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Abstract. Screening or assessing studies is critical to the quality and
outcomes of a systematic review. Typically, a Boolean query retrieves
the set of studies to screen. As the set of studies retrieved is unordered,
screening all retrieved studies is usually required for high-quality systematic reviews. Screening prioritisation, or in other words, ranking the set
of studies, enables downstream activities of a systematic review to begin
in parallel. We investigate a method that exploits seed studies – potentially relevant studies used to seed the query formulation process – for
screening prioritisation. Our investigation aims to reproduce this method
to determine if it is generalisable on recently published datasets and determine the impact of using multiple seed studies on effectiveness. We
show that while we could reproduce the original methods, we could not
replicate their results exactly. However, we believe this is due to minor
differences in document pre-processing, not deficiencies with the original
methodology. Our results also indicate that our reproduced screening prioritisation method, (1) is generalisable across datasets of similar and different topicality compared to the original implementation, (2) that when
using multiple seed studies, the effectiveness of the method increases using our techniques to enable this, (3) and that the use of multiple seed
studies produces more stable rankings compared to single seed studies.
Finally, we make our implementation and results publicly available at
the following URL: https://github.com/ielab/sdr.
Keywords: Systematic Reviews · Document Ranking · Re-ranking.
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Introduction

A systematic review is a focused literature review that synthesises all relevant
literature for a specific research topic. Identifying relevant publications for medical systematic reviews is a highly tedious and costly exercise, often involving
multiple reviewers to screen (i.e., assess) upwards of tens of thousands of studies.
It is a standard practice to screen each study retrieved for a systematic review
by a Boolean query. However, in recent years, there has been a dramatic rise in
Information Retrieval methods that attempt to re-rank this set of studies for a
variety of reasons, such as stopping the screening early (once a sufficient number
of studies have been found) or beginning downstream phases of the systematic review process earlier (such as the acquisition of the full-text of studies). However,
a known problem with many of these methods is that they use a different query
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from the Boolean query used to perform the initial literature search. Instead,
most methods typically resort to less informationally representative sources for
queries that can be used for ranking, such as the title of the systematic review,
e.g., [18] (containing narrow information about the retrieval topic), or concatenating the clauses of the Boolean query together, e.g., [3] (negating the structural
information in Boolean clauses). We instead turn our attention to methods that
use more informative sources of information to perform re-ranking.
Indeed, we focus this reproducibility study on one such method: seed-driven
document ranking (SDR) from Lee and Sun [16]. SDR exploits studies that
are known a priori to develop the research focus and search strategy for the
systematic review. These studies are often referred to as ‘seed studies’ and are
commonplace in the initial phases of the systematic review creation process. This
method and others such as CLF [21] (which directly uses the Boolean query for
ranking) have been shown to significantly outperform other methods that use a
naı̈ve query representation. Despite this, the SDR method was published when
there was little data for those seeking to research this topic, and there have been
methods published since that did not include SDR as a comparison. To this end,
we devise the following research questions (RQs) to guide our investigation into
why we are interested in reproducing the SDR method:
RQ1 Does the effectiveness of SDR generalise beyond the CLEF TAR 2017
dataset? The original study was only able to be investigated on a single dataset
of systematic review topics. In this study, we plan to use our replicated implementation of SDR to examine the effectiveness of this method across more
recent datasets, and datasets that are more topically varied (CLEF TAR 2017
only contains systematic reviews about diagnostic test accuracy).
RQ2 What is the impact of using multiple seed studies collectively on the effectiveness of SDR? The original study focused on two aspects of their method: an
initial ranking using a single seed study and an iterative ranking which further
uses the remaining seed studies one at a time. We focus on investigating the
first aspect concerning the impact of multiple seed studies (multi-SDR) used
collectively for input to produce an initial ranking.
RQ3 To what extent do seed studies impact the ranking stability of single- and
multi-SDR? In a recent study by Scells et al. [23] to generate Boolean queries
from seed studies, it was found that seed studies can have a considerable and
significant effect on the effectiveness of resulting queries. We perform a similar
study that aims to measure the variance in effectiveness of SDR in single- and
multi- seed study settings.
With the investigation into the above research questions, we will (1) demonstrate
the novelty of the method by performing experiments on more datasets (RQ1),
and experiments that reveal more about the effectiveness of the method (RQ2,
RQ3), (2) assess the impact of SDR towards the Information Retrieval community and the wider systematic review community, (3) investigate the reliability
of SDR by comparing it to several baselines on publicly available datasets, and
(4) make our complete reproduced implementation of SDR publicly available
for others to use as a baseline in future work on re-ranking for systematic reviews.
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3

