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ABSTRACT
In this paper, we propose a Bayesian learning approach to
promoting diversity for information retrieval in biomedicine
and a re-ranking model to improve retrieval performance
in the biomedical domain. First, the re-ranking model com-
putes the maximum posterior probability of the hidden prop-
erty corresponding to each retrieved passage. Then it iter-
atively groups the passages into subsets according to their
properties. Finally, these passages are re-ranked from the
subsets as our output. There is no need for our proposed
method to use any external biomedical resource. We evalu-
ate our Bayesian learning approach by conducting extensive
experiments on the TREC 2004-2007 Genomics data sets.
The experimental results show the effectiveness of the pro-
posed Bayesian learning approach for promoting diversity
in ranking for biomedical information retrieval on four years
TREC data sets.

Categories and Subject Descriptors
H.3.3 [Information Search and Retrieval]: Text Mining

General Terms
Algorithm

Keywords
Bayesian Learning, Promoting Diversity, Biomedical IR

1. INTRODUCTION
Advances in computational and biological methods during
the last decade have remarkably changed the scale of ge-
nomic research. Current genomic research is characterized
by immense volume of data, accompanied by a tremendous
increase in the number of genomics and biomedical related
publications. This wealth of information has led to an in-
creasing amount of interest and need for applying informa-
tion retrieval techniques to access the scientific literature in
genomics and related biomedical disciplines.
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Information Retrieval (IR) in the context of biomedical
databases has the following three major problems [2]: the
frequent use of (possibly non-standardized) acronyms, the
presence of homonyms (the same word referring to two or
more different entities) and synonyms (two or more words
referring to the same entity). How to deal with an abundant
number of lexical variants of the same term is a challenging
task in biomedical IR. These problems have raised many new
data analysis and search challenges in the field of biomedical
information retrieval, especially given that the genomic and
biomedical literature is expanding in an unprecedented rate.

The Genomics Track of Text REtrieval Conference (TREC)
provide a common platform to evaluate the methods and
techniques proposed by various research groups for biomed-
ical IR. The motivation of the TREC Genomics Track is
to propose something in a system that attempts to provide
short, specific answers to questions and put them in context
by providing linking to original sources [7]. Systems are
tasked with extracting out passages and grouped them into
aspects identified by one or more MeSH terms. The perfor-
mance is scored using mean average precision (MAP) at the
document-level, passage-level, aspect-level and passage2-level
[7]. The aspect-level is to address a question from different
aspects, which indicates how comprehensive the question
is answered. For example, the question “what is the role
of gene PRNP in the Mad cow disease?” can be answered
from aspects like “Diagnosis”, “Neurologic manifestations”,
or “Prions/Genetics”.

In this paper, we focus on promoting diversity in ranking
using a re-ranking model. The central idea of the model is
to compute the maximum probability of its hidden proper-
ties corresponding to each retrieved passage iteratively until
all subsets achieve stability, and then re-rank these passages
from different subsets. To the best of our knowledge, there
is little work devoted to genomics aspect search for promot-
ing diversity in ranking and a systematic comparison for
biomedical information retrieval. In the rest of this paper,
we use “aspect search” and “promoting diversity in ranking”
exchangeable. In our work, we conducted an extensive and
careful evaluation with different tuning constant values of
our IR system. All the results show stable improvements in
terms of the document-level, passage-level, aspect-level and
passage2-level MAP over the baseline results on the TREC
2004-2007 Genomics data sets.

The remainder of this paper is organized as follows. We
first give a brief survey in previous work in Section 2. In
Section 3, a Bayesian learning approach is proposed. Then



we describe the IR environment in Section 4. Following
that, we present the experiments that we have conducted on
the TREC Genomics data sets in Section 5 and 6. Finally,
conclusions are given in Section 7.

2. RELATED WORK
A lot of work has been done on biomedical information re-
trieval in the past five years. In 2003 as the first year of the
TREC Genomics Track, two tasks are featured: ad hoc re-
trieval and information extraction. Only the document-level
performance is evaluated and a total of 25 groups have sub-
mitted 49 official runs for scoring with the highest document-
level performance of 0.4165 [6]. The two tasks in the sec-
ond year of the TREC Genomics Track are the standard
ad hoc retrieval task and categorization of full-text docu-
ments. The document-level performance is also used. The
best document-level performance is 0.4075 [6]. The tasks in
2005 are more detailed than in 2004. Retrieval performance
is measured with Bpref (Binary PREFerence relations) [6].
The Bpref score for the topic is the average of the scores of
its relevant documents. The score for each relevant docu-
ment is the percentage of non-relevant documents (among
the top R non-relevant) that it ranks better than. Bpref
tracks closely to MAP (Mean Average Precision) with com-
plete judgments, but degrades much more gracefully than
MAP as judgments become more incomplete.

