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ABSTRACT 
Rare diseases constitute a poorly known subject among the 
population. Nevertheless, despite their name, a large number of 
persons are afflicted by one or many of them. Research on the 
nearly seven thousand rare diseases is insufficient, and even if 
some works have been done to exploit scientific publications and 
extract relevant information, knowledge is very difficult to obtain 
for the general population. This paper presents a new system that 
try to address the dissemination of knowledge on rare diseases. 
Particularly, we focus on the task of extracting automatically 
symptoms of rare diseases from publications with a new approach 
using a Named Entity Recognition (NER) algorithm based on the 
numerical statistic Term Frequency - Inverse Document 
Frequency (TF-IDF). 
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1  INTRODUCTION 
The Canadian government spending on healthcare is 

continuously increasing on a yearly basis. In 2017, a total of 242 $ 
billion was invested according to Canadian Institute for Health 
Information (2017) [1]. These investments are a positive point and 
a sign of how important healthcare to the population is. 
Nevertheless, the government choses to invest, with an 
understandable logic, in public medical research programs that 
are likely to benefit the large majority of the population [2]. This 
is where research for rare diseases is at disadvantage; while the 
private pharmaceutical industry is reluctant to invest in research 
for orphan drugs that carry a high risk of failure, it would also not 
result in a highly lucrative business, since it would target only a 
small number of persons for the majority of the rare diseases.  

The consequence for persons affected with rare disease is 
that they are left without treatment options and often a lack of 
even a basic scientific understanding of their disease. This 
population is left to themselves, often getting several wrong 
diagnoses and taking years to learn what they are afflicted with 
[3-5]. Indeed, in the case of rare diseases, it is often difficult to 
establish a reliable diagnosis for several reasons: the number of 
specialists for a specific rare disease is limited (or simply non-
existent), access to specialists is difficult and there is a lack of 
scientific knowledge and information about rare diseases. In 
addition, even when a diagnosis is established, physicians are 
often unable to transfer accurate and relevant information about 
the disease to the person and her family (due to lack of time or 
knowledge) [6]. 

Several portals exist where we can learn about rare diseases. 
These portals are built by devoted persons who often do it for free 
in their spare time or by non-profit organization working to the 
awareness of some of these diseases (Orphanet [7], EpiRare [8], 
NORD [9], etc.). There are three major drawbacks to this 
information strategy. First, only the common rare diseases are 
discussed on these portals or websites. Second, the knowledge 
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transfer process starts from highly qualified specialist publishing 
paper, to physician, and then, to persons working on the portal. 
The whole process may take years, and there are chances for the 
information to lose accuracy over time. Third, for the most 
accurate and complete of these portals, the information is not 
presented in a way to be understandable by the general 
population; the platform target highly skilled specialists.  

The topic of rare disease is obviously extremely challenging 
on all fronts of research. This project aims to address the first two 
challenges by trying to deal with a maximum of diseases but also 
and especially by focusing on accelerating the process of 
knowledge transfer by automating the search for symptoms in 
scientific publications. To respond to these problems, this paper 
presents an automatic extraction system for rare disease 
symptoms. Our tool uses reliable sources made available free of 
charge. The tool is functional, and the source code is available 
online1. 

2 Related Work 
Text mining and the understanding of unstructured text 

data by machines has been the object of research for several years 
now [10-12]. Nevertheless, this area of research is still very active, 
and it proposes several unsolved challenges. The automatic 
extraction of a specific information through its context and 
understanding is among the remaining questions. In this section, 
we try to summarize the most relevant approaches regarding our 
work.  

2.1  Text mining of scientific papers 
There are a certain number of tools for excavating scientific 

publications automatically. One can quote PolySearch 2 [13], 
which is a web server for text mining and semi-automated 
discovery of text associations between various types of biomedical 
entities (e.g.: human diseases, genes, proteins, drugs, metabolites, 
toxins, metabolic pathways, organs, etc.). Technology used by 
Polysearch to extract associations is sentence scoring with a 
pattern recognition system that used 3 types of patterns 
depending on the number of words in the sentence: compact 
patterns, general patterns and relaxed patterns. Other works, such 
as Mahmood et al. 2016 [14], extract very specific information 
such as, in that case, mutation-disease associations using pattern 
recognition, syntactic and semantic analysis. 