Replicating SDR

In the original paper of Lee and Sun, they devise two experimental settings for
SDR: an initial ranking of retrieved studies using a seed study and iteratively
re-ranking by updating the query used for SDR with one seed study at a time
to simulate the manual screening process. We focus on the initial ranking stage
for two reasons: (1) screening prioritisation is an accepted practice in the systematic review creation process as all studies must still be screened [4]; and (2)
an effective initial ranking will naturally result in a more effective and efficient
re-ranking of studies, as more studies that are relevant will be identified faster.
The intuition for SDR is that relevant studies are similar to each other. The
original paper makes two important observations about seed studies to support
this intuition: (1) that relevant studies are more similar to each other than they
are to non-relevant studies; and (2) that relevant studies share many clinical
terms. These two observations are used to inform the representation and scoring
of studies, given a seed study. We attempt to replicate these observations below
to verify both that our implementation follows the same steps to make similar
observations and whether the assumptions derived from them hold.
Observation 1. For a given systematic review, its relevant documents share
higher pair-wise similarity than that of irrelevant documents.
We find that this observation is valid in our reproduction, as demonstrated by
Figure 1. In order to produce this plot, irrelevant studies were randomly undersampled ten times. The number of non-relevant studies is always the same as
the number of relevant studies for each topic. This means it is unlikely that we
will produce the exact result initially found for this observation by Lee and Sun.
Furthermore, one reason that the average pairwise similarity for the relevant
studies may not match the original results is that the textual content of studies
on PubMed may have changed or been updated. Rather than using a dump of
PubMed from 2017, we used the latest version of studies on PubMed, as it is
unknown the exact date that studies were extracted from PubMed in the original
paper, and the CLEF TAR dataset does not give an exact date.
Observation 2. Relevant documents for a given systematic review share high
commonality in terms of clinical terms.
We found that this observation is also valid in our reproduction, as demonstrated
in Figure 2. It can be seen that the commonality of terms for the bag of words
(BOW) and bag of clinical words (BOC) representations closely match those
reported by Lee and Sun. However, we also found that with some minor modifications to the pre-processing of studies, we achieved a similar (yet still lower)
commonality for terms using the BOW representation. We believe that the BOC
representation shares a higher commonality of terms because the vocabulary size
is smaller than the BOW representation. Naturally, with a smaller vocabulary,
it is more likely for studies to share common terms. When pre-processing studies
using the method described in original paper, we find that BOC terms count for
4.6% of the vocabulary, while they account for 31.2% using our pre-processing.

Intra-similarity

4

Shuai Wang, Harrisen Scells, Ahmed Mourad, and Guido Zuccon
Avg of relevant docs
Irrelevant docs
(0.0, 0.2]
(0.4, 0.6]
Avg of irrelevant docs
Relevant docs
(0.2, 0.4]
(0.6, 0.8]

(0.8, 1.0]

BOW(Our)
0.4
BOW(Lee&Sun)

0.2

BOC(Clinical terms)
0.0

0.0

Fig. 1: Intra-similarity between relevant studies and irrelevant studies.
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Fig. 2: Distribution of terms in relevant
studies.

In fact, our BOW vocabulary is only 14.8% their BOW vocabulary. Note that
BOC is a distinct subset of BOW.
2.1

Document Representation

Given Observation 1 about relevant studies for this task, Lee and Sun chose to
represent studies as a ‘bag of clinical words’ (BOC). They chose to use the Unified
Medical Language System (UMLS) as their ontology of clinical terms. UMLS is
an umbrella ontology that combines many common medical ontologies such as
SNOMED-CT and MeSH. In order to identify UMLS concepts (and therefore
the clinical terms) within the studies, Lee and Sun combine the outputs of the
NCBO Bioportal [20] API1 and QuickUMLS [24]. We follow their process as
described, however we are not aware if it is not possible to set a specific version
for the NCBO API. We use QuickUMLS version 1.4.0 with UMLS 2016AB.
2.2

Term Weighting

SDR weights terms based on the intuition that terms in relevant studies are
more similar to each other (or occur with each other more frequently) than nonrelevant studies. The weight of an individual term in a seed study is estimated by
measuring to what extent it separates similar (pseudo-relevant) and dissimilar
(pseudo-non-relevant) studies. Formally, each term ti in a seed document
ds

γ(D ,d )

(ti ∈ ds ) is weighted using the function ϕ(ti , ds ) = ln 1 + γ(Dtt¯i ,dss ) , where
i
Dti represents the subset of candidate studies to be ranked where ti appears,
and Dt¯i represents the subset of candidate studies to be ranked where ti does
not P
appear. The average similarity between studies is computed as γ(D, ds ) =
1
dj ∈D sim(dj , ds ), where sim is the cosine similarity between the vector
|D|
representations of the candidate study dj and the seed study di . We follow the
original implementation and represent studies as tf-idf vectors.
2.3

Document Scoring

The original SDR implementation uses the query likelihood language model with
Jelenik-Mercer smoothing for scoring studies. Typically, this ranking function is
derived as indicated by QLM shown in Equation 1, where c(ti , ds ) represents
the count of a term in a seed study, c(ti , d) represents the count of a term in a
candidate study, Ld represents the number of terms in a study, p(ti |C) represents
the probability of a term in a background collection, and λ is the Jelenik-Mercer
1

http://data.bioontology.org/documentation
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smoothing parameter. To incorporate the term weights as described in Subsection 2.2, the original paper includes ϕ function into the document scoring
function as shown in Equation 1:
QLM
}|
Term Weight z