In the 2006 TREC Genomics Track, an emphasis is placed
on returning relevant passages that discuss different aspects
of the topic [7]. The participants’ submissions are scored
in three different ways. First, the passage-level retrieval
performance is found by measuring the amount of overlap
between returned passages and passages the judges deem
relevant. Second, the aspect-level retrieval performance is
scored by computing how diverse the set of passages re-
turned is. Third, the document-level retrieval performance
is calculated by essentially counting the number of relevant
documents for which a passage is returned. In the 2007
TREC Genomics Track, an alternative passage MAP “Pas-
sage2” that calculated MAP as if each character is each pas-
sage were a ranked document is defined to compared the
accuracy of the extracted answers [7]. Passage2 was used as
the primary passage retrieval evaluation measure in 2007.
Aspect retrieval was measured using the average precision
for the aspects of a topic averaged across all topics in 2007.

However, there is not too much previous work conducted
on Genomics aspect search with promoting diversity in rank-
ing. In the 2006 TREC Genomics Track, University of Wis-
consin re-ranked the passages using a naive clustering-based
approach called GRASSHOPPER to promote diversity [5].
Existing methods to improve diversity in ranking include
maximum marginal relevance (MMR) [3], mixture models
[17], subtopic diversity [16] and diversity penalty [18]. The
basic idea is to penalize redundancy by lowering an item’s
rank if it is similar to items already ranked. GRASSHOP-
PER is an alternative to MMR and variants with a princi-
pled mathematical model and strong empirical performance
on artificial data set [21]. Unfortunately, this re-ranking
method actually hurt promoting diversity and its aspect-
level performance was not as good as the original results
[5].

Later in the 2007 TREC Genomics Track, most teams
tried to obtain the aspect-level performance through their
passage2-level results, instead of working on the aspect-level
search directly. For example, National Library of Medicine

(NLM) combined resources to find passages containing an-
swers to biomedical questions [4]. University of Illinois at
Chicago interpreted queries into two types for passage ex-
traction and they kept the same passage ranking list for
aspect search [20].

3. A BAYESIAN LEARNING APPROACH
Bayesian learning is a learning process based on Bayes rule
which is used to update the prior distribution of the pa-
rameters of the learning model and compute the posterior
distribution for prediction purpose. In this section, we will
first introduce our model in Section 3.1 which iteratively
calculates the hidden properties for the retrieved passages
and re-ranks the passages into a new list. Then the pseudo
codes for an algorithm are presented in Section 3.2.

3.1 A Re-ranking Model
A re-ranking model is proposed to calculate the hidden

properties of the retrieved passages. In the model, we build
up a probability space (Ω?,F?, P) for the probability cal-
culations. Then retrieved passages are iteratively grouped
into different aspect subsets according to their hidden aspect
estimations. Finally a re-ranking list is generated from dif-
ferent aspect subsets. Here each aspect subset corresponds
to a group of retrieved passages that contain the common
hidden property.

A probability space (Ω,F , P) is proposed as our whole
measure space [13]. The sample space Ω is the genomics data
set presented as the index, which is introduced in Section
4.2. The events set F is a σ − algebra of subsets of Ω,
whose elements are the keyword sequences of the topics. The
probability measure P is a function from F . The targets of
the re-ranking model are N retrieved passages outputted by
the IR system, but not the whole data set. Therefore as a
subset of Ω, the subspace Ω? is generated by the N retrieved
passages. F? is a σ − algebra of subsets of Ω?. Then in
this model, all calculations are under the probability space
(Ω?,F?, P).

For each topic, the system outputs N retrieved passages.
Each passage can be expressed by xi as a vector and the
retrieved results for each topic can be presented as a matrix
X. Topics and the retrieved passages are represented as
the keyword sequences. As follows t shows a topic where w
stands for a keyword.

t = {w1, w2, ..., wm} (1)

X = {x1,x2, ...,xN}T (2)

xi = {xi1, xi2, ..., xin} (3)

Θ is a set of properties with Θ = {θ1, θ2, ..., θk}, where
each θj (j = 1, 2, ..., k) is a hidden property of some re-
trieved passages and each θj is independent. It is reasonable
to assume that Θ has a Poisson distribution such that the
expected parameter of passages’ occurrences is θj . Then the
prior density is shown in Equation 4, where n is the number
of passages’ occurrences. As the input, the probability of
xi is known based on the original results. In Equation 5,
the likelihood function is presented by P (xi|θ). The pos-
terior probability is presented by Equation 6 which can be
interpreted by l(θj |xi) and P (θj) because P (xi) is known.

