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Abstract 

With the rapid growth of biomedical litera-

ture, automated methods for assigning index-

ing terms to textual documents have received 

a growing interest. While many efforts have 

been done towards this direction, it remains a 

real challenge. Moreover, the issue is even 

more complicated since full text is not always 

freely available. In this paper, we propose a k-

nearest neighbors (k-NN) based approach 

which only uses titles and abstracts of a large 

collection of documents for proposing indexes 

for their full text. We explore the TF-IDF 

weighting scheme for document neighbors’ 

retrieval and then investigate several learning 

methods for annotating documents. Experi-

mental evaluation performed on a standard da-

taset shows that the proposed method achieves 

good performance compared with the current 

state-of-the-art methods, reaching a competi-

tive F-measure of 0.53%.  

1 Introduction 

The amount of biomedical information is growing 

rapidly with an abundant production of digital 

documents (biomedical papers, medical reports, 

patient discharge summaries, etc.) in the domain. 

Furthermore, this information is generally ex-

pressed in natural language and so in an unstruc-

tured form (under textual format), which makes 

difficult its automated processing. In addition, with 

their growing volume, effective access to useful 

information among this large amount of data is 

necessary. To do so, a suitable representation of 

the information present in these textual documents 

is crucial. Controlled vocabularies, such as the 

Medical Subject Heading (MeSH) thesaurus, are 

widely used to index biomedical texts (Trieschnigg 

et al., 2009) and thus to facilitate access to useful 

information (Díaz-Galiano et al., 2009; Azcárate et 

al., 2012). The use of these external resources is 

very important for analyzing biomedical texts and 

has received a growing interest for improving in-

formation retrieval performance. As regards con-

ceptual indexing, concepts defined in thesauri or 

ontologies are often used to annotate documents. 

The MeSH thesaurus is a well-known example 

which is used for indexing Medline citations. In-

deed, the latter are indexed manually by the Na-

tional Library of Medicine (NLM) curators using 

the MeSH descriptors. Although the task of anno-

tators is now facilitated by a semi-automatic meth-

od (Aronson et al., 2004), the rapid growth of bio-

medical literature makes manual-based indexing 

approach complex and time-consuming (Huang et 

al., 2011). Thus, fully automated indexing ap-

proaches seem to be essential. While many efforts 

have been done in this direction, indexing biomed-

ical texts according to specific segments of these 

texts, such as their title and abstract, remains a real 

challenge (Tsatsaronis et al., 2012). 

In this paper, we propose a k-NN based ap-

proach for extracting and selecting relevant MeSH 

descriptors from the titles and abstracts of a large 

collection of online scientific articles in order to 

index their full texts. The principle of the k-NN 

based approach is to consider the set of concepts 

(MeSH descriptors, in this case) assigned manually 

to the k most similar documents (training set) of 

the document to be indexed. Then, these concepts 

are ordered by their relevance score so that the 

more relevant are used to index the document. In a 

previous work (Huang et al., 2011), authors noted 

that over 85% of MeSH descriptors relevant for 

indexing a given document are contained in its 20 

nearest neighbors. This seems to better represent 
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the documents rather than what can be found in 

their title and abstract solely. 

First, we have developed a method to determine 

similar documents by combining unigram and bi-

gram models with the TF.IDF (term frequency – 

inverse document frequency) weighting scheme. 

This latter is used for retrieving the document 

neighbors. Then, we have investigated different 

types of features and several learning methods to 

improve document indexing using the k-nearest 

neighbors’ algorithm. Our work is related to named 

entity recognition because we identify entry terms 

of the descriptors in the text. However, our purpose 

is different in the sense that we use only titles and 

abstracts of a large collection of documents in or-

der to predict relevant entities for indexing their 

full text thanks to the exploitation of neighboring 

documents through a k-NN based approach. These 

relevant documents could be used later in an In-

formation Retrieval (IR) system. This is a very 

challenging task, which motivated the recent 

launch of the BioASQ large-scale biomedical se-

mantic indexing and question answering chal-

lenge
1
. 

The rest of the paper is organized as follows. 