{
}|
{
z
X
1−λ
c(ti , d)
ϕ(ti , ds ) · c(ti , ds ) · log 1 +
score(d, ds ) =
·
(1)
λ
Ld · p(ti |C)
ti ∈d,ds

where p(ti |C) is estimated using maximum likelihood estimation over the entire
candidate set of studies C. In the original paper, when additional seed studies
were ranked in the top-k set of candidate seed studies (denoted as ds0 ), a reranking was initiated by expanding each ti in ds with the new terms from ds0 . For
our replication study, we only consider the initial ranking of candidate studies, as
an abundance of baseline methods can be used as a comparison for this task. It
is also arguably the most important step as a poor initial ranking will naturally
result in a less effective and less efficient re-ranking.
2.4 Multi-SDR
One assumption in the original paper is that only a single seed study can be
used at a time for ranking candidate studies. We propose a modification by
studying the impact of using multiple seed studies collectively. In practice, it
is common for Boolean queries (i.e., the search strategies used to retrieve the
set of candidate studies we use for ranking) to be developed with a handful of
seed studies, not just a single seed study. We hypothesise that the effectiveness
of SDR will increase when multiple seed studies are used. Each relevant study
must be used as a seed study for ranking, as the seed studies are not known
in any of the collections we used. Therefore the average performance across
topics was recorded (i.e., leave-one-out cross-validation). This study follows the
methodology for the single-SDR method described in the subsections above. How
we adapt single-SDR for a multi-SDR setting, and how we make this comparable
to single-SDR is described as follows.
Grouping Seed Studies To study multi-SDR, we adopt a similar approach to
the original paper; however, we instead randomly group multiple seed studies together and perform leave-one-out cross-validation over these groups. To account
for any topic differences that may impact performance, we use a sliding window
across the list of seed studies so that a seed study can appear in multiple groups.
The number of seed studies to fill each group was chosen to be 20% of the total
seed studies. Rather than use a fixed number of seed studies, choosing different
proportions simulates the use of seed studies in practice, i.e., different amounts
of seed studies may be known before conducting a review.
Combining Seed Studies for Multi-SDR The way we exploit multiple seed
studies for SDR is, we believe, similar to how Lee and Sun used multiple seed
studies in their relevance feedback approach to SDR. We concatenate seed studies together such that the resulting representation can be used directly with the
existing single-SDR framework. We acknowledge that there may be more sophisticated approaches to exploit multi-SDR. However, we leave this as future work
as it is out of the scope for this reproducibility study.
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When computing term weights for multi-SDR, we also encountered computational infeasibility for large groups of seed studies. To this end, we randomly
under-sampled the number of irrelevant studies to 50 each time we compute ϕ.
Comparing Single-SDR to Multi-SDR Directly comparing the results of
multi-SDR to single-SDR is not possible due to the leave-one-out cross-validation
style of evaluation used for single-SDR. To address this, we apply an oracle to
identify the most effective single-SDR run out of all the seed studies used for a
given multi-SDR run in terms of MAP. We then remove the other seed studies
used in the multi-SDR run from the oracle-selected single-SDR run so that both
runs share the same number of candidate studies for ranking.

3

Experimental Setup

3.1 Datasets
When the original SDR paper was published, only a single collection with results of baseline method implementations was available. We intend to assess the
generalisability of their SDR method on several new collections which have been
released since. The collections we consider are:
CLEF TAR 2017 [9] This is the original dataset that was used to study SDR.
We include this dataset to confirm that we achieve the same or similar results
as the original paper. This collection includes 50 systematic review topics on
diagnostic test accuracy – a type of systematic review that is challenging to create. The 50 topics are split into 20 training topics and 30 testing topics. In our
evaluation, we removed topics CD010653, CD010771, CD010386, CD012019,
CD011549 as they contained only a single or no relevant studies to use as seed
studies. For our experiments using multiple seed studies, we further removed
topics CD010860, CD010775, CD010896, CD008643, CD011548, CD010438,
CD010633, CD008686 due to low numbers of relevant studies.
CLEF TAR 2018 [11] This collection adds 30 diagnostic test accuracy systematic reviews as topics to the existing 2017 collection; however, it also removes eight because they are not ‘reliable for training or testing purposes.
In total, this collection contains 72 topics. Our evaluation only used 30 additional reviews of the 2018 dataset and removed topics CD012216, CD009263,
CD011515, CD011602, and CD010680 as they contained only a single or no
relevant studies to use as seed studies. We also removed topic CD009263 because we ran into memory issues when running experiments on this topic due
to many candidate documents (approx. 80,000). For our experiments using
multiple seed studies, we removed topics CD012083, CD012009, CD010864,
CD011686, CD011420 due to low numbers of relevant studies.
CLEF TAR 2019 [10] This collection further develops on the previous years’
by also including systematic reviews of different types. From this collection, we
use the 38 systematic reviews of interventions (i.e., a different type of diagnostic
test accuracy).2 We use this collection to study the generalisability of SDR
2