P (θj) = f(n, θj) =
θn

j e−θj

n!
(4)



l(θj |xi) = P (xi|θj) (5)

P (θj |xi) =
P (xi|θj)P (θj)

P (xi)

∝ P (xi|θj)P (θj)

∝ l(θj |xi)P (θj)

(6)

The maximum probability of property θ1
j for the 1st iter-

ation is estimated by Equation 7 according to the posterior
probabilities of θj given xi.

θ1
j = arg max

θj∈Θ
{P (θj |xi)}

∝ arg max
θj∈Θ

{l(θj |xi)P (θj)} (7)

0. Input
The original results for the topics on each data set;
Keywords for each retrieved passages.

1. Output
New re-ranking results for the topics on each data set.

2. Initialize
k = N = 1000;
l(θj |xi) = P (xi|θj) = logP (xi);
Set θi = θj through comparing keywords of each passages
and group the n passages to compute the prior probabilities;
ε = 0.001;

3. Iterate
for each topic {

Compute the posterior probabilities in Equation 6 until
convergence;

Calculate θl
j in Equation 7;

Group θl
j and update n;

if(P (θp+1
j |xi)− P (θp

j |xi) < ε)
exit; }

4. Re-ranking
//After p iterations, k aspect subsets are grouped from 3.
Rank aspect subsets {

List aspect subsets Θp = {θp
1 , θp

2 , ..., θp
k};

Compute vj for θp
j in Equation 9;

Sort vj ;

Rank aspect subset Θp+1 = {θp+1
1 , θp+1

2 , ..., θp+1
k }

according to vj ;
}
Re-rank passages {

for (j=1; j < k; j++) {
Select the top passage from aspect subset θp+1

j as the jth

passage in the new list;

Remove this passages from θp+1
j ;

Until θp+1
j is empty; }

}

Figure 1: A Re-ranking Algorithm

Initially we set the aspect subset number k = N so that
each retrieved passage corresponds to one of these N subsets.
After the computation of Equation 7, a new k value is gen-
erated and each passage is assigned to the subset which has
the same estimation parameter θ1

j . This computation pro-
cess is repeated until there are no passages moving among
the subsets. As follows are the final property set and pas-
sages {xj1, xj2, ..., xjq} in each subset θp

j after p iterations.

Θp = {θp
1 , θp

2 , ..., θp
k} (8)

vj =

∑q
i=1 w(xji)

q
(9)

Θp+1 = {θp+1
1 , θp+1

2 , ..., θp+1
k } (10)

3.2 A Re-ranking Algorithm
For re-ranking results, Θp+1 is generated by sorting θp

j ac-

cording to its value vj . We choose the top passage in θp+1
1 as

the first one in a new list then remove it from the θp+1
1 sub-

set. Similarly we select the top one from θp+1
2 as the second

one in the new list and remove it from this subset. Every
time we select and remove the top passage from each subset
and rank them in the new list. This re-ranking process is
repeated until all the passages are chosen from the above k
subsets.

Our algorithm is presented in Figure 1. There are three
major phases in this iterative algorithm. For the first phase,
we initialize the settings for the algorithm. The initial k
value is set to be N , different n values are computed for
the prior probabilities, and ε is set for convergence. For the
second phase, an iterative process is described to compute
and update θp

j after p iterations. Here the prior probabilities,
posterior probabilities, the subsets are updated in each itera-
tion until the exit condition is satisfied. For the third phase,
we present how to do re-ranking. In this phase, the property
subsets are sorted by their weights vj in Equation 9. w(xji)
of passage xji is refined by a result combination model which
is introduced in our paper [8]. Then passages are selected
and removed from the subsets in turns and formed to be a
new list as the output.