First, related work concerning biomedical indexing 

and, more generally, multi-label classification is 

presented in Section 2. Then, the proposed k-NN 

based method is described. In Section 4, the exper-

iments are presented while the results are discussed 

in Section 5. Conclusion and future work are final-

ly drawn in Section 6. 

2 Related work 

Classical IR methods, which use generally bags of 

words, present some limitations (Fernández et al., 

2011). To address these limitations, knowledge-

based approaches, which bring some semantics to 

the process, are increasingly used. These semantic 

approaches are often based on resources like the-

sauri or ontologies (Diallo et al., 2006) and aim at 

indexing documents with concepts that describe 

their contents. For indexing textual documents, 

different approaches have been proposed in the 

literature: pattern-based methods, machine learning 

based methods (Jiang et al., 2012) as well as hy-

                                                           
1 http://bioasq.lip6.fr/ 
2 Labels are categories used to index documents 

brid methods which combine both (Xu et al., 

2012). 

The pattern-based approaches often rely on lin-

guistic patterns automatically discovered or manu-

ally defined to find concepts (or terms) appearing 

in a document. In particular, the MTI (Aronson et 

al., 2004) is one of the first attempts to index bio-

medical documents (Medline articles) using con-

trolled vocabularies. To map biomedical text to 

concepts from the UMLS Metathesaurus, they used 

the well-known concept mapper MetaMap and 

combined its results with the PubMed Related Ci-

tations algorithm (Lin and Wilbur, 2007). The 

combination of these methods results in a list of 

UMLS concepts which is then filtered and recom-

mended to human experts for indexing citations. 

Recently, the MTI was extended with various fil-

tering techniques and machine learning algorithms 

in order to improve its performance. Ruch (2006) 

has designed a data independent hybrid system for 

the automatic annotation of medical texts.  The 

first module is based on regular expressions to map 

texts to concepts while the second is based on a 

Vector Space Model (VSM) (Salton et al., 1975) 

considering the vocabulary concepts as documents 

and documents as queries. Then, the rankers of the 

two components are merged to produce a final 

ranked list of concepts with their corresponding 

weight. The results showed that this method 

reached good performance, comparable to machine 

learning based approaches. One limitation of this 

system is that it may return MeSH terms which 

match partially the text (Trieschnigg et al., 2009). 

The machine learning based approaches, 

meanwhile, learn a model from a training set con-

stituted of already indexed documents and then use 

it to classify new documents. Trieschnigg et al. 

(2009) have presented a comparative study of six 

systems which aim at classifying medical docu-

ments using the MeSH thesaurus. In their experi-

ments, they showed that the k-NN method outper-

forms the others, including the MTI and the ap-

proach developed in (Ruch, 2006). In their work, 

the k-NN classifier uses a language model to re-

trieve documents similar to a given document. The 

relevance of MeSH descriptors is calculated by 

summing the retrieval scores of documents indexed 

by these descriptors among the document neigh-

bors. Another k-NN based approach has been pro-

posed in (Huang et al., 2011). A learning-to-rank 

model is used to compute relevance scores and 
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then to rank candidate labels
2
. Experiments on two 

small standard datasets showed that this method 

achieves better performances than the MTI. 

In (Dinh et al., 2013), authors explore a set of 

factors that affect the effectiveness of biomedical 

document indexing. They proposed a multi-

terminology based concept extraction method us-

ing voting techniques. An approximate concept 

extraction method is used for identifying concepts 

in documents with their associated relevance 

scores using each terminology. Then, voting tech-

niques are used to merge lists of concepts obtained 

with the different terminologies and to select the 

best concepts. They have shown that their multi-

terminology indexing approach improved signifi-

cantly the performance of IR in the biomedical 

domain.  

On the other hand, indexing biomedical docu-

ments where each document of the dataset is as-

signed one or several categories (also called labels) 

can be considered as a multi-label classification 

task. Multi-label classification (MLC) is increas-

ingly studied and especially in text classification 

(Tsoumakas et al., 2010). Several methods have 

been developed to deal with this task (Cherman et 

al., 2011; Spyromitros et al., 2008), which can be 

categorized into two main approaches (Tsoumakas 

et al., 2010): the problem transformation approach 

(Read et al., 2011) and the algorithm adaptation 

approach (Zhang and Zhou, 2007; Spyromitros et 

al., 2008; Tsoumakas and Katakis, 2007). The 

problem transformation approach splits up a multi-

label learning problem into a set of single-label 

classification problems whereas the algorithm ad-

aptation approach adjusts learning algorithms to 

perform MLC. 

