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Abstract
This paper describes the methods we used for the Ad Hoc task of TREC Genomics Track. Synonym
dictionary for genes and pseudo relevance feedback are used to expand queries. BM25 model is
implemented to retrieve relevant documents. We also tried to exploit name entities and their co-references
in the retrieval. Results of submitted runs are listed and discussed.

1 Introduction
The enormous amount of biological literature makes the strong expectation of efficient
retrieval ways for biological information. This motivated various research on information
retrieval from large scale of information or corpus. The Text Retrieval Conference
(TREC) provides a platform for testing and experiments of retrieval methods. In this year,
the genomics track of TREC prepares two tasks. One consists of ad hoc retrieval, while
the second involves text categorization. We attend the ad hoc retrieval task.

2 Ad Hoc Retrieval Task
In Ad Hoc task of TREC 2005 Genomics Track, topics are developed from generic
templates to provide systems with better defined queries for finding genomics
information. Five generic topic templates (GTTs) are developed derived from an analysis
of the topics from the 2004 track and other known biologist information needs, each of
which has 10 instances, for a total of 50 topics. Following is an example for a GTT and
an instance of it:
GTT: Find articles describing the role of a gene involved in a given disease.
Instance: Find articles describing the role of Interferon-beta involved in Multiple
Sclerosis.
The document collection for this task was a 10-year (1994-2003) subset of the
MEDLINE bibliographic database of the biomedical literature with a total of 4,591,008
records. Each record consists of many fields. We used fields of abstract (AB), title (TI),
and MeSH Terms (MH) only for this task.
The target of this task is to submit a ranked list of documents for each topic. Relevance
judgments are done by TREC organizer using the similar pooling method with TREC
2004 Genomics Track. Topic ranking documents from attending groups' runs will be

pooled and given to biologists to make judgments. According to how to generate queries
from topics, runs are grouped into “automatic”, “manual” and “interactive”. We
submitted two automatic runs for the task of this year.

3 Methods
We use a gene synonym dictionary and pseudo relevance feedback to expand queries.
Okapi BM25 [1][2] is implemented to retrieve relevant documents. Single words and
previously extracted terms are used with BM25 method. We also tried to exploit name
entities and their co-references in the retrieval process.
Figure 1 describes the framework of our system.
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Figure 1: Framework of our system

3.1 Indexing
All documents are indexed before experiments. We only take the fields of title, abstract
and MeSH Terms into account in indexing and later in document retrieval for each topic.
Giving different weight to different field might bring about better performance, though it
takes time to get weighting parameters by training. Since this is the first time we attend
the track and time is quite tight, we didn’t focus on that and simply combined information
from these three fields of each document together into a plain text.
Indexing is made for words, terms, name entities and their co-references. About 1.4
million terms are extracted from the whole document set [4].
We use a seeding-and-expansion mechanism to extract key terms from the texts. The
procedure of term extraction consists of two phases, seed positioning and term
determination. Intuitively, a seed for a candidate term is an individual word, seed
positioning is to locate the rough position of a term in the text, while term determination
is to figure out which string covering the seed in the position forms a term.

To determine a seed needs to weigh a word to reflect their significance in the text. We
make use of a very large corpus r (LDC's English corpus) as a reference corpus. Suppose
d is a text, w is a word in the text, let Pr(w) and Pd(w) be the probability of w occurring
in r and d respectively, we adopt relative probability or salience of w in d with respect to
r, as the criteria for evaluation of seeds.
Pd(w) / Pr(w)

(1)

