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ABSTRACT
Task-based search addresses situations where standard offthe-shelf IR may not suffice to satisfy the users in their tasks.
In these situations, IR should be tailored to the user’s taskspecific needs and requirements. One such task is searching
for rare disease diagnostic hypotheses.
In this work, we build upon an existing vertical search
engine focused on rare disease diagnosis with good overall
retrieval performance. We optimise the task of diagnosing
such difficult cases by providing a more natural framework
for the clinicians to select diagnostic hypotheses, and we
illustrate this by adding the functionalities of grouping documents into clusters based on disease name occurrence, and
by ranking diseases instead of documents.
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1.

INTRODUCTION

Diseases with a prevalence lower than 1 case per 2000 people are classified as rare in Europe. By this classification,
there are between 5000 and 8000 distinct rare diseases, collectively affecting around 30 million EU citizens [7]. Rare
diseases, 80% of which have a genetic origin, are often hard
to diagnose, and as a consequence patients can experience
long diagnostic delays and misdiagnosis. A study in Europe
shows that 40% of rare disease patients are misdiagnosed,
and 25% wait between 5 to 30 years before the correct diagnosis is reached [7]. The difficulty in diagnosing rare diseases stems from their large number, low prevalence, and
non-specific symptoms.
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It is reasonable to assume clinicians to be unfamiliar with
many of the rare diseases since, in their entire career, they
will probably only encounter a few of them. Especially in
difficult cases, it is common for a clinician to select at most
five or six diagnostic hypotheses for further investigation
[1]. If the correct disease is short-listed at this step, the
diagnostic outcome will probably be successful [8].
When confronted with difficult cases, clinicians would traditionally resort to using medical books or journals, or consult with more experienced colleagues. However, given the
restrictions of the clinical setting, they are increasingly using
computer systems to aid them in finding the right answers
at the time and place where medical decisions are made [9].
This shift is backed by the fact that IR systems are very good
at matching queries to large corpora, whereas clinicians are
good at filtering unsuitable results. Nevertheless, the use
of a task-based search engine as opposed to a general purpose one would better fit the clinician’s task-specific needs
and requirements, being tailored for the work-flow and time
restrictions of the diagnostic process.
As multiple studies involving medical personnel revealed
[10, 5], the most extensively used web systems in finding
medical answers are Google1 and PubMed2 . Google is preferred mainly because of its familiarity and ease of use, and
PubMed is chosen due to its reliable content [11].
However, considering the time restrictions of the clinical
setting, many of the questions still remain unanswered [4].
While having the right information is crucial when making diagnostic decisions, filtering through Google’s results
or formulating a PubMed query can be time consuming [6].
There are a few web systems, such as Phenomizer3 and
Orphanet4 , that allow clinicians to find rare or genetic diseases fitting a set of clinical signs. However, the input for
these systems has to be selected from a predefined list of
clinical signs. Moreover, both of these systems return results from a single source of medical articles.
In our previous work, we have developed a task-based
search engine for rare disease diagnosis that takes free text
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Figure 1: Clustering documents annotated with the same UMLS Metathesaurus concepts
as input, and returns results from multiple sources of medical articles. This paper illustrates additional functionality
designed to facilitate the diagnosis of rare diseases. Specifically we describe the grouping of documents into clusters
based on disease name occurrence, and the ranking of diseases as opposed to documents.
The rest of the paper is organised as follows. Section 2
provides an overview of our previous work and then presents
the new functionalities. Section 3 summarises and concludes
this work.

2.

ZEBRA SEARCH ENGINE

In an effort to tackle the problem of generating relevant
rare disease diagnostic hypotheses for a given patient case,
we developed Zebra5 , a search engine optimised for the task
of diagnosing difficult cases, to be used by clinicians at the
time and place where diagnostic decisions are made [3].

