MeSH Term Suggestion for Systematic Review Literature Search

Shuai Wang
University of Queensland
Brisbane, Australia
shuai.wang5@ugq.net.au

Daniel Locke
University of Queensland
Brisbane, Australia
locke.dj@hotmail.com

ABSTRACT

High-quality medical systematic reviews require comprehensive
literature searches to ensure the recommendations and outcomes
are sufficiently reliable. Indeed, searching for relevant medical lit-
erature is a key phase in constructing systematic reviews and often
involves domain (medical researchers) and search (information
specialists) experts in developing the search queries. Queries in
this context are highly complex, based on Boolean logic, include
free-text terms and index terms from standardised terminologies
(e.g., MeSH), and are difficult and time-consuming to build. The
use of MeSH terms, in particular, has been shown to improve the
quality of the search results. However, identifying the correct MeSH
terms to include in a query is difficult: information experts are often
unfamiliar with the MeSH database and unsure about the appropri-
ateness of MeSH terms for a query. Naturally, the full value of the
MeSH terminology is often not fully exploited.

This paper investigates methods to suggest MeSH terms based
on an initial Boolean query that includes only free-text terms. These
methods promise to automatically identify highly effective MeSH
terms for inclusion in a systematic review query. Our study con-
tributes an empirical evaluation of several MeSH term suggestion
methods. We perform an extensive analysis of the retrieval, ranking,
and refinement of MeSH term suggestions for each method and
how these suggestions impact the effectiveness of Boolean queries.
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1 INTRODUCTION & RELATED WORK

A medical systematic review is a comprehensive review of literature
for a highly focused research question. Systematic reviews are
seen as the highest form of evidence and are used extensively in
healthcare decision making and clinical medical practice. In order
to synthesise literature into a systematic review, a search must be
undertaken. A major component of this search is a Boolean query.
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The Boolean query is often developed by a trained expert (i.e., an
information specialist), who works closely with the research team
to develop the search, and usually has knowledge about the domain.

The most commonly used database for searching medical lit-
erature is PubMed. Due to the increasing size and scope of the
PubMed database, the Medical Subject Headings (MeSH) ontology
was developed to conceptually index studies [17, 25]. MeSH is a
controlled vocabulary thesaurus arranged in a hierarchical tree
structure (specificity increases with depth in a parent—child re-
lationship, e.g., Anatomy—Body Regions—Head—Eye...etc.). In-
dexing and categorising studies with MeSH terms enables queries
to be developed which incorporate both free-text keywords and
MeSH terms — enabling more effective searches. The use of MeSH
terms in queries has been shown to be more effective than free-
text keywords alone [1, 7, 17, 23], e.g, they increase precision [14]
and are far less ambiguous than free-text [24]. However, it is still
difficult even for expert information specialists to be familiar with
the entire MeSH controlled vocabulary [13, 14] — at the time of
writing, MeSH contains 29,640 unique headings.

One way that PubMed has attempted to overcome this difficulty
is to develop a method called Automatic Term Mapping (ATM).
ATM is an automatic query expansion method which attempts to
seamlessly map free-text keywords in a query to one of the three
categories (index tables): MeSH, journal name or author name [16].
Although ATM is applied by default for all queries issued to PubMed,
it has several semantic limitations: it is inaccurate when used to
expand free-text acronyms into MeSH terms [21]; will produce
different MeSH expansions even though synonymic free-text terms
are used [2], and has difficulty disambiguating between MeSH terms
and journal names [22]. Despite these limitations, the use of ATM
for MeSH term suggestion has been shown to increase the precision
of free-text searches in the genomic domain [15]. However, its use
has, to the best of the authors knowledge, not been empirically
evaluated in the context of improving the effectiveness of systematic
review literature search queries.

Our paper introduces the task of MeSH term suggestion for
Boolean queries used in systematic review literature search. We
model this task within the context of an information specialist
looking for MeSH terms to add to a query without MeSH terms
present. In addition to new MeSH suggestion methods, we also
propose a framework to evaluate the effectiveness of the suggestion
of MeSH terms on an established collection of systematic review
literature search queries.
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Figure 1: Overview of the MeSH term suggestion procedure.
A process of retrieval, ranking and refinement facilitate the
suggestion of MeSH terms. We evaluate each method that
suggests MeSH terms in terms of (1) the retrieval of MeSH
terms, (2) the ranking of MeSH terms, (3) the refinement of
the ranking of MeSH terms, and (4) the ability for the sug-
gested MeSH terms to effectively retrieve literature for a de-
fragmented a Boolean query. Note that the number of MeSH
terms suggested for a fragment may be lower or higher than
the original number of MeSH terms.

