c
ti

v
e

e
n
d
o
c
a
rd

it
is

Y
e
s

-
E

o
si

n
o
p
h
il
ic

e
n
d
o
c
a
rd

it
is

(O
R

-
P

H
A

7
5
5
6
6
)

Y
e
s

Y
e
s

L
o
e
ffl

e
r’

s
e
n
d
o
c
a
rd

it
is

6
5
8

y
o

n
e
w

ly
d
ia

g
n
o
se

d
o
e
-

so
p
h
a
g
e
a
l

c
a
n
c
e
r,

re
fr

a
c
-

to
ry

h
ic

c
u
p
s

a
n
d

v
o
m

it
in

g

o
e
so

p
h
a
g
e
a
l
c
a
n
c
e
r,

re
fr

a
c
-

to
ry

h
ic

c
u
p
s,

n
a
u
se

a
,

v
o
m

it
in

g

L
in

it
is

p
la

st
ic

a
w

it
h

b
o
w

e
l

o
b
st

ru
c
ti

o
n

Y
e
s

-
L

in
it

is
p
la

st
ic

a
o
f

th
e

st
o
m

a
c
h

(O
R

-
P

H
A

3
6
2
7
3
)

Y
e
s

-
G

a
st

ri
c

li
n
i-

ti
s

p
la

st
ic

a
Y

e
s

G
a
st

ri
c

L
P

,
G

a
st

ri
c

li
n
it

is
p
la

st
ic

a
,

B
o
r-

rm
a
n
n

g
a
st

ri
c

c
a
n
c
e
r

ty
p

e
4
,

L
in

it
is

p
la

st
ic

a
o
f

th
e

st
o
m

a
c
h

7
5
9

y
o

w
it

h
d
iffi

c
u
lt

to
c
o
n
tr

o
l

h
y
p

e
rt

e
n
si

o
n
,

e
x
-

sm
o
k
e
r

w
it

h
a
d
re

n
a
l

m
a
ss

h
y
p

e
rt

e
n
si

o
n
,

a
d
re

n
a
l

m
a
ss

C
u
sh

in
g
s

se
c
o
n
d
a
ry

to
a
d
re

n
a
l

a
d
e
n
o
m

a
Y

e
s

-
F
a
m

il
ia

l
a
d
re

n
a
l

a
d
e
n
o
m

a
(O

R
P

H
A

4
0
4
),

C
u
sh

-
in

g
sy

n
d
ro

m
e

(O
R

-
P

H
A

5
5
3
)

Y
e
s

-
C

u
sh

-
in

g
,

A
d
re

n
a
l

a
d
e
n
o
m

a
,

H
y
p

e
r-

a
ld

o
st

e
ro

n
is

m

Y
e
s

-
C

u
sh

-
in

g
,

A
d
re

n
a
l

a
d
e
n
o
m

a
,

H
y
p

e
r-

a
ld

o
st

e
ro

n
is

m

”
C

u
sh

in
g

sy
n
d
ro

m
e
,

H
y
p

e
ra

d
re

n
o
c
o
rt

ic
is

m
,

H
y
p

e
rc

o
rt

is
o
li
sm

,
F
a
m

il
ia

l
a
d
re

n
a
l
a
d
e
n
o
m

a
,

F
H

2
,

F
a
m

il
ia

l
h
y
p

e
ra

ld
o
st

e
ro

n
is

m
ty

p
e

2
”

8
1
0

y
o

b
o
y

w
it

h
ri

g
h
t

th
ig

h
p
a
in

a
n
d

C
T

sh
o
w

e
d

ly
ti

c
R

h
ip

le
si

o
n

h
ip

le
si

o
n
,

o
ld

e
r

c
h
il
d

O
st

e
o
id

o
st

e
o
m

a
N

o
Y

e
s

Y
e
s

-

9
6
7

y
o

m
a
n

w
it

h
a
c
u
te

re
s-

p
ir

a
to

ry
fa

il
u
re

,
e
x
p

o
su

re
to

b
ir

d
d
ro

p
p
in

g

H
R

C
T

c
e
n
tr

il
o
b
u
la

r
n
o
d
-

u
le

s,
a
c
u
te

re
sp

ir
a
to

ry
fa

il
-

u
re

H
o
t

tu
b

lu
n
g

se
c
-

o
n
d
a
ry

to
M

a
v
iu

m
Y

e
s

-
ty

p
e

o
f

H
y
p

e
r-

se
n
si

ti
v
it

y
P

n
e
u
m

o
n
i-

ti
s

(O
R

P
H

A
3
1
7
4
0
)

