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* Université de Grenoble, ** UPMF-Grenoble 2, *** Centre National de la Recherche
Scientifique, **** UJF-Grenoble 1

LIG laboratory, MRIM group, Grenoble, France {mohannad.almasri,
kian-lam.tan,jean-pierre.chevallet,philippe.mulhem,catherine.berrut}@imag.fr

Abstract. Most Information retrieval systems (IRSs) use the intersec-
tion between document and query in order to retrieve relevant documents
to a given query. Term mismatch problem appears when users use differ-
ent terms form terms used in the index to express their needs. Indexing
term specificity is one face of term mismatch problem where a user query
contains more general indexing terms from terms in the index. In this
paper, we present an approach to capture the specificity of terms by in-
corporating the hierarchical information between indexing terms into a
Language Model. Experiments on different CLEF corpora from the medi-
cal domain show an improvement in retrieval performance. We show that
this improvement is independent to the length of documents and queries
within the tested collection.

1 Introduction

Specificity is a semantic property that can be applied to index terms: an index-
ing term1 is more or less specific as its meaning is more or less detailed and
precise. For instance, in the medical domain, the terms “B-Cell” and “T-Cell”
are more specific than “Lymphocyte”, or in other words, we say that “B-Cell”
and “T-Cell” are types of “Lymphocyte” in the adaptive immune system. There-
fore, when a user query contains the term “Lymphocyte”, then, a document talks
about “B-Cell” or “T-Cell” is relevant to this query. Another example from the
same domain, documents talk about “Veins” or “Arteries” are relevant to the
query “Blood Vessel”, where “Veins” and “Arteries” are types of “Blood Ves-
sel”. A retrieval model that depends on the intersection between document and
query cannot capture this kind of relation between indexing terms. In order to
take these hierarchical relations between query and document terms, we should
incorporate them in the retrieval model. We need an external knowledge or re-
source 2 further from query and document to identify these hierarchical relations
between terms.
1 Indexing terms differ from system to another, so it can be : word, noun phrase,

n-gram, or concept [5].
2 like thesaurus or ontology



Classical indexing techniques represent documents and queries as a bag of
words or phrases without taking into account the semantics, the meaning or the
correlation between these words. The main disadvantage of these techniques is
that they depend on the text signal, and not on the meaning [5, 12]. For example,
in the medical domain, the two phrases “Atrial Fibrillation” and “Auricular
Fibrillation” have the same meaning. However, when we use phrases to represent
a document and a query, if one phrase appears in a document and a different
one appears in a query, that leads to mismatch problem. So over the last 20
years, several approaches attempted to use available knowledge bases and natural
language processing techniques in order to overcome this problem and produce
more meaningful answers [1]. These approaches represent documents and queries
by means of concepts. This representation is obtained using conceptual indexing.
Conceptual indexing is the process of mapping text into the concepts of an
external resource. Therefore, it needs a resource out of documents and queries
which contains concepts and the information about them. In our study, we use
concepts as indexing terms.

In this paper, we consider the problem of concepts specificity within in the
Language Model (LM). Language Model for IR has been proven to be a very
effective method for text retrieval [15, 20]. The extension that we propose in this
paper is to integrate concept hierarchy into the Dirichlet language model. This
extension is easily applied to other smoothing methods. Our proposed method
has the following advantages: a) it is easy and simple to generate concept simi-
larity based on the hierarchy of concepts from an external resource b) we propose
a light weight integration in the Dirichlet smoothing that improves the retrieval
performance. The rest of this paper is organized as follows. Firstly, we present
the problem of term mismatch in Section 2. Then, we discuss several approaches
to solve the problem of term intersection in Section 3 followed by our approach
in Sections 4. Finally, we conclude our results and present the future work in
Sections 5 and 6.

2 Term Mismatch Problem

Several techniques [13] have been proposed to tackle term mismatch problem.
Among these techniques: relevance feedback [11, 17], dimension reduction [16,
10, 7, 2, 8], and statistical translation model [3, 9].

Relevance feedback involves the user in the IR process in order to improve
the final result. There are three types of relevance feedback: 1) explicit feedback,
2) implicit feedback and 3) pseudo or blind feedback [13]. Rocchio algorithm [17]
is the classic algorithm for implementing explicit feedback which enables the user
to select relevant documents in order to reformulate the original query. Query
Reformulation is made by adding terms extracted from the selected documents.
Implicit feedback incorporates user behavior like clicks, in order to predict rele-
vant documents to reformulate the query, while blind feedback provides a method
for automatic local analysis. Blind feedback automates the manual part of the
Rocchio algorithm without an extended interaction with the user. This method



performs normal retrieval and finds an initial set of relevant documents and
makes the assumption that the top k ranked documents are the most relevant.
Lavrenko and Croft [11] proposed an approach to estimate a relevance model
with no training data. The main problem for implicit and explicit relevance
feedback is that they should rely on accurate ways of finding term relation in
order to avoid the problem of query drift.