In MLC, the k-NN based approach is widely 

used. This approach was proven efficient for MLC 

in terms of simplicity, time complexity, computa-

tion cost and performance (Spyromitros et al., 

2008). Zhang and Zhou (2007) proposed a ML-

KNN (for Multi-Label k-NN) method which ex-

tends the traditional k-NN algorithm and uses the 

maximum a posteriori principle to determine rele-

vant labels of an unseen instance. For an instance t, 

the ML-KNN identifies its neighbors and estimates 

respectively the probabilities that t has and has not 

a label l based on the training set, for each label l. 

                                                           
2 Labels are categories used to index documents 

Then, it combines these probabilities with the 

number of neighbors of t having l as a category to 

compute the confidence score of l. Spyromitros et 

al. (2008) propose a similar method, named BR-

KNN (for Binary Relevance k-NN), and two ex-

tensions of classical MLC. The proposed approach 

is an adaptation of the k-NN algorithm using Bina-

ry Relevance method which trains a binary classi-

fier for each label. Confidence scores for each la-

bel are computed using the number of neighbors 

among the k neighbors that include this label. In 

addition, an empirical evaluation of these methods 

was investigated. In (Madjarov et al., 2012), an 

experimental comparison of several multi-label 

learning methods is presented. In this work, differ-

ent approaches were investigated using various 

evaluation measures and datasets from different 

application domains. Other recent works address 

MLC with large number of labels (Bi and Kwok, 

2013). Indeed, in many applications, the number of 

labels used to categorize instances is generally 

very large. For example, in the biomedical domain, 

the MeSH thesaurus consisting of thousands de-

scriptors is often used to annotate documents. This 

large number of descriptors can affect the effec-

tiveness and performance of multi-label models. 

To address this issue, a label selection based on 

randomized sampling is performed. 

In the following section, we describe our k-NN 

based approach and experiment the proposed 

method for indexing biomedical texts. 

3 Method 

In this work, we propose a biomedical text index-

ing method which consists of two steps: i) k-

nearest neighbors’ identification; and ii) document 

classification.   

3.1 K-nearest neighbors’ retrieval 

For each document, we first retrieve its k-NN from 

a large dataset annotated previously. For this, we 

exploit approaches which are based on common 

words between documents to estimate their simi-

larity (Lin and Wilbur, 2007; Huang et al., 2011). 

In our work, we determine the similarity degree of 

a target document with others within the collection 

according to the cosine measure. This measure is 

commonly used in text classification and infor-

mation retrieval within the VSM. The unigrams 

and bigrams are used in this work to represent the 
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documents. The principle of the VSM is to repre-

sent documents by vectors whose components are 

the weights of n-grams (unigrams and bigrams) 

and then to compute the cosine of these weighted 

vectors to determine the documents’ similarity. 

The TF-IDF weighting scheme is used in this 

method. Formally, let C = {D1,...,Dn} be a collec-

tion of n documents, and T = {t1,...,tm} the set of 

the m distinct n-grams occurring in the collection 

C,  a document Di is thus represented by a multi-

dimensional vector : 

         V(Di) = {wi1, …, wim} 

where wij is the TF.IDF of the n-gram tj in the doc-

ument Di. 

For two given documents Di and Dj represented 

respectively by the weighted vectors V(Di) and 

V(Dj), their cosine similarity is defined by: 

        

    (     )   
 (  )   (  )

| (  )|| (  )|
 (1) 

 
where V(Di) · V(Dj) is the scalar product of the 

vectors V(Di) and V(Dj), and |V(Di)| and |V(Dj)| 

their respective norms. 

To sum up, our method consists of: i) tokeniza-

tion and removal of stop words in titles and ab-

stracts; ii) from these preprocessed texts, all the 

unigrams and bigrams are extracted and stemmed; 

iii) these extracted n-grams are used with their 

associated TF-IDF to build the document vectors 

and thereby to determine the similar documents; 

iv) for each document, its k most similar docu-

ments are recovered. 