Although the overview paper claims there are 40 interventions topics, there are two
topics that appear in both training and testing splits. However, like the previous
datasets, we ignore these splits and combine the training and testing splits.
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on other kinds of systematic reviews. In our evaluation, we removed topics
CD010019, CD012342, CD011140, CD012120, CD012521 as they contained
only a single or no relevant studies to use as seed studies. For our experiments
using multiple seed studies, we further removed topics CD011380, CD012521,
CD009069, CD012164, CD007868, CD005253, CD012455 due to low numbers
of relevant studies.
3.2 Baselines
The baselines in the original paper included the best performing method from
the CLEF TAR 2017 participants, several seed-study-based methods, and variations of the scoring function used by SDR. For our experiments, we compare our reproduction of SDR to all of the original baselines that we have
also reproduced from the original paper.The baselines in the original paper include: BM25-{BOW,BOC}, QLM-{BOW,BOC}, SDR-{BOW,BOC}, and AES{BOW,BOC}. The last method, AES, is an embedding-based method that averages the embeddings for all terms in the seed studies. The AES method uses
pre-trained word2vec embeddings using PubMed and Wikipedia (as specified in
the original paper). We also include a variation that uses only PubMed embeddings (AES-P). Finally, we also include the linear interpolation between SDR
and AES, using the same parameter as the original paper (α = 0.3). We use the
same versions of the pre-trained embeddings as the original paper.
3.3 Evaluation Measures
For comparison to the original paper, we use the same evaluation measures.
These include MAP, precision@k, recall@k, LastRel%, and Work Saved over
Sampling (WSS). LastRel is a measure introduced at CLEF TAR’17 [9]. It is
calculated as the rank position of the last relevant document. LastRel% is the
normalised percentage of studies that must be screened in order to obtain all
relevant studies. Work Saved Over Sampling; a measure initially proposed to
measure classification effectiveness [7], is calculated instead here, by computing
the fraction of studies that can be removed from screening to obtain all relevant
. Where C is the number of studies originally
documents; i.e., WSS = |C|−LastRel
|C|
retrieved (i.e., the candidate set for re-ranking). For precision@k and recall@k,
we report much deeper levels of k: the original paper reported k = {10, 20, 30};
where we report k = {10, 100, 1000}. Furthermore, we also report nDCG at
these k-values, as it provides additional information about relevant study rank
positions. We compute LastRel% and WSS using the scripts used in CLEF TAR
2017. For all other evaluation measures we use trec eval (version 9.0.7).
3.4 Document Pre-Processing
It is widely known that document pre-processing (e.g., tokenisation, stopwords,
or stemming) can have a profound effect on ranking performance [8]. Although
the original paper provides information about the versions of the libraries it uses
for ranking, there were fewer details, such as how documents were tokenised or
which stopword list was used. We reached out to the original authors to confirm
the exact experimental settings. From the original paper, documents were split
using space, then stopwords were removed using nltk.

8

Shuai Wang, Harrisen Scells, Ahmed Mourad, and Guido Zuccon

The modifications we made to the document pre-processing pipeline were
that documents were first pre-processed to remove punctuation marks and then
tokenised using gensim version 3.2.0 tokeniser. For stopwords, as the original
authors have not specified the nltk version, we used the latest version at the time
of publishing, version 3.6.3. Then terms used are lowercased for in all methods
except for AES. No stemming has been applied in either pre-processing pipeline.

4

Results

Before we investigate the three research questions of our reproducibility study, we
first examine the extent to which we were able to replicate the results of Lee and
Sun. In this study, we were unable to exactly replicate the results due to what we
believe to be minor differences in document pre-processing and evaluation setup.
Despite these difference, the results in Table 1 show a similar performance across
the baselines and evaluation measures compared to what Lee and Sun originally
reported in their paper for our pre-processing pipeline.
The results observed comparing the document pre-processing pipeline for the
BOW representation as described by Lee and Sun (*-LEE) to our document preprocessing pipeline show that the BOW baselines may not have been as strong
as if the original authors had performed a similar pipeline as us. We find that
although the results comparing their baseline is statistically significant with our
best performing method, our baseline is not significantly different. Finally, we
find that the SDR-BOW-AES-LEE method, which corresponds to their most
effective method, is significantly worse than our most effective method for 2017,
SDR-BOW-AES-P.
In terms of the BOC representation we were unable to identify a more
effective pipeline for extracting clinical terms. Here, we applied the clinical
term extraction tools over individual terms in the document (following the preprocessing of Lee and Sun), and not the entire document. Although we find this
to be counter-intuitive, as tools like QuickUMLS and the NCBO API use text
semantics to match n-grams, the result of applying the tools to individual terms
has the effect of reducing the vocabulary of a seed study to the key concepts.
Finally, comparing our evaluation setup to Lee and Sun, we find that there
were a number of topics in the CLEF TAR 2017 dataset that were incompatible
with SDR. Rather than attempting to replicate their results, we simply do not
compare their original results with ours, since we do not have access to their run
files or precise evaluation setup. Furthermore, when we compare the results we
report from to the best performing participant at CLEF TAR 2017 that did not
use relevance feedback [3], we remove the same topics from the run file of this
participant for fairness. Although this method cannot be directly compared to,
we can see that even relatively unsophisticated methods that use seed studies
such as BM25-BOW are able to outperform the method by this participant.
4.1 Generalisability of SDR
We next investigate the first research question: Does the effectiveness of SDR
generalise beyond the CLEF TAR 2017 dataset? In Table 2, we can see that the
term weighting of SDR almost always increases effectiveness compared to using
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Prec.
100

Prec.
1000
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Method

MAP

Prec.
10

Recall Recall Recall
10
100
1000

nDCG nDCG nDCG
10
100
1000

LR%

WSS

Sheffield-run-2[3]

0.1706

0.1367 0.0703 0.0156

BM25-BOW-LEE
BM25-BOW
BM25-BOC

0.1710† 0.2027†0.0867†0.0195† 0.1543 0.5118†0.8798† 0.2439†0.3419†0.4770† 0.4902† 0.5098†
0.1810 0.2128†0.0898†0.0200 0.1646 0.5232†0.8928 0.2560 0.3534†0.4899† 0.4427† 0.5573†
0.1764† 0.2145†0.0895†0.0200 0.1562 0.5215†0.8944 0.2539 0.3496†0.4871† 0.4401† 0.5599†