The contributions of this paper are:

(1) The introduction of the new task of suggesting MeSH terms for
systematic review literature search (Boolean queries), modelled
within the context of an information specialist looking for MeSH
terms to add to a query without MeSH terms present.

(2) Anempirical evaluation of the effectiveness of MeSH suggestion
methods for this task (i.e., ranking MeSH terms for a query).

(3) An empirical evaluation of the effectiveness of Boolean queries
using the suggestions made by different suggestion methods
(i.e., retrieving abstracts for a query given different suggested
MeSH terms).

2 MeSH TERM SUGGESTION

Next, we outline how we perform MeSH term suggestions for
Boolean queries. As the Boolean queries used for systematic review
literature search are highly complex, containing nested Boolean
clauses, MeSH terms are suggested not globally, but instead locally,
for query fragments. A query fragment is a clause of a Boolean
query containing semantically related text clauses (i.e., free-text
or MeSH terms). Each text clause in a query fragment is grouped
into a Boolean clause using the OR operator. To give an intuition
for how query fragments are derived and utilised for MeSH term
suggestions, see Figure 1. The OR operators in Figure 1 are impli-
cit. We exploit these fragments to perform a fine-grain evaluation
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for MeSH term suggestion (i.e., in terms of retrieval performance,
ranking performance, and refinement of the ranking performance).
However, we also perform defragmentation to obtain a Boolean
query with suggested MeSH terms for comparison to the original
Boolean queries.

We propose to suggest MeSH terms in a pipeline of three steps:
retrieval, ranking, and refinement. The following three sections
provide a description of how we approach each of these steps.

2.1 MeSH Term Retrieval

The first step in our MeSH term suggestion pipeline is the retrieval
of MeSH terms. The retrieval of MeSH terms is facilitated by three
different methods:

ATM The entire free-text only query fragment is submitted to the
PubMed entrez API [18] for ATM. When free-text clauses
without specific qualifiers' are present in a query, the three
index tables (MeSH, journal name, author name) are searched
sequentially to determine if a mapping exists. If there is no
mapping found initially, the free-text clause is divided into
individual terms and the process is repeated. Mapped terms
are filtered to only include those that are MeSH terms.

MetaMap Each free-text clause in a query fragment is submitted
to MetaMap [3].2 The results from MetaMap are filtered to
only include those entities derived from the MeSH source.
All of the mapped MeSH terms are recorded for each of
the free-text terms in a query fragment. Additionally, the
MetaMap score is recorded for each MeSH term.

UMLS We index the UMLS [5] (version 2019AB) MRCONSO, MRDEF,
MRREL, and MRSTY tables into Elasticsearch v7.6. Each free-
text clause in the query fragment with MeSH terms removed
is submitted to the Elasticsearch index. The results from the
search are filtered to only include synonyms of concepts de-
rived from the MeSH source. The synonyms of a concept are
recorded for each term in the query fragment. Additionally,
the BM25 score is recorded for each MeSH term (i.e., the
default scoring mechanism of Elasticsearch).

For the MetaMap and UMLS approaches, the same MeSH term
may be retrieved multiple times for a given free-text clause. To
overcome this issue, we re-score the MeSH terms using rank fusion
(CombSUM) [8]. The intuition for this re-scoring is that highly
common MeSH terms that also obtain a high score from these
retrieval methods should be scored highly overall (thus ranked
higher than common MeSH terms and highly scoring MeSH terms).