3.2 Classification of documents 

3.2.1 Principle 

For a given document, once its k-NNs are re-

trieved, all categories assigned to these documents 

are gathered in order to constitute a candidate cate-

gories’ set likely to index this document. As this 

can be seen as a classification problem, we have 

used learning techniques to classify these catego-

ries. Simple classifiers are used to determine the 

categories relevant for indexing a document. The 

labels are then ranked according to their relevance 

and the top N most relevant labels are selected, 

where N is fixed empirically. We have investigated 

different techniques to determine the optimal value 

of N. First, we have set N to the number of labels 

having a relevance score greater than or equal to 

0.5. We have also set N to the average size of the 

labels’ sets collected from the k-NN, like in (Spy-

romitros et al., 2008). Thirdly, we have explored 

the use of an alternative method to determine the 

number of labels for each document described in 

the first BioASQ challenge (Yuqing Mao and 

Zhiyong Lu, 2013). 

To build a classifier, a training set consisting of 

documents with their associated labels has been 

constituted. For each document in the training set, 

its k-NN are retrieved and their associated labels 

are collected (a list of labels are manually assigned 

to each document). Each label in this collected set 

is considered as an instance for the training. There-

after, this labeled training set is used to build the 

classifier. We have experimented different classifi-

cation methods: Naïve Bayes (NB), Decision Trees 

(DT), Neural Network (NN), and Random Forest 

(RF) classifiers.  

To annotate a given document, the labels col-

lected from its neighbors are represented as the 

training ones described above and the trained mod-

el is then used to estimate the relevance score of 

each label. Indeed, the model computes, for each 

label, its probabilities to be relevant and to be irrel-

evant, and these probability measures are then used 

to determine its relevance score and therefore to 

rank candidate labels according to their corre-

sponding scores. 

3.2.2  Features extraction 

For determining its relevance, each label is repre-

sented by a vector of features. In the training step, 

its class is set to 1 if the label is assigned to the 

target document or 0 otherwise. In the predicting 

step, the model uses the label features to estimate 

this confidence score. Different types of features 

have been defined based on related work. 

For each candidate label, the first feature is the 

number of neighbors in which it is present. For 

each candidate label of the target document, the 

similarity scores of the k nearest documents that 

are assigned this label are summed and used as a 

feature. Formally, like in (Spyromitros et al., 

2008), let Lj, j=1…n, be the candidate labels’ set of 

a new document D, and Di, i=1…k its neighbors. 

The values of features 1 and 2 of the label Lj are 

respectively: 
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where the binary function Contain(Di, Lj) outputs 1 if 

the document Di contains the label Lj and 0 otherwise; 

and Sim(Di, D) is the similarity score between Di and D 

as described in 3.1. 

For each candidate label, we verify whether all 

its constituent tokens appear in the whole docu-

ment and consider it as the third feature. This bina-

ry feature captures disjoint terms (terms constituted 

of disjoint words) which are frequent in the medi-

cal texts to be processed. 

We also computed two other features using 

term synonyms. Indeed, for indexing the biomedi-

cal documents, the MeSH thesaurus is used. The 

latter is composed of a set of descriptors (called 

also main headings) organized into a hierarchical 

structure. Each descriptor includes synonyms and 

related terms which are known as its entry terms. 

Hence, for each descriptor, we verify whether one 

of its entry appears in the document. If this is the 

case, the fourth binary feature is set to 1 and the 

descriptor frequency is computed as a value of the 

fifth feature, otherwise the two features are set to 

0. 

Finally, another feature is used to verify wheth-

er a candidate label is contained in the document 

title. Our assumption is that if a label is found in 

the title, this should boost its importance to repre-

sent this document.  

4 Experiments 

In order to evaluate the effectiveness of our meth-

od, we have performed two different experiments: 

one with the official BioASQ challenge dataset 

provided by the organizers and a derived one from 

the latter, as described below. 

