
Generating Natural LanguageQueries for More Effective
Systematic Review Screening Prioritisation

Shuai Wang
The University of Queensland

Harrisen Scells
Leipzig University

Martin Potthast
Leipzig University & ScaDS.AI

Bevan Koopman
CSIRO & The University of Queensland

Guido Zuccon
The University of Queensland

ABSTRACT
Screening prioritisation in medical systematic reviews aims to rank
the set of documents retrieved by complex Boolean queries. Pri-
oritising the most important documents ensures that subsequent
review steps can be carried out more efficiently and effectively. The
current state of the art uses the final title of the review as a query
to rank the documents using BERT-based neural rankers. However,
the final title is only formulated at the end of the review process,
which makes this approach impractical as it relies on ex post facto
information. At the time of screening, only a rough working title
is available, with which the BERT-based ranker performs signif-
icantly worse than with the final title. In this paper, we explore
alternative sources of queries for prioritising screening, such as
the Boolean query used to retrieve the documents to be screened
and queries generated by instruction-based generative large-scale
language models such as ChatGPT and Alpaca. Our best approach
is not only viable based on the information available at the time of
screening, but also has similar effectiveness to the final title.

CCS CONCEPTS
• Information systems → Query suggestion; • Computing
methodologies→ Natural language generation.
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1 INTRODUCTION
Systematic reviews are a widely used type of literature review in
evidence-based medicine to comprehensively identify, analyse and
summarise all available research on a particular topic or question
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Table 1: Our contribution at a glance: The post hoc effective-
ness of Wang et al.’s [65] original approach can be achieved
by generating queries from sources available in practice; * in-
dicates statistical significant differences.

Source Query MAP LastRel WSS95 WSS100 Ref.

post hoc final review title 0.295 634.975 0.609 0.597 [65]
best generated query 0.310 620.025 0.589 0.569 ours

practice working title 0.059* 976.275* 0.266* 0.271* [65]
generated queries 0.249 714.500 0.541* 0.521* ours

in an unbiased manner [29]. They provide a rigorous and transpar-
ent pathway to medical decision-making tasks and minimise bias
and errors that might otherwise result from an ad hoc literature
search [59]. Systematic reviews are usually conducted according to
a protocol of established steps [10, 20, 29]. As part of this process,
complex Boolean queries are developed by specialists (e.g. trained
experts in search) to obtain a large initial set of (candidate) docu-
ments. These candidates are manually screened to obtain a subset
for in-depth analysis. One approach to increase the efficiency of
relevance assessment in systematic reviews is know as screening pri-
oritisation [28, 40]. The aim of this method is to rank the candidates
so that the subsequent review tasks, such as full text screening,
can start earlier and in parallel with the screening, resulting in a
more timely and predictable completion. For rapid reviews, where
screening is constrained by a limited budget, prioritising screening
can help to identify more relevant documents and thus enable a
review of higher quality [60].

Currently, the most advanced screening prioritisation methods
use BERT-based neural rankers [65]. They are based on a funda-
mental but ultimately unjustified assumption that the title of the
systematic review has already been conceived and is available as
a query for ranking before screening. However, according to the
systematic review protocol, the title of the review does not have to
be formulated before the search [10, 20]: as a rule, the title is only
determined at the time of writing. Instead, most systematic reviews
have only a rough working title, usually just a few keywords of
the study [62]. Our experiments show that using a working title
for screening prioritisation is not competitive to using the final
title [18]: When applied to the Seed Collection dataset [62], which
contains both working and final titles of systematic reviews, the
effectiveness of a neural ranker (Section 4.3.2) depends strongly on
which of the two title versions is used (Table 1, top rows). Using
the final title largely overestimates the achievable effectiveness.
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In this paper, we investigate how screening prioritisation can be
done based on the information available at the time of screening.
Since it can take up to several weeks towork out the Boolean queries
for the prior retrieval of candidate documents [45], we propose ef-
fective ways to exploit this valuable source of information that has
so far been neglected by the state of the art [7, 27, 30, 31, 65, 66].
However, using a Boolean query to produce a ranked list is not
straightforward. A Boolean query is complex, structured, and de-
tailed; it is very different from the queries that are common in
ad hoc retrieval [6]. BERT-based methods for ranking may per-
form poorly on these queries. Therefore, we investigate the use of
two instruction-based models, namely OpenAI’s ChatGPT [17] and
Stanford’s Alpaca [57], to generate natural language queries from
Boolean queries. These generated natural language queries are in
turn used as input for our neural-ranker-based screening prioriti-
sation methods. The bottom rows of Table 1 show that the most
powerful variants of our method are able to generate queries that
compete with the use of the final title.1 To guide our investigation,
we have developed five research questions:
RQ1 How effective is screening prioritisationwith Boolean queries

compared to natural language queries generated from them?
RQ2 How do different generation models affect the effectiveness

of natural language queries generated from Boolean queries?
RQ3 What impact do ranking methods have on the effectiveness

of natural language queries derived from Boolean queries?
RQ4 Does generating multiple natural language queries from a

single Boolean query improve effectiveness?
RQ5 How effective is screening prioritisation with natural lan-

guage queries derived from Boolean queries compared to
using the working titles of systematic reviews?

2 RELATEDWORK
In this section, we review the literature on screening prioritisation
for systematic reviews and instruction-based large language models.

2.1 Systematic Review Screening Prioritisation
Screening prioritisation has received considerable attention in tech-
nology-assisted systematic review generation. Various aspects were
investigated, including the use of different input data sources [31,
50, 66], different algorithms or models for ranking purposes [1, 2,
8, 26, 30, 35, 38, 48, 62, 65], and active learning techniques that
improve the efficiency of screening prioritisation through a human-
in-the-loop approach [4, 7, 12, 13, 21, 35, 37, 54, 69, 71].