Y
e
s

-
H

y
p

e
r-

se
n
si

ti
v
it

y
P

n
e
u
m

o
n
it

is
,

M
y
c
o
b
a
c
te

ri
u
m

A
v
iu

m

Y
e
s

-
H

y
p

e
r-

se
n
si

ti
v
it

y
P

n
e
u
m

o
n
it

is
,

M
y
c
o
b
a
c
te

ri
u
m

A
v
iu

m

H
y
p

e
rs

e
n
si

ti
v
it

y
p
n
e
u
m

o
n
it

is
,

H
P

,
E

x
tr

in
-

si
c

a
ll
e
rg

ic
a
lv

e
o
li
ti

s,
E

A
A

,
M

y
c
o
b
a
c
te

ri
u
m

a
v
iu

m
,

M
y
c
o
b
a
c
te

ri
u
m

a
v
iu

m
-i

n
tr

a
c
e
ll
u
la

re
,

M
A

I

1
0

7
3

y
o

fe
v
e
r,

th
ig

h
p
a
in

,
u
ri

n
a
ry

fr
e
q
u
e
n
c
y
,

p
re

v
i-

o
u
s

st
a
ti

n
u
se

fe
v
e
r,

b
il
a
te

ra
l

th
ig

h
p
a
in

,
w

e
a
k
n
e
ss

E
h
rl

ic
h
io

si
s

Y
e
s

(O
R

P
H

A
1
9
0
2
)

Y
e
s

Y
e
s

-

1
1

3
0

y
o

fe
m

a
le

w
it

h
fe

v
e
r

a
n
d

a
n
te

ri
o
r

m
e
d
ia

st
in

a
l

m
a
ss

fe
v
e
r,

a
n
te

ri
o
r

m
e
d
ia

st
in

a
l

m
a
ss

a
n
d

c
e
n
tr

a
l

n
e
c
ro

si
s

L
y
m

p
h
o
m

a
Y

e
s

(O
R

P
H

A
2
2
3
7
3
5
)

Y
e
s

-
ty

p
e
s

o
f

ly
m

p
h
o
m

a
Y

e
s

-
ty

p
e
s

o
f

ly
m

p
h
o
m

a
-

1
2

4
8

y
o

m
a
n

w
it

h
m

u
lt

ip
le

sp
in

a
l

tu
m

o
u
rs

a
n
d

sk
in

tu
m

o
u
rs

m
u
lt

ip
le

sp
in

a
l

tu
m

o
u
rs

,
sk

in
tu

m
o
u
rs

N
e
u
ro

fi
b
ro

m
a
to

si
s

ty
p

e
1

Y
e
s

(O
R

P
H

A
6
3
6
)

Y
e
s

Y
e
s

”
N

F
1
,

V
o
n

R
e
c
k
li
n
g
h
a
u
se

n
d
is

e
a
se

”

1
4

3
8

y
o

m
a
n

w
it

h
u
lc

e
ra

ti
v
e

c
o
li
ti

s,
fe

v
e
r,

b
lu

rr
e
d

v
i-

si
o
n

a
n
d

d
y
sp

n
o
e
a

u
lc

e
ra

ti
v
e

c
o
li
ti

s,
b
lu

rr
e
d

v
is

io
n
,

fe
v
e
r

V
a
sc

u
li
ti

s
Y

e
s

(O
R

P
H

A
5
2
7
5
9
)

Y
e
s

Y
e
s

”
V

a
sc

u
li
ti

d
e
s,

S
y
st

e
m

ic
v
a
sc

u
li
ti

s”

1
5

8
0

y
o

m
a
n

w
it

h
d
y
sp

n
o
e
a

a
n
d

p
ro

te
in

u
ri

a
n
e
p
h
ro

ti
c

sy
n
d
ro

m
e
,

B
e
n
c
e

J
o
n
e
s,

v
e
n
tr

ic
u
la

r
fa

il
u
re

A
m

y
lo

id
li
g
h
t

c
h
a
in

Y
e
s

-
A

m
y
lo

id
o
si

s
(O

R
P

H
A

6
9
)

Y
e
s

-
A

m
y
lo

id
o
si

s
Y

e
s

-
A

m
y
lo

id
o
si

s
A

L
a
m

y
lo

id
o
si

s

1
6

9
y
o

fe
m

a
le

w
it

h
h
e
a
d
a
c
h
e
,

h
y
p

e
rt

e
n
si

o
n
,

v
is

u
a
l

d
is

-
tu

rb
a
n
c
e

h
y
p

e
rt

e
n
si

o
n
,

p
a
-

p
il
le

d
e
m

a
,

h
e
a
d
a
c
h
e
,

re
n
a
l

m
a
ss

,
c
a
fe

a
u

la
it

P
h
e
o
c
h
ro

m
o
c
y
to

m
a

Y
e
s

-
P

h
e
o
c
h
ro

m
o
c
y
-

to
m

a
a
n
d

se
c
re

ti
n
g

p
a
ra

g
a
n
g
li
o
m

a
(O

R
-

P
H

A
7
1
7
)