4.1 Datasets 

The BioASQ organizers provided a collection of 

over 4 million documents (constituted by titles and 

abstracts only) of specific journals in the task 2a of 

this challenge (Tsatsaronis et al., 2012). It consists 

of manually annotated articles extracted from 

PubMed. For the k-NN retrieval, we used a dataset 

consisting of all articles of this collection pub-

lished since 2000 (2,268,724 documents). The or-

ganizers of the BioASQ challenge then provided 

sets of PubMed articles not yet annotated which 

are regarded as test sets to evaluate the participat-

ing systems. Participants were asked to classify 

these test datasets using the MeSH thesaurus. The-

se test documents were then annotated by the 

PubMed curators for evaluating the results provid-

ed by the participating systems. 

For the second experiment, from the previous 

dataset, we extracted all articles published since 

2013 (133,770 documents) in which 20,000 ran-

domly selected documents were used for training 

the classifiers and one thousand as a test set (avail-

able in http://lesim.isped.u-bordeaux2.fr/data). The 

same training set was also used in the first experi-

ment. Like in the training dataset, each document 

in the test set is assigned a set of labels. These 

manually assigned labels are used to evaluate our 

results. 

4.2 Evaluation measures 

Indexing biomedical documents is considered here 

as a MLC problem. Instead of one class label, each 

document is assigned a list of labels. Thus, we 

used the following measures to evaluate our meth-

od: a) example based precision (EBP), b) example 

based recall (EBR) and c) example based F-

measure (EBF) (Tsoumakas et al., 2010). These 

measures are computed as follows. Let Yi be the 

set of true labels (labels manually assigned to the 

documents), Zi the set of predicted labels and m the 

size of the test set. 
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4.3 Results 

First, we present the results obtained in the task 

2a of the BioASQ challenge. For this, we report 
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results of batch 3 for only the three measures de-

scribed in section 4.2 (different methods were used 

for the two first batches but we choose to only pre-

sent the batch for which our approach obtained the 

best results). Table 1 shows the results of our 

method and the one which obtained the highest 

measures in the different tests of the batch 3. In 

tests 2 and 5, our best system uses a Naïve Bayes 

classifier and selects only labels having a confi-

dence score greater than or equal to 0.5 while in 

the others, the best system sets N to the average 

size of the neighbors. In most cases, using the av-

erage size yielded better or similar results than the 

others. In the challenge, we did not use the auto-

matic method to fix the number of labels as de-

scribed in (Yuqing Mao and Zhiyong Lu, 2013) 

but in the second experiment, this technique has 

been explored. 

Secondly, we evaluated our approach with differ-

ent configurations in the test set described above 

and compared the achieved performances. Thus, 

we tested combinations of different classifiers with 

different techniques for determining the number of 

labels for a given document. The evaluation of 

configurations with the two better classifiers in our 

experiment, Naive Bayes (NB) and Random Forest 

(RF), are presented in Tables 2, 3 and 4. The pa-

rameter k is empirically set to 25 using cross-

validation. 

 

Table 1: Results of our system and the best ones in 

the different tests of the batch 3. Size is the number 

of document in the test 

Test Size System EBP EBR EBF 

test 1 2,961 
Ours 0.55 0.48 0.49 

Best 0.59 0.62 0.58 

test 2 5,612 
Ours 0.52 0.50 0.48 

Best 0.62 0.60 0.60 

test 3 2,698 
Ours 0.55 0.49 0.49 

Best 0.64 0.63 0.62 

test 4 2,982 
Ours 0.49 0.55 0.49 

Best 0.63 0.62 0.62 

test 5 2,697 
Ours 0.50 0.53 0.48 

Best 0.64 0.61 0.61 

 
Table 2: Results according to the classifier using 0.5 as 

the minimal confidence score threshold 

Classifier EBP EBR EBF 

NB 0.58 0.49 0.49 

RF 0.74 0.34 0.43 

 
Table 3: Results according to the classifier using the 

average size 

Classifier EBP EBR EBF 

NB 0.51 0.54 0.51 

RF 0.52 0.54 0.52 

 
Table 4: Results regarding the classifier using the cut-

off method 

Classifier EBP EBR EBF 

NB 0.56 0.52 0.51 

RF 0.61 0.52 0.53 

 

When the minimal score threshold is used, the pre-

cision often increases significantly, mainly with 

the RF classifier but the recall is lower (table 2). 