Boolean-driven screening prioritisation uses a Boolean query to
rank candidate documents directly. While few studies have exam-
ined using Boolean queries alone, most used them in conjunction
with the final review title [1–3]. Typically, keywords are extracted
from the Boolean query and the review title to formulate a (bag
of words) query, and then a lexical scoring function determines
the relevance of a document to the query. However, these methods
are impractical since the final title is not available at the time of
screening. The coordination level fusion (CLF) approach proposed
by Scells et al. [50] is the only existing method that examines screen-
ing prioritisation using Boolean queries only. It uses rank fusion to
rank the documents retrieved by each clause of a Boolean query.
1Code: https://github.com/ielab/SIGIR-AP-2023-Bolean2Natural4SR

Neural ranker-based screening prioritisation methods rely on pre-
trained models such as BERT and have achieved much higher
effectiveness than traditional lexical rankers, on par with active
learning methods that use relevance signals from the screened
documents [65]. Despite the improvements they have brought to
screening prioritisation, there are still challenges in using them:
For instance, the input token length limitation imposed by most
BERT-based models [11] is a critical limitation. It does not allow
the model to process longer text inputs, such as the full text of
candidate documents, extensive Boolean queries, or seed studies as
a source of information. Previous approaches using neural rankers
for screening prioritisation has focused only on using the review
title as a query. We show that their effectiveness does not generalise
when working titles are used instead (see Table 1).

2.2 Instruction-based Large Language Models
Recent advances in instruction-based large languagemodels (LLMs),
such as ChatGPT, have shown that they are able to accurately follow
user instructions to complete tasks [17, 19, 46, 64]. These models
typically contain tens of billions of parameters and are trained on
diverse and extensive textual data so that they are able to generate
relevant and coherent answers for a wide range of topics [17].
Several studies have evaluated the effectiveness of ChatGPT on
various tasks, often observing an increase in effectiveness compared
to previous approaches, e.g., in question answering [39, 56] or
ranking [22, 55]. As part of a systematic review literature search, the
use of ChatGPT to generate Boolean queries for systematic reviews
has been investigated Wang et al. [64]. The results of this study
showed that ChatGPT generates effective queries with appropriate
prompting. In this paper we use ChatGPT and Alpaca [57]. Alpaca
was fine-tuned based on an LLM developed by Meta with seven
billion parameters, known as LLaMa [57, 58]. Alpaca has been fine-
tuned using 52K instruction–output pairs generated from ChatGPT
via a self-instruction approach Wang et al. [68], showing similar
capabilities to ChatGPT in preliminary human evaluations [57].

For ranking tasks, instruction-based language models are inte-
grated with ranking models to achieve more effective results [16, 23,
61, 70]. Specifically, there are two common ways to combine these
models: retrieval-then-generation and generation-then-retrieval. In
the retrieval-then-generation approach, the ranking model first re-
trieves a set of relevant results based on the user’s query. Then,
the instruction-based language model generates a response based
on the retrieved documents. This method relies primarily on the
ranking model’s ability to understand the user and extract corre-
sponding information from their query, while the LLM is used to
summarise the retrieved evidence to provide the user with a credible
and comprehensive answer [23, 70]. In the generate-then-retrieval
approach, the instruction-based LLM is first used to generate a
response based on the user’s query, and this response is then pro-
cessed by a ranking model as a new query to retrieve documents
that provide evidence for its statements [16, 61].

3 METHODOLOGY
Figure 1 gives an overview of our approach for screening prioriti-
sation. One or more natural language queries are generated from a
given Boolean query. Then the candidate documents to be screened
are ranked based on the generated queries.
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What is the effectiveness of thrombelastography, 
thromboelastometry, ROTEM, TEM International, 
and other related tests in diagnosing and 
managing thrombotic disorders?

What is the role of thromboelastography, ROTEM, 
TEG, haemoscope, and haemonetics in assessing 
blood clotting abnormalities in clinical settings?

What is the effectiveness of thrombelastography, 
ROTEM, TEG, and other related tests in assessing 
blood clotting disorders?

What is the efficacy of thrombelastography, throm- 
boelastometry, ROTEM, TEM International, or rota- 
tional thrombelastometry in detecting coagulation 
abnormalities or predicting bleeding risk in 
patients undergoing surgery or suffering from?

Thrombelastography[mesh:noexp] 
OR (thromboelasto*[All Fields] 
  OR thrombelasto*[All Fields] 
  OR ROTEM[All Fields] 
  OR "tem international"[All Fields] 
  OR (thromb*[All Fields] 
    AND elastom*[All Fields]) 
  OR (rotational[All Fields] 
    AND thrombelast[All Fields])
  ) 
  OR (Thrombelastogra*[All Fields] 
    OR Thromboelastogra*[All Fields] 
    OR TEG[All Fields] 
    OR haemoscope[All Fields] 
    OR haemonetics[All Fields] 
    OR (thromb*[All Fields] 
      AND elastogra*[All Fields])
   ) 

Construct a high-quality natural language query for 
the boolean query of a systematic review: 
{Boolean Query}
The effectiveness of the query will be determined by 
its capability to retrieve relevant documents when 
searching on a semantic-based search engine.

Below is an instruction that describes a task, paired 
with an input that provides further context. Write a 
response that appropriately completes the request.
### Instruction: 
Construct a natural language query using the 
systematic review boolean query provided.
### Input: 
{Boolean Query}
### Response:

Boolean Query Query Generation Prompts Generated Natural Language Query Document Ranking

C
ha

tG
PT

Al
pa

ca

Neural
Ranker

Candiate
document

Single
relevance

score

Fused 
or oracle
relevance

score

Single-Generation
Multi-Genreations

Figure 1: Illustration and examples of our screening prioritisation approach: Given a Boolean query, an instruction-based
LLM is prompted to generate one or more natural language queries. Then, given a generated query and a candidate document,
a neural ranker is used to predict one or more relevance scores for the document. In the latter case, the scores are fused by
addition. As a baseline for our experiments, the score that maximises effectiveness is selected by an oracle.