2.2 MeSH Term Ranking

Once MeSH terms have been retrieved, they are ranked according
to the approach for entity ranking described by Jimmy et al. [9] by
adapting features proposed by Balog [4]. In total, we use eleven fea-
tures, each described in Table 1. For the description of MeSH terms
(de), we scrape the corresponding Wikipedia page. We generate
features for each MeSH term retrieval method (i.e., ATM, MetaMap,
UMLS). Positive instances correspond to MeSH terms in the original
query fragment, negative instances correspond to MeSH terms not

!Qualifiers are the terminology PubMed uses for field restrictions. Keywords in a query
may be explicitly restricted to certain fields, e.g., title, abstract, MeSH terms etc.
2Version 2018 with options set to default values.
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Feature Description

lq| Total free-text terms in a fragment
lg, Length of description of MeSH term e
Yq: IDF(q:) Sum IEF of free-text terms

Xq; TF(qi,de) Sum TF of free-text terms in de

2q; TF(qi,de)IDF(q;)  Sum TF of free-text terms in de
scorerp (g, de)

scorepmzs (q, de)
scorespm (g, de)

LM score of free-text terms for de
BM25 score of free-text terms for d,
SDM score of free-text terms for de

QCE(q.e) Whether the free-text terms contain e
ECQ(q.e) Whether e contains any free-text terms
ECQ(q.e) Whether e is equal to the free-text terms

Table 1: Features used in MeSH term ranking.

in the original query fragment (binary labels). With features and
instance labels, we train a learning-to-rank (LTR) model for each
MeSH term retrieval method.

In addition to the LTR models, we also investigate a rank fusion
approach [8], where we combine the MeSH term rankings from each
of the three methods to produce a new ranking that incorporates
the highest ranking MeSH terms from each method. The intuition
for investigating rank fusion in this context is that each method
may retrieve different MeSH terms; and those terms may be ranked
differently each time. Therefore, we wish to boost MeSH terms that
are retrieved and ranked highly by each method. Note that this
fusion is different to the fusion we apply to account for MeSH terms
appearing multiple times, and is considered a distinct MeSH term
ranking method.

2.3 MeSH Term Refinement

Finally, we seek to refine the suggested MeSH terms by estimating a
rank cut-off. By refinement, we mean to limit the number of MeSH
terms to only the most applicable for a query fragment. We do this
using a score-based gain function which models gain as the score
for a MeSH term. Formally, the cumulative gain CG for a MeSH
term at rank p is CG), = Zle score;; where the score for a MeSH
term is equal to 1 — normalised score (i.e., min-max normalisation)
for the MeSH term.

We tune a k parameter for each retrieval method which controls
the percentage of total CG allowed to be observed before the rank-
ing is cut-off (i.e., a refinement of the ranking). The k parameter
is tuned from 5% to 95% in increments of 5%. The intuition for
re-scoring MeSH terms becomes apparent when used with the k
parameter: the highest-ranking MeSH term will receive a score of
0, resulting in at least one MeSH term suggested for every query
fragment.

Note that MeSH terms may share the same score, i.e., they may
be tied. We take a conservative approach to account for the problem
of tied MeSH terms at the boundary of the cut-off specified by k.
Whenever we encounter ties, we treat all of the tied MeSH terms as
a single accumulation of gain that equals the summed gain across
the scores of the tied MeSH terms. This treatment has the effect that
tied MeSH terms account for much larger accumulations of gain.
Therefore, tied MeSH terms at the top of rankings are more likely
to be included in the cut-off than tied MeSH terms at the bottom.
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In essence, either all tied MeSH terms are considered within the
cut-off (i.e., ties at the top of the ranking), or no tied MeSH terms
are considered (i.e., ties at the bottom of the ranking).

2.4 Evaluation

We evaluate the effectiveness of MeSH term suggestions retrospect-
ively using the MeSH terms identified from pre-existing queries
as a gold standard. In doing so, we make the assumption that the
MeSH terms in these pre-existing queries are the ideal choices. As
such, this gold standard may be biased to favour the PubMed ATM
method, as it could have been used to suggest MeSH terms origin-
ally. The MeSH term suggestion methods proposed above are likely
to identify MeSH terms that were not originally in pre-existing
query fragments. To combat this assumption, we also evaluate the
retrieval effectiveness achieved by the queries with the proposed
suggestions. We therefore evaluate both (i) the effectiveness of
query suggestion given the assumption that MeSH terms in pre-
existing queries are a gold standard; and (ii) the effectiveness of the
query at retrieving studies.

