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Abstract
Background: The typical approach to literature identification involves two discrete and successive steps: (i) formulating a search strategy
(i.e., a set of Boolean queries) and (ii) manually identifying the relevant citations in the corpus returned by the query. We have developed a
literature identification system (Pythia) that combines the query formulation and citation screening steps and uses modern approaches for
text encoding (dense text embeddings) to represent the text of the citations in a form that can be used by information retrieval and machine
learning algorithms.
Methods: Pythia incorporates a set of natural-language questions with machine-learning algorithms to rank all PubMed citations based on
relevance. Pythia returns the 100 top-ranked citations for all questions combined. These 100 articles are exported, and a human screener
adjudicates the relevance of each abstract and tags words that indicate relevance. The “curated” articles are then exploited by Pythia to
refine the search and re-rank the abstracts, and a new set of 100 abstracts is exported and screened/tagged, until convergence (i.e., no other
relevant abstracts are retrieved) or for a set number of iterations (batches). Pythia performance was assessed using seven systematic
reviews (three prospectively and four retrospectively). Sensitivity, precision, and the number needed to read were calculated for each review.
Results: The ability of Pythia to identify the relevant articles (sensitivity) varied across reviews from a low of 0.09 for a sleep apnea review to
a high of 0.58 for a diverticulitis review. The number of abstracts that a reviewer had to read to find one relevant abstract (NNR) was lower
than in the manually screened project in four reviews, higher in two, and had mixed results in one. The reviews that had greater overall
sensitivity retrieved more relevant citations in early batches, but neither study design, study size, nor specific key question significantly
affected retrieval across all reviews.
Conclusions: Future research should explore ways to encode domain knowledge in query formulation, possibly by incorporating a "reasoning"
aspect to Pythia to elicit more contextual information and leveraging ontologies and knowledge bases to better enrich the questions used in
the search.

Background
Evidence derived from systematic reviews and meta-analyses continues to accumulate exponentially. This is due to the continued increase in
the rate at which new information is generated (1–3). For example, Williamson and colleagues reported that in 2000, 490,000 new records
were added to PubMed, and that number has increased nearly every year since, so that, by 2017, 1,110,000 new records were being added
annually (4). Thus, there is imperative to develop novel and efficient methods and processes of literature identification for evidence synthesis
purposes.
The typical approach to literature identification involves two discrete and successive steps: (i) formulating a search strategy (normally a
combination of a set of Boolean queries) and (ii) human/manual screening of the relevant citations in the corpus returned by the search,
preferably by at least two independent reviewers (5). Even though this helps the literature identification process be transparent and replicable,
it does not ensure that it is comprehensive. A 2017 study of 58 systematic review searches in multiple databases estimated that less than a
quarter of reviews (23%) identify all relevant articles, and only 40% of reviews identify 95% of the relevant citations (6). Additionally, this
process leads to a substantial time and cost burden for the review team, which must exclude many irrelevant studies to identify relevant
ones.
Increasingly, systematic reviewers are looking to technology to improve this two-step process. A series of tools have been developed that
leverage text mining (i.e., measuring the frequency of term/phrase occurrences in a corpus of texts), and machine learning to identify relevant
search terms, to structure search strategies, or to classify retrieved abstracts as relevant or not (7–9). In this paper, we describe the
development and evaluation of a system (Pythia) that (i) unifies the search query formulation and citation screening steps and (ii) uses
modern deep learning and information retrieval methods to increase the efficiency and effectiveness of literature identification for systematic
reviews.