Regarding the average size technique, it yields a 

good recall but the precision decreases slightly 

(table 3). In this case, the results of both classifiers 

are similar but the RF one slightly outperforms the 

NB classifier. The best results are achieved with 

the cut-off method which balances both precision 

and recall, and yields the best F-Measure. Except 

for the minimum threshold technique (table 2) 

where the NB classifier results are better, the best 

F-Measure was achieved with the RF classifier 

(tables 3 and 4). The DT and NN classifiers have 

been investigated but their results are less interest-

ing. The former yielded worse results while the 

latter performed very slowly and got results com-

parable to the RF ones. 

5 Discussion 

Our experiments show that the proposed approach 

is promising for medical documents classification. 

Among the classification systems presented in 

(Trieschnigg et al., 2009), the k-NN one yielded 

the best results. When comparing our method with 

the latter, we use more advanced features to deter-

mine the relevance of a candidate label. Indeed, 

Trieschnigg and his colleagues determine the rele-

vance of a label by summing the retrieval scores of 

the k neighbor documents that are assigned to the 

label. In our method, this sum is only considered as 

one feature among others for determining the con-

fidence scores of labels. While the results of our 

method did not outperform the MTI system (Mork 

et al., 2013) which is currently used by the NLM 

indexers, it got satisfying and comparable results 

which, need to be improved (0.53 against 0.56 of 
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F-measure). A direct comparison with the method 

proposed in (Huang et al., 2011) is not simple 

since the authors used an old collection different 

from the BioASQ official datasets which are recent 

and annotated with the new (2014) MeSH de-

scriptors. As their experiment, when our method is 

evaluated on 1000 randomly selected documents, it 

outperforms this method (0.53 against 0.50 for the 

F-measure). But a comparison with their recent 

results in the first challenge (Yuqing Mao and 

Zhiyong Lu, 2013) where they integrate the MTI 

outputs, their systems performed slightly better 

than ours (F-measure of 0.55 against 0.53). Com-

pared with two approaches proposed in (Zhu et al., 

2013), one based on the MetaMap (Aronson and 

Lang, 2010) tool and another using IR techniques, 

our method got better results (0.53 against 0.42 for 

the F-measure). Our approach outperforms also the 

hierarchical text categorization approach proposed 

in (Ribadas-Pena et al., 2013). For our participa-

tion in the challenge, the NB classifier was com-

bined to the average size of neighbor’s technique 

to determine relevant descriptors for a given doc-

ument. In the second experiment, we noted, how-

ever, that a combination of RF with the cut-off 

technique proposed in (Yuqing Mao and Zhiyong 

Lu, 2013) yielded better results. In addition, we did 

not use any specific filtering rules like the MTI to 

improve our performances. This makes our ap-

proach generic and its reuse in other domains easi-

er. For the k-NN retrieval, we have investigated the 

cosine similarity which is widely used in IR. It 

should be interesting to investigate the combina-

tion of this measure with domain knowledge to 

overcome the limitation of similarity computation 

based only on common words. 

6 Conclusion 

In this paper, we presented a k-NN based approach 

for improving the classification of large collection 

of biomedical documents. The cosine measure was 

used with the TF.IDF weighting method to com-

pute similarity between documents and therefore to 

find the nearest neighbors for a given document. 

Simple classification methods permitted then to 

determine the most relevant labels for each docu-

ment. We have investigated an important feature of 

the classification problem; the decision boundary 

which permits to determine the relevant label(s) for 

a target document. Thus, instead of using voting 

techniques like in the classical k-NN algorithm, 

machine learning methods were used to classify 

documents. Another interesting factor is the pa-

rameter k that we have empirically set to 25 using 

cross-validation. Note that using the RF classifier 

with the cut-off method yielded the best results in 

our experiments. We also note that this proposed 

approach achieved encouraging performance com-

pared with existing methods. 

For indexing purpose, the representation of 

documents as bags of words is limited since simi-

larity between the latter is only based on the words 

they share. Therefore, we plan to use a wider do-

main knowledge like the UMLS Metathesaurus in 

the computation of similarity between documents 

(exploitation of synonyms and relations) and thus 

to overcome this limitation. Other features and 

similarity measures will be studied to improve the 

performance of our method. 
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