Note that (ii) also has limitations: that query fragments must be
combined back into the original query structure in order to properly
evaluate the query; and new MeSH terms may retrieve studies that
are unjudged (it is unknown if the retrieved unjudged studies are
relevant or not). To account for these unjudged studies, we use
the approach proposed by Scells et al. [20], which calculates, in
addition to the lower bound typically assumed (i.e., all unjudged
studies are irrelevant), an upper bound (i.e., assume all unjudged
studies are relevant) and a balance between the two (i.e., assume
some unjudged studies to be relevant given a maximum likelihood
estimation over the judged studies).

The effectiveness of the MeSH term suggestion is evaluated using
reciprocal rank, nDCG@{5,10}, recall@{5,10}, precision, and recall.
Precision and recall measure the effectiveness of the retrieval of
MeSH terms by the three retrieval methods. nDCG and reciprocal
rank measure the effectiveness of the LTR entity ranking model for
each of the three retrieval models.

To evaluate the effectiveness of the suggested MeSH terms for
the task of systematic review literature search, once query frag-
ments are defragmented, the retrieval effectiveness is evaluated
using typical systematic review literature search measures: preci-
sion, recall, and Fg- (¢ 5,1 3}. To obtain retrieval results, the PubMed
entrez API is used to directly issue defragmented Boolean queries.
For reproducibility purposes, as PubMed is constantly updated with
new studies, we apply a date restriction to all queries.

For both evaluation settings (i.e., ranking MeSH term suggestion
and Boolean query retrieval), we evaluate the quality of ranking in
two settings: (i) all, where all retrieved MeSH terms are considered,;
and (i) cut, where a score-based cut-off is determined to filter the
suggested MeSH terms.

3 EXPERIMENTAL SETUP

We use topics from the CLEF TAR task from 2017, 2018, and 2019
[10-12]. 15 topics are discarded due to lack of MeSH terms (2017:
CD007427, CD010771, CD010772, CD010775, CD010783, CD010860,
CD011145;2018: CD007427,CD009263, CD009694; 2019: CD006715,
CD007427, CD009263, CD009694, CD011768). An additional 5 topics
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Figure 2: Tuning of the x parameter on training portions for
each MeSH term suggestion method. The x axis is the value

for x, and the y axis is the F-1 at each « value.

are discarded because of retrieval issues (2017: CD010276, CD010173,
CD012019; 2018: CD011926; 2019: CD010038), likely resulting from

the fact that some queries are automatically translated from queries

in one format (Ovid Medline) into another format (PubMed). In

total we used 242 topics across all three datasets (114 unique, as

each year has partial overlap). For each topic, we divide the Boolean

query for that topic into several query fragments. We create these

fragments using the transmute tool [19]. Each fragment contains

at least one MeSH term. This results in a total of 302 unique query

fragments for the three years (2.65 fragments per query on aver-
age). For each of the query fragments, we corrected any errors

(e.g., spelling mistakes, syntactic errors), extracted MeSH terms,

keywords, query fragment with MeSH terms, and query fragments

without MeSH terms. For training the LTR model for MeSH term

ranking, the pre-split training and test portions from the CLEF data-
sets are used. The 2019 topics are split also on systematic review

type (intervention and diagnostic test accuracy — indicated as I and

D respectively in the results), while those for 2017 and 2018 are all

diagnostic test accuracy. We use the quickrank library [6] for LTR,

instantiated with LambdaMART trained to maximise nDCG. We

leave other settings as per default.

4 RESULTS

All of the results in this section are presented on the testing portions
of each CLEF TAR year (i.e., 2017, 2018, 2019/1, 2019/D).