Methods
Pythia takes a set of natural-language questions—derived by splitting the review’s key questions (i.e., research questions) into their
component phrases—and uses modern approaches for semantic text encoding to represent the text of the citations in a form that can be
used by deep neural networks.
Pythia returns the top-ranked citations for each question amounting to a total of 100 citations (e.g., if there are two questions, it selects the
top 50 for each question; if there are 10 questions, it selects only the top 10 for each question). A citation can appear in the results for more
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than one question. A human then screens the 100 citations, annotating specific terms that indicate relevance in the relevant abstracts by the
specific aspect of the eligibility criteria (see Fig. 1 for an example of an annotated abstract). Based on these screening decisions and the
annotations of relevant terms, Pythia refines its search and returns the next top 100 unscreened citations, to be screened/tagged, until
convergence is achieved (i.e., no other relevant abstracts are retrieved) or for a set number of iterations (batches). For this project, we limited
each project to 10 batches.
Creating the Dataset
The literature collection searched by Pythia was constructed using the metadata of all PubMed records
(ftp://ftp.ncbi.nlm.nih.gov/pubmed/baseline/). For each article, we concatenated the title and abstract of each citation and indexed the
resulting concatenated text, along with the publication year of the paper. We discarded any citation without an abstract, leaving a subset of
approximately 21 million articles (of the original 31 million articles in PubMed).
Selecting the Citations for Screening
Pythia uses the natural-language questions provided by the review team to produce a list of 100 potentially relevant citations. This set is
screened by a human, who annotates each citation as relevant or irrelevant and tags words or phrases as indicative of relevance based on
the eligibility criteria, using the Population, Intervention, Comparator, Outcome (PICO) framework. Pythia then extracts a set of positive key
phrases from the articles annotated as included and a set of negative key phrases from the articles annotated as rejected. Each key phrase is
executed as a search, and Pythia retrieves 200 articles, using the BM25 retrieval algorithm (10). Any abstracts that had been previously
retrieved are excluded, and the retrieved articles are ranked using a deep-learning model designed to retrieve both citations and snippets (11).
Pythia is designed to penalize the score of each article containing a negative key-phrase and increase the score of any article containing a
positive key-phrase, thus taking into account the feedback provided by users. Finally, Pythia returns the top 100 citations for human screener
evaluation.
Experimental Setup
The first 100 articles are exported and screened manually, with the human screener adjudicating the relevance of each abstract and tagging
keywords that indicate relevance by the specific aspect of the eligibility criteria in those abstracts that are deemed potentially relevant. These
“curated” articles are used by Pythia to refine the search and re-rank the full corpus of abstracts. Pythia then exports a new set of 100 topranked abstracts to be screened and tagged. For this project, we chose to limit each review to 10 cycles of article export and manual
screening, representing 1000 citations screened per review. Because the same citation might be identified (and screened) for more than one
key question, the total number of unique citations ranged from 800 to 1,000 across projects.
Evaluation
To evaluate the Pythia, we selected a convenience sample of seven systematic reviews on a variety of clinical topics undertaken by the
Brown Evidence-based Practice Center in the last five years (12–18). At the time the project began, three reviews were completed and four
were ongoing. By the time of final analysis, all reviews were completed, though one was still undergoing peer review (15). All reviews followed
the methods set out in the EPC Methods Guide (19). The search strategies for all seven reviews were conducted by a trained medical librarian
and peer reviewed, using the 2015 PRESS assessment form (20). After a series of pilot round to ensure consistency, the review team doublescreened all retrieved citations for relevance.
In three of these reviews, Pythia was used prospectively, with a human annotator screening 10 batches of 100 citations each. Pythia reranked
all articles in the database after each batch was screened and provided another set of 100 for screening.
In the other four reviews, Pythia was evaluated retrospectively, with automatic annotation based on labels given to the abstracts screened in
the original review's manual screening. This created a list of known positive and negative articles. To estimate the importance of the humangenerated PICO tags in the prospective annotation, the machine automatically extracted "key phrases" from relevant and irrelevant articles to
use in the analysis. We examined three settings, namely “no key phrases”, “positive key phrases only”, and “positive and negative key
phrases”.
In the “no key phrases” setting, Pythia did not use the key phrases of the citations in ranking articles.
In the “positive key phrases only” setting, Pythia used only the positive key phrases to increase the score of all articles that share a key
phrase with a known positive article (key phrases extracted from known relevant citations).
In the “positive and negative key phrases” setting, Pythia penalized any citation that shared a key phrase with a known negative article
(key phrases extracted from known irrelevant citations) and increased the score of any citation that shares a key phrase with a known
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positive article.
With this design, we may have missed relevant articles that were not included in the provided list (i.e., reviewers of the original review never
saw that article). Therefore, we expect that the retrospective scores would improve with human inspection. The studies screened as relevant
were compared to the studies with PubMed identifiers (PMIDs) included in the final report. Any studies screened in through the prospective
process, but not included in the original report searches, were assessed for eligibility by the original report's primary investigator. None was
found to be eligible.
Performance Measures
For each systematic review, the final included citations that had a PubMed Identifier (PMID), indicating that they could be found in PubMed,
were considered to be the reference standard (T). This set was divided by whether they were identified by Pythia (TP) or not (FN). The
citations identified by Pythia (P) were divided into subgroups by whether they were included in the final report (TP) or not (FP). We omitted
the number of citations correctly rejected (TN) because this number is extremely large (the source set included approximately 21 million
citations) and is not of particular interest.
We were interested in two dimensions of classification performance: workload and sensitivity (i.e., recall). Sensitivity was defined as the
ability to identify the truly relevant citations using Pythia (TP/T). To measure the workload, we defined precision as the proportion of
citations screened that were relevant (TP/P). To make this number more intuitive, we use NNR, defined as the number of irrelevant citations
that the reviewer had to screen for each relevant citation found (1/Precision). Our aim was to maximize sensitivity while minimizing
workload.
For comparison, we report precision and NNR for the manual screening process as defined by the number of relevant articles included in the
final report as a proportion of the total number of articles retrieved in the PubMed searches for each review. This does not include doublescreening, so each abstract was only counted once. The sensitivity for the manual screening process by definition is 100%. Where P values
are reported, they were calculated using the Fisher exact test.