0.1759 0.5133 0.8353

0.2089 0.3342 0.4465

0.4660

0.5340

QLM-BOW-LEE
QLM-BOW
QLM-BOC

0.1539† 0.1846†0.0778†0.0184† 0.1367†0.4664†0.8508† 0.2198†0.3091†0.4454† 0.4662† 0.5338†
0.1973 0.2360 0.0964 0.0203 0.1855 0.5464 0.9081 0.2827 0.3772 0.5100 0.3851 0.6149
0.1894 0.2330 0.0951 0.0202 0.1809 0.5376 0.9032 0.2771 0.3684 0.5018 0.3936 0.6064

SDR-BOW-LEE
SDR-BOW
SDR-BOC

0.1533† 0.1777†0.0780†0.0185† 0.1304†0.4710†0.8576† 0.2142†0.3088†0.4460† 0.4660† 0.5340†
0.1972 0.2264 0.0952 0.0204 0.1718 0.5398 0.9083 0.2739 0.3728 0.5081 0.3742 0.6258
0.1953 0.2329 0.0974 0.0206 0.1751 0.5530 0.9151 0.2756 0.3751 0.5086 0.3689 0.6311

AES-BOW
AES-BOW-P

0.1516† 0.1768†0.0785†0.0190† 0.1369†0.4611†0.8794† 0.2163†0.3106†0.4552† 0.4549† 0.5451†
0.1604† 0.1872†0.0809†0.0193† 0.1480†0.4954†0.8895† 0.2274†0.3255†0.4669† 0.4088† 0.5912†

SDR-BOW-LEE-AES
SDR-BOW-AES
SDR-BOC-AES

0.1716† 0.2008†0.0870†0.0197
0.1958 0.2309 0.0957 0.0203
0.1964 0.2364 0.0972 0.0204

0.1484†0.5250†0.8988† 0.2389†0.3429†0.4792† 0.4148† 0.5852†
0.1750 0.5568 0.9163 0.2756 0.3764 0.5090 0.3880† 0.6120†
0.1770 0.5699 0.9195 0.2800 0.3813 0.5117 0.3830† 0.6170†

SDR-BOW-LEE-AES-P 0.1764† 0.2058†0.0883†0.0199
0.1983 0.2322 0.0961 0.0204
SDR-BOW-AES-P
SDR-BOC-AES-P
0.1984 0.2369 0.0970 0.0205

0.1570 0.5349†0.9081† 0.2448†0.3500†0.4865† 0.3796† 0.6204†
0.1740 0.5673 0.9206 0.2768 0.3812 0.5128 0.3608 0.6392
0.1788 0.5737 0.9241 0.2807 0.3837 0.5147 0.3566 0.6434

Table 1: Reproduction results of baselines and SDR methods on the CLEF TAR
2017 dataset. For BOW methods, the pre-processing pipeline used by Lee and
Sun is denoted by ‘-LEE’. BOW methods that do not have this demarcation
correspond to our pipeline. For AES methods, word2vec PubMed embeddings
are denoted by ‘-P’. AES methods that do not have this demarcation correspond
to word2vec embeddings that include PubMed and Wikipedia. Statistical significance (Student’s two-tailed paired t-test with Bonferonni correction, p < 0.05)
between the most effective method (SDR-BOC-AES-P) and all other methods
is indicated by †.
only QLM, and that interpolation with AES can have further benefits to effectiveness. However, we note that few of these results are statistically significant.
While we are unable to include all of the results for space reasons, we find
that SDR-BOC-AES-P was not always the most effective SDR method. Indeed
on the 2019 dataset, SDR-BOW was the most effective. The reason for this may
be due to the difference in topicality of the 2019 dataset. This suggests that not
only is the method of identifying clinical terms not suitable for these intervention
systematic review topics, but that the interpolation between SDR and AES may
require dataset-specific tuning.
4.2 Effect of Multiple Seed Studies
Next, we investigate the second research question: What is the impact of using
multiple seed studies collectively on the effectiveness of SDR? Firstly, several
topics were further removed for these experiments. Therefore, the results of
single-SDR in Table 3 are not directly comparable to the results in Tables 1
and 2. In order to measure the effect multiple studies has on SDR compared to
single seed studies, we also remove the same topics for single-SDR.
We find that across all three datasets, compared to single-SDR, multi-SDR
can significantly increase the effectiveness. We also find that the largest increases
in effectiveness are seen on shallow metrics across all three CLEF TAR datasets.
This has implications for the use of SDR in practice, as typically, multiple seed
studies are available before conducting the screening process. Therefore, when
multiple seed studies are used for the initial ranking process, active learning
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Prec.
1000

Prec.
10

Recall
100

Recall
1000

Recall
10

nDCG
100

nDCG
1000

nDCG

LR%

WSS

2017

Prec.
100

QLM
0.1894 0.2330 0.0951 0.0202 0.1809 0.5376 0.9032 0.2771 0.3684 0.5018 0.3936 0.6064
SDR
0.1953 0.2329 0.0974 0.0206 0.1751 0.5530 0.9151 0.2756 0.3751 0.5086 0.3689 0.6311
SDR-AES-P 0.1984 0.2369 0.0970 0.0205 0.1788 0.5737 0.9241 0.2807 0.3837 0.5147 0.3566 0.6434