Dimension reduction is the process of reducing the number of data dimensions
that represents a query and a document in cases where the query and the docu-
ment refer to the same concept but using different terms. This can be achieved
by using thesaurus [8], concept based approach [2], stemming [16, 10], and la-
tent semantic indexing [7]. All these techniques proposed different strategies to
reduce the chances that the query and document refer to the same concept but
using different terms. In later development, Peng et al.[14] performed stemming
according to the context of the query which helps to improve the accuracy and
the performance of retrieval compared to the query independent stemmers such
as Porter[18] and Krovetz[10]. Deerwester et al.[7] proposed to solve the dimen-
sion reduction by representing the terms and the documents in a latent semantic
space where the terms that are similar in the space tend to be the terms that
not only co-occur in the documents, but also appear in similar contexts.

Statistical Translation Model is a model where all of the translations are
generated on the basis of a statistical models. This idea is based on information
theory where a model estimates the probability of translate a document to a
user query according to the probability distribution P (u|v), which gives the
probability that a word, v can be semantically translated to a word, u [19, 3].
Unfortunately, Statistical Translation Model requires training data and some
relevant query-document pairs where the documents are relevant to the query.

3 Exploiting term similarity

Most of the approaches to solve the problem of term mismatch described in
Section 2 faced the same problem: how to select the best term and assign the
best weight to the corresponding term?. No single solution has been proved to
be the best.

Some approaches have been proposed using LM such as the work of Karimzade-
hgan and Zhai [9], Berger and Lafferty[3] who use Statistical Translation Model.
The main difference between these two works is that Berger and Lafferty try
to identify the most important concepts apears in a verbose query [3] while
Karimzadehgan and Zhai used mutual information to generate term links3 [9].

In some ways, we can consider that the proposed approach [9, 3] are related
to the proposition from Crestani [6] where the idea is to consider the similar-
ity between each query term and all document terms. The results obtained by
Karimzadehgan and Zhai [9] showed that integrating the term similarity and LM
is more efficient and more effective than the existing approaches in information
retrieval.

3 Term links refer to the relationship between two terms in a vocabulary



However, Karimzadehgan and Zhai [9] noticed that the self-translation prob-
abilities lead to non-optimal retrieval performance because it is possible that the
value of P (w|u) is higher than P (w|w) for a term, w. In order to overcome this
problem, Karimzadehgan and Zhai [9] defined a parameter to control the effect
of the self-translation.

In a nutshell, we can remark that 1) the normalization of the mutual infor-
mation is rather artificial and requires a parameter to control the effect of the
self-translation, and 2) the regularization of the initial transition probabilities
may look uncertain.

4 Proposed Approach

Our model uses concepts as indexing terms. In other words, queries and docu-
ments are represented by concepts. Then, we use hierarchical relations from an
external resource to build the Concept Similarity Matrix. This matrix contains
semantic similarities between each two concepts computed from an external re-
source. Our goal is to integrate the Concept Similarity Matrix into LM in order
to overcome the mismatch problem. After the reviews of Crestani [6], Karimzade-
hgan and Zhai [9] and Zhai [19], we propose the approach as shown below:

– In the case that there is a query concept does not appear in the docu-
ment(Mismatch): we consider the most similar document concept to this
query concept in the matching process. We use concept similarity matrix to
find the most similar concept.

– We propose to exploit hierarchical relations between concepts which is de-
fined in the external knowledge to define the semantic link between concepts
rather than probability approaches in order to avoid the problem of self-
translation Karimzadehgan and Zhai [9].

