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Abstract
Objectives: Despite their essential role in collecting and organizing published medical literature, indexed search engines are unable to
cover all relevant knowledge. Hence, current literature recommends the inclusion of clinical trial registries in systematic reviews (SRs).
This study aims to provide an automated approach to extend a search on PubMed to the ClinicalTrials.gov database, relying on text mining
and machine learning techniques.

Study Design and Setting: The procedure starts from a literature search on PubMed.Next, it considers the training of a classifier that can iden-
tify documents with a comparable word characterization in the ClinicalTrials.gov clinical trial repository. Fourteen SRs, covering a broad range of
health conditions, are used as case studies for external validation. A cross-validated support-vector machine (SVM)model was used as the classifier.

Results: The sensitivity was 100% in all SRs except one (87.5%), and the specificity ranged from 97.2% to 99.9%. The ability of the instru-
ment to distinguish on-topic from off-topic articles ranged from an area under the receiver operator characteristic curve of 93.4% to 99.9%.

Conclusion: The proposed machine learning instrument has the potential to help researchers identify relevant studies in the SR process
by reducing workload, without losing sensitivity and at a small price in terms of specificity. � 2018 Elsevier Inc. All rights reserved.
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1. Introduction

In medical practice and research, the highest level of ev-
idence is represented by systematic reviews (SRs) [1]. An
SR is the synthesis and evaluation of all relevant literature
on a specific topic, aimed to make the available knowledge
more accessible to physicians, care providers, and decision
makers [2]. Conducting an SR is not an easy task because
it must follow specific guidelines and protocols to ensure
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reproducibility of the methods. After the definition of review
questions, researchers should accurately identify evidence
from articles, studies, and any other relevant documentation.
This selection process consists of an active search through
online and offline literature repositories and the identifica-
tion of evidence from a large amount of irrelevant informa-
tion [3]. In the search phase, researchers use keyword
combinations to create queries that are able to filter docu-
mentations in large medical databases. This operational step
is prone to potential bias related to the source of information,
specificity, and completeness of search strings. After appli-
cation of queries, researchers manually complete the study
selection process by a screening of titles, abstracts, and full
texts and assess the papers’ eligibility. Finally, they describe
the process using a PRISMA flow diagram [4].

The increasing number of Web repositories and the
development of new scientific topics make the SR process
even more complex [5]. Researchers can retrieve informa-
tion using search engines, such as PubMed or Embase, that
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What is new?

Key findings
� Our study proposes a new classifier that extends

PubMed searches to clinical trial registries with
high discrimination ability and sensitivity.

What this adds to what was known?
� Text mining and machine learning techniques can

be used to support comprehensive systematic
reviews.

What is the implication and what should change
now?
� The proposed machine learning instrument can

help researchers identify relevant studies in the
systematic review process by reducing workload
without losing sensitivity and at a small price in
terms of specificity.

are organized in hierarchical branching structures (MeSH
and Emtree, respectively), facilitating paper categorization
and specific searches. This logical and hierarchical struc-
ture has important implications in the literature search pro-
cess. First, it facilitates article retrieval by reducing or
eliminating potential bias related to the differences in
wording, language, and brand names. Second, even if not
exhaustive, MeSH or Emtree structures are useful for
limiting the number of records to the relevant ones, espe-
cially when the study topic is broad.