Y
e
s

Y
e
s

P
h
a
e
o
c
h
ro

m
o
c
y
to

m
a
,

P
C

C

1
7

2
2

y
o

fe
m

a
le

w
it

h
b
a
c
k

p
a
in

,
p
u
lm

o
n
a
ry

in
fi

l-
tr

a
te

s,
ra

p
id

ly
p
ro

g
re

ss
in

g
to

d
e
a
th

si
c
k
le

c
e
ll
,
p
u
lm

o
n
a
ry

in
fi

l-
tr

a
te

s,
b
a
c
k

p
a
in

A
c
u
te

c
h
e
st

sy
n
d
ro

m
e

N
o

(*
it

is
a

c
o
m

p
li
c
a
-

ti
o
n

o
f

S
ic

k
le

C
e
ll

D
is

-
e
a
se

)

N
o

N
o

-

1
8

4
5

y
o

fe
m

a
le

w
it

h
p
a
in

fu
l

a
b

d
o

m
a
ss

fi
b
ro

m
a
,

a
st

ro
c
y
to

m
a
,

tu
-

m
o
r,

le
io

m
y
o
m

a
,

sc
o
li
o
si

s
E

n
d
o
m

e
tr

io
si

s
Y

e
s

-
R

a
re

e
n
-

d
o
m

e
tr

io
si

s
(O

R
-

P
H

A
1
3
7
8
2
0
)

Y
e
s

Y
e
s

-

1
9

1
7

y
o

fe
m

a
le

T
su

n
a
m

i
su

r-
v
iv

o
r

w
it

h
re

sp
ir

a
to

ry
d
is

-
tr

e
ss

a
n
d

R
h
e
m

ip
le

g
ia

p
u
lm

o
n
a
ry

in
fi

lt
ra

te
s,

c
n
s

le
si

o
n

A
sp

ir
a
ti

o
n

p
n
e
u
m

o
n
ia

a
n
d

b
ra

in
a
b
sc

e
ss

(p
o
ly

m
ic

ro
b
ia

l)

N
o

N
o

-
A

sp
ir

a
ti

o
n

P
n
e
u
m

o
n
ia

o
n
ly

a
s

sy
m

p
to

m
in

o
th

e
r

c
o
n
d
it

io
n
s

N
o

-
A

sp
ir

a
ti

o
n

P
n
e
u
m

o
n
ia

o
n
ly

a
s

sy
m

p
to

m
in

o
th

e
r

c
o
n
d
it

io
n
s

-

2
2

8
1

y
o

w
it

h
c
o
u
g
h
,

fe
v
e
r,

w
e
a
k
n
e
ss

a
n
d

c
o
n
fu

si
o
n
.

C
L

L
,

e
n
c
e
p
h
a
li
ti

s
W

e
st

N
il
e

fe
v
e
r

Y
e
s

(O
R

P
H

A
8
3
4
7
6
)

Y
e
s

-
W

e
st

N
il
e

e
n
c
e
p
h
a
li
ti

s
Y

e
s

W
e
st

-N
il
e

e
n
c
e
p
h
a
li
ti

s

2
5

4
0

y
o

w
it

h
w

t
lo

ss
,

sw
e
a
ts

a
n
d

p
e
rs

is
te

n
t

fe
v
e
r

a
ft

e
r

fo
o
d

p
o
is

o
n
in

g
.

p
o
rt

a
l

v
e
in

th
ro

m
b

o
si

s,
c
a
n
c
e
r

P
y
le

p
h
le

b
it

is
N

o
N

o
N

o
In

fe
c
ti

v
e

su
p
p
u
ra

ti
v
e

th
ro

m
b

o
si

s
o
f

th
e

p
o
r-

ta
l

v
e
in

T
ab

le
A

.4
:

D
iffi

c
u

lt
c
a
se

s
q
u

e
ry

c
o
ll
e
c
ti

o
n

(p
a
rt

1
).

S
ou

rc
e

ar
ti

cl
e

fo
r

th
e

sy
n

op
si

s,
se

ar
ch

te
rm

s
an

d
fi

n
al

d
ia

gn
os

is
fr

o
m

h
t
t
p
:
/
/
w
w
w
.
b
m
j
.
c
o
m
/
c
o
n
t
e
n
t
/
3
3
3
/
7
5
7
9
/
1
1
4
3

75

http://www.bmj.com/content/333/7579/1143


B
M

J
C

a
se

B
M

J
S
y
n
o
p
sy

s
B

M
J

G
o
o
g
le

S
e
a
rc

h
T

e
rm

s
B

M
J

F
in

a
l

D
ia

g
n
o
si

s
In

O
rp

h
a
n
e
t?

In
R

a
re

?
In

R
a
re

G
e
n
e
t?