3.1 Query Generation
Our task is to generate a natural language query from a Boolean
query of a systematic review that best describes its information
need. We evaluate two LLMs for this task: ChatGPT [17]2 and Al-
paca [57].3 Figure 1 shows an example consisting of a Boolean
query, carefully optimized prompts for each of the two models, and
four alternative generated natural language queries. Preliminary
studies have shown that Alpaca has problems with zero-shot gener-
ation for virtually all Boolean queries, often returning the original
Boolean query itself. We addressed this problem by fine-tuning
Alpaca using pairs of Boolean queries and natural language queries
generated by ChatGPT as training examples.

To adjust the “creativity” of an LLM, they often introduce a
degree of stochasticity controlled by the so-called temperature pa-
rameter 𝑡 , where 0 ≤ 𝑡 ≤ 1 [32]. Setting 𝑡 = 0 causes the model to
generate the same response over multiple inferences for a given
prompt, whereas 𝑡 = 1 causes the model’s response to be randomly
different each time. In other words, the lower the temperature value,
the more deterministic a model’s response. In our experiments, we
investigate how the creativity of a model affects the effectiveness
of screening prioritisation (RQ4). Therefore, we compare the gen-
eration of a single natural language query (Single-Generation) to
generating multiple natural language queries (Multi-Generations)
by adjusting the temperature accordingly.4

3.2 Document Ranking
To rank the documents, we follow the state-of-the-art screening
prioritisation method developed by Wang et al. [65]. Here, a cross-
encoder-based neural ranker is used to calculate the relevance
score of a query–document pair. Specifically, the query and the
document are first concatenated with a [𝑆𝐸𝑃] token, and then fed
into a cross-encoder model that calculates the relevance score for
2We used the OpenAI’s GPT-3.5-turbo API with a maximum of 4,097 tokens.
3The model was fine-tuned using the original setup of Stanford’s Alpaca.
4As Hugging Face does not allow 𝑡 = 0, we use 𝑡 = 0.0001 instead.

the concatenated pair. The relevance score is then represented by
the special classification token [𝐶𝐿𝑆] in the output of the model [9].
In the proposed pipeline, the query is obtained from a Boolean
query as described above. However, in our experiments, we also
explore the alternative of using the original Boolean query as input
to the cross-encoder to address RQ1, and the alternative of using
the working title of the review to address RQ5.

For fine-tuning, we first use a pre-trained BioBERTmodel, which
has been shown to be effective in screening prioritisation when
the title of the review is used as query [65]. Then, for each topic in
the training set, we extract all relevant documents 𝐷+ and a num-
ber of non-relevant documents 𝐷− . For each pair of relevant docu-
ment (𝑑+, 𝑑−) ∈ 𝐷+×𝐷− , we create training triples ⟨query, 𝑑+, 𝑑−⟩
and then fine-tune the model using localised contrastive loss as
proposed by Gao et al. [15].

To investigate RQ4, we generate multiple queries per Boolean
query in the Multi-Generation setup, calculate a relevance score
for each pair of query and candidate document, and then apply
two strategies to derive a single relevance score from them for
a candidate document: Fusion and Oracle selection. In the Fusion
strategy, the relevance scores of all natural language queries on
the same topic that refer to a candidate document are summed to
calculate the final relevance score of the document with respect to
the topic of the systematic review. For the Oracle strategy, we first
evaluate the ranked lists from different natural language queries,
after which the best-performing ranked list, as measured by the
mean average precision (MAP), is selected. This strategy serves as
an upper bound baseline.

To investigate the effectiveness of combining the results of a gen-
erated natural language query with those of the original Boolean
query, we also evaluate a setup that includes a fusion of their rank-
ing results. For this purpose, we use the COMBSUM fusion tech-
nique to fuse the two ranked lists [14]: the relevance score of a
document in the fused ranked list is the sum of the individual
scores of the document in the two lists to be fused.
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4 EXPERIMENTAL SETUP
In this section, we outline the datasets we use, the methods we
apply, and how we evaluate them.

4.1 Dataset
We use two collections in our experiments. The CLEF TAR Collec-
tion comprises three datasets from 2017, 2018, and 2019. In 2017,
the dataset includes 50 systematic review topics divided into 20 for
training and 30 for testing [24]. In 2018 the dataset is expanded
including all 50 systematic review topics from 2017 as a training
set and adding 30 new topics for testing [26]. The 2017 and 2018
datasets focus on Diagnostic Test Accuracy (DTA) systematic re-
views. The 2019 dataset is divided into four categories of systematic
reviews: the DTA category, which builds upon the 2018 dataset
and uses it as the training set with eight new topics for testing; the
Intervention category, containing 20 training topics and 20 testing
topics; the Prognosis Review category and the Qualitative Review
category, each featuring one topic [25]. In our experiments, we
treat DTA and Intervention topics as two sub-collections, denoted
as CLEF-2019-DTA, and CLEF-2019-Intervention. Each topic in the
CLEF TAR Collection provides the review title, the Boolean query
used for document retrieval, the documents retrieved as a result of
the Boolean query, and the relevance labels for the documents at
both abstract and full-text levels [24–26].

The Seed Collection contains 40 systematic review topics with-
out training or testing portions [62]. The dataset also contains the
review title, the Boolean query used during retrieval, documents
retrieved, and relevance labels. However, unlike the CLEF TAR Col-
lection, where abstract-level relevance and full-text level relevance
are all included, the Seed Collection only contains full-text level
relevance judgements directly extracted from published reviews.
One major difference between the Seed Collection and the CLEF
TAR Collection is that the dataset also includes more details of the
review. For example, it includes a temporary working title for each
review, named ‘search name’ in the collection, and a set of seed
studies used for Boolean query creation [62].