Results
Details of the seven recently completed systematic reviews are presented in Table 1. All reviews were produced for the Agency for Healthcare
Research and Quality (AHRQ) Evidence-based Practice Program and followed the AHRQ Methods Guide (19); all were published between the
years 2017 and 2021. The review topics included a range of healthcare domains. Initial search sizes ranged from 1,738 citations (642 in
PubMed) to 15,813 citations (9,741 in PubMed).
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Table 1
Included Datasets
Prospective/
Retrospective

Prospective

Prospective

Prospective

Retrospective

Retrospective

Systematic Review
Topic and Title

Brief Description

Domain

Citations
screened
in full
review, N
(N from
PubMed)

Screened
in at title/
abstract/
keyword
level (%
of total
screened)

Screened
in based
on full
text (% of
total
screened);
N (%)
from
PubMed

No.
KQs

No.
NLQs

Diverticulitis:
Management of
Colonic
Diverticulitis (13)

Benefits and harms
of nonsurgical
interventions for
acute diverticulitis,
imaging tests to
diagnose acute
diverticulitis,
colorectal cancer
screening, surgical
and nonsurgical
interventions to
prevent recurrence

Gastroenterology

15,199
(7,981)

722
(4.75)

88 (0.6);

4

14

Sleep Apnea :
Continuous
Positive Airway
Pressure Treatment
for Obstructive
Sleep Apnea (15)

Long-term health
outcomes with
CPAP treatment and
assesses the validity
of surrogate
measures (e.g., AHI)
for clinical
outcomes.

Sleep Medicine

15,333
(10,891)

1,593
(10.4)

71 (0.5);

2

7

Headaches in
Pregnancy :
Management of
Primary Headaches
in Pregnancy (17)

Pharmacologic and
nonpharmacologic
interventions to
prevent or treat
attacks of primary
headaches in
women who are
pregnant,
attempting to
become pregnant,
postpartum, or
breastfeeding.

Obstetrics

8,154
(6,587)

400 (4.9)

72 (0.8);

2

6

Nonmelanoma
Skin Cancer :
Treatments for
Basal Cell and
Squamous Cell
Carcinoma of the
Skin (16)

Comparative
effectiveness and
safety of all
currently used
therapeutic
strategies for Basal
and Squamous Cell
Carcinoma

Oncology

15,813
(9,741)

534 (3.4)

2

2

Tympanostomy
Tubes:
Tympanostomy
Tubes in Children
With Otitis Media
(18)

Effectiveness and
harms of
tympanostomy
tubes in children
with chronic otitis
media with effusion
and recurrent acute
otitis media;
necessity for water
precautions in
children with
tympanostomy
tubes; and
treatments for
otorrhea

Pediatrics

8,498*

509
(6.0)*

5

8

86 (1.1)

70 (0.6)

64 (9.7)