In order to build the Concept Similarity Matrix, we find the links between
all the vocabulary V which is the set of all concepts. We make the assumption
that the two concepts are considered to be linked to each other if both concepts
belong to the same hierarchy in the external resource. Assume a query concept
c, and c′ refers to a document concept:

c, c′ ∈ V, 0 ≤ Sim(c, c′) ≤ 1 (1)

1. Sim(c, c′) = 0, there is no link between the concept c and c′

2. Sim(c, c′) < 1, there is a link between the concept c and c′

3. Sim(c, c′) = 1, there is an exact match between the concept c and c′

4.1 Extended Dirichlet Smoothing

The LM approach in IR is proposed by Ponte and Croft [15]. The basic idea of
LM is to assume that a query q, which is generated by a probabilistic model
based on a document d, as shown below:



P (d|q) ∝ P (q|d).P (d) (2)

∝means that the two sides give the same ranking. P (q|d) the query likelihood
for the given document d matches with the query q. If we consider that every
document is equally relevant to any other query, then we can discard P (d) and
we can rewrite the formula after adding the log function as:

logP (d|q) =
∑
c∈V

#(c; q).logP (c|d) (3)

where #(c; q) is the count of concept c in the query q and V is a set of vocabulary.
Assuming a multinomial distribution, the simplest way to estimate P (c|d) is the
maximum likelihood estimator:

Pml(c|d) =
#(c; d)

|d|
(4)

where |d| is the total length of the document d. Due to the data spareness
problem, the maximum likelihood estimator directly assign null to the unseen
concept in a document. Smoothing is a technique to assign extra probability
mass to the unseen concept in order to solve this problem.

Basically, Dirichlet [21] is one of the smoothing technique based on the
principle of adding an extra pseudo concept frequency: µP (c|C). The Dirichlet
smoothing is obtained by taking into account the extra pseudo concept frequency
distribution:

Pµ(c|d) =
#(c; d) + µP (c|C)∑

c #(c; d) + µ
(5)

where C is the whole collection. The main idea of this proposal is to integrate
links between concepts which are represented by Concept Similarity Matrix into
the current Dirichlet formula. First, we assume that for a query concept c ∈ q, c /∈
d, there is a document concept c′ ∈ d can play its role during the matching
process. More specifically, we consider that if c does not occur in the initial
document d but occurs in the document dext, which is the result of extending d
according to the query and some knowledge 4, the probability of the concept c′

is defined according to the extended document dext.
The knowledge provides a similarity function Sim : V × V → [0, 1], that

denotes the strength of the similarity between the two concepts (the larger the
value, the higher the similarity between these two concepts). We propose that:
∀c, c′ ∈ V, Sim(c, c′) = 1 if exact matching between c with c′, and ∀c, c′ ∈
V, Sim(c, c′) = 0 if c is not at all semantically related to c′.

In order to avoid any complex extension, we assume that a query concept c,
must only impact occurrences of one document concept, so:

1. If a query concept c occurs in a document d, then the concept will not change
the length of the document.

4 The knowledge refers to the Concept Similarity Matrix



2. If a query concept c does not occur in a document d but the concept c
contains a link with c′ (concept from document), then we define: :

c∗ = argmaxc′∈dSim(c, c′)

as the concept from the document will serve as the basic count of the pseudo
occurrences of c in d:

#(c∗; d).Sim(c, c∗)

this pseudo occurrences of the concept c are then included into the size of
the extended document.

3. If a query concept c does not occur in the document and does not show any
link to the document concepts , then this concept will not change the length
of the document as the first case.

According to the previous three cases, the expression of |dext| can be done:

|dext| = |d|+
∑
c∈q

#(c∗; d).Sim(c, c∗) (6)

Note that we propose to extend the document according to the query. We
extend the document by query concepts which are not in the document but
they are linked to at least on document concept. Now, the extended Dirichlet
Smoothing leads to the following probability for the concept c of the vocabulary
V in the extended document dext according to a query q, and note that pµ(c|dext)
is defined as:

1. if c ∈ d ∩ q :

Pµ(c|dext) =
#(c; d) + µP (c|C)

|dext|+ µ
(7)

2. c /∈ d ∩ q and if ∃c∗ ∈ d \ q;Sim(c, c∗) 6= 0 :

Pµ(c|dext) =
#(c∗; d).Sim(c, c∗) + µP (c∗|C)

|dext|+ µ
(8)

with c∗ = argmaxc′∈dSim(c, c′) .

3. c /∈ d ∩ q and if \∃c∗ ∈ d \ q;Sim(c, c∗) 6= 0

Pµ(c|dext) =
#(c; d) + µP (c|C)

|dext|+ µ
(9)

with c∗ = argmaxc′∈dSim(c, c′) .

In the specific case where all the query concepts occur in the document, we
have |dext| = |d|, and that leads to pµ(c|d) = pµ(c|dext).



4.2 Concept Similarity Matrix

We propose to use a lightweight way to build the Concept Similarity Matrix
using the concept hierarchy from an external resource. The similarity between
two concepts is the inverse of a distance between these two concepts in the
concept hierarchy [18]. We use the path length or the number of links in the
hierarchy between two concepts as distance.

