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Abstract

Systematic reviews (SR) summarise the knowledge available in the literature related to a specific
research topic. Keeping SRs up-to-date with new publications as soon as they become available is
fundamental to avoid their early obsolescence. Recently, automated methods have been proposed
to update one or more SRs. However, particularly in the health care domain, it is necessary to
scale these methods to maintain Living Evidences, which comprise thousands of SRs. In this con-
text, the main issue of using the current methods is that they are SR-specific, that is, they require
manually designing and optimising search queries and eligibility assessment models for each SR.
To address this challenge, the ContReviews system is proposed. ContReviews first leverages an
academic knowledge graph to gather new publications, and then uses a content-based recommen-
dation model to match these new publications to all the SRs in a Living Evidence. To faithfully
represent new publications and SRs, multiple publication properties are used (i.e., title, abstract,
citation network, and authors) and, for each of them, likelihoods of relevance are calculated and
used to learn a relevance assessment function for an entire Living Evidence. ContReviews has
been evaluated on a dataset of 6000+ Cochrane Reviews in the health care domain, reporting
high efficiency and high effectiveness in recommending new publications to the Cochrane Re-
views. Specifically, ContReviews has achieved an average precision of 98.1% with a recall of
100% on the considered Cochrane Reviews.

Keywords: systematic reviews update, living evidence, living systematic reviews, academic
knowledge graph, content-based recommendation systems

1. Introduction

Literature reviews and evidence syntheses are important research practices that aim to ad-
vance science by accounting for the available knowledge. In this context, Systematic Re-
views (SRs) have emerged as a distinctive approach in health sciences to provide a rigorous
and comprehensive way of assessing the relevant literature [1}[2]. SRs are characterised by being
methodical, comprehensive, transparent, and replicable; this systematic approach aims to min-
imise subjectivity and bias [3]]. Unlike SRs, traditional literature reviews are often driven by the
experience of their authors, missing a truly systematic approach.
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The development of an SR involves identifying all the scientific publications that are relevant
to the specific SR’s scientific question. This task is particularly challenging and time consuming,
due to the specificity of the scientific question, the complexity of searching through diverse data
sources, the large volume of published studies, and the rigour necessary to follow SR protocols.
Due to this type of complexity and to the rapid rate of publication, SRs can be of poor quality,
duplicative, and out of date as soon as they are published [4}5,16]. To mitigate these issues, living
SRs have been proposed [[7, 18]. Living SRs involve the continuous surveillance of data sources
and the integration of relevant publications as soon as they become available.

Current approaches to creating and updating an SR blend human and machine efforts [9} [10,
[1]l. To this aim, as illustrated in Figure[I} the following activities are usually performed to keep
a SR current: (i) identify the bibliographic databases that are relevant to the SR; (ii) design highly
specialized SR-specific Boolean queries to search for the most promising citations; (iii) leverage
the publications already included in the SR to train models that can reduce the vast number of
citations identified in the previous step (citation screening) and assess the most promising ones in
greater details (abstract screening); (iv) manually assess the resulting publications for inclusion
in the SR, considering their full text.

Some organisations rely on a significant number of SRs, which need to be of high quality
to achieve their goals. For example, NICE uses thousands of SRs to maintain 350 guidelines,
with the aim of providing recommendations on a wide range of topics related to public health
and social care in Englandm However, maintaining thousands of SRs is a complex task that
requires significant human, financial, and computational resources, often beyond the reach of
many organisations. As a result, Living Evidences, which consists of comprehensive collections
of living SRs that span entire research areas, are proposed [|6,[12]. As previously outlined, Living
Evidences are especially crucial in the health care domain, where the Cochrane Database of
Systematic Reviews [13] (CDSR) is the main resource. The CDSR is kept current with new and
updated SRs being continuously published when ready. A 2010 report estimated that about 11
SRs were published every day [14], and a more recent study found an average of 10,000 SRs
published annually in the last 22 years [10], although some of them may be old or not actively
maintained.

In this context, state of the art approaches are usually designed to update individual SRs
or a small group of them, but are not well suited to update large collections of SRs like Liv-
ing Evidences [6]]. Specifically, their critical issue is twofold. First, complex Boolean queries
are explicitly developed for the target SR, and undergo continuous testing and redevelopment
upon losing effectiveness. Second, supervised machine learning models for citation and abstract
screening are developed, trained, and optimised for the target SR. However, a Living Evidence
system, which considers thousands of SRs, would benefit from a more general approach that can
be applied simultaneously to all the included SRs [[15]].

To address this challenge, ContReviews, an SR-independent system for updating Living Ev-
idences, is introduced in this paper (Figure [2). First, as proposed in [16], ContReviews lever-
ages an academic knowledge graph (AKG), which is a domain independent source of new
publications, that replaces the searching of multiple and heterogeneous bibliographic databases.
Specifically, OpenAlex [17] is used: it is the largest open-source AKG globally, and it is con-
tinuously updated by agents searching the Web and bibliographic databases. OpenAlex provides
new publications that are structured in a relational format, which facilitates the extraction of var-
ious publication properties (e.g., title, abstract, authors, citations, journal, and venue). It is worth
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Figure 2: Workflow for Living Evidence.

outlining that entities, such as authors and citations, are disambiguated and provided by means
of a unique identifier.