125 (0.8);
78 (0.8)

176 (2.0)*

KQ = key question; NLQ = natural language question. Numbers may vary slightly from those given in the final report due to the stage of the
report at the time of this analysis.
* The PubMed search was done separately for this review, so only PubMed numbers are given.
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Prospective/
Retrospective

Retrospective

Retrospective

Systematic Review
Topic and Title

Brief Description

Domain

Citations
screened
in full
review, N
(N from
PubMed)

Screened
in at title/
abstract/
keyword
level (%
of total
screened)

Screened
in based
on full
text (% of
total
screened);
N (%)
from
PubMed

No.
KQs

No.
NLQs

Urinary
Incontinence :
Nonsurgical
Treatments for
Urinary
Incontinence in
Women: A
Systematic Review
Update (12)

Comparative
effectiveness and
harms of
nonpharmacological
and
pharmacological
interventions for
women with all
forms of urinary
incontinence

Urogynecology

7,840
(3,706)

723 (9.2)

244 (3.1);

4

24

Venous
Thromboembolism:
Venous
Thromboembolism
Prophylaxis in
Major Orthopedic
Surgery:
Systematic Review
Update (14)

Comparative
effectiveness of
different
thromboprophylaxis
interventions for
patients undergoing
major orthopedic
surgery

Orthopedic
surgery

1,738
(981)

455
(26.2)

6

8

96 (2.6)

56 (3.2);
53 (8.4)

KQ = key question; NLQ = natural language question. Numbers may vary slightly from those given in the final report due to the stage of the
report at the time of this analysis.
* The PubMed search was done separately for this review, so only PubMed numbers are given.
Sensitivity and Precision/NNR
Table 2 provides the overall sensitivity, precision, and NNR for each review. The sensitivity of Pythia varied across reviews from 0.09 for the
headaches in pregnancy review to 0.58 for the review on diverticulitis. For three reviews, the precision/NNR was better than the standard
procedure of separate search and manual screening (diverticulitis, nonmelanoma skin cancer, and tympanostomy), in one review (sleep
apnea) Pythia performed better than manual screening in terms of precision but the confidence intervals overlap. In one review (venous
thromboembolism) manual screening had better precision/lower NNR than Pythia, and in another (headaches in pregnancy) the precision
was better but the confidence intervals overlap. In one review (urinary incontinence), the sensitivity and precision/NNR were affected by
whether or not Pythia was given key phrases. The search that used positive key phrases only favored Pythia, but the ones that used positive
and negative key phrases favored manual screening. Sensitivity ranged from 0.28 for Positive key phrases only to 0.11 for no key phrases.
We saw similar patterns across all four retrospective reviews, with the positive key phrases only searches having the best performance. This
suggests that the tool performed better when it pulled key phrases from relevant citations and used those to increase the weight of citations
that had those phrases.

Page 6/12

Table 2
Sensitivity and precision/NNR.
Review

Iteration

Sensitivity

Precision

NNR

(95% CI)

(95% CI)

(95% CI)

Precision for entire
search*

NNR for entire
search*

(95% CI)

(95% CI)

Prospective
Diverticulitis

Overall

0.57 (0.46,
0.68)

0.05 (0.04,
0.07)

19 (14,
25)

0.01 (0.01, 0.01)

93 (75, 116)

HIP

Overall

0.09 (0.04,
0.19)

0.01 (0.00,
0.01)

155 (71,
421)

0.01 (0.01, 0.01)

104 (81, 135)

Sleep Apnea

Overall

0.16 (0.08,
0.26)

0.01 (0.01,
0.02)

80 (45,
160)

0.01 (0.01, 0.01)

156 (123, 199)

Part 1

0.07 (0.02,
0.16)

0.01 (0.00,
0.03)

80 (34,
244)

Part 2

0.10 (0.04,
0.20)

0.01 (0.01,
0.03)

72 (35,
177)

Positive and negative key
phrases**

0.31 (0.21,
0.42)

0.03 (0.02,
0.05)

30 (20,
47)

0.01 (0.01, 0.01)

125 (100, 158)

Positive key phrases only***

0.40 (0.29,
0.51)

0.04 (0.03,
0.06)

23 (17,
34)

No key phrases

0.24 (0.15,
0.35)