4. IR ENVIRONMENT

4.1 The System
We used Okapi BSS (Basic Search System) [15] as our

main search system and conducted our information retrieval
experiments using the improved Okapi system [9, 10, 11, 12,
19]. Okapi is an information retrieval system based on the
probability model of Robertson and Sparck Jones [1, 15].
The retrieval documents are ranked in the order of their
probabilities of relevance to the query. Search term is as-
signed weight based on its within-document term frequency
and query term frequency. The weighting function used is
BM25.

w =
(k1 + 1) ∗ tf

K + tf
∗ log

(r + 0.5)/(R− r + 0.5)

(n− r + 0.5)/(N − n− R + r + 0.5)

∗ (k3 + 1) ∗ qtf

k3 + qtf
⊕ k2 ∗ nq ∗ (avdl − dl)

(avdl + dl)

(11)

where N is the number of indexed documents in the collec-
tion, n is the number of documents containing a specific
term, R is the number of documents known to be rele-
vant to a specific topic, r is the number of relevant docu-
ments containing the term, tf is within-document term fre-
quency, qtf is within-query term frequency, dl is the length
of the document, avdl is the average document length, nq
is the number of query terms, the kis are tuning constants
(which depend on the database and possibly on the nature
of the queries and are empirically determined), K equals to
k1 ∗ ((1− b)+ b ∗dl/avdl), and ⊕ indicates that its following
component is added only once per document, rather than
for each term.

In our experiments, the tuning constants k1 and b are
set to be different values. k2 and k3 are set to be 0 and 8
respectively.



4.2 Indexing
One important issue that IR systems have to deal with is

the size of the retrieved passages and the granularity of the
indexed information. In the context of text retrieval, the
granularity of the indexed text can be defined as the length
of the indexed text unit and the size can be defined as the
length of the retrieved passage. In this paper, we call an
indexed text unit as a passage.

Three indices are built on the genomics 2007 and 2006
data sets according to three passage extraction methods [8]
and a paragraph-based index is built on the genomics 2005
and 2004 data sets. Sentence-based indexing is based on
passages each of which has up to 3 sentences. Paragraph-
based indexing is generated on passages each of which is a
paragraph. Here a paragraph is defined as the sequence of
sentences between the <p> and </p> tags from the HTML
data set. Word-based indexing forms passages that contain
one, two or three sentences each, where the number of words
in the passages may only slightly exceed 47.

4.3 Data Sets and Evaluation Measures
We evaluated our models on four TREC data sets: the

Genomics 2007 and 2006 data sets with 36 topics in 2007
and 28 topics in 2006, the Genomics 2004 and 2005 data
sets with 50 topics respectively.

TREC 2007 and 2006 Genomics data sets provide
a test collection of 162,259 full-text documents. The TREC
2007 queries are in the form of questions asking for lists
of specific entities. The definitions for these entity types
are based on controlled terminologies from different sources,
with the source of the terms depending on the entity type
[7]. The TREC 2006 queries are derived from the set of
biologically relevant questions based on the Generic Topic
Types (GTTs) [6, 7]. All these queries are listed on the
official genomics website at: http://ir.ohsu.edu/genomics.

TREC 2005 and 2004 Genomics data sets consist
of a document collection for the ad hoc retrieval task which
is a 10-year subset of MEDLINE with completed citations
from the database inclusive from 1994 to 2003. This pro-
vides a total of 4,591,008 records [6]. Each record is an
abstract of a document. In this paper, we take the abstract
as a paragraph-based passage. There are 50 queries for
each year respectively. More information can be found at:
http://www.ncbi.nlm.nih.gov/entrez/query/static/help/
pmhelp.html#MEDLINEDisplayFormat

Evaluation Measures in terms of the document-level,
passage-level, aspect-level and passage2-level are presented
in this paper. Each of these provides insight into the overall
performance for a user trying to answer the given queries
and measured by some variant of mean average precision
(MAP). Their definitions can be found in [6, 7].

5. EXPERIMENTAL RESULTS
In this section, we describe a series of experiments that have
been conducted to evaluate the effectiveness of the proposed
model on the TREC 2004-2007 genomics data sets. First, we
present the original results on word-based, sentence-based
and paragraph-based indices under five parameter settings
(k1,b). Second, the re-ranking results and the relative im-
provements are shown corresponding to the original results.

5.1 Original Performance
Table 1 shows the performance for five parameter set-

tings with three different indices in terms of the document-

level, passage-level, aspect-level and passage2-level on the
genomics 2004-2007 data sets respectively. The first and
second columns are the parameters settings. The third one
is for the indices and the rest columns are the evaluation
measure for the 2004-2007 data sets.