Second, a content-based recommendation model is proposed. While content-based recom-
mendation models have been successfully applied in many different application domains, such
as news articles [18]], their adoption in the context of updating SRs is new. These systems are
designed to recommend certain items to users, based on items’ characteristics and user pref-
erences [19, 20]. They differ in the methods used to (i) formally represent item profiles; (ii)
formally represent user profiles; and (iii) match item profiles to user profiles to make recommen-
dations. In the case of Living Evidence, the new publications are the items to recommend, and
the SRs play the role of users. Publication profiles are described through their structured proper-
ties, which are provided by the AKG. In the context of this work, the title, abstract, authors, and
citations of the publications are considered; however, other or different publication properties are
also possible. SR profiles can also be described through the same publication properties, by con-
sidering their included publications. Therefore, a new publication is recommended for inclusion
in an SR if it matches the SR profile.

As explained in Subsection[3.1] both publications and SRs are formally represented by means
of multiple vectors, which are based on the considered publication properties. These vector repre-
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Figure 3: New publications (p; and pj in this picture) and SRs (R in this picture) are represented with one vector
per publication property, which project them in multiple feature spaces (authors, citations, abstract, and title in this
picture). For each publication and an SR their property-specific likelihoods of relevance A,(p,r) are computed for
each publication property 7. The likelihood that a new publication is relevant to an SR is obtained through a rele-
vance assessment function M which uses the property-specific likelihoods of relevance as parameters, i.e. A(p,r) =
M(/laulh(p7 r), /lcit(pa r), /lah.v(p’ r)7 /lrit(P» r).

sentations map publications and SRs to multiple feature spaces, each corresponding to a different
publication property, as shown in Figure[3] In each of these feature spaces, as discussed in Sub-
section publications and SRs are matched and assigned with a property-specific likelihood
of relevance. Finally, as described in Subsection [3.3] a relevance assessment function is com-
puted by combining the property-specific likelihoods of relevance, to determine the likelihood
that a new publication is relevant to an SR.

To evaluate the ContReviews system, experiments using a dataset of SRs published in the
CDSR (that is, Cochrane Reviews) have been conducted. ContReviews provides the following
research contributions in the Living Evidence context.

e To our knowledge this is the first approach to design a model for healthcare-related Living
Evidences, as well as the first proposal to apply a content-based recommendation model to
the extensive field of SR updating.

e As itis based on a content-based recommendation system, ContReviews can be applied to
all SRs in a Living Evidence. In contrast to existing SR updating approaches, this method
eliminates the need to manually design and test SR-specific Boolean search queries, as
well as training SR-specific screening models.

o ContReviews leverages the entire Living Evidence’s data and, compared to most existing
approaches to update individual SRs, it achieves higher efficiency with the same level of
effectiveness. In fact, most health care related SRs include only a few dozen publications
(see statistics in Table , therefore, training efficient supervised machine learning models
for each of them, as most of the current methods do, is a significant challenge.

e The proposed content-based recommendation model leverages property-specific likeli-
hoods of relevance to assess the relevance of publications to SRs. Property-specific likeli-
hoods of relevance represent a novel approach to engineering model features in the space
of methods for updating SRs.

2. State of the Art

In recent years, there has been a growing interest in automating the process of SR updat-
ing, especially in health care, through the application of information retrieval, ML and NLP
4



techniques. Most works in the state of the art focus on methods for identifying the new publica-
tions and automating citation screening. However, systematic comparison of different methods
is challenged by the lack of standardised datasets and common evaluation criteria [[10].

To produce or update high-quality SRs, complex Boolean queries are often developed to
find useful publications. The quality of queries in this setting is crucial, as it affects how many
documents must be verified for inclusion in the final SR by human reviewers [21]]. The problem
of creating effective Boolean queries to make SRs in health care has been tackled with MeSH
term suggestion methods [22], data-driven query generation from existing citations [23]], pre-
trained generative models [24] and seeding methods [25]]. Screening prioritisation, the process
of ranking the set of documents found through Boolean queries, is also studied, as prioritising
the most relevant documents ensures that the next review steps can be done more quickly and
accurately. Screening prioritisation methods at the current state of the art use the final SR’s title
as a query to rank the publications, using neural methods based on language models [26} 27]].

With the rise of living SR, the notion of continuous surveillance of data sources has been
proposed [16, 28| [29]] in contrast to periodically rewriting Boolean queries to update SRs. Re-
cently, freely available academic knowledge graphs (AKG) have also emerged [30, [17]. They
maintain continuous web-scale search over bibliographic databases and publicly available repos-
itories in multiple domains. The Microsoft Academic Graph [30] has been shown to be suffi-
ciently comprehensive to maintain a living map of COVID-19 research, as eligible records could
be identified with an acceptably high level of specificity [L6]. Trialstreamer [29] implements
a continuous aggregated database search with push notifications, covering the majority of the
health care literature and focusing on randomised controlled trials.