Unlike previous studies that used only the training portions
specified in each dataset, we re-split our training data to include
distinct topics from all other datasets (CLEF TAR Collection and
Seed Collection) that are not included in the test portion of the
respective dataset. We chose this strategy due to the uneven al-
location of training data across the datasets we use. For instance,
the Seed Collection dataset contains no training topics, whereas
CLEF-2017 comprises 20 training topics, and CLEF-2019-DTA holds
80 topics. By incorporating training data from a range of sources,
we aim to establish a more balanced and comprehensive training
environment for our fine-tuned models.

4.2 Baseline Methods
In our experiment, we employ BM25 and the Query Likelihood
Model (QLM) as baseline ranking models [42, 44]. For query prepro-
cessing, we begin by removing all field types in the query, leaving us
with only the query terms. We then apply the matching algorithm
to the candidate document, calculating a relevance score between
the query and the document.

Similar to previous studies comparing neural rankers with tradi-
tional term-matching rankers, we utilise specific tools to implement
our baseline models. For BM25, we employ the Gensim toolkit, an
open-source library that offers robust implementations for a variety
of information retrieval tasks [43]. For the QLM, we apply Jelinek-
Mercer (JM) smoothing, a popular technique for query likelihood
estimation [42].

In addition to the traditional ranking models, we also benchmark
our models against the best-performing methods from participant
runs in each CLEF-TAR dataset. It is important to note that certain
participant runs have utilised relevance signals from relevance as-
sessments to actively re-rank the remaining documents.We have ex-
cluded these runs from our baseline comparison, as they do not align
with the scope of our screening prioritisation task, making the com-
parison unfair. The following participant runs have been selected
as baselines for our study: CLEF-2017: sheffield.run4 [2]; CLEF-
2018: shef-general [1]; CLEF-2019-dta: Sheffield/DTA/DTA_sheffield-
Odds_Ratio [3]; CLEF-2019-intervention: Sheffield/DTA/DTA_shef-
fieldLog_Likelihood [3].

Lastly, for the CLEF-2017 and 2018 datasets, we compare our
method with the CLF approach proposed by Scells et al. [50]. The
CLF approach stands out as the only existing methodology that has
explored the application of Boolean queries for systematic review
screening prioritisation.

4.3 Model Fine-tuning
In our experiments, we focus on fine-tuning two models: the Alpaca
model for query generation and BioBERT for document ranking.

4.3.1 Fine-tuning the Alpaca Model. To fine-tune the Alpaca model,
our first step involves using Single-Generation to convert the Boo-
lean query into a natural language query for the training portion
of each dataset. We use ChatGPT for this conversion task, and
consider its output as the gold standard for the Alpaca model to
learn from. Following this, we use the prompts shown in the sec-
ond column of Figure 1 to further fine-tune the Alpaca model to
generate a natural language query using the Boolean query of a
topic. As Boolean queries for systematic reviews are complex and
require many tokens, we opted to simplify the prompt used for
Boolean query conversion in ChatGPT. To ensure minimal loss of
information from the Boolean query, we increased the input token
limit of the Alpaca model from 512 to 768.5 Our fine-tuning process
for each Alpaca model continues over three epochs, with batch size
and gradient accumulation steps of one each, using three Nvidia
80GB A100 GPUs. For the remaining parameters, we adhered to
those used in the original Alpaca work [57]. During inference, we
use the same prompt as fine-tuned to convert the Boolean query to
a natural language query in each test dataset.

4.3.2 Fine-tuning the neural ranker. In our experiments, we chose
BioBERT as our pre-trained language model to fine-tune for rank-
ing [34]. Previous research has demonstrated that BioBERT shows
higher effectiveness in the task of title-driven screening prioriti-
sation [65]. Same as the previous work, we utilise the Reranker
toolkit [15] to fine-tune our model across 100 epochs. The key
5768 is the maximum token limit for three 80GB Nvidia A100 GPUs (batch size=1).
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distinction in fine-tuning and inference pipeline lies in the maxi-
mum query length set for all models that utilise Boolean or natural
language queries. Instead of the query limit of 64 that was set in
previous work for the review title, we extend this to 256 to accom-
modate the naturally longer input derived from Boolean queries.
This adjustment ensures that our models are capable of processing
and learning from the full complexity of these queries, potentially
enhancing their performance and the accuracy of their outputs.

4.4 Evaluation
For the CLEF-TAR Collection, we rely on abstract-level relevance
to ensure a fair comparison with the submitted runs. However, for
the Seed Collection where no abstract-level labels were provided,
we utilise full-text level relevance signals.

To demonstrate the effectiveness of document ranking on screen-
ing prioritisation, we compute various evaluation metrics as es-
tablished in at CLEF TAR. These metrics include Average Preci-
sion (AP), the rank of the last relevant document (Last_rel), Recall at
several percentage cutoffs (1%, 5%, 10%, and 20%), and Work Saved
over Sampling (WSS) at 95% and 100%. In accordance with the CLEF
TAR tasks, we have used the same metrics for evaluating our work
and used the tar-2018 evaluation script to evaluate our results [26].

5 MAIN RESULTS
In this section, we outline and interpret the results from our exper-
iments. Specifically, we delve into the results derived from Single-
Generation in Section 5.1, while Section 5.2 is devoted to examining
Multi-Generations. Lastly, we perform an ablation study in Sec-
tion 5.3 to further investigate the effectiveness of our method under
various experimental configurations.