Despite their essential role in collecting and organizing
published medical literature, indexed search engines are
often unable to cover all relevant knowledge. A meta-
analysis based only on their sources may provide biased
estimates due to the exclusion of relevant unpublished in-
formation [6]. Furthermore, trial findings can influence the
probability of publication and the presence of selective re-
porting outcomes [7]. The World Health Organization
stated that unreported studies could lead to a misleading
picture of the risks and benefits of a treatment, leading
to the use and consumption of ineffective or harmful prod-
ucts [8]. For this reason, SRs should be based on a wide
literature data set, which is essential for clinicians and pa-
tients to have a reliable and complete picture of their con-
dition and make informed decisions. Among alternative
informative sources, current literature recommends the in-
clusion of clinical trial registries such as ClinicalTrials.
gov [9,10]. ClinicalTrials.gov is an international Web-
based platform organized by the US National Library of
Medicine providing access to more than 263,373 clinical
trials from 202 countries. Studies are registered and regu-
larly updated by the principal investigator, and records are
never removed from the site. On ClinicalTrials.gov,
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clinicians and patients can retrieve complete information
about the disease, intervention, study design and phase,
location, and contacts, as well as the links to published pa-
pers. Some records also include the results of the study,
such as the main characteristics of the population, inci-
dence of adverse events, and collected outcomes. Clinical
trial registries are important literary sources contributing
to an updated evidence-based medical practice and may
contain data that cannot be found in published papers
[11]. It has been estimated that 50% of results reported
in ClinicalTrials.gov were not initially available else-
where, while some other information on serious adverse
events was not always reported in the corresponding pub-
lication [12,13]. In a recent study, Baudard et al. found
that adding clinical trial registries to the search base of
SRs that did not originally search such registries identified
an additional 122 trials for 41 SRs, which affected the
strength of evidence of the SRs [10]. Despite their relevant
role, clinical trial registries are seldom used as sources of
studies for SRs, probably due to difficulties in record man-
agement. The main limitations are related to the absence
of hierarchical order, poor interfaces, a limited number
of synonyms, and the impossible combination of different
queries. In ClinicalTrials.gov, the search strategy is based
only on retrieval of one or more text words in the fields
Condition/Disease, Title, Brief Description, Interventions,
Locations, and Country. Text word variations include a
limited number of synonyms, but no hierarchical order
or subcategories are used. Recently, the Clinical Trials
Transformation Initiative proposed a solution to improve
the usability of data included in ClinicalTrials.gov by
creating a database for aggregate analysis (AACT) and
categorization of clinical trials based on clinical specialty.
However, this classification is limited to the definition of
Disease/Condition and is not consistent with the original
MeSH classification, which does not allow for differentia-
tion between clinical specialties.

This study aims to (1) provide an instrument based on text
mining and machine learning (ML) techniques that can
perform an automated literature search on clinical trial regis-
tries and (2) evaluate the usability and effectiveness of the pro-
posed instrument. To reach our objectives, we present a case
study based on results reported by Baudard et al. [10].
2. Materials and methods

2.1. Data sources

To create and test the instrument for automated literature
search, we used two different data sources. First, we used in-
formation reported in the article ‘‘Impact of searching clinical
trials registries in systematic reviews of pharmaceutical treat-
ments: methodological systematic review and reanalysis of
meta-analyses’’ [10]. That study identified additional trials
not included in original SRs, through a manual search of the
International Clinical Trials Registry Platform (ICTRP).
rom ClinicalKey.com by Elsevier on December 07, 2019.
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Specifically, the authors adapted and applied to the ICTRP the
search strings of 14 SRs on the effectiveness of pharmacolog-
ical treatments for several health conditions (i.e., atrial fibril-
lation, psoriasis, colorectal cancer, gastric cancer,
Alzheimer’s disease, Parkinson’s disease, diabetes, rheuma-
toid arthritis, and hypertension). Then, they verified the con-
sistency of the retrieved records with the inclusion criteria
listed in the original papers and included relevant trials in a
final estimation of treatment effectiveness. For our purpose,
we used the same 14 SRs listed in the study by Baudard
et al. [10]. This information allowed us to recreate search
strings for PubMed and compare the results of automated
searches with those reported by the authors of each SR. Sec-
ond, we used the full database of ClinicalTrials.gov down-
loaded from the website of the Clinical Trials
Transformation Initiative. The database was organized in
pipe-delimited files with data on each single study, such as
identifier (NCT number), location, start date, and sample size.
Data could be reported as a number, string (i.e., text), date, or
Boolean (i.e., true and false).
2.2. Training data sets

We created a training data set for each of the 14 SRs
described previously. Each training data set included positive
and negative records. Positive records were papers included in
the original SRs, whereas negative records were a sample of
papers off topic. Positive records were identified by running
the original query in PubMed. When the search strategy did
not allow us to retrieve all relevant papers, missing citations
were manually included in the training set. On the other hand,
negative records were retrieved by adding the Boolean oper-
ator ‘‘NOT’’ to the original query. In other words, we identi-
fied off-topic papers by subtracting records of the original
search strategy from the complete PubMeddatabase.Negative
Table 1. Results of PubMed search strategies for the 14 systematic reviews