5.2 Re-ranking Performance
Corresponding to the original results, we generate the im-

proved re-ranking results using our proposed algorithm in
Figure 1. The performance and improvements are presented
in Table 2. The values in the parentheses are the relative
rates of improvement over the original results.

6. DISCUSSION AND ANALYSIS
In this section, we first investigate the influence of us-

ing different indices. Then, we investigate the influence of
different tuning constant values. Furthermore, the number
kr of aspect subsets generated by the proposed re-ranking
model is discussed. Finally, we make a comparison and anal-
ysis with the K-mean algorithm in terms of the aspect-level
performance.

6.1 Influence of Different Indices

word sen par word sen par word sen par word sen par
0

0.05

0.1

0.15

0.2

0.25

0.3

Document                Passage                Aspect                Passage2

 

 
0.4−2.0

0.5−1.3

1.0−1.0

1.2−0.75

2.0−0.4

0.4−2.0

0.5−1.3

1.0−1.0

1.2−0.75

2.0−0.4

0.4−2.0

0.5−1.3

1.0−1.0

1.2−0.75

2.0−0.4

Best Results

Figure 2: Performance of Baselines 2007
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Figure 3: Performance of Baselines 2006

In order to investigate the influence of different indices,
we will continue to analyze the experimental results pre-
sented in Section 5.1. To illustrate the results in Table 1
graphically, we re-plot these data in Figure 2, 3 and 4. The
performance of the original results is shown in terms of the
document-level, passage-level, aspect-level and passage2-level.
The x-axis represents the evaluation measures, where word,
sen and par stand for word-based, sentence-based and paragraph-
based indices. The y-axis shows the MAP performance.



Table 1: Performance of Original Baselines
k1 b Indices Baseline 2007 Baseline 2006 Baseline 2005 Baseline 2004

document passage aspect passage2 document passage aspect document document

word 0.1584 0.0675 0.0801 0.0267 0.2662 0.0532 0.0657 - -
0.4 2.0 sentence 0.1368 0.0406 0.0605 0.0154 0.2378 0.0398 0.0808 - -

paragraph 0.1086 0.0170 0.0244 0.0094 0.2036 0.0192 0.0690 0.1964 0.2952
AVERAGE 0.1346 0.0417 0.0550 0.0172 0.2359 0.0374 0.0718 0.1964 0.2952

word 0.2108 0.0963 0.1080 0.0364 0.3140 0.0718 0.1237 - -
0.5 1.3 sentence 0.1805 0.0700 0.0970 0.0350 0.3030 0.0550 0.1206 - -

paragraph 0.1588 0.0452 0.0616 0.0333 0.3109 0.0369 0.1410 0.2602 0.3404
AVERAGE 0.1834 0.0705 0.0889 0.0349 0.3093 0.0546 0.1284 0.2602 0.3404

word 0.1556 0.0434 0.0916 0.0328 0.3097 0.0659 0.1365 - -
1.0 1.0 sentence 0.1809 0.0758 0.1009 0.0350 0.2918 0.0521 0.1110 - -

paragraph 0.1902 0.0893 0.0656 0.0327 0.2916 0.0337 0.1438 0.2547 0.3425
AVERAGE 0.1756 0.0695 0.0860 0.0335 0.2977 0.0506 0.1304 0.2547 0.3425

word 0.1809 0.0780 0.1070 0.0295 0.3045 0.0651 0.1626 - -
1.2 0.75 sentence 0.1987 0.0814 0.1225 0.0394 0.3202 0.0522 0.1405 - -

paragraph 0.2013 0.0648 0.1208 0.0578 0.3381 0.0362 0.1407 0.2874 0.3584
AVERAGE 0.1936 0.0747 0.1168 0.0423 0.3209 0.0512 0.1479 0.2874 0.3584

word 0.1953 0.0844 0.1057 0.0317 0.3152 0.0637 0.1556 - -
2.0 0.4 sentence 0.2084 0.0758 0.1294 0.0401 0.3529 0.0490 0.1557 - -

paragraph 0.2025 0.0633 0.1428 0.0641 0.3476 0.0362 0.2176 0.2779 0.3483
AVERAGE 0.2021 0.0745 0.1260 0.0453 0.3386 0.0496 0.1763 0.2779 0.3483

Table 2: Performance of The Bayesian Approach
k1 b Indices Improved 2007 Improved 2006 Improved 2005 Improved 2004

document passage aspect passage2 document passage aspect document document

word 0.2575 0.1620 0.2261 0.0657 0.3100 0.0957 0.1258 - -
(62.56%) (140.00%) (182.27%) (146.07%) (16.45%) (79.89%) (91.48%)