S
y
n
o
n
y
m

s
(f

ro
m

O
rp

h
a
n
e
t)

2
6

4
8

y
o

m
a
n

w
it

h
lo

ss
o
f

c
o
n
-

sc
io

u
sn

e
ss

w
h
il

e
jo

g
g
in

g
c
a
rd

ia
c

a
rr

e
st

,
e
x
e
rc

is
e
,

y
o
u
n
g

H
y
p

e
rt

ro
p
h
ic

O
b
-

st
ru

c
ti

v
e

C
a
rd

io
m

y
-

o
p
a
th

y
(H

O
C

M
)

Y
e
s

(O
R

P
H

A
2
1
7
5
6
9
)

Y
e
s

-
H

y
p

e
r-

tr
o
p
h
ic

c
a
rd

io
m

y
-

o
p
a
th

y
,

F
a
m

il
ia

l
h
y
p

e
rt

ro
p
h
ic

c
a
rd

io
m

y
o
p
a
th

y

Y
e
s

-
H

y
p

e
r-

tr
o
p
h
ic

c
a
rd

io
m

y
-

o
p
a
th

y
,

F
a
m

il
ia

l
h
y
p

e
rt

ro
p
h
ic

c
a
rd

io
m

y
o
p
a
th

y

”
H

y
p

e
rt

ro
p
h
ic

c
a
rd

io
m

y
o
p
a
th

y
,

H
y
p

e
r-

tr
o
p
h
ic

su
b
a
o
rt

ic
st

e
n
o
si

s,
O

b
st

ru
c
ti

v
e

h
y
p

e
rt

ro
p
h
ic

c
a
rd

io
m

y
o
p
a
th

y
”

2
7

8
0

y
o

m
a
n

w
it

h
fa

ti
g
u
e
,

u
n
st

e
a
d
y

g
a
it

,
c
o
n
fu

si
o
n
,

in
so

m
n
ia

le
a
d
in

g
to

d
e
a
th

a
ta

x
ia

,
c
o
n
fu

si
o
n
,

in
so

m
-

n
ia

,
d
e
a
th

C
re

u
tz

fe
ld

t-
J
a
k
o
b

d
is

-
e
a
se

(C
J
D

)
Y

e
s

(O
R

P
H

A
2
0
4
)

Y
e
s

Y
e
s

C
J
D

2
8

4
2

y
o

w
it

h
2
0
k
g

w
t

lo
ss

,
w

e
a
k
n
e
ss

,
ra

sh
,

h
a
e
m

a
p
-

tu
ri

a
a
n
d

m
il
d

h
a
m

e
o
p
ty

-
si

s

w
h
e
e
z
e

w
t

lo
ss

,
A

N
C

A
,

h
a
e
m

o
p
ty

si
s,

h
a
e
m

a
tu

ri
a

C
h
u
rg

S
tr

a
u
ss

Y
e
s

(O
R

P
H

A
1
8
3
)

Y
e
s

Y
e
s

C
S
S
,

C
h
u
rg

-S
tr

a
u
ss

sy
n
d
ro

m
e
,

G
ra

n
u
lo

m
a
-

to
u
s

a
ll
e
rg

ic
a
n
g
ii
ti

s

2
9

6
8

y
o

m
a
n

w
it

h
p

e
ri

o
rb

it
a
l

sw
e
ll

in
g
,

ra
sh

a
n
d

w
e
a
k
-

n
e
ss

m
y
o
p
a
th

y
,

n
e
o
p
la

si
a
,

d
y
s-

p
h
a
g
ia

,
ra

sh
,

p
e
ri

o
rb

it
a
l

sw
e
ll
in

g

D
e
rm

a
to

m
y
o
si

ti
s

se
c
-

o
n
d
a
ry

to
N

H
L

Y
e
s

-
D

e
rm

a
to

m
y
o
si

-
ti

s
(O

R
P

H
A

2
2
1
),

N
o
n

H
o
d
g
k
in

ly
m

p
h
o
m

a
N

H
L

(O
R

P
H

A
5
4
7
)

Y
e
s

-
D

e
rm

a
to

-
m

y
o
si

ti
s,

N
H

L
Y

e
s

-
D

e
rm

a
to

-
m

y
o
si

ti
s,

N
H

L
D

M
,

N
H

L
,

N
o
n
-H

o
d
g
k
in

ly
m

p
h
o
m

a
,

N
o
n
-

H
o
d
g
k
in

’s
m

a
li
g
n
a
n
t

ly
m

p
h
o
m

a
s

3
0

5
6

y
o

re
n
a
l

tr
a
n
sp

la
n
t

re
c
ip

ie
n
t

w
it

h
fe

v
e
r,

ly
m

-
p
h
a
d
e
n
o
p
a
th

y
a
n
d

c
a
t

sc
ra

tc
h
e
s

re
n
a
l

tr
a
n
sp

la
n
t,

fe
v
e
r,

c
a
t,

ly
m

p
h
a
d
e
n
o
p
a
th

y
C

a
t

sc
ra

tc
h

d
is

e
a
se

Y
e
s

(O
R

P
H

A
5
0
8
3
9
)

Y
e
s

Y
e
s

C
S
D

,
B

a
rt

o
n
e
ll
o
si

s
d
u
e

to
B

a
rt

o
n
e
ll

a
h
e
n
se

-
la

e
in

fe
c
ti

o
n

3
1

6
0

y
o

m
a
n

w
it

h
b
u
tt

o
c
k

p
u
rp

u
ri

c
ra

sh
,

c
h
ro

n
ic

re
-

n
a
l

fa
il
u
re

.