4.1 Suggestion Effectiveness

4.1.1  Retrieval of MeSH Terms. Firstly, we investigate the MeSH
term suggestion methods’ effectiveness in retrieving terms given a
query fragment. Table 2 reports precision (P) and recall (R) for the
retrieval of MeSH terms. When comparing the three base retrieval
methods, UMLS generally retrieves more relevant terms than ATM
and MetaMap, as suggested by the higher recall value for UMLS than
the other two methods. However, the UMLS method achieves lower
precision than the other two methods, indicating that it retrieves
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Q
& &
SIS
Method P R RR R@5 R@10 & &
2017/ATM 03027 03718 | 04614 03504 0.3576 03601 0.3494
2017/ATM-CUT | 03600 0.2421° | 04047 0.2362° 0.2403* 0.2713" 0.2652°
2017/M 03496 03818 | 0.5730 03659 03793 04218 0.4102
2017/M-CUT 04333 02868 | 0.4739 02800 0.2868 03105 0.3024
2017/U 02571 04659 | 0.5910 04214 0.4475 04518 0.4469
2017/U-CUT 0.4819 02846 | 05205 02831 0.2846 03446 03329
2017/F 02446 0.5281 | 0.6207 0.4519 0.4958 0.4915 0.4971
2017/F-CUT 04517 03458 | 0.4897 03391 03450 0.3581 03475
2018/ATM | 03287 03772 | 0.4967 03261 0.3703 03719 03838
2018/ATM-CUT | 03742 0.2129" | 0.3933" 0.1983" 0.2024" 0.2417" 0.2392"
2018/M 03088 03360 | 0.4630 03007 0.3353 0.3470 03380
2018/M-CUT 0.3704 0.2257* | 0.3940 02237 0.2257 0.2689 0.2523
2018/U 0.2885 04641 | 0.6007 04188 0.4565 04615 04569
2018/U-CUT 0.4711 02643 | 0.5278 02575 0.2643 0.3405 03292
2018/F 02661 0.5024 | 0.5793 0.4316 0.4798 0.4633 0.4629
2018/F-CUT 04212 03456 | 04754 03233 03387 0.3646 03550
2019/D/ATM 03399 03558 | 0.5933 03503 0.3558 0.3910 03671
2019/D/ATM-CUT | 0.5071 02628 | 0.5583 0.2628 0.2628 03222 0.2990
2019/D/M 0.3864 03053 | 0.6167 03003 0.3053 03810 03530
2019/D/M-CUT 0.5458 02303 | 0.5417 02253 0.2303 03209 0.2963
2019/D/U 02651 04528 | 0.6058 04428 0.4478 04680 0.4348
2019/D/U-CUT 0.4850 02619 | 0.5167 02619 0.2619 03159 0.2866
2019/D/F 0.2266 0.4778 | 0.6725 0.4622 0.4678 0.5000"0.4680"
2019/D/F-CUT 0.5068% 03419 | 04933 03419 03419 03618 0.3302
2019/1/ATM | 03110 03631 | 0.4469 03379 0.3560 03409 0.3445
2019//ATM-CUT | 03703 0.2195" | 03868 0.2195" 0.2195" 0.2511% 0.2484*
2019//M 02651 03395 | 0.4253 03071 03368 03131 03205
2019/I/M-CUT 03368 02178 | 0.3682 02088 0.2178 0.2389 0.2370
2019/1/U 02779 04175 | 0.4340 03765 0.4114 03516 0.3663
2019//U-CUT 03415 02209 | 0.3769 02146 0.2209 0.2447 0.2464
2019//F 0.2566 0.4462 | 0.5283 0.4120 0.4373 0.4190 0.4233
2019/1/E-CUT 0.4074 03229 | 04336 03112 03166 03271 03255

Table 2: Effectiveness of the MeSH term suggestion meth-
ods with respect to precision (P), recall@k (R@k), nDCG@Kk,
and reciprocal rank (RR). M indicates MetaMap, U indicates
UMLS, F indicates fusion, Two-tailed statistical significance
(p < 0.05) with Bonferroni correction between ATM, and the
other methods, for each year is indicated by .

too many MeSH terms. The fusion method achieves the highest
recall across all datasets. However, it never outperforms the other
methods in terms of precision (naturally because it combines all
the MeSH suggestions). We find that: (i) UMLS is the most effective
MeSH retrieval method for recall, (ii) ATM is the most effective
retrieval method for precision, and (iii) that fusion of multiple MeSH
retrieval methods generally leads to the highest recall and lowest
precision.