Systematic review Health condition

Yang et al. 2014 [14] Atrial fibrillation

Meng et al. 2014 [15] Psoriasis

Segelov et al. 2014 [16] Colorectal cancer

Li et al. 2014 [17] Gastric cancer

Lv et al. 2014 [18] Colorectal cancer

Wang et al. 2015 [19] Alzheimer’s disease

Zhou et al. 2014 [20] Parkinson’s disease

Liu et al. 2014 [21] Type 2 diabetes mellitus

Douxfils et al. 2014 [22] Venous thromboembolic even

Kourbeti et al. 2014 [23] Rheumatoid arthritis

Li et al. 2014 [24] Primary hypertension

Cavender et al. 2014 [25] Venous thromboembolic even

Chatterjee et al. 2014 [26] Venous thromboembolic even

Funakoshi et al. 2014 [27] Solid cancers

Final training data sets included the sum of positive and negative citatio
Web Appendix).
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records were filtered by ‘‘Text availability: abstract,’’ ‘‘Article
types: Clinical trial,’’ ‘‘Species: Humans,’’ and ‘‘Languages:
English’’. Because PubMed allows users to download up to
200 citations at a time, ‘‘Sort by: Best Match’’ option was
selected to avoid any potential bias in the selection of papers
based on Entrez Date. Then, negative records were down-
loaded in groups of 200 every time to achieve a ratio of at least
20 negative records to each positive one. The description of
search strings and retrieved records is reported briefly in
Table 1 (a more detailed description is reported as
Supplementary Material Table S1). Finally, the first author,
year, title, and abstract from each positive and negative paper
were collected and included in the training set.
2.3. Testing data sets

A snapshot of the whole ClinicalTrials.gov was taken on
January 5, 2017. This was composed of a set of pipe-
delimited files from which we extracted the following
information:

unique identifier (NCT number);
brief title;
official title;
brief summary;
detailed description;
study type (nature of investigation, such as intervention-

al or observational);
overall recruitment status;
month and year of study start (enrollment of first

participant);
month and year of primary completion (examination of

final participant);
allocation;
number of arms;
study phase;
included in Baudard et al.’s study [10]

Positive records Negative records

18 400

9 200

13 400

6 200

12 400

32 800

9 200

23 600

ts 13 400

75 1,600

9 200

ts 14 400

ts 18 400

43 1,000

ns. Details of search strings are available in Table S1 (Supplementary
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minimum age for participant eligibility;
interventional study model (otherwise, the strategy for

assigning interventions to participants);
inclusion of drug product subject to the US FDA

(Federal Food, Drug, and Cosmetic Act).
We used the brief title, official title, and detailed descrip-

tion as textual information to perform our testing search.
The other information was used to identify trials (NCT
numbers) and to include filters similar to those applied in
the study by Baudard et al. [10]. Specifically, Baudard
et al. limited ICTRP results to clinical trials whose overall
status was either completed or terminated. Moreover, we
applied additional filters using fields consistently with the
inclusion and exclusion criteria described in the 14 SRs,
replicating the selection filters used in the study by Baudard
et al. [10] and in the original SRs (see 2.5 Procedure
Workflow for further details). Overall, 233,609 trials were
finally included in the testing data set.
2.4. Text mining

The text mining strategy consisted of (1) text prepro-
cessing, (2) training of the ML classifier, and (3) estimation
of the performance of the classifier on the testing data set.
We also considered an option to handle the unbalanced data
in the training set. Text preprocessing steps converted the
textual data into numbers. A support-vector machine
(SVM) model, which is one of the most widely used clas-
sifiers for text mining [28], was chosen as the classifier
and was trained using fivefold cross-validation. In each of
the training data sets, the ratio of positive to negative sam-
ples was at least 1:20 by construction. Data of this type are
known as unbalanced data. Hence, on the side of the
straight application of the defined procedure, we also used
the data handling strategy random undersampling (RUS),
which randomly removes cases from the majority samples
(in our case, the negative samples) to make the classes more
balanced [29]. We applied the RUS strategy to obtain a final
positive:negative ratio of the class samples of 35:65 accord-
ing to Khoshgoftaar et al.’s study [30]. In this way, we had
28 data sets overall, two for each SR, that is, the original
one and the one after the application of the RUS.
Fig. 1. General procedure workflow.
2.5. Procedure workflow