b
u
tt

o
c
k

ra
sh

,
re

n
a
l

fa
il
u
re

,
e
d
e
m

a
C

ry
o
g
lo

b
u
li
n
a
e
m

ia
Y

e
s

(O
R

P
H

A
9
1
1
3
9
)

Y
e
s

Y
e
s

C
ry

o
g
lo

b
u
li
n
e
m

ia

3
3

4
3

y
o

m
a
n

w
it

h
lo

w
e
r

G
I

b
le

e
d
,

e
p
is

ta
x
is

,
p
u
l-

m
o
n
a
ry

A
V

M
a
n
d

p
o
ly

p
o
-

si
s.

p
o
ly

p
s,

te
la

n
g
e
c
ta

si
a
,
e
p
is

-
ta

x
is

,
a
n
e
m

ia
M

A
D

H
4

m
u
ta

ti
o
n

(H
T

T
+

ju
v
e
n
il
e

p
o
ly

p
o
si

s)

Y
e
s

-
J
u
v
e
n
il
e

g
a
s-

tr
o
in

te
st

in
a
l
p

o
ly

p
o
si

s
(O

R
P

H
A

2
9
2
9
)

Y
e
s

-
J
u
v
e
n
il
e

p
o
ly

p
o
si

s
sy

n
-

d
ro

m
e
,

J
u
v
e
n
il
e

p
o
ly

p
o
si

s
o
f

in
-

fa
n
c
y
,

J
u
v
e
n
il
e

g
a
st

ro
in

te
st

in
a
l

p
o
ly

p
o
si

s

Y
e
s

-
sa

m
e

a
n
d

J
u
v
e
n
il
e

P
o
ly

-
p

o
si

s/
H

e
re

d
it

a
ry

H
e
m

o
rr

h
a
g
ic

T
e
la

n
g
ie

c
ta

si
a

S
y
n
d
ro

m
e

J
IP

,
J
P

S
,

J
u
v
e
n
il
e

in
te

st
in

a
l

p
o
ly

p
o
si

s,
J
u
-

v
e
n
il
e

p
o
ly

p
o
si

s
sy

n
d
ro

m
e

3
4

1
0

y
o

g
ir

l
w

it
h

b
u
ll
o
u
s

sk
in

le
si

o
n
s

a
n
d

a
c
u
te

re
sp

ir
a
-

to
ry

fa
il
u
re

b
u
ll
o
u
s

sk
in

c
o
n
d
it

io
n
s,

re
sp

ir
a
to

ry
fa

il
u
re

,
c
a
rb

a
-

m
a
z
e
p
in

e

T
o
x
ic

E
p
id

e
rm

a
l

N
e
c
ro

ly
si

s
S
y
n
d
ro

m
e

(T
E

N
S
)

Y
e
s

-
T

o
x
ic

e
p
id

e
r-

m
a
l

n
e
c
ro

ly
si

s
(O

R
-

P
H

A
9
5
4
5
5
)

Y
e
s

-
T

o
x
ic

E
p
i-

d
e
rm

a
l

N
e
c
ro

ly
si

s
Y

e
s

T
o
x
ic

e
p
id

e
rm

a
l

n
e
c
ro

ly
si

s,
T

E
N

,
S
J
S
-T

E
N

,
T

o
x
ic

e
p
id

e
rm

o
ly

si
s

3
6

6
1

y
o

fe
m

a
le

w
it

h
se

iz
u
re

s,
g
a
it

d
is

tu
rb

a
n
c
e
,

c
o
n
fu

-
si

o
n

a
n
d

d
y
sp

h
a
si

a

se
iz

u
re

,
c
o
n
fu

si
o
n
,
d
y
sp

h
a
-

si
a
,

T
2

le
si

o
n
s

M
E

L
A

S
Y

e
s

(O
R

P
H

A
5
5
0
)

Y
e
s

Y
e
s

M
it

o
c
h
o
n
d
ri

a
l

m
y
o
p
a
th

y
-e

n
c
e
p
h
a
lo

p
a
th

y
-

la
c
ti

c
a
c
id

o
si

s
a
n
d

st
ro

k
e
-l

ik
e

e
p
is

o
d
e
s

3
7

3
5

y
o

m
a
n

w
h
o

h
a
d

a
c
a
r-

d
ia

c
a
rr

e
st

w
h
il
e

sl
e
e
p
in

g
c
a
rd

ia
c

a
rr

e
st

sl
e
e
p

B
ru

g
a
d
a

Y
e
s

(O
R

P
H

A
1
3
0
)

Y
e
s

Y
e
s

”
B

rS
,

Id
io

p
a
th

ic
v
e
n
tr

ic
u
la

r
fi

b
ri

ll
a
ti

o
n

B
ru

-
g
a
d
a

ty
p

e
,

S
U

N
D

S
,

S
u
d
d
e
n

u
n
e
x
p
la

in
e
d

n
o
c
tu

rn
a
l

d
e
a
th

sy
n
d
ro

m
e
”

2
2

o
f

2
6

(8
4
.6

2
%

)
2
3

o
f

2
6

(8
8
.4

6
%

)
2
3

o
f

2
6

(8
8
.4

6
%

)

T
ab

le
A

.5
:

D
iffi

c
u

lt
c
a
se

s
q
u

e
ry

c
o
ll
e
c
ti

o
n

(p
a
rt

2
).