0.4 2.0 sentence 0.2138 0.1194 0.1740 0.0412 0.2752 0.0873 0.1162 - -
(56.29%) (194.09%) (187.60%) (167.53%) (15.73%) (119.35%) (43.81%)

paragraph 0.1887 0.0907 0.1265 0.0419 0.2401 0.0456 0.1174 0.2443 0.3022
(73.76%) (433.53%) (418.44%) (345.74%) (17.93%) (137.50%) (70.14%) (24.39%) (2.37%)

word 0.3460 0.2014 0.2331 0.0813 0.3828 0.1262 0.2370 - -
(64.14%) (109.14%) (115.83%) (123.35%) (21.91%) (75.77%) (91.59%)

0.5 1.3 sentence 0.3280 0.1740 0.2629 0.0774 0.3751 0.1111 0.1981 - -
(81.72%) (148.57%) (171.03%) (121.14%) (23.80%) (102.00%) (64.26%)

paragraph 0.2442 0.1300 0.1727 0.0797 0.3633 0.0733 0.2122 0.3048 0.3484
(53.78%) (187.61%) (180.36%) (139.34%) (16.85%) (98.64%) (50.50%) (17.14%) (2.35%)

word 0.2981 0.1782 0.2515 0.0657 0.3808 0.1218 0.2462 - -
(91.58%) (310.60%) (174.56%) (100.30%) (22.96%) (84.83%) (80.37%)

1.0 1.0 sentence 0.2814 0.1681 0.2425 0.0688 0.3558 0.1053 0.1954 - -
(55.56%) (121.77%) (140.34%) (96.57%) (21.93%) (102.11%) (76.04%)

paragraph 0.2319 0.1211 0.1639 0.0705 0.3410 0.0662 0.2143 0.2788 0.3506
(21.92%) (35.61%) (149.85%) (115.60%) (16.94%) (96.44%) (49.03%) (9.46%) (2.36%)

word 0.3086 0.1726 0.2567 0.0684 0.3579 0.1101 0.2279 - -
(70.59%) (121.28%) (139.91%) (130.30%) (17.54%) (69.12%) (40.16%)

1.2 0.75 sentence 0.3372 0.1854 0.3241 0.0834 0.3841 0.1029 0.2618 - -
(69.70%) (127.76%) (164.57%) (111.68%) (19.96%) (97.13%) (86.33%)

paragraph 0.2935 0.1444 0.2390 0.0952 0.3666 0.0555 0.1549 0.3123 0.3667
(45.80%) (122.84%) (97.85%) (68.17%) (8.43%) (53.31%) (10.09%) (8.66%) (2.32%)

word 0.3062 0.1694 0.2780 0.0710 0.3587 0.0953 0.1979 - -
(56.78%) (100.71%) (163.01%) (123.97%) (13.80%) (49.61%) (27.19%)

2.0 0.4 sentence 0.3256 0.1659 0.3077 0.0778 0.3970 0.0871 0.2353 - -
(56.24%) (118.87%) (137.79%) (94.01%) (11.76%) (77.76%) (51.12%)

paragraph 0.2884 0.1355 0.3485 0.0972 0.3944 0.0652 0.3052 0.2958 0.3569
(42.42%) (114.06%) (144.05%) (48.52%) (14.21%) (80.11%) (40.26%) (6.44%) (2.47%)

The three figures show that sentence-based index pro-
duces the best results in terms of the document-level, word-
based index for the best results in terms of the passage-level
and paragraph-based index for the best results in terms of
the aspect-level and passage2-level. Table 2 shows that the
best re-ranking aspect results always come from the best
Okapi baseline results in Table 1. The best baseline results
and their corresponding best re-ranking results have been
highlighted as boldface.

For all the baseline results, their re-ranking results and
their relative rates of improvement are presented in Table 2,
where the relative rates of improvement in the parentheses
are always positive. In other words, no matter which base-
line is chosen, the proposed Bayesian learning approach can
always generate the better re-ranking results. The baseline

results used in this paper are generated on four data sets.
We believe that a good aspect-level MAP performance can
be achieved if a good baseline result is available.