2.1

Overview

Zebra provides an easy-to-use interface to generate a high
number of diagnostic hypotheses given patient data as free
text. Clinicians can search for diagnoses by typing in symptoms, test results, or any textual data, and then filter through
the documents that the system returned as best matching
the query terms.
The index of the search engine contains 33,114 medical
documents on rare and genetic diseases. A custom component is designed for crawling documents from 10 online
medical resources. The indexing and retrieval is performed
using the default settings of the open source search engine
Indri6 .
Our previous work showed that Zebra succeeds in finding
the correct diagnosis, on average before rank 3, in 67.9% of
the test cases, where the query terms consisted of a list of
patient symptoms corresponding to real patients suffering
from rare diseases [2].

2.2

Diagnosing difficult cases is often an iterative process,
where several fitting diagnostic hypotheses are selected for
further investigation. Returning a list of relevant documents
given clinical data can be useful, but we argue that clinicians are more interested at this step primarily in diseases
to be considered, and secondarily in supporting documents.
Therefore, this work focuses on features such as clustering
similar documents, or listing the top diseases covered by the
retrieved documents.
As the medical documents in our index are very focused,
most of them describing a particular disease, we can map
documents to a disease or group of diseases. In order to map
documents to medical concepts, we have used a subset of the
Unified Medical Language System (UMLS) Metathesaurus7
and the MetaMap8 tool.
The UMLS Metathesaurus is a compendium of biomedical controlled vocabularies containing more that 3.5 million
concept names in English. We have selected a subset of
knowledge sources from the 2011AA version of the Metathesaurus that are specifically focused on disease names and
thus of interest for the task of annotating our medical documents: ICD10CM, OMIM, Disease Database, DXP, QMR
and RAM. Altogether, these include 170,728 concept names.
MetaMap9 is a tool that returns the most relevant concepts from the Metathesaurus given some text. The titles
of most of the documents we index consist of disease names.
We use these titles as input for MetaMap and from the
mapped concepts we keep only those with the highest matching score. For example, the title ”Vitamin B12-responsive
methylmalonic acidemia” is mapped to the disease concept
”Methylmalonic Acidemia”.
After mapping the document titles with UMLS Metathesaurus concepts, we create a new index that includes the
new meta-data associated with the documents. In our case,
99.75% of the unique titles have been mapped with at least
7
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Figure 2: Ranking UMLS Metathesaurus concepts instead of documents
one such concept. A random inspection indicated that 93%
of documents were correctly mapped.
With the goal of improving the task of generating diagnostic hypotheses, we use the medical concepts associated to
documents in order to add the functionalities of clustering
documents by concepts, searching for concepts, and ranking
concepts. With clustering, retrieved documents associated
with the same concepts are grouped and hidden under the
highest ranking document from the cluster (Figure 1). When
ranking concepts, for each concept mapped to the retrieved
documents, a concept score is computed taking into consideration the number of associated documents and the rank
at which these documents were retrieved (Figure 2).

3.

CONCLUSION

Searching for rare disease diagnostic hypotheses is a highly
specialised IR task that is not well served by general purpose search engines. A specialised search engine tailored
for this task would better integrate with the work-flow and
time restrictions associated with the rare disease diagnostic
process.
Previous work shows that we have good results for the
task of diagnosing difficult cases. In this work, by automatically annotating documents with medical concepts, we
streamline the hypothesis generating process (1) by grouping similar documents and therefore allowing for a more diverse set of hypotheses to be presented, and (2) by ranking
diseases instead of documents.
Especially by ranking diseases, we provide a more natural
framework for clinicians to select hypotheses, since they will
now select diseases and get supporting documents instead of
selecting documents and elucidate the disease these cover.
Future work will go beyond concept search and ranking.
Presenting the results as a network of diseases, suggesting
query terms based on known medical terminology, and further integrating other knowledge sources are now viable due
to the annotation of documents with medical concepts.
Ultimately, by fusing two different data types, the medical
web articles and the UMLS Metathesaurus data, we are able

to explore this synergy in order to improve the usefulness of
the system for clinicians and hopefully the outcome of the
diagnostic process.
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