S
ou

rc
e

ar
ti

cl
e

fo
r

th
e

sy
n

op
si

s,
se

ar
ch

te
rm

s
an

d
fi

n
al

d
ia

gn
os

is
fr

o
m

h
t
t
p
:
/
/
w
w
w
.
b
m
j
.
c
o
m
/
c
o
n
t
e
n
t
/
3
3
3
/
7
5
7
9
/
1
1
4
3

76

http://www.bmj.com/content/333/7579/1143


Appendix B

Rare Disease Search Engines

(I) Vertical Search Engine for Rare Disease Information Retrieval

http://paula.grid.info.uvt.ro/

APIs:
http://paula.grid.info.uvt.ro/index.[outputformat]?q=[querytext]
where outputformat can take the values xml, json, html, and pdf,
and the querytext must be encoded using the percent-encoding as
described in section 2.1 of RFC39861.

Code and technical documentation:
http://code.google.com/p/raredisss/

The vertical search engine source code is released under the GPL v2
license. On the project website there is a wiki detailing various aspects
of the development, implementation, and deployment.

Experimental disease ranking:
https://costanza.dragusin.ro/rdcdss/default/index

An experimental version of the vertical search engine, that returns a
ranked list of diseases instead of documents.

(II) Rare Diseases Google CSE Web

http://www.google.com/cse/home?cx=017334630119578613104:3s1zsbg1vec

(III) Rare Diseases Google CSE Restricted

http://www.google.com/cse/home?cx=017334630119578613104:ogownfaoj28

1Uniform Resource Identifier (URI): Generic Syntax, http://tools.ietf.org/html/
rfc3986#section-2.1
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Appendix C

Evaluation Results
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Query
ID

Rare Index Reciprocal
Rank

Precision at
Rank 10

Precision at
Rank 20

Rank No. relevant @10 No. relevant @20

1-1 2 1 1 0.500 0.10 0.05
2-1 2 3 5 0.500 0.30 0.25
3-1 2 1 1 0.500 0.10 0.05
4-1 1 2 2 1.000 0.20 0.10
5-1 1 1 1 1.000 0.10 0.05
1-1-1 - - - 0.000 0.00 0.00
2-1-1 1 1 1 1.000 0.10 0.05
2-2-1 2 1 1 0.500 0.10 0.05
3-1-1 4 1 1 0.250 0.10 0.05
4-1-1 4 2 2 0.250 0.20 0.10
5-1-1 1 1 1 1.000 0.10 0.05
6-1-1 - - - 0.000 0.00 0.00
7-1-1 - - - 0.000 0.00 0.00
8-1-1 2 4 4 0.500 0.40 0.20
9-1-1 - - 0.000 0.00 0.00
10-1-1 1 2 2 1.000 0.20 0.10
10-2-1 1 2 3 1.000 0.20 0.15
11-1-1 2 1 1 0.500 0.10 0.05
11-2-1 1 2 2 1.000 0.20 0.10
12-1-1 - - - 0.000 0.00 0.00
13-1-1 - - - 0.000 0.00 0.00
14-1-1 1 6 9 1.000 0.60 0.45
14-2-1 - - - 0.000 0.00 0.00
15-1-1 7 1 1 0.143 0.10 0.05
15-2-1 5 2 2 0.200 0.20 0.10
16-1-1 2 2 3 0.500 0.20 0.15
17-1-1 1 1 1 1.000 0.10 0.05
18-1-1 - - - 0.000 0.00 0.00
19-1-1 - - - 0.000 0.00 0.00
20-1-1 - - - 0.000 0.00 0.00

MRR Average
P@10

Average
P@20

0.445 0.123 0.073

Table C.1: Summary per query for retrieval from the Rare index on the rare
diseases query collection.
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Figure C.1: Per query performance on the rare diseases query collection for
the vertical search engine using the RareGenet index, and for Google CSE
Web
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Figure C.2: Per query performance on the difficult case query collection for
the vertical search engine using the RareGenet index, Google Search, and
PubMed.
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Rare RareGenet

Total number of cases 30 30

Correct diagnosis found 18 24
Correct diagnosis in top 10 13 1
Correct diagnosis in top 11-20 0 3
Correct diagnosis in top 21-30 1 5
Correct diagnosis in top 31-40 4 4
Correct diagnosis in top 41-50 0 6
Correct diagnosis in top 51-100 0 3
Correct diagnosis after 100 0 2
Correct diagnosis not found 12 6

Average no. of results 54 326

Mean reciprocal rank (MRR) 0.156 0.028
Average precision rank 10 (P@10) 0.057 0.003
Average precision rank 20 (P@20) 0.033 0.010
Average precision rank 50 (P@50) 0.025 0.018
Average precision rank 100 (P@100) 0.012 0.015

Table C.5: Disease ranking results for the rare diseases query collection.