0.03 (0.02,
0.04)

38 (24,
63)

Positive and negative key
phrases**

0.48 (0.41,
0.56)

0.09 (0.07,
0.11)

11 (9, 14)

0.02 (0.02, 0.02)

48 (42, 56)

Positive key phrases only***

0.48 (0.40,
0.55)

0.09 (0.07,
0.11)

11 (9, 14)

No key phrases

0.48 (0.41,
0.56)

0.09 (0.07,
0.11)

11 (9, 14)

Positive and negative key
phrases**

0.22 (0.14,
0.31)

0.02 (0.01,
0.03)

46 (30,
74)

0.03 (0.02, 0.03)

39 (32, 48)

Positive key phrases only***

0.28 (0.19,
0.38)

0.03 (0.02,
0.04)

36 (25,
54)

No key phrases

0.11 (0.06,
0.20)

0.01 (0.01,
0.02)

87 (49,
174)

Positive and negative key
phrases**

0.40 (0.26,
0.54)

0.02 (0.01,
0.03)

46 (30,
74)

0.05 (0.04, 0.07)

19 (14, 25)

Positive key phrases only***

0.47 (0.33,
0.61)

0.03 (0.02,
0.04)

38 (26,
59)

No key phrases

0.38 (0.25,
0.52)

0.02 (0.01,
0.03)

48 (31,
78)

Retrospective
NMSC

Tymp.

UI

VTE

NNR = number needed to read; HIP = headaches in pregnancy; NMSC = nonmelanoma skin cancer; Tymp. = tympanostomy tubes; UI =
urinary incontinence; VTE = venous thromboembolism.
*includes citations from PubMed only; some of the citations with PMIDs may have been found through other databases, but most were
probably identified in the PubMed search.
**key phrases extracted from the titles and abstracts of relevant and irrelevant citations and incorporated into the search.
*** key phrases extracted from the titles and abstracts of relevant citations only and incorporated into the search.

Sensitivity and Precision by Iteration (Batch)
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Figure 2 shows the percent of relevant articles found across iterations. The pattern across the three settings of the retrospective reviews
("positive and negative key phrases", "no key phrases", and "positive key phrases only") is similar, so only the results for "positive key phrases
only" are shown, as it had the best overall performance. The figure shows that across batches the cumulative relevant identified citations
increased as a proportion of the total relevant studies in the final report. This suggests that the better performing reviews found more relevant
studies in early batches. Some reviews (such as diverticulitis and tympanostomy) showed a pattern of leveling out after the first several
batches, but others showed a steadier rise or one that started later (such as the venous thromboembolism and nonmelanoma skin cancer
reviews, respectively). For these reviews, more batches may have yielded a higher sensitivity.

Other factors affecting sensitivity
We found that neither study design, study size, nor key question (specific topic) statistically significantly affected sensitivity in all reviews
(Appendix: Tables 1 through 5), but in specific reviews there were some statistically significant predictors of sensitivity. There is an indication
that Pythia is more likely to find randomized controlled trials (RCTs) than other study designs, as the percentage of RCTs found is higher
across most reviews, but for only one review (tympanostomy) was this difference statistically significant. There was also an indication that
the type of question may affect retrieval. For three reviews, we found a statistically significant difference across the report's key questions. In
the diverticulitis review, this was driven by a large percentage of the antibiotic treatment studies (key question 2); Pythia identified 19 of the
25 studies included for that key question (76%) and the colonoscopy studies (key question 3; 16 of 19 total studies; 84%) compared to those
for other questions. In the tympanostomy tubes review, the difference was driven by the retrieval of a very high percentage of the treatment of
otorrhea studies (13 studies identified of 14 total; 93%). Finally, in the VTE review, Pythia identified a large percentage of the efficacy (key
question 5) studies (9 studies identified of 11 total; 82%) compared to those for other questions.

Concept Maps and Natural Language Queries
Because of the generally low sensitivity of the Pythia, we created concept maps to represent the implicit domain knowledge that a reviewer
brings to the search and screening process (Appendix: Figs. 1 and 2). These maps make it clear that the natural language questions we relied
on in this project are unlikely to be sufficiently descriptive to ensure adequate sensitivity. This is because the computer cannot replicate the
process by which a human translates the key questions into a series of Boolean queries, which involves an understanding of the domain and
conceptualization of topics. Without this baseline understanding and contextual knowledge, Pythia could not produce enough relevant
citations to allow the machine learning algorithms to identify all relevant articles in the corpus.