For each of the 14 SRs, the title and the abstract of the
retrieved records were merged, and text preprocessing steps
were applied in the following order: conversion to lower-
case, removing nonwords, stemming words, stripping white
space, and building the sequences of every two adjacent
words from the original text (bigrams). Furthermore, a
document-term matrix (DTM) was created with this collec-
tion of tokens (i.e., a unit of textual information), and the
matrix was filled with a term frequency (TF) weighting
scheme. The sparsity of all 14 DTMs was very high,
ranging from 99% to 100%. The top 4% of the features
Downloaded for Anonymous User (n/a) at Ramathibodi Hospital f
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were selected according to term frequency-inverse docu-
ment frequency (TF-IDF) rank as a tribute to (a double
application of) Pareto’s rule, that is, that 80% of the effects
come from 20% of the causes. These selected features were
retained. The SVM was fivefold cross-validated, and within
the cross-validation step, the balancing strategy of RUS and
the 35:65 positive:negative ratio were applied. Next, re-
weighting with TF-IDF was applied.
rom ClinicalKey.com by Elsevier on December 07, 2019.
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The testing ClinicalTrials.gov data set went through the
same text preprocessing strategy in the same order, and
then DTM was created with the TF weighting scheme
initially. Furthermore, it was adapted with the same features
retained from the training data set and was reweighted with
the TF-IDF weighing scheme with the same retained IDF
weights of the corresponding training DTM, which were re-
tained when applied on the whole training data set.

Each cross-validated SVM model was applied to the cor-
responding testing data set for each SR. The procedure
workflow is briefly described in Fig. 1. Analyses were car-
ried out in R, version 3.4.2, [31] with the packages caret,
tm, stringr, and unbalanced [32e35].

To compare the consistency between the manual search
in the study by Baudard et al. [10] and this automated
search, we replicated the selection filters used in the study
by Baudard et al. [10] and in the original SRs. Thus, posi-
tive citations identified by automated search were limited
by adding all the following filters: (1) recruitment status,
defined as completed or terminated; (2) interventional
design; (3) start date before the search on the ICTRP; (4)
primary completion date before the search on the ICTRP
as reported in the study by Baudard et al. [10]; and (5) spe-
cific filters based on inclusion criteria reported in the orig-
inal SRs. The goodness and robustness of our results were
evaluated by verifying the inclusion of the additional clin-
ical trials previously identified by Baudard et al.
3. Results

The performance results of the most suitable filter are re-
ported in Table 2. The sensitivity was 100% in all SRs
Table 2. Number of training (PubMed) and testing (ClinicalTrials.gov) positive
the relevant statistics for each systematic review considered

Systematic review
Training
positives

Training
negatives

Testing
positives

Testing
negatives

Pre
po

Yang et al. 2014 [14] 18 400 5 233,604 1

Meng et al. 2014 [15] 9 200 4 233,605

Segelov et al. 2014 [16] 13 400 8 233,601 1

Li et al. 2014 [17] 6 200 3 233,606 1

Lv et al. 2014 [18] 12 400 3 233,606 1

Wang et al. 2015 [19] 32 800 5 233,604 1

Zhou et al. 2014 [20] 9 200 3 233,606 1

Liu et al. 2014 [21] 23 600 30 233,579 2

Douxfils et al. 2014 [22] 13 400 10 233,599

Kourbeti et al. 2014 [23] 75 1,600 25 233,584 1

Li et al. 2014 [24] 9 200 2 233,607 6

Cavender et al. 2014 [25] 14 400 7 233,602

Chatterjee et al. 2014 [26] 18 400 17 233,592

Funakoshi et al. 2014 [27] 43 1,000 11 233,598 3

Abbreviations: AUC, area under the receiver operator characteristic curve
prevalence of positive in ClinicalTrials.gov; PPV, positive predictive value;
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except one (87.5%), and the specificity ranged from
97.2% to 99.9%. The area under the receiver operator char-
acteristic curve, which measures the ability of the instru-
ment to distinguish relevant articles from off-topic
articles, ranged from 93.4% to 99.9%. The performance
of the procedures in which an RUS strategy was imple-
mented was similar (data are not shown). Table 3 reports
the numbers of predicted positive citations before and after
the application of a selection of filters. It also compares our
results with the results of Baudard et al.’s manual search re-
sults on the ICTRP. As shown in the table, filters progres-
sively reduced the number of citations (predicted
positives), without excluding additional clinical trials iden-
tified in the study by Baudard et al. [10] (true positives).