Rare RareGenet

Total number of cases 26 26

Correct diagnosis found 14 16
Correct diagnosis in top 10 7 3
Correct diagnosis in top 11-20 2 2
Correct diagnosis in top 21-30 4 0
Correct diagnosis in top 31-40 0 0
Correct diagnosis in top 41-50 1 1
Correct diagnosis in top 51-100 0 6
Correct diagnosis after 100 0 4
Correct diagnosis not found 12 10

Average no. of results 52 342

Mean reciprocal rank (MRR) 0.108 0.039
Average precision rank 10 (P@10) 0.042 0.012
Average precision rank 20 (P@20) 0.029 0.013
Average precision rank 50 (P@50) 0.022 0.009
Average precision rank 100 (P@100) 0.011 0.010

Table C.6: Disease ranking results for the difficult cases query collection.
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Abstract. Increasingly more clinicians use web Information Retrieval
(IR) systems to assist them in diagnosing difficult medical cases, for in-
stance rare diseases that they may not be familiar with. However, web
IR systems are not necessarily optimised for this task. For instance,
clinicians’ queries tend to be long lists of symptoms, often containing
phrases, whereas web IR systems typically expect very short keyword-
based queries. Motivated by such differences, this work uses a prelimi-
nary study of 30 clinical cases to reflect on rare disease retrieval as an
IR task. Initial experiments using both Google web search and offline
retrieval from a rare disease collection indicate that the retrieval of rare
diseases is an open problem with room for improvement.

Keywords: rare diseases, clinical information retrieval, web diagnosis

1 Introduction

Recently web Information Retrieval (IR) systems have gained popularity among
clinicians to assist them in difficult medical cases, for instance rare diseases that
they may not be familiar with [1]. However, such systems are not necessarily de-
signed or optimised for diagnosing rare diseases. For example, clinicians’ queries
tend to be long lists of symptoms, whereas web IR systems typically expect very
short queries. Similarly, the hyperlink popularity and recommendation principles
typically applied in web IR tend to favour popular webpages; however, informa-
tion on rare diseases is generally very sparse and less hyperlinked than other
medical content. Motivated by such differences, this work considers rare disease
diagnosis as an IR task, and asks what design considerations are needed to build
an IR system that clinicians can use to diagnose rare diseases?

To address this question, a small preliminary study with 30 real clinical
cases is conducted, involving both Google web search and offline retrieval from a



specialised rare disease collection (Section 2). The resulting findings offer useful
insights on the special characteristics, possibilities and challenges of rare disease
diagnosis as an IR task (Section 3). Section 4 concludes this work.

2 Retrieving rare diseases: preliminary study

The queries used in this work were created from 30 clinical cases of rare diseases,
where the query text was extracted directly from the patient symptoms listed in
the clinical cases. This was done by one medical doctor and two non-experts. The
correct disease diagnosed for these symptoms was not included in the query text.
This is an important difference from standard web search queries, where the topic
sought is usually explicitly mentioned in the query. The average query length was
22.17 terms. E.g., query for the rare Kleine-Levine syndrome: Jewish boy age

16, monthly seizures, sleep deficiency, aggressive and irritable

when woken, highly increased sexual appetite and hunger.

The 30 queries were used to retrieve documents using Google web search, and
separately using the Indri IR system on a small rare disease collection specifically
created for this task. This dataset contains 31,746 documents, crawled from web
sites specialising on rare and genetic diseases6. Specifically, we collected 10,280
documents on rare diseases and 21,466 documents on genetic diseases (many of
which are rare), to be referred to as RARE and GENET henceforth.

Three runs were realised with Google: (1) using standard Google web search;
(2) customing Google7 on the RARE dataset but retrieving documents from
the whole web; (3) restricting Google to retrieve from the RARE & GENET
websites, plus 5 websites containing only url links to rare disease information
(these 5 websites were excluded from our collection because they included url
links only). Three more runs were realised with Indri: (4) retrieval from RARE
only; (5) retrieval from RARE & GENET; (6) retrieval from RARE & GENET,
with a rank boost of RARE documents by a factor of 4.

Runs with Indri used the query likelihood language model with Dirichlet
smoothing at default settings (µ = 2500 [2], Krovetz stemming). For run 6,
boosting RARE documents was implemented as the prior probability of a doc-
ument being relevant (P (D)). Unless specified otherwise, the baseline query
likelihood model assumes that all documents are a priori equally likely to be
relevant, and ignores P (D). Motivated by the intuition that RARE documents
should have a higher likelihood to include relevant documents when searching
for rare diseases, we computed P (D) directly from the collection statistics as
follows. Let C denote the complete retrieval collection containing both RARE
and GENET. Then, P (R|C)x+P (G|C)y = 1, where x = φy, and where P (R|C)
(resp. P (G|C)) denotes the probability of all RARE (resp. GENET) documents
in the whole collection. φ is the boosting factor, set to φ = 4 in this work; this
value of φ is ad-hoc and untuned, used only for illustration purposes.