4.1.2  Ranking of MeSH Terms. Next, we investigate the effective-
ness of the LTR model at ranking the retrieved MeSH terms for each
retrieval method. For this task, we observe the reciprocal rank (RR),
R@k (Recall@k), and nDCG@k of the results reported in Table 2.
We find that (i) because the UMLS method generally has the highest
recall compared to ATM and MetaMap, the ranking performance
was also generally higher than these methods in most measures
and (ii) also, due to the higher recall, the fusion method produces
more effective rankings of MeSH terms, except for RR on the 2018
dataset.
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Method | P P(MLE) P(Opt) | F0.5 F0.5(MLE) F0.5(Opt) F1 F1(MLE) F1(Opt)| F3 F3(MLE) F3(Opt)| R R(MLE) R(Opt)
2017/ORIGINAL | 0.0209  0.0449  0.4873 | 0.0191  0.0528 04953 | 0.0201 0.0625 05113 | 0.0272 0.0967 05510 | 05243 05832  0.6325
2017/ATM 0.0194  0.0451  0.5574* | 0.0163  0.0525 0.5583* | 0.0165 0.0620  0.5662* | 0.0211  0.0961  0.5894 | 0.5391  0.5836  0.6437
2017/ATM-CUT 0.0235  0.0483  0.5171 | 0.0194  0.0542 0.5150 0.0196  0.0633  0.5270 | 0.0251  0.0971  0.5602 | 0.5073  0.5624  0.6266
2017/M 0.0223  0.0482  0.5506 | 0.0186  0.0543 0.5420 0.0186  0.0633  0.5492 | 0.0233  0.0967  0.5730 | 0.5367 0.5798  0.6286
2017/M-CUT 0.0251 0.0495 0.5215 | 0.0204  0.0546 0.5156 0.0206  0.0636 05274 | 0.0267 0.0972  0.5597 | 0.5054  0.5625  0.6231
2017/U 0.0197  0.0460  0.5831* | 0.0169  0.0535 0.5741 0.0169  0.0629  0.5787 | 0.0207  0.0965  0.5949 | 0.5343 05792  0.6321
2017/U-CUT 0.0249  0.0494  0.5237 | 0.0205 0.0548 0.5185 0.0207 0.0639* 0.5299 | 0.0270  0.0978 05613 | 0.5142 05561  0.6235
2017/F 0.0152  0.0432  0.6004*| 0.0135*  0.0522 0.5984* | 0.0136* 0.0621  0.6028% 0.0162* 0.0964  0.6165*| 0.5509 0.5860 0.6482
2017/F-CUT 0.0238  0.0484  0.5335 | 0.0197  0.0542 0.5280 0.0199  0.0633  0.5381 | 0.0256 0.0970  0.5670 | 0.5084 0.5633  0.6260
2018/ORIGINAL | 0.0179  0.0453  0.4768 | 0.0260  0.0640 0.5150 0.0337  0.0810  0.5478 | 0.0610 0.1360  0.6178 | 0.7150 0.7410  0.7749
2018/ATM 0.0126  0.0452  0.5742 | 0.0180  0.0636 0.5996 0.0231  0.0803  0.6237 | 0.0407 0.1338  0.6748 | 0.6759 0.7328  0.7686
2018/ATM-CUT 0.0181  0.0473  0.5048 | 0.0261  0.0667 0.5312 0.0336  0.0840  0.5567 | 0.0599  0.1401  0.6149 | 0.6702 07224  0.7622
2018/M 0.0150  0.0465  0.5401 | 0.0216  0.0656 0.5651 0.0277  0.0827  0.5896 | 0.0489  0.1379  0.6447 | 0.6683 0.7212  0.7635
2018/M-CUT 0.0164  0.0472  0.5026 | 0.0236  0.0666 0.5289 0.0303  0.0840  0.5554 | 0.0538 0.1400  0.6180 | 0.6674 0.7178  0.7628
2018/U 0.0120  0.0452  0.6312* | 0.0172  0.0637 0.6508" | 0.0221  0.0804  0.6700* | 0.0390* 0.1344  0.7077 | 0.6811  0.7481  0.7712