The only false negative (1 of 8 positives) pertained to an
SR on the role of biological therapy in metastatic colorectal
cancer [16] and referred to the study with ClinicalTrials.
gov identifier NCT00079066.

Notably, the total number of records from our automated
search (predicted positives) was lower than the number of
records from the manual search in half the cases, with a
mean of 472 and a maximum of 2119 records compared
with 572 and 2680, respectively, retrieved in the study by
Baudard et al. [10].
4. Discussion

The time requirement and the need for the involvement
of different professionals make an SR a very labor-intensive
process [36]. The quality of the results depends on the
extent to which the identified literature is accurate and
comprehensive of all available knowledge on a specific
and negative records as well as the number of predicted positives and

dicted
sitives AUC PPV SENS SPEC LRD LRL

,718 0.9963 0.0029 1 0.9927 136.9863 0

462 0.9990 0.0087 1 0.9980 500.0000 0

,595 0.9341 0.0044 0.875 0.9932 128.6765 0.1259

,635 0.9965 0.0018 1 0.9930 142.8571 0

,429 0.9969 0.0021 1 0.9939 163.9344 0

,901 0.9959 0.0026 1 0.9919 123.4568 0

,011 0.9978 0.0030 1 0.9957 232.5581 0

,178 0.9954 0.0138 1 0.9908 108.6957 0

378 0.9992 0.0265 1 0.9984 625.0000 0

,843 0.9961 0.0136 1 0.9922 128.2051 0

,558 0.9860 0.0003 1 0.9719 35.5872 0

149 0.9997 0.0470 1 0.9994 1,666.6667 0

771 0.9984 0.0220 1 0.9968 312.5000 0

,851 0.9918 0.0029 1 0.9836 60.9756 0

; LRþ, positive likelihood ratio; LR�, negative likelihood ratio; PREV,
SENS, sensitivity; SPEC, specificity.
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topic. Also, the reliability of an SR is determined by the in-
clusion of up-to-date contents [37]. Our study proposes a
classifier that can extend PubMed searches to clinical trials
registries. This tool reduces the effort and time expenditure
of an SR without losing accuracy and sensitivity.

Other researchers have highlighted how ML could make
the standard SR process more efficient [38]. They focused
on a ‘‘living’’ SR, considering as the starting point the ex-
istence of an initial SR provided by humans. Accordingly,
we have provided an instrument that is also usable for the
‘‘living’’ step of updating an SR data set, but it is specially
tailored to the more complex and tricky step of contributing
to the base data set definition/extraction for new sources of
data (work left to humans in the study by Thomas et al.
[38]). Our procedure showed high performance in detecting
true-positive citations of interest in completely different
sources of data from the original one regarding the way
meta-data are stored, the way information is accessed,
and the structure of the information. It left out only 1 of
133 human-detected positive citations from 14 independent
SRs. From this starting point, we have also highlighted
how, with simple and quick filtering, the number of false
positives can be easily and drastically reduced without
affecting the sensitivity of the procedure. In this way, the
work left to humans can be reduced and quite limited on
the first run of the ‘‘living’’ update of the SR, that is, the
part of data set definition that was completely based on hu-
man effort until now.

Other studies have shown how an ML approach for the
classification of information based on clinical text could
be very effective [39], including when tested on databases
different (and not subsampled) from the original one [40].
On the other hand, to our knowledge, no other study was
conducted on this wide range of differentiated data sets
with hundreds of thousands of entries.