We call w a seed if Pd(w) / Pr(w)≥δ (δ=10 in this work). That is, its probability occurring
in document must be 10 times higher than its average probability in the reference corpus.
Although it is difficult to give out the definition of terms, we have the following
assumption bout a key term in a document.
i) A term contains at least one seed.
ii) A term occurs at least L (L=3 in this work) times in the document.
iii) A maximal word string meeting i) and ii) is a term.
iv) For a term, a real maximal substring meeting i) and ii) without considering
their occurrence in all those terms containing the sub-string is also a term.
Here a maximal word string meeting i) and ii) refers to a word string meeting i) and ii)
while no other longer word strings containing it meet i) and ii). A real maximal substring
meeting i) and ii) refer to a real substring meeting i) and ii) while no other longer real
substrings containing it meet i) and ii). The above assumptions tell us a term is an
independent maximal string which must contain a seed and occur at least 3 times in a
document.
Name entities [7][8][9] and their co-references [5][6] are also extracted and indexed for
later use.

3.2 Query Expansion
We expand queries in two ways. For the first method we built a small synonym
dictionary for genes from Entrez Gene (http://www.ncbi.nih.gov/entrez/). Synonyms of
genes occur in topics are taken from the dictionary to expand queries. The second way is
pseudo-relevance feedback. Rocchio feedback [3] for BM25 is adopted.

3.3 Retrieval
Okapi BM25 [8][9] is implemented to retrieve the top 1000 documents for each query,
where a score of each document is calculated as following formula and ranked.
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is the Robertson/Spark Jones weight of T in Q:
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By respectively using single words or the terms we extracted previously as term units in
BM25 method, there will be a word-based retrieval result and a term-based retrieval
result. To fuse results got from these 2 ways, a parameter α is imported:
R = α * R word + (1 − α ) * R term
Here R is the final rank a document, which is got upon word-based rank result Rword and
term-based rank result Rterm of that document.
Name entities extracted could be considered as a single word or term. Co-references of a
name entity could be considered as occurrences of that name entity. These replacements
change frequency distribution of terms in BM25 method. Intuitively the using of name
entity produces a better context cutting, and the using of co-reference strengthens the
impact of name entities in retrieval process, though a high quality of name entity and coreference extraction is required to promote the performance while exploiting them in the
retrieval process. In the track of this year we did some experiments on that. A similar
fusion strategy is used to fuse the result got with or without name entities and coreferences.

4 Results and Discussions
We made a series of experiments with retrieval based on single words or extracted terms,
with pseudo relevance feedback or without it, with entities and co-references or not.
Because at most only two runs can be submitted, after testing on topics of TREC 2004,
we chose two runs with the best performance to submit: one run (i2r1) implements single
words based retrieval without pseudo relevance feedback, the other run (i2r2) implements
single words based retrieval with pseudo relevance feedback. Table 1 lists the MAP of 2
runs evaluated by TREC organizer.
Runs MAP
I2r1 0.2391
I2r2 0.2375
Table 1: MAP of our submitted runs

With the evaluation program the organizer provided after all submitted runs are evaluated,
we evaluated our other runs. We list the results of term used run (rwt) and of name
entities and co-references used run (rwne) in table 2 and table 3. Parameter α is set to 0.8
for both runs.
Runs
MAP
Rwt(α=1)
0.2375
Rwt(α=0.9) 0.2342
Rwt(α=0.8) 0.2264
Rwt(α=0.7) 0.2158
Table 2: MAP of runs with terms used

Runs
Rwt(α=1)
Rwt(α=0.9)
Rwt(α=0.8)
Rwt(α=0.7)

MAP
0.2375
0.2351
0.2296
0.2215

Table 3: MAP of runs with Name Entities and Co-references used

We can see that from the two tables, while the fusion parameter α decreases, which
means that the impact from terms or name entities in the retrieval process increases, the
MAP value decreases.
From the results table we can find that using extracted terms doesn’t promote the
performance. This might be because that the way we extracted terms is not suitable for
MEDLINE records which are usually quite short. Meanwhile we extracted noun terms
only, though verb terms are also quite important in some cases. We didn’t do any special
dealing for MeSH Terms of each record either.
According to experiments results, the name entities and co-references don’t help to
promote the performance either. Further investigations are needed to show the
effectiveness to the task.
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