5.1 Effectiveness of Single-Generation
To understand the effectiveness of Single-Generation, Table 2 com-
pares the ranking effectiveness of the generated query to the origi-
nal Boolean query, our baseline methods, and title-driven methods
(where the working title is used to rank candidate documents). We
also evaluate the differences in effectiveness of screening prioriti-
sation between queries generated by various generation models.

5.1.1 Boolean vs. Generated Query. First, we explore the overall
effectiveness of neural-ranker-based screening prioritisation using
the original Boolean queries versus generated natural language
queries. The results suggest that transforming a Boolean query
into a natural language query enhances the effectiveness of sys-
tematic review screening prioritisation. The only exception to this
improvement is seen in CLEF-2019-DTA,6 when using MAP. When
evaluating using the recall and WSS measures, generating a nat-
ural language query for screening prioritisation achieves higher
effectiveness on ranking non-relevant documents at the bottom of
the ranking, as denoted by a higher value of Recall@5%, 10%, 20%,
and WSS95, 100; but generally lower effectiveness of Recall@1%.

We also find that fusing the ranking results of the generated
query with those from the Boolean query further improves effec-
tiveness. Fusion leads to a significantly better ranking than when
6Note that the CLEF-2019-DTA dataset is notably smaller, containing only eight topics
(30 topics for other datasets on average), which may make it vulnerable to outliers.

using the Boolean query alone, particularly for CLEF-2017, 2018,
and 2019-Intervention. This finding points to the potential benefits
of using a fusion of converted natural language and Boolean queries
to improve the ranking of systematic review screening.

5.1.2 Neural vs. Baselines. When comparing neural-based rankers
with lexical methods, we observe that the results from neural-based
rankers significantly outperform those from BM25 or QLM when
the Boolean query alone is used to rank candidate documents. There
are only two exceptions: one in CLEF-2018 when comparing the
rank of the last relevant document (Last_rel), and the other in CLEF-
2019-DTA when comparing Recall@1%. Even in these instances,
although higher effectiveness was achieved, it did not reach statis-
tical significance. These results highlight the substantial potential
of neural rankers for boolean-driven screening prioritisation.

When we compare our approach to the CLF method, which also
only uses Boolean queries for screening prioritisation, we find that
our methods exhibit statistically higher effectiveness (except for
WSS95 at CLEF-2017 and WSS100 at CLEF-2018). However, the
margin is narrower than for methods like BM25 or QLM. Similarly,
our methods consistently achieved higher effectiveness over the
best participation runs from CLEF. However, similar to the previous
comparison, the margin is narrower than when compared to BM25
or QLM, and the difference is not statistically significant in terms
of MAP, except for the topics in the CLEF-2018 dataset. While our
approach only used the Boolean query for screening prioritisation,
the top CLEF entries typically utilised additional input sources,
such as the final title of the review, which again shows that the
neural method could be beneficial to screening prioritisation.

5.1.3 Comparison with using the Working Title. We are able to
compare Boolean-driven screening prioritisation with working-
title-driven screening prioritisation exclusively through the Seed
Collection, as it is the only collection that provides systematic
review working titles. To make this comparison, we trained an
additional BioBERT ranker that uses the title from the CLEF dataset
to prioritise relevant documents, with the same fine-tuning param-
eters as previous work [65]. Our findings suggest that although
past studies have demonstrated substantial improvements in screen-
ing effectiveness when using the final review title as a query, this
improvement does not extend to working titles. Remarkably, us-
ing working titles results in significantly lower effectiveness than
Boolean-driven screening prioritisation methods and even under-
performs when compared to basic term-matching methods.

5.1.4 ChatGPT vs. Alpaca. Comparing the effectiveness of natural
language queries generated by ChatGPT and Alpaca, our results
indicate that ChatGPT often outperforms Alpaca in terms of MAP,
with the sole exception being the Seed Collection. A significant
discrepancy is also noted in CLEF-2019-Intervention, where the
natural language query generated by the Alpacamodel considerably
underperforms compared to both the original Boolean query and
the query generated by ChatGPT. This effectiveness drop could be
attributed to the difference in systematic review types in the dataset
to other datasets (intervention versus DTA). Therefore, the Alpaca
model, which has learned to generate queries based on DTA, may
not be as effective for intervention topics.
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Table 2: Evaluation results for comparing methods for Boolean-driven screening prioritisation by generating natural language
queries. We use natural language queries generated by ChatGPT and Alpaca, and the fusions of Boolean/ChatGPT and
Boolean/Alpaca. Statistical significant differences (Student’s two-tailed paired t-test with Bonferroni correction, 𝑝 < 0.05)
between using the Boolean query with the BioBERT ranker, and other approaches are indicated by ∗.

Dataset Query Ranker MAP Last_Rel Recall@𝑥 WSS95 WSS100

𝑥 = 1% 𝑥 = 5% 𝑥 = 10% 𝑥 = 20%

CLEF-2017

Boolean BM25 0.114* 3242.733* 0.083* 0.215* 0.324* 0.491* 0.252* 0.188*
Boolean QLM 0.122* 3223.400* 0.073* 0.209* 0.325* 0.476* 0.243* 0.195*
Boolean CLF 0.217 3028.033* 0.149 0.341* 0.473* 0.671* 0.442* 0.327*
Best Participation Run 0.218 2382.467* 0.131 0.332* 0.499* 0.688* 0.488* 0.395*

Boolean BioBERT 0.278 1790.867 0.166 0.488 0.656 0.812 0.600 0.536
ChatGPT BioBERT 0.293 1991.167 0.150 0.476 0.643 0.801 0.590 0.501
Boolean/ChatGPT BioBERT 0.300* 1843.133 0.170 0.499 0.664 0.823 0.610 0.532
Alpaca BioBERT 0.284 1866.000 0.165 0.435 0.607 0.789 0.591 0.502
Boolean/Alpaca BioBERT 0.295 1759.233 0.171 0.483 0.663 0.827* 0.615 0.539