2018

MAP
10

QLM-BOC 0.2344 0.2594 0.1130 0.0219 0.1821 0.6214 0.9104 0.3141 0.4156 0.5312 0.3317† 0.6683†
SDR
0.2374 0.2549 0.1136 0.0221 0.1798 0.6176 0.9174 0.3117 0.4163 0.5351 0.3024 0.6976
SDR-AES-P 0.2503 0.2688 0.1161 0.0222 0.1957 0.6036 0.9234 0.3259 0.4243 0.5445 0.2695 0.7305

2019

Method

QLM
0.2614 0.2599 0.0881 0.0169 0.2748 0.7032 0.9297 0.3458 0.4700 0.5482 0.4085 0.5915
SDR
0.2790 0.2663 0.0899 0.0169 0.3048 0.7151 0.9337 0.3594 0.4846 0.5602 0.3819 0.6181
SDR-AES-P 0.2827 0.2667 0.0898 0.0168 0.2973 0.7174 0.9378 0.3649 0.4913 0.5672 0.3876 0.6124

1.0

1.0

0.8

0.8

0.8

0.6

0.6

0.6

0.4

0.4

0.2

0.2

0.0

0.0

Systematic review topics

(a) Single-SDR; 2017

0.4
0.2
0.0

Systematic review topics

(b) Single-SDR; 2018
1.0

0.8

0.8

0.8

0.6

0.6

0.6

0.2
0.0

MAP

1.0

0.4

0.4
0.2

Systematic review topics

(d) Multi-SDR; 2017

0.0

Systematic review topics

(c) Single-SDR; 2019

1.0

MAP

MAP

MAP

1.0

MAP

MAP

Table 2: Generalisability of results on the CLEF TAR 2017, 2018 and 2019
datasets. Representations used in this table are all BOC. Statistical significance
(Student’s two-tailed paired t-test with Bonferonni correction, p < 0.05) between
the most effective method (SDR-AES-P) and other methods is indicated by †.

0.4
0.2

Systematic review topics

(e) Multi-SDR; 2018

0.0

Systematic review topics

(f) Multi-SDR; 2019

Fig. 3: Topic-by-topic distribution of effectiveness (MAP) for the oracle-selected
single-SDR-BOC-AES-P method (top figures) versus multi-SDR-BOC-AES-P.
methods that iteratively rank unjudged studies will naturally be more effective
(as more relevant studies are retrieved in the early rankings). However, we argue
that the assumption that relevant studies are a good surrogate for seed studies
made by Lee and Sun [16] and by others in other work such as Scells et al. [23]
may be weak and that methods that utilise relevant studies for this purpose
overestimate effectiveness. In reality, seed studies may not be relevant studies.
They may be discarded once a Boolean query has been formulated (e.g., they may
not be randomised controlled trials or unsuitable for inclusion in the review).
4.3 Variability of Seed Studies on Effectiveness
Finally, we investigate the last research question: To what extent do seed studies impact the ranking stability of single- and multi-SDR? We investigate this
research question by comparing the topic-by-topic distribution of performance
for the same results present in Table 3. These results are visualised in Figure 3.
That is, we compare the multi-SDR results to the oracle single-SDR results,
described in Section 2.4 so that we can fairly compare the variance of one to
the other. We find that the variance obtained by multi-SDR is generally higher
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Prec.
10

Prec.
100

Prec.
1000

Single-BOC
Single-BOW
Multi-BOC
Multi-BOW

0.3116
0.3098
0.4554†
0.4610†

0.4235 0.1463 0.0255
0.4076 0.1465 0.0255
0.5804† 0.1752† 0.0272†
0.5910† 0.1762† 0.0272†

% Change
Single-BOC
Single-BOW
Multi-BOC
Multi-BOW

nDCG
10

nDCG
100

nDCG
1000

LR%

WSS

0.2219 0.6344 0.9469
0.2158 0.6366 0.9472
0.2917† 0.7151† 0.9661†
0.2951† 0.7155† 0.9659†

0.4830
0.4679
0.6817†
0.6924†

0.5330
0.5312
0.6765†
0.6805†

0.6595
0.6566
0.7835†
0.7866†

0.3699
0.3687
0.3427
0.3450

0.6301
0.6313
0.6573
0.6550

47.4801 41.0234 20.0132 6.6705

34.1131 12.5557 2.0029

44.5398 27.5202 19.3035 -6.8792

4.0283

0.3345
0.3384
0.4779†
0.4809†

0.2041 0.6181 0.9280
0.2062 0.6197 0.9383
0.2821† 0.6997† 0.9592†
0.2813† 0.6968† 0.9585†

0.5011
0.4955
0.7199†
0.7218†

0.7359
0.7423
0.7606†
0.7604

% Change
Single-BOC
Single-BOW
Multi-BOC
Multi-BOW

42.5011 37.8814 18.1509 7.2657

37.3377 12.8217 2.7561

44.6754 28.8870 20.5797 -8.1919

2.8990

0.3900
0.3925
0.5341†
0.5374†

0.3196 0.7261 0.9368
0.3366 0.7243 0.9386
0.3962† 0.7896† 0.9622†
0.4031† 0.7853† 0.9616†