2.2  Extraction of symptoms 
The automatic extraction of the symptoms of diseases is a 

task that has already been subject of few projects. The closest 
work to our problematic is certainly that of Holat et al. [15]. As in 
their paper, the objective is the extraction and recognition of 
symptoms in publications related to rare diseases. Using 100 
publications per disease, out of 100 diseases selected by an expert, 
the authors achieved an F-score of 29.38% using a combination of 
pattern mining and Conditional Random Field (CRF). As a 
reminder, F-score represent the harmonic mean of precision and 
recall, precision and recall being measures of relevance of system. 
Another study that considered using a combination of pattern 
mining and Natural language processing tools (Tree tagger[16] 

                                                                 
1 https://github.com/CharlesCousyn/RDSearch4 

and Stanford Parser[17]) achieved an F-Score of 36.8% by 
evaluating 25 disease summaries. 

There are two observations that can be drawn from these 
works. In both cases, few diseases are tested. Indeed, they 
reportedly selected a few well documented diseases which would 
represent less than 2% of the 7000 rare diseases. Secondly, both 
these works only treat the abstract of the publications. Our 
approach aims to specifically perform the task to as many diseases 
as possible as long as there is enough scientific material on them. 

3  Architecture of the new platform 
The new tool is built around three modules to cover all 

aspects of automated extraction. First, an information aggregator 
module is capable of routing rare disease datasets and scientific 
publications from the PubMed Central (PMC) [18] database and 
storing them in a database. The second module deals with the 
extraction of entities from scientific papers. The tool uses the 
named entity recognition (NER) algorithms of the LingPipe library 
[19]. Finally, an extraction quality evaluation module is available 
to generate performance files in JSON format and thus allow an 
easy exploration of the evaluation results. 

3.1 Database 
The tool, in its current version, stores information on a 

MongoDB database (version 3.4.10), which have the advantage of 
scaling well when the volume of data starts to grow. The main 
role of the database is to store the list of rare diseases and all their 
related information to accelerate the data retrieving process. 
Everything that was automatically retrieved and that can be saved 
without requiring too much space is stored. The information 
include basic disease information taken from Orphanet [7], some 
the most reputable publications linked to each disease, the 
symptoms related to their respective weight (which symbolizes 
the importance of the symptoms, the strength of the relationship 
between the symptoms and the diseases) computed by text mining.  

Scientific papers are stored in the database to enable offline 
text mining operations. Nevertheless, to avoid an explosive load 
of data, the number of papers is currently limited to a maximum 
of 1000 papers per disease. Moreover, it would be difficult, if not 
impossible, to update the diseases’ information in a reasonable 
amount of time without limiting the number of publications to 
explore.  

3.2  Data gathering process 
Good data sources are essential to complete the database 

with consistent and relevant information. First, the list of rare 
diseases is based on the list provided by Orphanet in one of the 
datasets available on Orphadata. Orphanet was created by 
INSERN (1997) and is known to be the one of the most accurate 
and up to date information source for rare diseases [7]. 

For scientific publications, the platform uses the Entrez 
Programming Utilities API [20] by the National Center for 
Biotechnology Information (NCBI) to retrieve and analyze them. 
This API provides free access to all databases/search engines of 
Entrez (PubMed, PMC, Gene, Nuccore and Protein). In our case, 
we only use the PMC (Pubmed Central) database which allows to 
search in the MEDLINE database the publications having the full 
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text available. Medline is a bibliographic database produced by the 
National Library of Medicine [11] which covers all biomedical 
fields: biochemistry, biology, clinical medicine, economics, ethics, 
odontology, pharmacology, psychiatry, public health, toxicology, 
veterinary medicine. 