CLEF-2018

Boolean BM25 0.154* 6033.067* 0.082* 0.242* 0.391* 0.563* 0.361* 0.264*
Boolean QLM 0.157* 6097.133* 0.080* 0.252* 0.380* 0.557* 0.384* 0.251*
Boolean CLF 0.272* 5743.267* 0.152 0.393* 0.546* 0.729* 0.552* 0.411*
Best Participation Run 0.258* 5519.200 0.129* 0.383* 0.545* 0.729* 0.552* 0.431

Boolean BioBERT 0.353 4830.933 0.202 0.517 0.681 0.845 0.656 0.503
ChatGPT BioBERT 0.381 4508.933 0.247* 0.555* 0.713* 0.865 0.692* 0.528
Boolean/ChatGPT BioBERT 0.386* 4603.767* 0.247* 0.551* 0.705* 0.859* 0.685* 0.537*
Alpaca BioBERT 0.333 4957.233 0.191 0.493 0.662 0.827 0.640 0.485
Boolean/Alpaca BioBERT 0.365 4628.233 0.220 0.525 0.688 0.849 0.668 0.523

CLEF-2019-DTA

Boolean BM25 0.125* 2766.875* 0.068 0.163* 0.303* 0.463* 0.299* 0.163*
Boolean QLM 0.121* 2614.750* 0.042 0.185* 0.278* 0.432* 0.271* 0.180*
Best Participation Run 0.248 2183.500 0.168 0.439 0.594 0.742 0.490* 0.347*

Boolean BioBERT 0.272 1146.000 0.174 0.419 0.565 0.751 0.651 0.528
ChatGPT BioBERT 0.247 1173.250 0.183 0.454 0.594 0.757 0.660 0.528
Boolean/ChatGPT BioBERT 0.268 1134.375 0.183 0.446 0.584 0.755 0.665 0.545
Alpaca BioBERT 0.241 1217.875 0.170 0.483 0.622 0.784 0.666 0.520
Boolean/Alpaca BioBERT 0.251 1146.125 0.173 0.458 0.592 0.783 0.659 0.537

CLEF-2019-
Intervention

Boolean BM25 0.154* 1479.450* 0.070* 0.181* 0.264* 0.417* 0.289* 0.264*
Boolean QLM 0.148* 1473.850* 0.041* 0.201* 0.287* 0.450* 0.295* 0.252*
Best Participation Run 0.293 1132.000 0.165 0.419 0.542 0.722 0.458 0.381*

Boolean BioBERT 0.389 1064.300 0.195 0.458 0.619 0.733 0.557 0.499
ChatGPT BioBERT 0.433* 993.300 0.217 0.487 0.654 0.788* 0.573 0.503
Boolean/ChatGPT BioBERT 0.446* 975.750 0.233 0.508* 0.651* 0.789* 0.578 0.529
Alpaca BioBERT 0.317 1087.300 0.120 0.337* 0.510* 0.656 0.491 0.448
Boolean/Alpaca BioBERT 0.377 1024.700 0.169 0.460 0.616 0.730 0.551 0.504

Seed Collection

Boolean BM25 0.087* 990.100* 0.034* 0.140* 0.249* 0.412* 0.252* 0.253*
Boolean QLM 0.085* 986.475* 0.018* 0.141* 0.212* 0.397* 0.254* 0.260*
Working Title BioBERT 0.059* 976.275* 0.008* 0.070* 0.134* 0.273* 0.266* 0.271*

Boolean BioBERT 0.199 785.900 0.085 0.248 0.412 0.600 0.481 0.467
ChatGPT BioBERT 0.217 727.150 0.082 0.330* 0.482* 0.670* 0.530* 0.505
Boolean/ChatGPT BioBERT 0.219 744.775* 0.078 0.279 0.468* 0.677* 0.525* 0.506*
Alpaca BioBERT 0.221 780.600 0.083 0.314* 0.473 0.655 0.529* 0.500
Boolean/Alpaca BioBERT 0.230* 765.925 0.098 0.268 0.466* 0.661* 0.531* 0.505*

Similar to the ChatGPT-generated queries, those from Alpaca
also achieve higher effectiveness when fused with the results from
the Boolean query. This approach leads to higher effectiveness
across all datasets compared to using only the Boolean query. No-
tably, in the Seed Collection, the fusion of derived and Boolean
queries achieves significantly higher effectiveness compared to the

Boolean query alone. This provides further evidence that the Alpaca
model can be trained to generate high-quality natural language
queries from Boolean queries, equalling the effectiveness of Chat-
GPT. While Alpaca provides a degree of transparency in its process,
unlike ChatGPT, making this comparison even more compelling.
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Figure 2: Topic-by-topic variability graph for the effectiveness of the Multi-Generations setup, using a single generated natural
language query to rank documents. The coloured horizontal lines indicate the average effectiveness of different methods
(Boolean, Single-Generation, Multi-Generation Fusion, and Multi-Generation Oracle).

5.2 Variability and Impact of Multi-Generations
Figure 2 shows the results of multiple generations from both the
ChatGPT and Alpaca models. Here, both the average effectiveness
and the per-topic effectiveness are measured by the MAP metrics.
Our findings reveal high variation in effectiveness when using
converted queries from both models, with intervention queries
appearing as the most unstable topics. We note that extreme vari-
ability in effectiveness has also been observed in previous work for
both user-edited and system-generated queries, across a range of
search domains [33, 36, 41, 49, 51–53, 63, 73].

In evaluating the variability of effectiveness across different
generation models, we observe a difference in terms of different
topic types. In the case of DTA topics, the Alpaca model shows
a higher degree of variability compared to the ChatGPT model.
This is evidenced by a higher variance observed in the CLEF-2017,
CLEF-2018, and CLEF-2019-DTA datasets, where the variance of
the Alpaca model is 14.3%, 7.7%, and 166% greater than that of the
ChatGPT model, respectively. On the other hand, for intervention
topics, or topics in the Seed Collection that are not classified, the
Alpaca model demonstrates more stability. Specifically, its variance
is 39.1%, and 28.6% lower than that of ChatGPT.