6.2 Influence of Different Parameter Settings
In order to investigate the influence of the tuning constant

values, the experimental results in Section 5.1 are further
discussed and analyzed. We re-plot the results in Table 1
and 2 graphically as Figure 6. Nine sub-figures stand for
the performance in terms of four evaluation measures on
genomics 2007 data set, three on genomics 2006 data set, one
on genomics 2005 data set and one on genomics 2004 data set
respectively. The performance of the original and re-ranking
results is shown and compared. The x-axis represents the
indices under five parameter settings. The y-axis shows the
MAP performance.
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Figure 6: Re-ranking and Original Results, 50% Lines
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Figure 4: Performance of Baselines 2005 and 2004

We can observe the following three phenomena. First,
when the parameter setting values (k1, b) is equal to (2.0,0.4),
the best aspect-level and passage2-level performance can be
obtained for the 2007 and 2006 topics respectively. When
the parameter setting values (k1, b) is equal to (0.5,1.3), the
best passage-level performance can be obtained. Second, the
average performance of both Okapi 2007 and 2006 baseline
results on three indices is increasing when k1 increases from
0.4 to 2.0 and b decreases from 2.0 to 0.4. Figure 5 shows
this trend. Third, in order to discriminate the good and bad
performance obtained in the experiments, we define a border
line. The border line is to differ the results on four data sets.
For all the measures, the results above the border line are
treated as good results and the results below the border line
are considered as bad results. If we consider the performance
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Figure 5: Average Performance

interval [50%, 100%] of the best baseline performance as the
good performance interval, the 50% border lines in Figure 6
can be used to discriminate the good and bad performance.
“50%, Original” and “50%, Re-ranking” indicate the border
lines for the original results and re-ranking results respec-
tively. We can see that the interval (0.5 ∼ 2.0, 1.3 ∼ 0.4)
for the parameter settings (k1,b) should be chosen in order
to obtain better MAP performance for all the measures on
four data sets.

6.3 Influence of Aspect Number Kr

In this paper, we focus on promoting diversity in rank-
ing using a re-ranking model. In the re-ranking model, we
generate hidden aspect subsets by iteratively computing the
maximum posterior probabilities. The exact aspect num-



Table 3: Dynamic Aspect Number kr

k1 b Index Ave # of Re-ranking Ave # of Re-ranking Ave # of Re-ranking Ave # of Re-ranking
2007 2006 2005 2004

word 40 best 38 - -
0.4 2.0 sentence 44 49 best - -

paragraph 48 41 29 best 34 best

word 35 38 - -
0.5 1.3 sentence 40 best 41 - -

paragraph 49 49 best 31 best 37 best

word 35 36 - -
1.0 1.0 sentence 37 best 40 - -

paragraph 48 47 best 29 best 35 best

word 35 45 best - -
1.2 0.75 sentence 41 best 40 - -

paragraph 48 37 30 best 36 best

word 38 37 - -
2.0 0.4 sentence 43 40 - -

paragraph 40 best 50 best 31 best 38 best

Average of best 40 48 30 36

ber kr, which is the number of hidden aspect subsets in the
re-ranking model, is determined dynamically for each topic.
Different topic usually has different aspect number kr. We
calculate the average number kr for all topics by simple av-
eraging the aspect numbers on each data set.

As shown in Table 3, the average aspect numbers ob-
tained from the best runs for each setting are independent
of the tuning constant values (k1,b) and indexing granular-
ities. For different tuning constant values (k1,b) and index-
ing granularities, the average numbers kr from the best runs
are around 40, 48, 31 and 36 respectively for the genomics
2007-2004 data sets. This shows that the number of topic as-
pects is determined by the document collection given, which
matches our intuition. We have done an extensive experi-
ments with many different settings. Due to space limitation,
we did not present all experimental results for the parameter
settings within intervals of given values. However, all other
results are consistent with those presented here.

As defined in Section 3.1, Θ = {θ1, θ2, ..., θk} is a set of
aspects, where θj is a hidden aspect vector. Θ is determined
by Bayesian learning approach statistically, which is not nec-
essarily the same as the set of real aspects defined by the
human genomics experts. This explains why kr may not be
equal to the aspect number provided by the gold standard
of the TREC Genomics Track.

6.4 Comparisons with K-Mean Algorithm
In order to further evaluate our proposed approach to pro-

moting diversity in ranking, we study how K-mean algo-
rithm [14] performs on four data sets. We also choose a
genomics topic as an example for more discussion in Section
6.5.