0.5365
0.5516
0.7105†
0.7223†

0.5696
0.5715
0.6148†
0.6123†

% Change

36.9305 33.9958 19.3948 9.9327

21.8599 8.5825 2.5819

31.6927 21.0510 17.3213 -10.0189 7.5424

0.4443 0.1671 0.0285
0.4433 0.1678 0.0286
0.6130† 0.1979† 0.0307†
0.6109† 0.1978† 0.0306†

0.4249 0.1285 0.0221
0.4418 0.1272 0.0222
0.5746† 0.1533† 0.0243†
0.5864† 0.1521† 0.0244†

Recall
10

Recall
100

Recall
1000
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0.5296
0.5301
0.6823†
0.6835†

0.6164
0.6164
0.7458†
0.7466†

0.6551
0.6579
0.7908†
0.7924†

0.6897
0.6916
0.8091†
0.8114†

0.2641
0.2577
0.2394†
0.2396

0.4304
0.4285
0.3852†
0.3877†

Table 3: Results comparing single-SDR and multi-SDR on the CLEF TAR 2017,
2018, and 2019 datasets. Note that the results for single-SDR are not directly
comparable to the above tables as explained in Section 2.4. Statistical differences
(Student’s paired two-tailed t-test, p < 0.05) are indicated pairwise between the
single- and multi- SDR BOC and BOW methods for each year (e.g., singleSDR-BOC-AES-P vs. multi-SDR-BOC-AES-P for 2017). % Change indicates
the average difference between single- and multi-{BOW+BOC}.
than that of single-SDR using DTA systematic review topics (Figure 3a vs. Figure 3d – and Figure 3b vs. Figure 3e). We compute the mean variance across
all topics, and find that the variance of multi-SDR (4.49e-2) is 10.89% higher
than single-SDR (4.44e-2) result for the 2017 dataset, and 11.76 % for the 2018
dataset (single: 3.43e-2; multi: 4.17e-2). For the 2019 dataset, we find that the
variance of multi-SDR (7.93e-2) is 6.51% lower than single-SDR (8.48e-2).
However, when we randomly sample seed studies from each group for singleSDR, we find that the variance of multi-SDR is significantly lower: 53.2% average
decrease across 2017, 2018, and 2019. For space reasons, we do not include the
full results. This suggests that the choice of seed study is considerably more
important for single-SDR than for multi-SDR and that multi-SDR produces
much more stable rankings, regardless of the seed studies chosen for re-ranking.

5

Related Work

Currently, it is a requirement for most high-quality systematic reviews to retrieve
literature using a Boolean query [4,6]. Given that a Boolean query retrieves studies in an unordered set, it is also a requirement that all of the studies must be
screened (assessed) for inclusion in the systematic review [4]. It is currently becoming more common for a ranking to be induced over this set of studies in
order to begin downstream processes of the systematic review earlier [19], e.g.,
acquiring the full-text of studies or results extraction. This ranking of studies has come to be known as ‘screening prioritisation’, as popularised by the
CLEF TAR tasks which aimed to automate these early stages of the systematic
review creation pipeline [9,11,10]. As a result, in recent years there has been
an uptake in Information Retrieval approaches to enable screening prioritisation [18,5,3,25,2,22,16,15,1,27,21]. The vast majority of screening prioritisation
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use a different representation than the original Boolean query for ranking. Often,
a separate query must be used to perform ranking, which may not represent the
same information need as the Boolean query. Instead, the SDR method by Lee
and Sun [16] forgoes the query all together and uses studies that have a high
likelihood of relevance, seed studies [6], to rank the remaining studies. These
are studies that are known a priori to the query formulation step. The use of
documents for ranking is similar to the task of query-by-document [26,17] which
has also been used extensively in domain-specific applications [12,14,13]. However, as Lee and Sun note, the majority of these methods try to extract key
phrases or concepts from these documents to use for searching. SDR differentiates itself from these as the intuition is that the entire document is a relevance
signal, rather than certain meaningful sections. Given the relatively short length
of documents here (i.e., abstracts of studies), this intuition is more meaningful
than other settings where the length of a document may be much longer.

6

Conclusions

We reproduced the SDR for systematic reviews method by Lee and Sun [16] on
all the available CLEF TAR datasets [9,11,10]. Across all three of these datasets,
we found that the 2017 and 2018 datasets share a similar trend in results than
to the 2019 dataset. We believe that this is due to topical differences between
the datasets and that proper tuning of SDR would result in results that better
align with those seen in 2017 and 2018. We also performed several pre-processing
steps that revealed that the BOW representation of relevant studies could also
share a relatively high commonality of terms compared to the BOC representation. Furthermore, we found that the BOC representation for SDR is generally beneficial and that term weighting generally improves the effectiveness of
SDR. We also found that multi-SDR was able to outperform single-SDR consistently. Our results also used an oracle to select the most effective seed studies to
compare multi-SDR to single-SDR. This means that the actual gap in effectiveness between single-SDR and multi-SDR may be considerably larger. Finally, in
terms of the impact of seed studies on ranking stability, we found that although
multi-SDR was able to achieve higher performance than single-SDR, multi-SDR
generally had a higher variance in effectiveness.
For future work, we believe that deep learning approaches such as BERT and
other transformer-based architectures will provide richer document representations that may better discriminate relevant from non-relevant studies. Finally,
we believe that the technique used to sample seed studies in the original paper
and this reproduction paper may overestimate the actual effectiveness. This is
because a seed study is not necessarily a relevant study, and that seed studies
may be discarded after the query has been formulated. For this, we suggest that
a new collection is required that includes the seed studies that were originally
used to formulate the Boolean query, in addition to the studies included in the
analysis portion of the systematic review.
Further investigation into SDR will continue to accelerate systematic review
creation, thus increasing and improving evidence-based medicine as a whole.