Continuous surveillance, similarly to approaches based on Boolean queries, still produces
many publications that need to be evaluated by SR owners; thus, prioritisation is still needed.
Recent works tackle this challenge by focusing on the eligibility assessment of the identified
publications, treating it as a classification problem. To this aim, several models have recently
been proposed to perform abstract screening. These models leverage the representations of title
and abstract and classification models, based on ML [28] [31} 32| 33| [34] and, more recently,
on deep learning [35} 36l 37, [38]]. Methods for representing the title and abstract of the publi-
cation are generally based on embedding models, such as BERT [39], BioMed-RoBERTa [40],
SciBERT [41]], and PubMedBERT [42]]. Variations of these embedding models are also used to
represent in a more effective manner paragraphs (SBERT [43]], text paragraph embeddings [44])
or to exploit graph information (Node2Vec [43]).

Most of these works focus on individual SRs, considering each of them as an independent
dataset. For this reason, models are often trained in the presence of highly imbalanced data, given
that the average SR (especially in health care) includes a few dozen of publications [10}|[13]] while
the amount of publications retrieved from bibliographic databases, either by means of continuous
surveillance or ad hoc Boolean queries, is much larger. The class imbalance, among other factors,
has been a persistent problem that affects the performance of classification models using the title
and abstract of the publication [46].

To address this issue, active learning over a small subset of informative data has been argued
to produce a better generalised model than one trained over more randomly selected data [47]]. In
the context of SRs, reviewers interactively train an eligibility assessment classifier by labelling
publications that the classifier deems to be the most informative [48} 23| [11} 49]]. Other works
tackle the challenge of classification performance over unbalanced data by focusing on repre-
senting publications in a more informative manner; to do so, they consider additional publication
aspects besides their title and abstract [50} |51], such as bibliographic information [46], citation
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network and context [52], MeSH terms and UMLS concepts [48]].

The evaluation of the proposed works is not uniform, not only because a common dataset is
missing, but also because of the evaluation methodology they adopt. The performance of these
works can be reported in terms of classification metrics, usually focusing on ‘Precision’ with
‘Recall at 95% or more [31} 28], “Work Saved over Sampling at r% recall’ [53]], information re-
trieval metrics, and ‘Yield’ and ‘Burden’ for models performing active learning [11]]. Moreover,
instead of considering full automation, some works report their performance in a semi-automated
setting, where human reviewers adopt models to facilitate their work [33]].

3. The ContReviews System to Update Living Evidences

With the publication of new research, it is fundamental to keep Living Evidences up to date.
This task involves the identification of the new publications that are relevant to each SR within
the Living Evidence. This is more formally defined next. Let # be the domain of all scientific
publications, and R be the domain of all SRs, where each SR r € R is formally represented as
a subset of publications; namely, the publications included in r (r € P). In technical terms, for
the scope of this work, an SR is just a collection of publications. The function Pubs returns all
publications included in a subset R C R of SRs: Pubs(R) = |J,czr7. Let R C R be a subset
of SRs belonging to the same scientific domain (i.e., a Living Evidence), and P C P be a set
of new publications which are not included in any of the SRs in the Living Evidence; that is,
Pubs(R) N P = 0. The task is to find the SR-specific subsets of new publications P, C P that are
relevant to each SR in the Living Evidence r € R.

To tackle this task, ContReviews leverages an Academic Knowledge Graph (AKG) to facil-
itate the collection of new publications (i.e., P in the formulation above) and their structured
properties, and a content-based recommendation model to suggest new publications to SRs (i.e.,
to find P, for each SR r € R). The latter leverages the publication properties to describe both
publications and SR profiles and, ultimately, to assess their relevance. To this end, ContReviews
performs the following activities, which are illustrated in Figure [3| and are further explained in
the following subsections:

e cach publication and each SR is represented by means of multiple vectors, reflecting dif-
ferent publication properties, which map them to multiple feature spaces (Subsection|3.1));

e publications and SRs are matched, in each of these feature spaces, through a property-
specific likelihood of relevance (Subsection [3.2);

e pairs of one publication and one SR are sampled from the Living Evidence and used to
train a binary classification model, using their property-specific likelihoods of relevance as
features (Subsection[3.3);

o this binary classification model is used as a relevance assessment function for the content-
based recommendation model to infer the relevance of new publications to all SRs within
the Living Evidence (Subsection |3.4).

3.1. Formal Representation of Publications and SRs

Both publications and SRs are formally described through publication properties. In the
scope of this work, title, abstract, authors, and citations are considered publication properties.
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However, this does not preclude that any set of publication properties can be adopted. As illus-
trated in Figure [3] each publication p € P is represented by a set of vectors v*(p), one for each
publication property nr. Formally, the representation v(p) of the publication p € P is defined as
the following set:

v(p) = " (p),....V"(p) | m, € 1T} (H

where I1 = {ry,...,m,} is the set of considered properties.

Similarly, each SR r € R is represented by a set of vectors v"(r) that summarise all included
publications. In this case, each v"(r) is obtained by averaging the vector representations of the
publications included in it. For each property m € IT:

Vi(r) = avg({v"(p) | p € Pubs(r)}) 2

The specific construction of each vector v*(p) depends on whether the property 7 represents an
entity (such as authors and citations) or a text (such as title and abstract).

For entities, binary vector representations based on vocabularies of entity instances extracted
from all the SRs in the Living Evidence are used. For example, considering a vocabulary of n
distinct author instances, a publication p is represented by a binary vector v*/**(p) of length n,
having 1 as the i-th element if p is authored by the i-th author in the vocabulary, and 0 otherwise.