Here we only present the average improvements of K-
mean algorithm on the data sets. However the experiments
of K-mean algorithm are conducted under five parameter
settings and three indices. The average improvements are
calculated by the relative rates of K-mean algorithm over
their corresponding original results. A series of K values
are tested as 5, 10, 20, 50, 80, 100, 200 and 500. For the
2007 and 2006 data sets, we focus on the aspect-level. For
the 2005 and 2004 data sets, we focus on the document-
level. Although the proposed re-ranking model mainly con-

tributes to promote diversity in ranking, it also works for the
document-level retrieval. Table 4 presents us the improve-
ments for both re-ranking model and K-mean algorithm in
terms of average aspect-level and document-level MAP. The
improvements of the re-ranking model are the relative rates
over the corresponding original results. We can conclude
that the re-ranking model is much stabler than K-mean al-
gorithm.

6.5 An Example
For the proposed method, the aspect number k is deter-

mined dynamically for each topic. However, the number k
in K-mean algorithm is set to a fixed number at the be-
ginning. K-mean may not perform well if a non-optimal k
is given. Let us take the Topic 220 of the Genomic 2007
Track as an example and consider it on paragraph-based
index. As shown in Table 5, the aspect number k = 32
is obtained by the proposed method and the correspond-
ing aspect-level MAP performance is 0.9167. This result is
significantly better than the original result and all results
acquired by K-mean.

K-mean algorithm achieve the best results when k is ini-
tialized to 20 or 50, but are still worse than the original
result. That is, for Topic 220, K-mean algorithm makes neg-
ative contributions for re-ranking the original results using
different k′s. We believe this is because K-mean is not run-
ning on an optimal k, which is difficult to find without good
prior knowledge. By going through the re-ranking results
from K-mean algorithm, we find that this typically happens
on many other genomics topics. So we conclude this is one
of the reasons why K-mean always performs worse than our
approach.

7. CONCLUSIONS
The contribution of this paper is three-fold. First, we pro-
pose a re-ranking model for promoting diversity in ranking
in the biomedical domain. We build up this model by gener-
ating the aspect subsets through iteratively computing the
maximum probability of the hidden property for each pas-
sages and re-ranking the results based on these subsets. We
find that performance can be improved by re-ranking when
hidden properties can be properly captured. Second, the
exact number of kr subsets for each topic is determined dy-



Table 4: Average Improvements Comparisons of Re-ranking and K-mean

Re-ranking K-mean Algorithm
k=5 k=10 k=20 k=50 k=80 k=100 k=200 k=500

Genomics 2007 Aspect 172.67% 6.29% 6.83% 8.36% 6.33% 4.82% 6.66% 7.26% 6.77%
Genomics 2006 Aspect 58.16% 6.73% 7.38% 7.11% 6.97% 7.80% 7.99% 8.35% 9.53%
Genomics 2005 Document 13.22% 0.59% 1.03% 0.32% 0.33% -0.80% 0.66% 0.21% 0.76%
Genomics 2004 Document 2.37% 0.73% 0.35% 0.11% -0.97% -0.80% 0.26% 0.48% 0.55%

Table 5: An Example: Performance for Topic 220

Baseline Paragraph-based K-mean Algorithm
results k=32 k=5 k=10 k=20 k=50 k=80 k=100 k=200 k=500

0.6625 0.9167 0.5268 0.5576 0.6220 0.6115 0.5884 0.5884 0.5417 0.5403

namically when there are no passages moving among the
subsets. We find that the subset number kr is indepen-
dent of the indices and the parameter settings. Third, a
series of comprehensive experiments have been conducted
to evaluate and analyze the results under different param-
eter settings (k1,b) on different indices. The experimental
results on the 2004-2007 Genomics data sets show that the
Bayesian learning approach is promising. We also compare
the performance of our method with K-mean algorithm in
terms of the aspect-level. The experimental results show
the stability of our proposed model. K-mean algorithm can
generally improve performance over base line results. How-
ever, its problem is in that we usually do not have good
prior knowledge about k. In addition, in order to obtain
the better performance, how to choose the parameter set-
tings (k1,b) are carefully analyzed and the interval of (k1,b)
for good performance has been found. Simple rules have
been found regarding how to adjust them to reach better
performance.

Our future work includes investigating the effectiveness of
the Bayesian learning approach on other data sets such as
TREC blog data sets and better baseline results from other
groups. We will work on the opinion retrieval for blogs and
focus on searching diversity of blogs. In addition, we plan
to apply the EM method and PLSA model to promoting
diversity on Genomics research. This is also our ongoing
work.
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