2018/U-CUT 0.0239 0.0489 0.4821 | 0.0344  0.0689 0.5125 0.0441 0.0868 0.5411 | 0.0775 0.1446 0.6046 | 0.6577 0.7104  0.7608
2018/F 0.0108  0.0450  0.6451% 0.0155  0.0634 0.6642* | 0.0198* 0.0800  0.6827% 0.0347* 0.1336  0.7182*| 0.6966 0.7542 0.7781
2018/F-CUT 0.0140  0.0460  0.5581 | 0.0200  0.0648 0.5803 0.0257  0.0817  0.6025 | 0.0455 0.1364  0.6501 | 0.6721 0.7271  0.7638
2019/D/ORIGINAL | 0.0199 0.0780  0.7179 | 0.0289  0.1054 0.7634 0.0373 0.1286 0.7951 | 0.0664 0.1971 0.8636 | 0.8966 0.9154  0.9871
2019/D/ATM 0.0096  0.0706  0.8546 | 0.0139  0.0952 0.8828 0.0180  0.1159  0.9010 | 0.0324 0.1772  0.9375 | 0.8916 0.9763  0.9984
2019/D/ATM-CUT | 0.0196  0.0782 0.7590 | 0.0273  0.1036 0.7901 0.0342  0.1245  0.8134 | 0.0570 0.1842  0.8650 | 0.8375 0.8524  0.9568
2019/D/M 0.0111  0.0715  0.7941 | 0.0161  0.0962 0.8306 0.0209 0.1169  0.8554 | 0.0377 0.1775  0.9069 | 0.8791  0.9340  0.9931
2019/D/M-CUT 0.0172  0.0768  0.7494 | 0.0249  0.1036 0.7859 0.0321  0.1260  0.8123 | 0.0568 0.1917  0.8711 | 0.8393  0.8788  0.9806
2019/D/U 0.0097  0.0711  0.8421 | 0.0142  0.0957 0.8722 0.0185 0.1166  0.8921 | 0.0336  0.1782  0.9326 | 0.8616 0.9564  0.9977
2019/D/U-CUT 0.0146  0.0745  0.8032 | 0.0206  0.0990 0.8295 0.0262  0.1192  0.8488 | 0.0448 0.1764  0.8917 | 0.8381 0.8713  0.9705
2019/D/F 0.0087  0.0707  0.8588 | 0.0128  0.0952 0.8886 | 0.0166 0.1160  0.9073 | 0.0300 0.1779  0.9438 | 0.9075 0.9924 0.9997
2019/D/F-CUT 0.0124  0.0723  0.8022 | 0.0179  0.0969 0.8349 0.0231  0.1173  0.8572 | 0.0408 0.1758  0.9038 | 0.8394 0.8841  0.9830
2019/I/ORIGINAL | 0.0139 0.0573  0.7394 | 0.0160  0.0744 0.7153 0.0183  0.0899  0.7277 | 0.0267 0.1395  0.7527 | 0.6098  0.6657  0.7870
2019/I/ATM 0.0126  0.0590  0.7739 | 0.0135  0.0765 0.7883 0.0151  0.0928  0.7986 | 0.0219  0.1459  0.8181 | 0.6541 0.7436  0.8437
2019//ATM-CUT | 0.0138  0.0594  0.7543 | 0.0140  0.0756 0.7690 0.0156  0.0914  0.7812 | 0.0232 0.1434  0.8049 | 0.6413 07335  0.8371
2019/I/M 0.0111  0.0566  0.7548 | 0.0148  0.0773 0.7814 0.0180  0.0953  0.7967 | 0.0281 0.1511  0.8232 | 0.6447 0.7313  0.8557
2019/I/M-CUT 0.0130  0.0572  0.7374 | 0.0172  0.0769 0.7644 0.0208 0.0939  0.7804 | 0.0316 0.1471  0.8088 | 0.6311 0.7148  0.8451
2019/1/U 0.0096  0.0562  0.7760 | 0.0126  0.0772 0.7980 0.0151  0.0955 0.8106 | 0.0226 0.1525  0.8323 | 0.6469  0.7409  0.8588
2019/1/U-CUT 0.0138  0.0597 0.7564 | 0.0139  0.0759 0.7702 0.0157  0.0920  0.7818 | 0.0238  0.1451  0.8043 | 0.6128 0.7123  0.8340
2019/1/F 0.0088  0.0557  0.7826 | 0.0117  0.0768 0.8040 | 0.0141 0.0952  0.8164 | 0.0215 0.1528 0.8378 | 0.6673 0.7635 0.8641
2019/1/F-CUT 0.0128  0.0591  0.7566 | 0.0127  0.0756 0.7716 0.0141  0.0920  0.7838 | 0.0210  0.1460  0.8070 | 0.6279 0.7244  0.8374