The strict procedure that we followed allowed all the
test sets to be blinded both from the training ones at every
stage and from all the training procedures, making us
confident in the quality of the results themselves. In an
SR, both very specific positive and very specific negative
sets can be selected to create a high-quality training set.
This characteristic together with the ability of the SVMs
to distinguish the well-separated type of data and the high
proportion of (few) positive records against a huge num-
ber of negative ones have led to the nearly perfect results
in sensitivity, which is the main characteristic of interest
in this endeavor.

Our study demonstrates the usefulness of ML when sci-
entific literature is not reported in indexed search engines.
This is the case of clinical trial registries such as
ClinicalTrials.gov, whose interfaces are usually not sophis-
ticated. Their limited functionality has an important impact
on process workload and often requires the application of
long search strings, multiple searches, and the screening
of a high number of nonspecific records. Moreover, when
Downloaded for Anonymous User (n/a) at Ramathibodi Hospital f
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a researcher wants to use the same query on different search
engines and registries, he must adapt each singular term
and string according to the specific requirement of each
platform. In the case of registries, an adaptation from com-
mon search engines (PubMed or Embase) is even more
complex because of the frequent absence of text functional-
ities such as truncation or brackets. The use of ML could
allow a more accurate and easier translation of queries by
reducing the number of irrelevant records.

The main strength of the study is the robustness of the
training and testing procedure, which was designed to be
stable and unbiased. Furthermore, an R package and a
companion GUI are under development (preliminary
version publicly available at https://github.com/UBESP-
DCTV/costumer). They are intended to be a user-
friendly tool for health care researchers, who will only
have to provide (a) the set of citations finally retained,
(b) a personalized set of negative citations or the search
string used on PubMed (to automatically identify a suit-
able set of random negative citations), and (c) an optional
set of false positives already known from a previous run
or directly the set of filters to be applied on nontextual
meta-data. The first part of feature (c) highlights the us-
ability of the package for a very quick update of the
SR, for example, after the first run (for which the false
positives must be manually identified).

Our study has some limitations. First, we adopted a
defined ML algorithm and used only one strategy for man-
aging the unbalanced data. We acknowledge that other
techniques, such as convolutional neural networks, are
effective at achieving slightly better F-scores [41] over
more traditional approaches to biomedical text classifica-
tion, such as SVM, especially when there is significant la-
bel imbalance. Nevertheless, convolutional neural networks
typically take at least an order of magnitude more time than
traditional classifiers, especially compared with SVM [42].
Hence, we decided to start our investigation by considering
SVM only. We are already working on testing both a wider
range of ML techniques and more methods for unbalanced
data sets. Nevertheless, the performance with the choice
adopted in terms of the number of positives, number of true
positives, and number of negatives, as well as in terms of
computational speed, is already good, and we do not expect
more improvement, although small relative increases in
specificity can still have a big impact on absolute numbers
of false positives. Moreover, filters were manually applied
after automatic searches and were not yet included in this
ML instrument. The reason for this choice was that inclu-
sion/exclusion criteria are rarely reported in the title, ab-
stract, or description. Thus, it was not possible to make a
more accurate automatic selection of trials. That said,
similar studies were able to reach a very high level of sensi-
tivity at the cost of a discrete specificity [43]. Explanations
for our results lie in the choice of the training set and of the
task itself, that is, positives and negatives were highly
rom ClinicalKey.com by Elsevier on December 07, 2019.
opyright ©2019. Elsevier Inc. All rights reserved.
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Table 3. The number of predicted positives and true positives in manual and automated searches after filter application

Systematic review

Manual search Automated search

Predicted
positives

True
positives

Filter 0 Filter 1 Filter 2

None Predicted positives Study_type
Predicted
positives Overall_status

Predicted
positives

Yang et al. 2014 [14] 12 1 - 1,718 interventional 1,341 completed OR
terminated

759

Meng et al. 2014 [15] 26 1 - 462 interventional 399 completed OR
terminated

282

Segelov et al. 2014 [16] 684 2 - 1,595 interventional 1,432 completed OR
terminated

836

Li et al. 2014 [17] 201 1 - 1,635 interventional 1,545 completed OR
terminated

376

Lv et al. 2014 [18] 665 1 - 1,429 interventional 1,294 completed OR
terminated

727

Wang et al. 2015 [19] 227 1 - 1,901 interventional 1,690 completed OR
terminated

1,191

Zhou et al. 2014 [20] 3 1 - 1,011 interventional 793 completed OR
terminated

534

Liu et al. 2014 [21] 1,661 21 - 2,178 interventional 2,028 completed OR
terminated