To maintain the quality of the information in the database, 
a whole system is dedicated to its update. The process update is 
simple, every time the program is launched, if there is an update 
on data sources online, a local update takes place and the database 
is updated. When it occurs, it first updates the list of diseases to 
look for potential additions that could have been made. Then, it 
goes through these diseases and deals with all their symptoms by 
launching all update processes including text mining in 
publications retrieved from the API. The long-term goal is, 
however, to be able to perform this task continuously in the 
background on a dedicated server without limiting the number of 
scientific papers to explore.  

4  Text mining on symptoms 
The method used to extract this information has to remain 

fast to allow the update to be done in a few hours since there are 
almost 7000 rare diseases with a significant variation in the 
number of associated papers (from zero to more than a hundred 
thousand). Hence, in this project, different solutions were 
explored to tackle this task. 

The solution we decided to use is to rely on an external 
library called LingPipe [19]. LingPipe is a recognized option 
working in Java and C#. This library makes it possible to do many 
text mining operations such as the named entities recognition, 
text classification, clustering [21], sentiment analysis [22], part-
of-speech tagging, etc. Another alternative is the Standford NLP 
library by Manning et al. [17] which has similar capabilities. 

4.1  Dictionary based NER 
The task of the automatic extraction of symptoms can be 
considered as a task of Named Entity Recognition (NER). NER is 
the search field that consists of identifying words or groups of 
words belonging to the same category in a text. For example, this 
may involve recognizing terms such as "Dog" or "Cat" in the text 
when searching for words in the "Animal" category. 

One of the ways to do symptom recognition with NER 
techniques is to do NER based on a dictionary. The principle is as 
follows, we assume that we have the complete list of possible 
entities and we will simply try to extract the words or groups of 
words from the text that are in this list. This approach has the 
advantage of being very simple because once the dictionary is 
found or established, it is enough to check the word groupings of 
the text and find matches. And in our case, the dictionary 
exploited is the Human Phenotype Ontology (HPO) [23]. HPO 
provides a standardized vocabulary of phenotypic abnormalities 
encountered in human disease. A phenotypic abnormality 
happens to be a notion relatively close to what is commonly called 
a symptom. In the case of rare diseases, we consider these notions 
as similar since they are, for the great majority, of genetic origin 
even if we know that HPO is not an exhaustive list of symptoms. 

4.2  Observation and TF-IDF 

The dictionary-based NER is a very simple approach that is 
not sufficient when exploited naively. On our problematic, this 
basic approach gives a large number of false positives (average 
recall of 59.66%, average accuracy of 1.83% and average F-score of 
3.55%). In view of this observation, our team worked to develop 
an approach allowing to eliminate a maximum of these false 
positives and thus to make go up the precision and the F-score 
without making the recall fall. 

4.2.1 A basic TF-IDF approach. The idea of the approach is as 
follows: For each disease, we assign a significance value to each 
extracted entity, rank them by decreasing value, and set a general 
threshold to eliminate entities that are not significant enough. 
From this idea, two things remain to be determined. First, the 
calculation of the significance should be done in a way that gives 
a high significance value to the true symptoms and a low 
significance value to the surplus symptoms (false positives). Then, 
once each extracted symptom has an assigned value, it is 
necessary to determine an optimal threshold to eliminate enough 
false positives but not too many true positives, i.e. which 
maximizes the F-score.  

To answer the first question, we tried to find a statistical 
formula that could be as discriminating as possible between the 
real symptoms and the surplus symptoms. Our choice of this 
formula was "Term Frequency - Inverse Document Frequency 
(TF-IDF). TF-IDF, is a statistical measure that attempts to reflect 
how important a word/term is in a text corpus [24]. The inverse 
frequency in documents (IDF) can be defined as follows: "Factor 
that decreases the weight of terms that appear very frequently in 
the document set and increases the weight of terms that appear 
rarely". In other words, a word that will tend to be used in a lot of 
texts will see its value of importance diminished while a word 
used in few texts will be preferred. The mathematical formulation 
of TF-IDF looks like this: 

 𝑇𝐹 − 𝐼𝐷𝐹(𝑡, 𝑑, 𝐷) =  𝑇𝐹(𝑡, 𝑑) ∗  𝐼𝐷𝐹(𝑡, 𝐷) (1) 

𝑇𝐹(𝑡, 𝑑) refers to the term frequency of term 𝑡 in document 𝑑 and 
𝐼𝐷𝐹(𝑡, 𝐷)  refers to the inverse document frequency of term 𝑡 in 
the corpus of documents 𝐷. 