Upon examining the average effectiveness, the fusion of multiple
generations generally outperforms Single-Generation. Exceptions
occur in the CLEF-2017 and CLEF-2019-DTA datasets with ChatGPT
queries, and in the CLEF-2019-Intervention dataset with Alpaca
queries. Moreover, the fusion of Multi-Generations from the Alpaca
model consistently performs better than Boolean queries.

Without a doubt, Multi-Generation Oracle queries consistently
achieve the highest effectiveness, marking a considerable margin
over the other ranking methods. This tells that with a proper tech-
nique or investigation to know how to select the best query over
Multi-Generations, it could potentially lead to significant improve-
ments in the effectiveness of screening prioritisation tasks.

5.3 Ablation Studies
To gain deeper insights into why generating a natural language
query could yield higher effectiveness, and to understand the role of
fusion, and the training process in the effectiveness of screening pri-
oritisation, we conduct a series of ablation studies that investigates
these factors.

5.3.1 Generate query vs generate title. In our first ablation experi-
ment, our underlying intuition for generating a natural language
query instead of a systematic review title from the Boolean query is
that we believe a title may only cover a narrow aspect of the Boolean
query. Therefore, if vital information from the title is missed, it could
result in lower effectiveness. To test this assumption, we compare
generating a systematic review title and a natural language query
from a Boolean query for the task of screening prioritisation.

To accomplish this, we first train a cross-encoder BioBERTmodel
using the training portions of each dataset to rank documents using
the final review title. For generating the review title, we employ
ChatGPT in a zero-shot fashion, as fine-tuning the model is not yet
available. For Alpaca, we fine-tune the model using the review titles
in the training portion of our dataset using the same parameters as
described in Section 3.1, and then test on the testing portion.

Our results, presented in Table 3, clearly demonstrate that gener-
ating titles almost always yields lower effectiveness than generating
natural language queries, regardless of whether the generation is
done using ChatGPT or Alpaca (with the only exceptions being
WSS95 on CLEF-2017 and WSS100 on CLEF-2018 when comparing
the Alpaca model). Nevertheless, generating titles using ChatGPT
appears to be significantly lower than when generated through the
Alpaca model, with most results showing statistical significance.
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Table 3: Results comparing the effectiveness of generating a
title (GT) versus generating a natural language query (GQ)
from the Boolean query of a systematic review for screen-
ing prioritisation. Statistical significant differences (𝑝 < 0.05)
between the effectiveness of a generated title versus a gener-
ated natural language query are indicated by ∗.

Dataset Model Query AP WSS95 WSS100

CLEF-2017

ChatGPT GQ 0.293 0.590 0.501
ChatGPT GT 0.140* 0.486* 0.396*

Alpaca GQ 0.284 0.591 0.502
Alpaca GT 0.270 0.595 0.502

CLEF-2018

ChatGPT GQ 0.381 0.692 0.528
ChatGPT GT 0.277* 0.626* 0.491

Alpaca GQ 0.333 0.640 0.485
Alpaca GT 0.307 0.637 0.501

CLEF-2019-DTA

ChatGPT GQ 0.247 0.660 0.528
ChatGPT GT 0.175 0.565* 0.504

Alpaca GQ 0.241 0.665 0.521
Alpaca GT 0.164 0.544* 0.458

CLEF-2019-
Intervention

ChatGPT GQ 0.433 0.573 0.503
ChatGPT GT 0.164* 0.443* 0.404

Alpaca GQ 0.317 0.491 0.448
Alpaca GT 0.232 0.458 0.408

Seed Collection

ChatGPT GQ 0.217 0.530 0.505
ChatGPT GT 0.127* 0.494 0.490

Alpaca GQ 0.221 0.529 0.500
Alpaca GT 0.164 0.432* 0.439

5.3.2 Impact of Fusion. We further explore how the fusion of re-
sults from both Boolean and generated queries impacts the effec-
tiveness of screening prioritisation. In Figure 3, we compare the
effectiveness of using Boolean queries and generated queries sepa-
rately versus using their fused results for screening prioritisation.

The results indicate that the fusion, on average, consistently out-
performs using the generated query alone, but it is not always more
effective than using the Boolean queries alone. The effectiveness of
Boolean queries should not be overlooked. When comparing results
across the two generation models, we observe that the effectiveness
gains over Boolean queries obtained tend to be more stable when
ChatGPT is used. Using ChatGPT in query generation may thus
contribute to more consistent improvements when the results are
combined with those from Boolean queries.

5.3.3 Train Ranker using Single-Generation or Multi-Generations.
In our experiments, we train our natural language query-based
ranker using Single-Generation results from generation models
for reproducibility purposes, as Multi-Generations setup do not
yield deterministic results each time, even when given the same
prompt. However, we are interested in understanding how using
Single-Generation versus Multi-Generations impacts the final out-
come of the trained ranking model. To explore this, we formulated
four distinct training and inference strategies for our downstream
ranking model, which we refer to as Single-Train, Multi-Train,
Single-Inference, and Multi-Inference.
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Figure 3: Differences inMAP from Boolean, Generated Query
(GQ) to their fused effectiveness.
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Figure 4: Effectiveness when different training and inference
settings are used for ranking candidate documents using the
generated natural language query from ChatGPT.

For Single-Train, we train our model using the Single-Generation
result from each Boolean query. For Multi-Train, we incorporate
all generations from the generation model for each Boolean query
in our training data. For Single-Inference, we test our model using
a Single-Generation result from each Boolean query. Lastly, for
Multi-Inference, we test our model using all generated queries from
each Boolean query, and fuse them together.