The similarity score is inversely proportional to the number of nodes along
the shortest path between the concepts. The shortest possible path occurs when
the two concepts are directly linked. Thus, the maximum similarity value is 1:

Sim(c, c′) =
1

distance(c, c′)
, distance(c, c′) > 0 (10)

We also tried other similarity metrics like Leacock and Resnik but we ob-
tained best performance improvement using this path metric.

5 Experimental Setup

5.1 Indexing Terms

Documents and queries is mapped to UMLS concepts using MetaMap. UMLS is a
multi-source knowledge base in the medical domain, whereas, MetaMap is a tool
for mapping text to UMLS concepts. Using concepts allows us to investigate
the semantic relations between concepts, so it allows to build our Concepts
Similarity Matrix. To build this matrix, we only consider, the ISA relations
between concepts from the different UMLS concept hierarchies. If we have two
concepts in multiple concept hierarchies we consider the shortest path.

5.2 Corpora

Five corpora from CLEF are used. Table 1 shows some statistics about them.

– Image10, Image11, Image12: contain short medical documents and queries.
– Case2011, Case2012: contain long medical documents and queries.

5.3 Results

All the experiments are conducted using the XIOTA engine [4]. The performance
was measured by Mean Average Precision (MAP). The approaches used for
experiments are as follows:

– DIR-BL (baseline): language model with Dirichlet smoothing.
– DIR-CSM: Extended Dirichlet smoothing after integrating the Concepts

Similarity Matrix(CSM).



Table 1. Corpora statistics. avdl and avql are average length of documents and queries.
Number of general concepts inside the queries, or in other words the number of concepts
which has the potential to be subsumed at matching time.

Corpus #d #q avdl avql Number of Concepts Number of General
(words) (words) in the Queries Concepts

Image2010 77495 16 62.12 3.81 186 109

Image2011 230088 30 44.83 4.0 374 198

Case2011 55634 10 2594.5 19.7 516 219

Image2012 306530 22 47.16 3.55 204 132

Case2012 74654 26 2570.72 24.35 1472 519

Results of our Dirichlet smoothing extension are summarized in Table 2. We
first observe the consistent performance improvement achieved for our five tar-
get collections, which confirms our belief that integrating hierarchical relations
from an external resource improves relevance model estimation. Second, the im-
provement occurs in the studied collection is independent the length of these
collection. It seems to be similar for both types of collection: 1) short documents
and short queries, 2) long documents and long queries.

Table 2. MAP of Extended Dirichlet smoothing after integrating Concept Similarity
Matrix: our approach outperforms the baseline result for all studied collections. The
gain obtained could be related to the number of general concepts inside the queries,
or in other words the number of concepts which has the potential to be subsumed at
matching time.

Corpus General Concepts DIR-BL DIR-CSM Gain
Rate

Image2010 59% 0.2571 0.3049 +19%

Image2011 53% 0.1439 0.1540 +7%

Case2011 42% 0.1493 0.1597 +7%

Image2012 65% 0.1039 0.1131 +9%

Case2012 35% 0.1788 0.1861 +4%

Table 3 show some statistics about our three cases in the extended model
during the matching between documents and queries. We see in this table: 1)
the number of shared between documents and queries. 2) the number document
concepts linked to unmatched query concept.3) the number of document concepts
which they can not be linked to a query concepts. These number are over all
queries and documents in the studied collections.

6 Conclusions

We present a model to exploit the indexing term hierarchy in order to capture
the specificity of indexing terms during the retrieval time. Our experimental re-



Table 3. Statistics during the matching between documents and queries: 1) number
of shared between documents and queries. 2) number document concepts linked to
unmatched query concept.3) number of document concepts which they can not be
linked to a query concepts.

Corpus #Shared #Linked #Not linked

Image2010 2,138,561 668,148 11,607,361

Image2011 2,492,692 1,275,058 82,285,162

Case2011 6,725,714 932,321 21,049,109

Image2012 2,874,031 1,556,122 91,169,348

Case2012 27,940,254 3,681,351 78,255,835

sults indicate that the proposed approach to extend Dirichlet smoothing using
Concept Similarity Matrix based on hierarchical information from an external
resource in the medical domain is more effective than the term intersection ap-
proach. This extension is suitable for any situation where such a kind of this
mutual information between indexing terms is available. For future work, we
would like to validate our extension using mutual information between indexing
terms extracted from other external resource and maybe in different ways rather
than hierarchical relations. In addition, we think that with more mutual infor-
mation we will have a higher degree of knowledge to build the link between two
indexing terms.
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