Discussion
In the traditional method, a human (usually a trained medical librarian) creates a search strategy based on the systematic review's population
and intervention (or exposure), often with other concepts that may include outcomes, study designs, language, location, and other key
insights. The librarian identifies a comprehensive set of synonyms and controlled vocabulary terms for each concept of interest and then
combines them into one or more queries using Boolean logic. These queries are then manually executed in each database, the results are
deduplicated, and members of the review team double-screen each unique citation.
In this project, we sought to combine searching and screening into a single process, thereby saving time and increasing the likelihood that all
citations would be identified. After testing Pythia prospectively and retrospectively across several completed systematic review projects, we
found that while the burden was decreased in most reviews, the sensitivity of Pythia to retrieve the relevant abstracts was unstable and
generally low, ranging from 8 to 58 percent. We believe that this result is, at least in part, due to the translation and formulation of the key
questions as natural language questions, where large amounts of domain knowledge are implicit. An expert can easily infer this knowledge,
but machines cannot adequately encode and parse it. Future research should explore ways to encode this domain knowledge in query
formulation, possibly by incorporating a "reasoning" aspect to Pythia to elicit more contextual information and leveraging ontologies, such as
the Unified Medical Language System (21), and knowledge bases, electronic resources that contain curated information from data
repositories (22), to better enrich the questions used in the search. Automating and optimizing the process of translating the key research
questions to natural language questions by exploiting deep seq2seq models is another option to pursue.
The evaluation of Pythia was limited by the small number of prospective reviews (3) and the fact that the prospective analyses included
labels by only a single screener, which may have reduced sensitivity. In all three reviews, two to five relevant citations identified by the tool
were screened out by the single human screener. These omissions appear to be at random (there is no pattern as to the types of studies
mislabeled) but may, nevertheless, have affected the machine learning algorithm, likely reducing sensitivity. This is particularly true in the
reviews with only a small number of relevant studies, such as headaches in pregnancy. The retrospective analyses (n = 4) were also limited
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by the fact that we could provide labels for only the abstracts that had also been screened by the original review team. Future evaluations
should include more prospective reviews, as well as double screening and consensus adjudication of conflicts to better reflect real-world
practice.
This work builds on ongoing research in the automation of specific steps in evidence synthesis, specifically the steps involved in identifying
relevant literature. In their 2015 systematic review of text mining for systematic review literature identification, O’Mara-Eves et al. evaluated
44 studies that reported on text mining tools for reducing screening workload. They concluded that the field is rapidly evolving and that text
mining and machine learning approaches have a role to play in the reduction of screening burden without a large sacrifice in recall (8).
However, to our knowledge, this is one of the first projects to leverage text mining and machine learning to look at combining the searching
and screening steps. Due to its overall low sensitivity, mixed improvements in precision, and overall variability across projects, Pythia is not
ready for widespread use for any comprehensive synthesis. However, these results suggest that there is potential for a system like this to aid
in systematic review search development, aiding in the efficient generation of a set of relevant citations that can be used in search strategy
design. Further refinement and revisions of Pythia may yield a system with better or more consistent performance across topics and
questions or a way to establish when the system is performing well and therefore may be useful.

Conclusions
Two widely used guides for systematic review methodology, the Cochrane Handbook (23) and the AHRQ Methods Guide (19), recommend
that searches be as comprehensive as possible within time and budget constraints. As the body of literature to be screened increases, tools
that leverage machine learning have become increasingly useful in prioritizing screening based on the likelihood of relevance. The system
described in this report (Pythia) aims to use active machine learning technology to combine the search and screening steps of systematic
review, thereby improving comprehensiveness and reducing screening burden. Based on the findings of our evaluation, this technology has
promise. Future work should focus on improving recall, specifically in terms of improving the ability of the system to parse and contextualize
natural language queries.
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VTE Venous Thromboembolism
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Figure 2
Cumulative sensitivity for each project by iteration (batch).
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