Texts are represented by two vectors that may carry different aspects of the text. One vector
corresponds to a ‘bag-of-words’ representation, based on ‘Term-Frequency/Inverse-Document-
Frequency’ (Tf/Idf [54]]). The second vector is based on contextual embeddings, obtained using
the SciBERT [41] language model, fine-tuned for the task of updating a Living Evidence (as
described in Section[5.3.3).

3.2. Computing Property-specific Likelihoods of Relevance

A property-specific likelihood of relevance provides a sign of relevance between a publication
and an SR from the perspective of a specific publication property. A set R C R of SRs (that is,
a Living Evidence) and a set of properties Il = ny,...w, are considered. For each publication
p € Pubs(R) one vector representation v*(p) for each property 7 € II is obtained (Equation .
Similarly, for each SR r € R, one vector representation v*(r) for each property 7 € II is also
obtained (Equation . For each SR r € R, a set of publications S, = P U N is sampled from
Pubs(R), where P comprises a sample of publications included in r (i.e., relevant to ) and N
comprises some publications randomly sampled from other SRs (i.e., irrelevant to r):

S,=PUN C {p € Pubs(r)} U {p € Pubs(R) — Pubs(r)} 3)

The property-specific likelihoods of relevance (with respect to a publication property 7 €
IT) between a publication p and a SR r, denoted as A,(p, r), represents the likelihood that there
exists a less relevant publication to r than p, considering the sample S,. The following equation
expresses this concept, where | - | denotes the cardinality of a set and cos_sim denotes the cosine
similarity of two vectors:

A(p.r) = {p’ €S, : cos_sim(Vv"'(p’), T;(T)) < cos_sim(V"(p), V" (r)}| @

To further explain the above concept, consider Figure ]
The rationale behind using property-specific likelihoods of relevance is based on the obser-
vation that only a few publications, among the many existing, are relevant to an SR. Assuming
7
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Ry = P11, Przs Pra p = vi(p) publication representation w.r.t. title
Ry = Pats Paa R R - v'(R) SR representation w.r.t. title

Ra = P31, Paz Pa,as Paa Pas cos_sim(v™(p), v*(R)) p and R cosine similarity
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pis a new publication —» cos_sim(v"(p),v"(R,)) =0.95 — A7(p,R;) =6/7

Figure 4: An example based on a Living Evidence with three SRs (i.e., R = {R1,R2, R3)}), each one including some
publications p; ;. The publication property fitle is considered, which yields vector representations for publications (i.e.,
vi(pi,j)) and SRs (v'(R;)). Focusing on Ry as an example, the set Sg, is constructed considering the set of included
publications and a sample of the excluded ones. Pg, and Ng, yield the set of cosine similarities cos_sim(v*(p; j), V¥ (R1)).
The values in Pg, are all expected to be close to 1, because they are calculated for the publications included in Rj.
Equivalently, the majority of values in Ng, are expected to be lower, because they are calculated for the publications
which are not included in R;. To calculate the likelihood A.(p, R;) that a new publication p is relevant to R; with respect
to 7, the cosine similarity cos_sim(v?(p),v'(R)) is calculated. Say its value is 0.95, then A.(p,R;) = 6/7. In fact, there
are 6 over 7 publications in S g, whose cosine similarity values with respect to R; are lower than 0.95.

that the relevant publications are ‘closer’ to the SR than the majority of publications (i.e., they
have a higher cosine similarity in the corresponding feature spaces), the ‘likelihood that a less
close publication exists’ provides a measure of relevance. Thus, to describe the relevance be-
tween a publication p and a SR r with respect to a set of publication properties I1 = {ry, ..., 7,},
the vector of property-specific likelihoods of relevance {4, (p, 1), ..., Az, (p, )} is used. In addi-
tion, the reason for using likelihoods of relevance, rather than bare similarity scores, is the fact
that many SRs are related to similar research questions, or are compiled for the same research
topic. Thus, some publications and SRs might be similar from the angle of certain properties
just because of that, and the cosine similarity would not be significant. For example, ‘smoking
cessation’ is a group of several SRs in the human behaviour domain: clearly the language used in
these SRs is homogeneous, and potentially also authors and citations are so. Thus, publications
from such subdomains might have high absolute similarity scores with all the ‘smoking cessa-
tion” SRs, even if they are irrelevant. Likelihoods of relevance provide a statistical dimension for
evaluating relevance, allowing the extent of similarity for relevant publications to be emphasised
compared to irrelevant (but plausible) ones.

3.3. Training the relevance assessment function

The relevance assessment function is a model that infers the relevance of new publications
to SRs in a Living Evidence. ContReviews implements this relevance assessment function as
a binary classification model which uses property-specific likelihoods of relevance as features.
This model is denoted as MZ, where IT is a set of publication properties, and R is the Living
Evidence.