4.2.2 TF-IDF modified. TF-IDF being capable of 
discriminating significant words from others with a mathematical 
formula, we wanted to apply same principles to discriminate real 
symptoms from surplus symptoms.  
Regarding the first factor, the "Term Frequency" (TF) represents 
the frequency of a word in a document. In our case, the principle 
is similar but applied to all publications of a disease. To simplify, 
all publications become a single document. Our new Term 
Frequency (TF(t, m))  designates the frequency of a term t in all 
publications of a disease m. The raw frequency, denoted by 𝑓𝑡,𝑚, 
represents the number of occurrences of the term t in all the 
publications {𝑝}𝑚 of the disease m. In our work, different version 
of TF(t, m) were implemented. This was done in order to optimize 
our statistical measurement.  Those implementations are grouped 
in Table 1. 

 
Version Name used in graphs Formulation 
Binary Binary {0, 1} 

Raw count RawCount 𝑓𝑡,𝑚 
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Logarithmic 
Normalisation 

LogNorm 𝑙𝑜𝑔(1 + 𝑓𝑡,𝑚) 

Double Normalisation 0 MinMaxNorm 𝑓𝑡,𝑚

𝑚𝑎𝑥{𝑡′∈𝑀}𝑓𝑡′,𝑚
 

Table 1: Table of different versions of our Term Frequency 
Concerning the term IDF, like TF, it has been similarly 

upgraded to support the notion of disease. Thus, the Inverse 
Document Frequency becomes the Inverse Disease Frequency. 
The idea is to create a factor that has the following behavior: the 
more a term is present in all disease publications, the less 
significant it is for any specific disease. To do this, it is important 
to clearly define the meaning of being present, that is, to define its 
inter-disease frequency. Two different definitions to define its 
inter-disease frequency (its frequency in the disease set) were 
adopted. First, the inter-disease frequency 1 (𝑓𝑖𝑛𝑡𝑒𝑟1,𝑡) refers to 
the number of diseases for which the term t appears in all 
publications {𝑝}𝑚, i.e. mathematically: 

 𝑓𝑖𝑛𝑡𝑒𝑟1,𝑡 = 𝐶𝑎𝑟𝑑({𝑚 ∈ 𝑀 ∶ 𝑡 ∈ {𝑝}𝑚 }) (2) 

Second, the inter-disease frequency 2 (𝑓𝑖𝑛𝑡𝑒𝑟2,𝑡) refers to the sum, 
among the disease set M, of the TF linked to the term t, i.e. 
mathematically: 

 
𝑓𝑖𝑛𝑡𝑒𝑟2,𝑡 = ∑ 𝑇𝐹(𝑡, 𝑚)

𝑚∈𝑀
 (3) 

This second frequency attempts to add an additional notion to the 
first. Where the first adds 1.0 each time a term is found in disease 
publications, the second attempts to add a weighted 
representation of the presence of the term in disease publications, 
TF. Note that if you choose to use the "Binary" type TF in the 
second frequency formula, you get a measurement identical to the 
first frequency. The different versions of IDF that are used are in 
Table 2: 

Version Formulation 
Unary 1 

Inter-disease frequency 1 𝑓𝑖𝑛𝑡𝑒𝑟1,𝑡 

Inverse inter-disease frequency 1 𝐶𝑎𝑟𝑑(𝑀)

𝑓𝑖𝑛𝑡𝑒𝑟1,𝑡
 

IDF_1 
𝑙𝑜𝑔 (

𝐶𝑎𝑟𝑑(𝑀)

𝑓𝑖𝑛𝑡𝑒𝑟1,𝑡
) 

IDF_1 Smooth 
𝑙𝑜𝑔 (1 +

𝐶𝑎𝑟𝑑(𝑀)