With the same training parameters applied, we present the re-
sulting effectiveness of screening prioritisation from ChatGPT us-
ing a bar chart in Figure 4. From the results, it is apparent that
training the neural ranker using multiple creative queries does
not typically yield higher effectiveness compared to training on
a single deterministic query. The sole exception to this observa-
tion is the CLEF-2019-DTA dataset. However, when it comes to
Multi-Inference, models generally exhibit improved effectiveness.
This implies that the diversity introduced in the inference stage can
positively impact the effectiveness of the ranking model, allowing it
to generalise better and handle different query formulations. On the
other hand, training using a diverse number of generated queries
for the same topic may not significantly improve the effectiveness
of the ranking model. This is likely due to the model being trained
to generalise over multiple query formulations, which could lead
to an averaging effect on the learned query-document relevance
patterns.
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6 SUMMARY OF FINDINGS
Finally, we answer our research questions based on our results:

RQ1: Comparison of original Boolean queries and generated nat-
ural language queries. We find that generating natural language
queries generally results in higher effectiveness than using Boolean
queries. This is valid both when the Boolean query is used in the
context of the SOTA neural rankers for screening prioritisation, and
when used within the previously proposed CLF technique [50], the
only published technique for screening prioritisation that explicitly
uses the Boolean query for ranking.

We also find that large gains can be obtained when the rankings
obtained when using the original Boolean query and the generated
natural language query are fused together. This result was obtained
when using a simple rank fusion method, CombSUM: further im-
provements might be possible if using more sophisticated fusion
methods [67, 72]. This result suggests that these queries have com-
plementary characteristics that can benefit screening prioritisation.

RQ2: Impact of generation models. When the effectiveness of two
generation models, ChatGPT and Alpaca, are compared, we observe
that ChatGPT consistently generates natural language queries that
are more effective in screening prioritisation. The gap in effective-
ness is more pronounced for the CLEF-2019-Intervention dataset.
This may be attributed to the training of Alpaca models on pri-
mary DTA topics, with intervention topics only contained in the
test portion. This could have affected Alpaca’s ability to perform
effectively on the intervention topics. Conversely, ChatGPT, used
in a zero-shot fashion, is not specifically tailored towards any topic;
thus, its effectiveness is not significantly influenced by different
types of systematic reviews.

RQ3: Impact of ranking methods. We find that neural methods
consistently outperform traditional term-matching methods; they
also outperform runs submitted by the research teams that partici-
pated in the CLEF TAR shared tasks associated with the datasets
we use. This finding highlights the robustness and effectiveness of
neural ranking methodologies for the screening prioritisation task.

RQ4: Effect of Multi-Generations. We identify considerable vari-
ance in the effectiveness of multiple natural language queries gen-
erated from both ChatGPT and Alpaca when applied to screening
prioritisation. Notably, the Alpaca model tends to generate more
unstable queries. However, when the results derived from these di-
versified queries are integrated, they often outperform the strategy
of generating and using just one deterministic query for ranking
documents. This occurs in 52.3% of cases when using ChatGPT and
in 61.7% of cases when using Alpaca. If we also consider instances
where the effectiveness is tied, these percentages increase to 55.5%
for ChatGPT and 70.3% for Alpaca.

This finding suggests that the creativity of generative LLMs can
enhance the natural language query generation task. Importantly,
our findings also indicate that if a method could be implemented
to effectively select the highest-performing generated query, the
effectiveness of the downstream screening prioritisation task can
be significantly improved (Oracle results). This potential for query
selection may open new avenues for improving systematic review
processes, pointing to the value of research into query performance

predictors for systematic reviews; research on query performance
predictors has been substantial in general information retrieval [5],
but very scarce in the context of systematic reviews, where common
predictors have been shown to be mostly ineffective [47].

RQ5: Derived natural language queries vs. working titles. We find
that using a systematic review’s working title as an input query
for screening prioritisation generally results in lower effectiveness
when compared to the use of our methods that uses the Boolean
query for the same review to derive a natural language query to
rank the candidate documents. This is different from when the
final titles of the review are used: a practice that is common when
experimenting with automation methods for systematic review,
but only possible in retrospective evaluation, and not in practise.
This discrepancy between working title effectiveness and final title
effectiveness may be due to the evolving nature of the review title
throughout the research process for the systematic review.

7 CONCLUSION
Our approach to screening prioritisation advances the state of
the art by combining the power of large language models, neu-
ral rankers, and relying only on information available at the time
of screening during the production of a systematic review. Previous
work relied instead on the final review title as the query for ranking
candidate documents for screening, which is only available at the
end of producing a systematic review. This led to overestimated
effectiveness scores, as our experiments show. Using instruction-
based LLMs to generate queries from the Boolean queries available
at the time of screening is competitive with the state of the art using
the final title. We also show that improvements in effectiveness can
be achieved when rankings based on Boolean queries and generated
natural language queries are combined with rank fusion.

Our results also show that while Alpaca, an open-source gen-
eration model, can match ChatGPT’s effectiveness in some cases,
ChatGPT generally produces better natural language queries, lead-
ing to more effective screening prioritisation. We also found that
multiple generations of natural language queries, while leading to
high variance in effectiveness, have the potential to yield a signif-
icant increase in effectiveness when effective query performance
predictors are available to identify the best query variants, which
leaves room for future work.

In summary, this paper has demonstrated the value of instruction-
based models in generating and improving queries for screening
prioritisation with neural rankers. Our future work involves inves-
tigating the potential of combining the query generation capability
of instruction-based models with the highly effective ranking ca-
pability of neural rankers. In short, we believe that end-to-end
training of instruction and ranking models can lead to even higher
effectiveness in ranking documents.
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