MR is trained with data from the entire Living Evidence. To obtain a supervised dataset for
training, pairs of one publication p € Pubs(R) and one SR r € R are considered. Specifically,
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each element in the training dataset is constructed by means of the following items:

o the property-specific likelihoods of relevance A,(p, r), providing one feature for each pub-
lication property 7 € IT;

e a binary label, which holds 1 if p € r, and O otherwise

3.4. Inference

Let R be a Living Evidence and P a set of new publications such that P N Pubs(R) = 0. To
score the relevance of the new publications to each SR in the Living Evidence, the model M’;[
introduced above is used. Specifically, for each pair of a new publication p* € P and an SR r € R,
this inference step is achieved by doing the following:

o calculate the new publication’s vector representations for each publication property, based
on Equation[] i.e., ("' (p*), ..., V" (p*)};

e calculate the property-specific likelihoods of relevance, based on Equation 4] i.e.,
{/lﬂl (p*’ r)’ ceey ﬂﬂ,,(p*’ r)};

e score the vector of property-specific likelihoods of relevance associated to the new publi-
cation p* and the SR r by using the relevance assessment function model:

/l(p*7 r) = Mﬁ(/lm(p*, r)’ ceey /lﬂ,l(p*’ r))

A(p*, r) provides the likelihood that p* is relevant to r.

4. Experimental Settings

ContReviews is the first attempt, to our knowledge, to address the problem of Living Ev-
idence. Common datasets and benchmarks for this problem, thus, are not available. Indeed,
as discussed in Section [2] several researches have addressed the problem of SR updating, thus,
several datasets are available; however, they are either too small to be significant in the Liv-
ing Evidence space, too specific to an SR updating sub-task (i.e., query development, citation
screening and abstract screening), or just too old [[10]. Instead, to be realistic, ContReviews pro-
poses an approach to evaluate the Living Evidence updating task which requires to assess several
(i.e., thousands) SRs at once. For this reason, ContReviews is evaluated by using a new dataset
of Cochrane Reviews (CR), which comprises 6,300+ SRs and 164,000+ included publications.
This is a very large dataset in the specific context of updating SRs and Living Evidences, in fact,
as previously outlined, the relevant works at the state of the art mostly consider one or more SRs.

4.1. Data Pre-processing

The publications in the CR dataset are matched with those maintained in OpenAlex, to gather
the publication properties needed by ContReviews. This is necessary as the CR provide publi-
cation properties in text form, which require disambiguation. To this end, a selection of CR
publication properties (title, journal, authors, volume, issue, pages, and DOI) is used to query
OpenAlex publications through its APISE] Furthermore, deduplication is applied when multiple

Zhttps://docs.openalex.org/#access
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Table 1: Statistics about train and test datasets: number of SRs and their included publications.

Train dataset Test dataset
CR-5 CR-40 | CR-5 CR-40

Num. SRs 6395 699 6395 699
Num. subdomains 52 52 52 52
Tot num. publications 141240 | 45636 | 22955 | 4800
Min num. publications per SR | 3 3 2 2
Avg num. publications per SR | 22 65 3 6
Max num. publications per SR | 596 363 10 10

OpenAlex publications match the same CR publication. Thus, a set of disambiguated publica-
tions described by title, abstract, citation network, and authors is obtained.

Two distinct datasets are generated over the CR—denoted as CR-5 and CR-40—which cor-
respond to all the SRs in the CR including, respectively, at least 5 publications and at least 40
publications. CR-5 and CR-40 are used to generate the training and test datasets. Specifically,
CR-5 helps to evaluate ContReviews with small and large SRs, and CR-40 to compare Cont-
Reviews with state of the art methods. In fact, as previously discussed, the latter usually leverage
one model per SR, requiring enough publications to support model training.

4.2. Train and Test Datasets

To train and test ContReviews, supervised datasets are generated from CR-5 and CR-40 (Ta-
ble . The elements of each dataset are based on one publication, one SR and their label, which
holds true if the publication is relevant to the SR (positive publications), and false otherwise
(negative publications). To discriminate which publications to use for training and which for
testing, the date of publication is used: for each SR, the most recent 10% of included publica-
tions are used for testing, and the rest is used for training. These are all positive publications,
because CR-5 and CR-40 comprise only relevant publications. In addition, some negative pub-
lications for each SR are artificially generated, by simply considering that publications included
in one SR can be taken as negative publications for other SRs. It is worth noting that SRs in
a Living Evidence belong to the same scientific domain, and there are several subdomains with
homogeneous SRs. Moreover, to have enough differentiation, an additional source of negative
publications is used, i.e. a set of health care related publications not included in any of the SRs
in the CR (external publications).

The test dataset is restricted to have at least 2 and at most 10 positive publications per SR.
In addition, 25 negative publications for each positive one are sampled from the external set
of publications. The intention of this empirical setting is to simulate a realistic stream of new
publications, where most of them are completely irrelevant to each SR in the CR dataset, and
only a few of them are relevant for each SR.

