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Abstract. In this report, we describe the methodology and the experi-
mental setting of our participation as the IMS Unipd team in TREC PM
2020. The objective of this work is to evaluate a query expansion and
ranking fusion approach optimized on the previous years of TREC PM.
In particular, we designed a procedure to (1) perform query expansion
using a pseudo relevance feedback model on the first k retrieved docu-
ments, and (2) apply rank fusion techniques to the rankings produced
by the different experimental settings.
The results obtained provide interesting insights in terms of the different
per-topic effectiveness and will be used for further failure analyses.
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1 Introduction

The TREC 2020 Precision Medicine (PM) Track1 focuses on a relevant use case
in clinical decision support: providing useful precision medicine-related informa-
tion to clinicians treating cancer patients. The topics considered for the task
are synthetic cases created with the help of precision oncologists where each
case describes the patient’s disease (type of cancer), the relevant genetic vari-
ants (which genes are mutated), and the proposed treatment. The participants
of the track are challenged with the retrieval of biomedical articles that provide
evidence for/against the treatment in the specific population.

Our participation to the TREC 2020 PM Track focuses on the evaluation of
a mixture of query expansion and rank fusion approaches optimized, in terms of
number of term documents used for expansion and different evaluation measures,
on previous years collections. The objective of this work is to study whether any
combination can improve the precision of the search engine.

In this work, we present the experiments we carried out using a fully auto-
mated system based on our previous work that [4]: i) performs query expansion
based on pseudo-relevance feedback information; ii) merges the different rankings
produced by three retrieval models validated on previous TREC PM collections.

1 http://www.trec-cds.org/2020.html



2 G.M. Di Nunzio, S. Marchesin

2 Methodology

In this section, we describe the methodology employed to merge the ranking
lists provided by the different retrieval methods using query expansions based
on pseudo-relevance feedback.

Query expansion : We used the RM3 model to implement a pseudo-relevance
feedback strategy including query expansion [6, 5].

Retrieval models : For each query, we run three different retrieval models: the
Okapi BM25 model [7], the divergence from randomness model [1], the language
model using Dirichlet priors [9].

Ranking fusion : Given different ranking lists, we used the reciprocal ranking
fusion (RRF) approach to merge them [2].

2.1 Parameters Optimization

Since we are using pseudo-relevance feedback (PRF) and query expansion, we
wanted to find the best combination of number of terms added to the query and
number of documents used for PRF. For this reason, we ran the three retrieval
models on the topics and document set of TREC PM 2019 using the following
parameters:

• Number of document for the PRF: 5, 10, 30, 50, 100;
• Expand the query using the title or the abstract field;
• Number of terms to add to the query: 1, 3, 5, 10, 30;
• Weight the fields title and abstract with: 0.1, 0.2, 0.3, . . . , 1.0;
• Select the best combination in terms of P10, RPrec, InfNDCG.

We selected the best combination of parameters for each retrieval model and
for each evaluation measure. These values are reported in Table 1.

3 Experiments

For all the experiments, we used the Elasticsearch search engine2 and the indexes
provided by the organizers of the task. We used the following parameter settings
for each retrieval model:

• BM25, k2 = 1.2, b = 0.75
• LMDirichlet, µ = 2000
• DFR, basic model = if, after effect = b, normalization = h2

2 https://www.elastic.co/products/elasticsearch
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Table 1: This table presents, for each model, the measure used to optmize the
parameters on the TREC PM 2019 collection. The last column reports the name
of the run that was produced for TREC PM 2020 with the corresponding pa-
rameters.

model optimized for # docs # terms QE field title weight abstract weight run

BM25 P10 - - - 0.0 1.0 bm25 p10

BM25 P10 - - - 0.1 0.9
rrf p10DFR P10 - - - 0.5 0.2

QLM P10 - - - 0.1 0.5

BM25 infNDCG 5 30 title 0.1 0.8
rrf prf infndcgDFR infNDCG 5 30 title 0.3 0.5

QLM infNDCG 10 30 title 0.2 0.7

BM25 P10 30 30 abstract 0.1 0.9
rrf prf p10DFR P10 10 30 title 0.5 0.2

QLM P10 10 10 abstract 0.1 0.5

BM25 RPrec 10 30 title 0.2 0.5
rrf prf rprecDFR RPrec 10 30 title 0.2 0.3

QLM RPrec 5 30 title 0.1 0.6

3.1 Runs

We submitted five runs:

• bm25 p10: Plain BM25 optimized for P10
• rrf p10: Reciprocal rank fusion with BM25, QLM, DFR without PRF and

without query expansion optimized for P10;
• rrf prf p10: Reciprocal rank fusion with BM25, QLM, DFR with PRF and

query expansion optimized for P10;
• rrf prf rprec: Reciprocal rank fusion with BM25, QLM, DFR with PRF and

query expansion optimized for RPrec;
• rrf prf infndcg: Reciprocal rank fusion with BM25, QLM, DFR with PRF

and query expansion optimized for InfNDCG;

3.2 Results

The organizers of the TREC 2020 PM Track provided the summary of the results
in terms of best, median, and worst value for each topic for three evaluation mea-
sures: inferred NDCG (infNDCG) [8], precision at 10 (P@10), and R-precision
(RPrec).

In Table 2, we report the median values of the three measures averaged across
topics, as well as the averaged results of the five submitted runs.

In Figures 1a, 2a, 2b, 3a, 3b, we show a barplot that displays, topic by topic,
the difference between the performance of each run and the median values of
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measure median bm25 p10 rrf p10 rrf prf p10 rrf prf infndcg rrf prf rprec

infNDCG 0.432 0.421 0.448 0.457 0.461 0.464
RPrec 0.326 0.332 0.323 0.348 0.361 0.345
P@10 0.465 0.481 0.458 0.445 0.461 0.452

Table 2: Overall comparison with average median values of the scientific litera-
ture task

the task. For a positive difference (run better than median), a green barplot is
shown, while for a negative difference (run worse than median), a red barplot is
shown.

The results show that rank fusion runs achieve higher scores than median
values for infNDCG and RPrec, whereas plain BM25 performs better than me-
dian for P@10. This suggests that rank fusion runs – relying on PRF to perform
query expansion – are recall-oriented rather than precision-oriented. Thus, given
the promising results of rank fusion runs, we plan to investigate the integration
of re-ranking components in the retrieval pipeline. In particular, we will evaluate
the effectiveness of applying BERT [3] to perform re-ranking.

4 Final Remarks

In this paper, we presented the results of our third participation in the TREC
PM Track.

The analysis of the results showed the effectiveness of the rank fusion runs for
infNDCG and RPrec measures, and the effectiveness of plain BM25 – although
optimized – for P@10. The results suggested a recall-oriented nature for rank
fusion runs, motivating the integration of a re-ranking component for future
work.
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Fig. 1: Topic by topic difference between runs and median values of the clinical
trials task.
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Fig. 2: Topic by topic difference between runs and median values of the clinical
trials task.
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Fig. 3: Topic by topic difference between runs and median values of the clinical
trials task.
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