𝑓𝑖𝑛𝑡𝑒𝑟1,𝑡
) 

Probabilistic IDF_1 
𝑙𝑜𝑔 (

𝐶𝑎𝑟𝑑(𝑀) − 𝑓𝑖𝑛𝑡𝑒𝑟1,𝑡

𝑓𝑖𝑛𝑡𝑒𝑟1,𝑡
) 

Inter-disease frequency 2 𝑓𝑖𝑛𝑡𝑒𝑟2,𝑡 

Inverse inter-disease frequency 2  𝑆𝑢𝑚𝑡𝑜𝑡 

𝑓𝑖𝑛𝑡𝑒𝑟2,𝑡
 

IDF_2 
𝑙𝑜𝑔 (

𝑆𝑢𝑚𝑡𝑜𝑡

𝑓𝑖𝑛𝑡𝑒𝑟2,𝑡
) 

IDF_2 Smooth 
𝑙𝑜𝑔 (1 +

𝑆𝑢𝑚𝑡𝑜𝑡

𝑓𝑖𝑛𝑡𝑒𝑟2,𝑡
) 

Probabilistic IDF_2 
𝑙𝑜𝑔 (

𝑆𝑢𝑚𝑡𝑜𝑡 − 𝑓𝑖𝑛𝑡𝑒𝑟2,𝑡

𝑓𝑖𝑛𝑡𝑒𝑟2,𝑡
) 

Table 2: Table of different versions of our “Inverse Disease 
Frequency” 
𝑆𝑢𝑚𝑡𝑜𝑡 represents the sum, among the set of terms corresponding 
to symptoms T, of 𝑓𝑖𝑛𝑡𝑒𝑟2,𝑡 whose formula is the following: 

                                                                 
2 http://www.orphadata.org/cgi-bin/inc/product4.inc.php 

 
𝑆𝑢𝑚𝑡𝑜𝑡 = ∑ 𝑓𝑖𝑛𝑡𝑒𝑟2,𝑡

𝑡∈𝑻
  (4) 

4.2.2 Choice of versions used. The new measure of TF-IDF value 
of importance will be used to rank the extracted items in a 
decreasing order, thus classifying, for each disease, the symptoms 
from most to least important. Given the different versions that 
have been presented, each pair combination has been tested in this 
project (TF, IDF) to find the most efficient. The most efficient is 
defined by the one that tends to assign high values to the extracted 
elements that are really important.  

5  Validation of the platform 

5.1  How to Test the Platform? 
Testing the quality of symptoms extracted by our system can be 
done in different ways. The first way to approach this task is to 
show the elements extracted by the system to one or more rare 
disease experts. This approach is obviously very time-consuming, 
and the challenge is to find and recruit knowledgeable experts to 
deal with it. The second way, that the team chose to implement, 
is to do it automatically with a program and a verification set. 
Luckily, a reputable verification dataset is available through the 
Orphadata[25] database. Orphadata's mission is to provide the 
scientific community with a comprehensive, high quality and 
freely accessible data set on rare diseases and orphan drugs in a 
reusable format. The Rare Disease Phenotypes dataset2 is an XML 
file updated monthly which, as its name suggests, contains the 
phenotypes associated with each rare disease. It represents the 
ground truth of the real symptoms of our rare diseases. Each of 
these symptoms is given using the terms of the HPO. 
Consequently, the vocabulary in this dataset is the same as in the 
dictionary used for our NER. 

5.2  Selection of Performance Measures 
In order to measure the quality of our extraction, it is necessary 
to define the performance measures that will be used. First, the 
accuracy, recall and F-score measures will be calculated from the 
number of true positives, false positives and false negatives. A 
final statistical measure, which created specifically for this 
project, was implemented to give an idea of the quality of the 
formula used to calculate the importance value of our symptoms. 
Used to determine the best combination of couples (TF, IDF), this 
measurement depends on various other formulas that are detailed 
in this section. 