The train dataset is restricted to having a maximum of 75 positive publications for each SR
and 10 negative publications for each positive one. In contrast to the test dataset, where the
negative publications are external to the CR dataset, the negative publications in the train dataset
are sampled from other SRs within the CR dataset. This is specifically purposed to support the
computation of property-specific likelihoods of relevance; in fact, to make them effective, their
computation should involve a set of publications that are similar to each other. Hence, they are
sampled from the CR dataset.
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In addition, positive and negative publications in both datasets are enriched with the property-
specific likelihoods of relevance required by the relevance assessment function. Calculating them
involves obtaining publication vector representations for all the publication properties considered
by the model. The evaluation setting considers representations of texts (i.e., title and abstract)
based on bag-of-words and embeddings, and representations of entities (i.e., authors and cita-
tions) based on binary vectors. To obtain binary vector representations of the citation and author,
the information extracted from OpenAlex is used to construct vocabularies of citations and au-
thors. To obtain vector representations based on bag-of-words of title and abstract, texts are
lowercased, stop-words removed, and tokenised over unigrams. All unigrams obtained from all
publications in all the SRs are used to construct a vocabulary of terms, so that publications can
be represented as vectors of Tf-Idf scores based on their title and abstract. In addition, to obtain
vector representations for the publication based on embedded titles and abstracts, a fine-tuned
version of SciBERT [41] is used. SciBERT is pre-trained on a corpus of 1.14 million scientific
papers and is therefore closer to the health care context than more general language models.
SciBERT was fine-tuned to predict publication relevance to SRs, through a multi-label classifier.

4.3. Training the Relevance Assessment Function

A binary classification model based on LightGBM [55,156] is used as a relevance assessment
function. The LightGBM model is trained on the dataset introduced above, which contains pairs
of one publication and one SR, their likelihoods of relevance representing features, and a binary
label representing relevance. As discussed, to support the calculation of likelihoods of relevance,
the training dataset holds 10 negative records for each positive one: to avoid any issue related to
class unbalancing, negative publications are downsampled prior to training the binary classifier.

5. Evaluation

The evaluation results are reported in Table [2| as descriptive statistics of the best precision
with recall of 95% or higher, computed over all the SRs in the Cochrane Reviews (CR) test
dataset introduced above.

5.1. Baseline

As previously mentioned, evaluation benchmarks are not available in the context of Living
Evidences; therefore, two baseline methods are developed and evaluated on the CR datasets. Let
r be an SR, and p be a publication whose abstract is denoted as p®. Moreover, let e(-) be a func-
tion that returns the embedding of the input text. The first baseline method, as proposed in [[10],
evaluates the cosine similarity between an abstract embedding (i.e., e(p?)) and the average em-
bedding of the abstracts included in an SR (that is, avg({e(p?), p; € r})). Specifically, this cosine
similarity is used as a measure of the relevance of p to r. The second baseline method shadows
the abstract screening methods proposed in several state of the art studies [28) 32, 35 137]]: a bi-
nary classification model per SR is trained—based on the LightGBM algorithm [S5]—that uses
the embeddings of abstracts included in an SR (i.e., {e(p{), p; € r}) as model features.

To assess the evaluation, the classification metrics of precision with recall of (at least) 95%
are used, as proposed in [28 [32] 35| 37]. The rationale behind this is twofold: in one way,
the priority for SR updating models is to capture all the relevant publications (that is, the recall
should be as high as possible); on the other hand, although precision can be sacrificed in the name
of high recall, it is still desirable to achieve good precision to lower the number of the irrelevant
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Table 2: Average precision and recall over all the SRs. Recall above 95% is specifically considered. The standard
deviation refers to precision.

\ Dataset \ Avg recall \ Avg precision | Std Dev

classification@eABST (pt) | CR-40 | 0.981 0.115 0.202
classification@eABST (ft) | CR-40 | 0.982 0.211 0.356
similarity @eABST (pt) CR-40 | 0.981 0.065 0.092
similarity @eABST (ft) CR-40 | 0.981 0.227 0.372
ContReviews @IGBM CR-40 1 0.974 0.086
ContReviews @I GBM CR-5 1 0.981 0.086

publications that are recommended to reviewers and, ultimately, to reduce the amount of manual
efforts.

The descriptive statistics of the evaluation metrics for all the SRs in the CR dataset are re-
ported in Table[2} similarity@eABST refers to the first baseline method, using cosine similarities
between the embeddings of publications and SRs; classification@eABST refers to the second
baseline method, where abstract screening is considered. The baseline methods using both the
pre-trained SciBERT language model and its fine-tuned version introduced in Subsection[d.2] are
evaluated. The notations pt and ft are used to refer to embeddings based, respectively, on the pre-
trained SciBERT and its fine-tuned version. Note that the classification@eABST baseline results
are only reported for the CR-40 dataset, in fact, CR-5 would have to few included publications
per SR to train the abstract screening models.

5.2. Main Evaluation Results

ContReviews evaluation results are reported in Table 2] (ContReviews@IGBM). They show
that ContReviews achieves average precision above 97.4% with recall of 100% with both datasets.
Instead, both the baseline methods (similarity@eABST and classification@eABST) achieve re-
call greater than 98% as ContReviews does, but at the price of precision being significantly lower.
As discussed, lower precision rates correspond to an higher amount of irrelevant publications
recommended to reviewers, triggering additional human labour. In addition, ContReviews shows
better standard deviation over SR precision values, meaning that the average precision is more
regular compared to the baseline methods. Note that the latter have much higher standard devia-
tion, except similarity@eABST (pt) which, however, achieves the lowest precision.