6 The list of urls is available here: http://code.google.com/p/raredisss/wiki/RareGenetResources.
7 http://www.google.com/cse/



The relevance of the retrieved documents in these 6 runs was assessed by the
two non-experts in the top 20 ranks using graded relevance on 3 points (rele-
vant, marginally relevant, non-relevant): (i) relevant documents should address
mainly the correct disease in the title or within the first 400 words, and name it
using any of its synonyms listed in Orphanet8; (ii) in cases of inherited diseases,
e.g autosomal neonatal form of Adrenoleukodystrophy, documents about
the main disease, e.g. X-linked Adrenoleukodystrophy, are relevant; (iii) doc-
uments about different types of the correct disease, e.g. Loeys-Dietz syndrome

type 1A instead of Loeys-Dietz syndrome type II, are relevant; (iv) docu-
ments about other diseases and mentioning the correct disease as an alternative
diagnostic or pointing to it are marginally relevant; (v) documents listing many
diseases are not relevant if the correct disease is listed after the first 10.

Collection Retrieval approach P@10 P@20 MRR NDCG@10 NDCG@20

WEB Standard Google .023 .013 .056 .168 .189
WEB Google Custom on RARE .030 .017 .173 .275 .283
RARE&GENET Google Restricted .003 .002 .033 .033 .033
RARE LM-Dir .123 .073 .445 .516 .536
RARE&GENET LM-Dir .157 .105 .467 .423 .493
RARE&GENET LM-Dir prior on RARE .173 .115 .469 .433 .492
Table 1. Retrieval from the web and our rare disease & genetic disease datasets.

Table 1 shows the retrieval precision at rank k (P@k), the mean recip-
rocal rank (MRR) and the normalised discounted cumulative gain at rank k
(NDCG@k) of our 6 runs averaged for all 30 queries. NDCG uses graded rele-
vance assessments9; all other measures use binary relevance assessments which
consider marginally relevant documents as non-relevant. Retrieval from the web
refers to the part of the web indexed by Google. Two findings emerge: (i)
Google overall underperforms for this task, especially when restricted to the
sites of our collection; (ii) the MRR scores show that on average the correct
diagnosis appears at ranks 2-3 with Indri (.445 - .469) and at best at rank
5-6 with Google (.173). Even though the Google retrieval algorithm is not
known, a possible reason for this performance may be the fact that it is not
optimised for this task. E.g., if Google uses popularity-based metrics like Page-
http://code.google.com/p/raredisss/wiki/RareGenetResourcesRank, the desired
relevant documents are not likely to be helped by this, because they are not nec-
essarily as heavily hyperlinked as other medical documents; if Google considers
logged user & query features like clickthrough data, rare disease queries are not
likely to benefit from this, because they are probably not sufficiently frequent
among users; the fact that Google does not accept queries longer than 32 terms
indicates that it is optimised for queries shorter than our 22.17 word-long queries.

8 http://www.orpha.net/
9 with the following gain values: relevant = 3, marginally relevant = 1.



3 The characteristics of rare disease retrieval

The above observations indicate that rare diseases retrieval may be seen as a
distinct IR task with the following user-based and system-based characteristics.

On the user side, the clinicians’ information needs are ideally fullfilled by a
single document about the correct rare disease, similarly to early-precision tasks
such as named-page finding. However, the clinicians’ queries are expressed in very
different ways than named-page or other web search queries: (a) they are very
long; (b) they consist of lists of patient symptoms, where term independence as-
sumptions could lead to topic drift (e.g. sleep deficiency, increased sexual

appetite is topically different to sexual deficiency, increased sleep); (c)
some symptoms listed in the query may not apply to the correct disease, and
conversely, some pertinent symptoms for the correct disease may be missing from
the query because they are masked under different conditions. In short, the clin-
icians’ queries on rare diseases are likely to be more feature-rich but also more
noisy than in web IR, and should be treated as such.

On the system side, popularity-based metrics derived from hyperlinking, user
visit rates, or other forms of recommendation may not benefit the retrieval of
rare diseases. Instead, features that may aid this task could be domain-specific
enhancements (such as the prior on the RARE dataset), or information about the
rarity, geographic distribution and statistics of a disease. Finally, often efficiency
concerns lead to brute-force index pruning for web search, e.g. by removing from
the index terms of low frequency or that are unusually long. Such practices may
be particularly damaging for rare disease retrieval, as the medical terminology
involved may be exceptionally rare or formed by heavy term compounding.

4 Conclusion

This work reflected on rare disease diagnosis as an IR task, where clinicians use
symptoms as queries in order to retrieve a correct diagnosis. A small preliminary
study involving real clinical cases of rare diseases was conducted in collaboration
with a medical doctor. Findings revealed that rare disease retrieval has several
distinct features that differentiate it from standard web IR, and that apply-
ing standard web IR for this task may not be optimal. Future work includes
developing IR approaches for the domain of rare diseases.
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