In our approach, each extracted symptom has a significance 
value; a weight. Once this value is calculated, it is used by sorting 
the extracted symptoms of each disease in descending order (the 
higher the value is, the more important the element is and the 
closer its rank is to 1). This weight thus makes it possible to obtain 
a rank 𝑅𝑆𝑚𝑖 for a symptom i of a disease m in this classification. 
Once all the ranks 𝑅𝑆𝑚𝑖  are found for each symptom i, true 
symptoms are identified. Once all true symptoms are identified, 
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the average of all 𝑅𝑆𝑚𝑖   where i nominates a true symptom of 
disease m is computed. This average, which is called 𝑅𝑀𝑉𝑆𝑚, can 
be calculated as follows: 

 
𝑅𝑀𝑉𝑆𝑚 =  

∑ 𝑅𝑆𝑚𝑖𝑖∈𝑇𝑆𝑚

𝑛𝑚
, (5) 

where 𝑛𝑚 denoting the number of true symptoms extracted (true 
positives) for disease m and 𝑇𝑆𝑚  denoting the set of all true 
symptoms of disease m. Since this measure concerns only one 
disease, a measure that achieves the mean for all diseases need to 
be used. This measure, which is called 𝑅𝑀𝑉𝑆, has the formula (6): 

 
𝑅𝑀𝑉𝑆 =  

∑ 𝑅𝑀𝑉𝑆𝑚𝑚∈𝑀

𝐶𝑎𝑟𝑑(𝑀)
 (6) 

Figure 1 illustrates the calculation of 𝑅𝑀𝑉𝑆𝑚 from a sample of 
extracted symptoms. 

 
Figure 1: Illustration of computing 𝑹𝑴𝑽𝑺𝒎 (Symptoms in 
green are true symptoms and symptoms in purple are 
false symptoms, i.e. false positives) 

5.2  Dictionary based NER only 
Before the comprehensive approach we detailed earlier, we 
wanted to evaluate what the NER dictionary could extract by 
default. Thus, by comparing our set of verification data with our 
extracted symptoms, we obtain performances of 1.83% in 
accuracy, 59.66% in recall, 3.55% in F-Score. Also, by displaying 
different performance measures according to the number of 
publications, we obtain the graph of figure 2. 

 

 
5.2.2 Find the best combinaison. The best possible 

combination (TF, IDF) is determined by achieving a minimum 
𝑅𝑀𝑉𝑆 . With 11 distinct IDF types and 4 distinct TF types, 44 
possibilities are tested. With a minimum 𝑅𝑀𝑉𝑆  of 151.72, the 

combination with TF type "Normalisation double 0" and IDF type 
"IDF_1 Smooth" is the best according to this criterion. 

5.2.3 Find the threshold. Once the best combination is 
determined, we determine the optimal threshold that maximizes 
the F-score. The approach envisaged for the threshold search is a 
simple approach which consists in testing a set of possible values 
in a given interval. For example, taking the interval [0.0, 5.0] and 
a step of 0.01, the set of threshold values tested will be of the form 
{0.0, 0.01, 0.02, 0.03, ..., 4.98, 4.99, 5.00}. We opted for this simple 
approach because during our tests, we saw that it could be 
achieved in a reasonable time. About the choice of interval and 
step, we proceeded by successive tests, trying each time to target 
the zone presenting the best performances, that is to say by 
increasing the step and by decreasing the interval towards this 
zone. Finally, the threshold that maximizes the F-score to a value 
of 17.17% has the value 0.0415. The Figure 3 shows the evolution 
of the performance measurements as a function of the threshold 
values. 

 

5.3  Interpretations and discussion 
The experiments on automatic symptoms extraction was 

very beneficial for the future of our research. While there is still a 
lot of research to do, a deeper analysis made us learn valuable 
knowledge that other researchers may find useful if undertake a 
similar endeavor. The reader should keep in mind that this task is 
very novel in research and that only a few similar works can be 
found in the literature. Four major headwinds that our team faced 
are discussed in this section. 