Table [3] reports the statistics on the precision gap between ContReviews and the baseline
methods. It shows that for a small fraction of SRs (the % worst column is less than 4%) the
baseline methods perform better than ContReviews in terms of precision with a recall grater than
95%. However, ContReviews still achieves precision values above 86% (Avg precision column),
though the gap with the baseline method is consistent (Avg gap column is above 11%). Moreover,
shifting the threshold for recall from 95% to 97%, ContReviews beats the baseline methods for
all SRs.

Figure [5] shows descriptive statistics about the results summarised in Table 3] Specifically,
it uses candlesticks to display the precision values for each SR, and represent them for both
ContReviews @ LightGBM (precision_y) and the best baseline method (precision_x). In addition,
their gap (delta_p) is also shown. The candlesticks show that the interquartile range of both
models (that is, the precision points between the first quartile and the third quartile) collapses
to the median value; and that the SRs achieving better precision with the baseline method are
outliers.
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Table 3: Statistics about the gap in precision between the baseline methods and ContReviews, with the CR-40 dataset. %
worst of all the SRs perform better with the baseline methods; for them ContReviews achieve average precision as of Avg
precision with a gap to baseline methods as of Avg gap.

Model [ Threshold | % worst | Avg precision | Avg gap
classification@eABST (ft) | 0.95 3.15% 0.867 -0.113
similarity @eABST (ft) 0.95 3.78% 0.870 -0.106
classification@eABST (ft) | 0.97 0% na na
similarity @eABST (ft) 0.97 0% na na
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Figure 5: Candlesticks of precision with recall of 95%, for similarity@eABST (ft) (leftmost), ContReviews @ LightGBM
(center) and their gaps (rightmost). The box extends from the first quartile to the third quartile of the precision points,
with a line at the median; and the whiskers extend from the box to the farthest data point lying within 1.5x the inter-
quartile range from the box. Outlier points are those past the end of the whiskers.

Candlesticks provide a good intuition of the ContReviews performance compared to baseline
methods. To formally confirm this intuition, a statistical significance test is used to verify the
“null hypothesis” that both samples of precision values are drawn from the same population.
Rejecting this null hypothesis means that there is a significant difference between the means, that
is, they are not different by chance, and so it is the observed difference in performance between
the baseline methods and ContReviews. Specifically, the Kolmogorov—SmirnovE] two-sided test
rejected the null hypothesis, hence, the means of the baseline method and ContReviews are drawn
from different populations, and their difference is statistically meaningful.

Finally, ContReviews shows good adaptation to large datasets with small SRs, i.e., CR-5 holds
6000+ SRs with 22 publications included on average, and some of them have a few publications
included. The chart in Figure[6]shows the trend of precision with recall of 100% for SRs with up
to 50 publications included, being above 86%.

3Python function ‘ks_2samp’, https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.
ks_2samp.html

13


https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.ks_2samp.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.ks_2samp.html

1.00 A

0.98 4

0.96 A

0.94 4

0.92 4

0.90 1

0.88 1

—— precision
0.86 recall

2 8 14 20 26 32 38 44 50
SR size

Figure 6: Precision with recall of 100% obtained by our ContReviews with the CR-5 dataset; data points are plot for SRs
with 50 publications included at max, in bins of size 5.

5.3. Ablation Studies

To assess the evaluation results introduced above, the following aspects are considered: (i)
using property-specific likelihoods of relevance, instead of bare cosine similarities; (ii) using
multiple publication vector representations, instead of a single one based on the publications’
abstract; (iii) using alternative embedding models. To this aim, the single property model is
introduced, that is, a simplified version of ContReviews based on a single publication property.
This single property model is based on one likelihood of relevance, which corresponds to the
considered property. This likelihood of relevance is directly used to assess the relevance, i.e., no
relevance assessment function is used.

5.3.1. Using property-specific likelihoods of relevance

To assess the importance of using property-specific likelihoods of relevance, two models are
compared: one (ContReviews@eABST (ft) in Table [) is the single property model based on
abstracts; the other one is the baseline method similarity@eABST reported in Table[2] These two
models differ only because the former leverages the property-specific likelihood of relevance,
while the latter uses the absolute cosine similarity. ContReviews@eABST (ft) largely outperforms
similarity@eABST (with or without fine-tuning), that is, using property-specific likelihoods of
relevance is effective. In addition, the evaluation results for other single property models (i.e.,
SABST, sTITL, sCITA, sAUTH) are also reported in Table Et they all outperform the baseline
methods in Table 2] showing the effectiveness of property-specific likelihoods of relevance.

5.3.2. Using multiple vector representations

The effectiveness of using multiple vector representations is also evaluated, by comparing
ContReviews using all the available publication properties (i.e., ContReviews@IGBM (ft) in Ta-
ble2) to single property models (i.e., ContReviews@eABST (ft) in Table[d). The former achieves
the best results on all the evaluation tests, showing that using an ensemble of vector represen-
tations is effective. However, single property models, especially those using abstracts (Cont-
Reviews @sABST and ContReviews @eABST (ft)), are more computationally efficient and achieve
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Table 4: Evaluation results for models using one single property, in terms of precision with recall of 0.95 or greater. The
notion of P(R) is used. ContReviews@feat uses one single property, without a relevance assessment model. feat can
be embeddings of abstracts (eABST), bag-of-words representation of abstracts (sABST), embeddings of titles (e7ITL) or

binary representations of citations (sCITA) and authors (sSAUTH).