1,587

Douxfils et al. 2014 [22] 76 1 - 378 interventional 270 completed OR
terminated

190

Kourbeti et al. 2014 [23] 581 4 - 1,843 interventional 1,449 completed OR
terminated

1,023

Li et al. 2014 [24] 909 2 - 6,558 interventional 5,483 completed OR
terminated

3,629

Cavender et al. 2014 [25] 71 1 - 149 interventional 130 completed OR
terminated

87

Chatterjee et al. 2014 [26] 217 1 - 771 interventional 509 completed OR
terminated

279

Funakoshi et al. 2014 [27] 2,680 2 - 3,851 interventional 3,762 completed OR
terminated

2,147

Records of the manual search are those retrieved on the International Clinical Trials Registry Platform by Baudard et al. [10]. Records of
the automated search are those retrieved on ClinicalTrials.gov using our machine learning instrument. Predicted positives are a pool of citations
resulting from manual search strings or from automated searches. True positives are clinical trials added by Baudard et al. to each systematic
review. The description of filters reports data element entries and the number of retrieved records. Filters were applied sequentially from filter
0 to filter 5.
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separated by design: the set of positives is the (human-
filtered) output of a PubMed query string and not of a
‘‘rule-free’’ human selection from the whole of PubMed,
as was done, for example, for the classification task per-
formed in the study by Marshall et al. [43]. The same ap-
plies to the negatives, which were sampled from the
output of the negative search with the PubMed query string
used for positives. As a result, positives shared a similar
word characterization, which is easily identified by SVM
Downloaded for Anonymous User (n/a) at Ramathibodi Hospital
For personal use only. No other uses without permission.
and can lead to a near-perfect sensitivity and an excellent
specificity.

Following the recommended paradigm for model vali-
dation [44,45], this predictive tool underwent internal vali-
dation through cross-validation and external validation on
an independent data source. This aspect, in conjunction
with the broad range of health conditions analyzed,
strongly argues in favor of the credibility of the proposed
instrument.
 from ClinicalKey.com by Elsevier on December 07, 2019.
 Copyright ©2019. Elsevier Inc. All rights reserved.
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Automated search

Filter 3 Filter 4 Filter 5 All

Start_before
Predicted
positives

Primary_completion
before/within

Predicted
positives Specific filters

Predicted
positives True positives

April 2014 705 April 2014 588 allocation 5 randomized
number_of_arms s 1

457 1

August 2013 243 August 2013 202 allocation 5 randomized
number_of_arms s 1

144 1

May 2012 770 May 2012 588 allocation 5 randomized
number_of_arms s 1

274 2

February 2014 837 February 2014 695 allocation 5 randomized
number_of_arms s 1
phase 5 2 OR 3

289 1

February 2014 716 February 2014 583 allocation 5 randomized
number_of_arms s 1
minimum_age � 18 years

243 1

December 2013 1,118 December 2013 972 allocation 5 randomized
number_of_arms s 1
intervention_model 5
parallel OR crossover

729 1

February 2013 468 February 2013 372 allocation 5 randomized
number_of_arms s 1

263 1

January 2013 1,317 January 2013 1,112 allocation 5 randomized
number_of_arms s 1
minimum_age � 18 years
phase � 3

622 21

December 2013 174 December 2013 150 allocation 5 randomized
number_of_arms s 1

116 1

June 2013 941 June 2013 756 allocation 5 randomized
number_of_arms s 1
is_fda_regulated 5 true

409 4

January 2014 3,412 January 2014 2,771 allocation 5 randomized
number_of_arms s 1

2,119 2

April 2014 84 April 2014 74 allocation 5 randomized
number_of_arms s 1

60 1

March 2014 263 January 2001eMarch 2014 207 allocation 5 randomized
number_of_arms s 1

169 1

February 2014 2,111 January 2004eFebruary 2014 1,699 allocation 5 randomized
number_of_arms s 1
phase 5 2 OR 3

711 2

Table 3. Continued
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