Table 3: Effectiveness of the MeSH term suggestion when used in a Boolean query to search literature for systematic reviews.
M indicates MetaMap, U indicates UMLS, F indicates fusion. For evaluation measures, Opt indicates optimistic treatment of
residuals, MLE indicates maximum likelihood estimation treatment of residuals. Two-tailed statistical significance (p < 0.05)
with Bonferroni correction between the ORIGINAL query for each year and queries with new MeSH suggestions is indicated

by .

4.1.3  Refinement of MeSH Terms. Finally, we investigate the effect
of refining the ranked MeSH terms by cutting off the ranking at a
certain point and discarding the remainder. We estimate this cut-
off point through a parameter. Our tuning results on the training
portions of the datasets are presented in Figure 2. We believe that
the spikes in these plots generally correspond to the inclusion and
exclusion of ties. These spikes are most prominent in the MetaMap,
and ATM methods as these methods do not assign highly discrim-
inative scores to MeSH terms. Furthermore, note that the UMLS
and fusion methods have considerably smoother shapes, as these
methods have highly discriminative scores.

We investigate the effect that this refinement has on the MeSH
term suggestion performance in Table 2 (i.e., with -CUT). We find
that refinement generally improves precision while lowering recall.
The loss in recall attributed to the refinement negatively affects
ranking effectiveness. In most cases, refinement is worse than rank-
ing all of the MeSH terms and often significantly worse than the
ATM baseline (without refinement).

4.2 Search Effectiveness

We next investigate the impact in performance that MeSH term
retrieval, ranking, and ranking refinement has on the retrieval
effectiveness of Boolean queries.

First, we examine the retrieval effectiveness when we consider
unjudged studies to be irrelevant. This assumption is a typical
retrieval evaluation scenario and provides a lower bound on effect-
iveness. For the 2017 and 2018 datasets, we find that few methods
increase precision over the original queries (both are refined rank-
ings); however, for the two 2019 datasets, there is no method where
we see an increase in precision over the original queries. However,
in terms of recall, the unrefined fusion ranking improved recall ex-
cept for a single case (2018). This result is likely because this method
adds the most MeSH terms. For all of the results in precision and
recall, no the results are statistically significant.

Comparing these results to our optimistic and MLE residual
treatments of unjudged studies, we find that (i) the unrefined fusion
ranking achieves the highest results in all evaluation measures
across all datasets, likely a result of the fact that it retrieves the
most MeSH terms; (ii) Although we find that unranked fusion still



ADCS ’21, 2021, Melbourne, Australia

achieves the highest recall for the MLE treatment, it generally
performs worse than other methods.

To our surprise, the refined fusion method did not achieve the
highest result among any evaluation measure or dataset. Indeed,
refinement of rankings generally lowered recall and had a negligible
effect on precision for all methods. This result is interesting for us,
as it suggests that in practice, it is beneficial to add as many MeSH
terms to a query as possible rather than to select a few key MeSH
terms.

5 CONCLUSIONS

In this paper, we presented the new task of suggesting MeSH terms
within the context of systematic review literature search (sugges-
tion for Boolean queries). We provided a comprehensive evaluation
of the effectiveness of MeSH suggestion methods (in terms of re-
trieval, ranking, and refinement). We compared these methods to
the existing method that PubMed uses to suggest MeSH terms
(ATM). We found that both the MetaMap and UMLS suggestion
methods can improve the retrieval effectiveness of Boolean queries.
Unsurprisingly, when we combined the three methods using rank
fusion, we found the highest gains in retrieval effectiveness.

Our methods overcome the semantic limitations of ATM: the
MetaMap and UMLS methods both suggested more relevant MeSH
terms than ATM, and the addition of these terms positively im-
pacted retrieval performance. Often this came with a minor loss
in recall. Note that there are generally between 10-100 relevant
studies per topic: the actual impact of loss in recall is attributed to
only a handful of studies and is likely not to impact the results of a
systematic review.

Identifying MeSH terms to add to a Boolean query for systematic
review literature search is known to be a difficult task for humans
to accomplish. The outcomes of this paper have implications for
both the information retrieval and systematic review communities.
Firstly, our methods can be used in automatic query formulation
situations (see, e.g., tasks in CLEF TAR). Secondly, they can be
integrated into existing tools to assist information specialists in
formulating more effective queries.
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