CR-40 CR-5
Model Mean - P(R) | Std dev - P(R) [ Mean - P(R) [ Std dev - P(R)
ContReviews@eABST (ft) | 0.964 (0.981) | 0.11 (0.036) na na
ContReviews @sABST 0.944 (0.981) | 0.131(0.036) | 0.919(0.995) | 0.175(0.02)
ContReviews @sTITL 0.875(0.981) | 0.216 (0.364) | 0.87 (0.995) | 0.232(0.19)
ContReviews @eTITL (ft) | 0.953 (0.981) | 0.132(0.036) | 0.881 (0.995) | 0.222 (0.02)
ContReviews @sCITA 0.517 (0.981) | 0.470 (0.036) | 0.623(0.995) | 0.461 (0.02)
ContReviews @sAUTH 0.191(0.981) | 0.349 (0.036) | 0.173 (0.995) | 0.334 (0.02)

comparable average results (though their standard deviation is considerably higher, suggesting
that they are less regular across all the SRs).

5.3.3. Embeddings

The evaluation results reported in this section are based on three embedding models. The
first model, SciBERT [41]], is pre-trained on a corpus of 1.14 million scientific papers, making it
more closely aligned with the context of Cochrane Reviews than more general language models.
The second model is fine-tuned to predict the relevance of publications to SRs, using the training
dataset described in Subsection It specifically employs a SciBERT encoder with a multi-
label classifier built upon it.

A third model based on LongFormer [57], and fine-tuned for semantic similarity using the
same network setup and training approach as Specter [58]], was considered. The rationale behind
this third model is twofold. In one way, it has been empirically observed that SciBERT, as well
as other embedding models based on BERT, often truncates the CR abstracts. This is due to the
maximum input sequence length being significantly lower than the average abstract length, which
exceeds 2000 tokens, as seen in the CR dataset. In contrast, Longformer supports longer input
sequences. On the other hand, as the property-specific likelihoods of relevance are determined
through cosine similarity, an embedding model designed to optimise a loss function based on
cosine similarity becomes appealing.

These embedding models are evaluated for their ability to determine the relevance of new
publications to SRs, by using the test dataset introduced in Subsection [4.2] (results are presented
in Table E]) To this aim, two relevance assessment functions are considered: the first one is a
binary classification model using the input sequence embeddings as features (i.e., LightGBM,
similarly to the previous evaluations); the second one simply uses the cosine similarity between
the SR’s embeddings and the publications embeddings and a threshold for classification. In
addition, to obtain abstract embeddings, two methods have been evaluated, respectively denoted
as pooler and average in Table[5} the first considers the token trained to represent the entire input
sequence; the second averages the embeddings of all the input sequence tokens.

It can be observed that almost all the fine-tuned models achieve consistent performance: the
baseline method, the fine-tuning task, and the method to obtain sentence embeddings do not
seem to be important to determine the quality of the obtained embeddings, at least in regard to
the considered downstream task. Thus, it can be concluded that fine-tuning over SRs data is the
most important factor for obtaining high-quality embeddings. Moreover, the model based on
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Table 5: Evaluation results for different embedding models.

LightGBM Cosine similarity
Model Method | Precision | Recall | Precision | Recall
SciBERT Pooler 0.073 0.979 | 0.046 0.979
pre-trained Average | 0.141 0.979 | 0.213 0.979
SciBERT Pooler 0.209 0.979 | 0.213 0.979
fine-tuned Average | 0.213 0979 | 0.218 0.979
LongFormer | Pooler 0.134 0.976 | 0.072 0.976
pre-trained Average | 0.129 0.979 | 0.058 0.979
LongFormer | Pooler 0.212 0.979 | 0.212 0.979
fine-tuned Average | 0.167 0.979 | 0.091 0.979

LongFormer is more computationally expensive compared to SciBERT, due to the larger size of
the baseline method, and to the more complex training approach.

6. Conclusions and Future Work

In this work, ContReviews is proposed to address the challenge of updating Living Evidences,
that is, keeping large collections of Systematic Reviews (SRs) up to date as soon as new publi-
cations are available. ContReviews is specifically proposed in the context of health care, where
Living Evidences are crucial.

ContReviews leverages an academic knowledge graph (i.e., OpenAlex [17]) to identify all the
most recent publications, and a content-based recommendation model to match them to the SRs
in a Living Evidence. This approach demonstrated to adapt well to the Living Evidence updating
challenge, where thousands of SRs must be kept current. On the contrary, traditional approaches
are tailored to a specific SR, and applying them to the Living Evidence problem would require
excessive efforts.

The reported experiments show high average precision (that is, 98.1%) with high recall (that
is, 100%) across all SRs in the test Living Evidence. In contrast, models at the state of the art
depend on SR-specific data and, to achieve high recall, need to sacrifice precision aggressively.

Future work will focus on improving the current model from a computational efficiency per-
spective. More sophisticated embedding methods might help to obtain more informative and
denser representations for publication properties. Finally, additional validation is needed for Liv-
ing Evidences in different domains (i.e., non-health care), as they have different characteristics.
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