5.3.1 Presence of symptoms in the scientific literature. 
Concerning the results obtained using only the dictionary 
approach, as expected, a low accuracy and a rather high recall are 
obtained. Indeed, this approach makes it possible to find a 
majority of real symptoms as long as they are present in the 
scientific literature, but on the other hand, it also finds many 
symptoms that are not related to the disease. If the recall does not 
exceed 60% on all diseases, it means that, on average, almost 40% 
of symptoms are missing in the disease publications. Our 
assumption is that there must be a lack of publications to analyze 
in our database and that PMC does not contain all the necessary 
rare disease content. More concretely, it also means that our 
extraction can never have a recall higher than 60% and therefore 
the F-score is limited to 75%. 

5.3.2 Rarity profiles. For those unfamiliar with rare diseases, 
it may sound surprising but rare diseases actually have a very 
different profiles of rarity. Four rarity profiles emerge from the 
lot. First, there are the common rare diseases. These diseases are 
well-known by experts and have been studied a lot in the 

Figure 3: Evolution of performances by threshold value 
(Precision in blue, Recall in yellow, F-score in pink) 

Figure 2: Performance by the number of publications 
(Precision in blue, Recall in yellow, F-score in pink, RMVS 
in orange, Number of diseases in green) 
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literature. For instance, Tuberculosis or Alzheimer’s disease are in 
this category. Second, there are localized diseases. These diseases 
can be common but limited to a small geographical area. The 
Spastic ataxia Charlevoix-Saguenay and the dystrophia 
myotonica type 1 are to examples of localized diseases in the 
province of Quebec, Canada. Third, there are the average rare 
diseases, which are little known and affect a small percentage of 
the world population. Finally, there are the very rare rare diseases. 
In some case, only few persons on the planet were diagnosed. 
They often are the subject of only one or two scientific papers. 

Of all rare diseases listed on Orphanet, 5894 give, at least, one 
publication when doing research on PMC, or 93.09%. We therefore 
have a small proportion (6.91%) of diseases from which it was 
impossible for us to extract anything. Also, it is important to note 
that the verification set from Orphadata used for evaluation, gives 
the real symptoms of, only, 3056 diseases. As a result, overall, we 
were only able to evaluate the symptoms of 2572 diseases that are 
present in this verification set and which possess, at least, one 
publication. And out of these 2572 diseases, 1073 diseases have 
less than 100 publications, or 41.72%. This heterogeneity in the 
rarity profiles probably affect significantly our results. Another 
problem is that many rare diseases are a combination of other rare 
diseases and therefore the symptoms of one may affect the 
symptoms of the other. The contamination factor is, however, 
difficult to evaluate. 

5.3.3 Quality of the Data. The third challenge regards the 
data that we gather from the automated mining of papers. There 
is inherent bias in the extraction of symptoms using scientific 
publications. One of them is the point of view of the authors. Let’s 
suppose that the algorithm mine the symptoms of a hypothetical 
syndrome X which affect the heart and change the skin properties. 
The symptoms regarding the skins might not significantly impact 
the patients, while the heart ones are mortal. In that case, it is 
likely that most papers on the subject will adopt a cardiovascular 
point of view which may impair the ability of the algorithm to 
detect the skin symptoms. 

5.3.4 TF-IDF strategy. It is also possible that TF-IDF's own 
strategy may not be the best approach. Indeed, with our version 
of TF-IDF, the symptoms that are present globally, i.e. among a 
large number of diseases, see their value of importance 
diminished. This single criterion of "global" presence among 
diseases seems to work in part because we were able to raise the 
F-score to 17.17%. We believe that adding other criteria or 
statistical measures, for example concerning syntactic analysis of 
sentences containing terms referring to symptoms, could allow a 
significant improvement in extraction performance. 

6  Conclusion 
In this paper, we introduced a new approach to the problem of 
automatic symptom extraction based on a statistical measure 
inspired by TF-IDF. This work aims to contribute to the 
improvement of the quantity and the quality of information in the 
field of health, to promote the dissemination of knowledge and to 
reduce costs of information maintaining in health information 
platforms. The results of this work show that symptom extraction 
is an area that still needs the attention of researchers in the future 
to build a tool capable of quality extraction. In future work, the 

team plans to focus on improving text mining and extracting other 
types of elements such as remedies, drugs. 
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