SDR for Systematic Reviews: A Reproducibility Study

13

References
1. Abualsaud, M., Ghelani, N., Zhang, H., Smucker, M.D., Cormack, G.V., Grossman, M.R.: A system for efficient high-recall retrieval. In: Proceedings of the 41st
Annual International ACM SIGIR Conference on Research and Development in
Information Retrieval. pp. 1317–1320 (2018)
2. Alharbi, A., Briggs, W., Stevenson, M.: Retrieving and ranking studies for systematic reviews: University of Sheffield’s approach to CLEF eHealth 2018 Task 2.
In: CEUR Workshop Proceedings: Working Notes of CLEF 2018: Conference and
Labs of the Evaluation Forum. vol. 2125. CEUR Workshop Proceedings (2018)
3. Alharbi, A., Stevenson, M.: Ranking abstracts to identify relevant evidence for systematic reviews: The university of sheffield’s approach to CLEF eHealth 2017 task
2. In: CEUR Workshop Proceedings: Working Notes of CLEF 2017: Conference
and Labs of the Evaluation Forum (2017)
4. Chandler, J., Cumpston, M., Li, T., Page, M.J., Welch, V.A.: Cochrane Handbook
for Systematic Reviews of Interventions. John Wiley & Sons (2019)
5. Chen, J., Chen, S., Song, Y., Liu, H., Wang, Y., Hu, Q., He, L., Yang, Y.: ECNU
at 2017 eHealth task 2: Technologically assisted reviews in empirical medicine. In:
CEUR Workshop Proceedings: Working Notes of CLEF 2017: Conference and Labs
of the Evaluation Forum (2017)
6. Clark, J.: Systematic reviewing. In: Suhail A. R. Doi, G.M.W. (ed.) Methods of
Clinical Epidemiology (2013)
7. Cohen, A., Hersh, W., Peterson, K., Yen, P.: Reducing workload in systematic
review preparation using automated citation classification. Journal of the American
Medical Informatics Association 13(2), 206–219 (2006)
8. Croft, W.B.: Combining approaches to information retrieval. In: Advances in Information Retrieval, pp. 1–36. Springer (2002)
9. Kanoulas, E., Li, D., Azzopardi, L., Spijker, R.: CLEF 2017 technologically assisted
reviews in empirical medicine overview. In: CEUR Workshop Proceedings: Working
Notes of CLEF 2017: Conference and Labs of the Evaluation Forum (2017)
10. Kanoulas, E., Li, D., Azzopardi, L., Spijker, R.: CLEF 2019 technology assisted
reviews in empirical medicine overview. In: CEUR Workshop Proceedings: Working
Notes of CLEF 2018: Conference and Labs of the Evaluation Forum. vol. 2380
(2019)
11. Kanoulas, E., Spijker, R., Li, D., Azzopardi, L.: CLEF 2018 technology assisted
reviews in empirical medicine overview. In: CEUR Workshop Proceedings: Working
Notes of CLEF 2018: Conference and Labs of the Evaluation Forum (2018)
12. Kim, Y., Croft, W.B.: Diversifying query suggestions based on query documents.
In: Proceedings of the 37th international ACM SIGIR conference on Research &
development in information retrieval. pp. 891–894 (2014)
13. Kim, Y., Croft, W.B.: Improving patent search by search result diversification. In:
Proceedings of the 2015 International Conference on The Theory of Information
Retrieval. pp. 201–210 (2015)
14. Kim, Y., Seo, J., Croft, W.B., Smith, D.A.: Automatic suggestion of phrasalconcept queries for literature search. Information Processing & Management 50(4),
568–583 (2014)
15. Lagopoulos, A., Anagnostou, A., Minas, A., Tsoumakas, G.: Learning-to-rank and
relevance feedback for literature appraisal in empirical medicine. In: CEUR Workshop Proceedings: Working Notes of CLEF 2018: Conference and Labs of the Evaluation Forum. pp. 52–63. Springer (2018)

14

Shuai Wang, Harrisen Scells, Ahmed Mourad, and Guido Zuccon

16. Lee, G.E., Sun, A.: Seed-driven document ranking for systematic reviews in
evidence-based medicine. In: Proceedings of the 41st Annual International ACM
SIGIR Conference on Research and Development in Information Retrieval. pp.
455–464 (2018)
17. Lv, Y., Moon, T., Kolari, P., Zheng, Z., Wang, X., Chang, Y.: Learning to model
relatedness for news recommendation. In: Proceedings of the 20th international
conference on World wide web. pp. 57–66 (2011)
18. Miwa, M., Thomas, J., O’Mara-Eves, A., Ananiadou, S.: Reducing systematic review workload through certainty-based screening. Journal of Biomedical Informatics 51, 242–253 (2014)
19. Norman, C.R., Leeflang, M.M., Porcher, R., Névéol, A.: Measuring the impact
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