Automated support for systematic
reviews: dream or reality ?

Workshopcontributors:

A JeremyWyatt (Wessex Institute, Southampton): Workstams & scope;
overviewof the potential role of automated tools to support the BiRcess

A JamesThomagEPPI Centre, UCHow well do current and emerging tools
perform ?

A Elaine WilliamgNETSCC, Southampton): Can study publishers such as the
NIHR Journals Library provide machine readable protocols and study result:

A Geoff Frampton, (SHTAC Southamptén)K I 0 Q& | £ f hightE &
thesetools help me ?

A You: discussioan training needs, likely niche areas of use, usguirements,
criteria foradoption etc.

A JW: Closing remarks & next steps |
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Workshop aims & Scope

Aims:

ATo helfp reviewers understand the current and potential
role of automation in supporting the SR process

ATo help_those working on automated tools tqQ better
dzZy RSNEGUF YR GKS NBOASSH LINE

ATo explore the implications of automated support tools
for reviewers

Scopetools that go beyond simple data management

Outputs: report & recommendations for partners;
journal article / manifesto; other ?
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Overview of SR
automation

Jeremy Wyatt
Professor of Digital Healthcarel3trector,
Wessex Institute, University of Southampton
J.c.wyatt@soton.ac.uk



Overview

ADo we have a problem with SRs ?

AWhy is this happening ?
AWheremighttechnology be able to help ?
Alnsights from Rogers & Gartner

ASome key questions to ask
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/| NB lj glzastio HSBRs includeelevant evidence*

Methods:
A 1dentified 29 SRs (13 since 2013) on 47 treatméntson-small cell lung cancer

A Compared with 6 cumulative network meta analyses 20095 of 77 RCTs (pub
2000Nov 2014) on same treatments (54 comparisons, 29000 pts)

Results:

A SRs in best year covered 55% of RCTS, 70% of patients, 60% of treatments,
of comparisons

A Persisted when they excluded RCTs on drugs that failed Ph2 studies, were pt
abstracts or after the last SR

A Median interval from last SR search to publication: 9m (IQBrb)

A Only 21% of SRs reported duplicate study selection & extraction, comprehen:
search of lit + industry sources

ConclusionstSRs of a giverondition provide a fragmented, out of date panoram:
2F GKS SQARSYOSX¢ ¢CKAA 61 aisS 2F NBa
meta analysis ® / NI |j dzAMedicé 20t6f = . a/
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[ NB lj ldzh cantusative network
metaanalysis

Live cumulative network meta-analysis

Initial NMA Updated NMA i Updated NMA i+1
Updating Updating
of NMA Search of NMA Search
Assesment of Screening and Assesment of Screaning and
risk of bias selection risk of bias selection
Data Data
extraction extraction

Fig. 5 A new approach to synthesizz evidence: live cumulative network meta-analysis. Starting from an initial NMA, a research community would
regulary (eq, every 3 months), search for, screen, and select trials with new results and, if any, extract data, assess the risk of bias, and update the
MMA. NMA network meta-anabysis
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Some possible reasons for these problems

Supply side challenges:

A The tsunami of new trials: 40,000 pa. (i€l090 /day)[PT = clinical trial,
publication year = 2014]

A Trials published only as abstracts: 20% in Crequit 2016
A Inadequate RCT reports eg. interventidescriptions TIDIER checklist)

A Wider range of interventions & measurésadequate lexicon & indexing
processes

SR process issues:

A Increasinglycomplex reviewprocesses following growirgyidence of SR biases
andshortcomings

A Shortage of SR funding and skilled review staff
A Reluctance of some J to publish SR updates

A Insistence of some reviewers to use gold standard methods even when time &
resources are short

A Eailure to eg)l_pit new technolqgy (Elliott 2014, Tsafnat 2@1e¥)new tech that
R2SayQu ulFOl1tS UKS NBFt LINEof SYa K
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Some barriers to review excellence

Searching Too many studies [P A O £ v dzZSNRS
OIS GKAae K
<
Missing studie \8\0 RG study registers
WY Full text searches ?
< Natural language understanding ~
) . .
04\5 Machine translation ?
Critical appraisal ) .\ef-,’ g, poor quality Duplicate assessment
é\& gdies Robot Reviewer ?
Data extraction (&06 ncorrect data Duplicate extraction
R\ XML structured study reports
Data synthesis Ignoring Check? investigate via sensitivity
heterogeneity analysis etc.

Other ?
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Emerging tools to consider

Search, screening & updating:
A Query expansion
A Machine translation
A NLU for full text searches
A ML to build RCT database

Critical appraisal:
A Robot Reviewer etc.

Data extraction:
A Machine translation
A XML:structured study reports (methods & data)
A Natural language understanding for automated data extraction

Synthesis and conclusions:
A Automated synthesis tools
A Automated summaries
A Graphical summaries / data graphics

Al stages: SUppOIfDI’ crowd sourcing UNIVERSITY OF

Southampton



Where are we on the Rogers curve
and Gartner Hype cycle ?
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Some questions

What are thereal reviewing problems & challenges that reviewers
need help with ?

How easy to use, fast and accurare these automated toolsiow ?
How fast & accurate would these toalsedto be to help us ?

How to link up tool developers witlypical reviewers, to ensure
that the resulting tools are usable and useful ?

What are the potentiaimplicationsof these tools:

A Will we need training in these tools ?

A Will we see deskilling of reviewers ?

A Will they hasten moves towards structured methods & results
asSOuAZ2zya Ay audzRe NDBLIZ NI a 0

Should we even start from here, omew the time to reengineer

the wholeknowledge chain RERSTIT G
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How well do current and
emerging tools perform?

James Thomas, EPPI Centre, UCL



Tools can perform different
functions

ASearch screening and updating

A Screening of citations
AWal LILIAY3IQ NBASI T
ADatabase creation / curation Increasing

interest and

ACritical appraisal evaluation

activity

AData extraction
ASynthesis and conclusions
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O'Mara-Eves et al. Systematic Reviews 2015, 4:5 -
http://www.systematicreviewsjournal.com/content/4/1/5 ” SYSTEMATIC

Citation screening

Using text mining for study identification in
systematic reviews: a systematic review of
current approaches

Alison O'Mara-Eves', James Thomas'", John McNaught?, Makoto Miwa® and Sophia Ananiadou?

A Has received mos&d attention
A Diverse evidence base; difficult| -

to compare evaluations o
p u issues, the r aims to inc e e poten
research be the comp and systematic review communities.
~ Fa 4 4 ~ h_d Me s: jiv arch guestions ur : wigms the Satte of the evidence base; how has workload reduction
LIJ a S - deu 2 Y I' u S R ! ! I' LJ I bﬂN{%ﬁ artlﬂm pury f &umﬁn aa:lw effective are they; how have key contextual
h oS a text minina T e tic / fie) en addr d: and what challenaes to

A Possible reductions in workload
in excess of 30% A Screening prioritisation

A Automation can help jn three .~ AWal ¥S 42 daso
I NBF &2 ALK AyONBIOXKAYS HBANK 895 O
obtaining 100% recall: A Use with care

A Automatic study exclusion

A Highly promising in many areas, but
performance varies significantly
depending on the domain of literature
being screened
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Mapping research activity

Altis OSSIb|e to appl
W] 5 5 NE &0
au omatlcaléy without nee,_dm%
u 2 OKQ UK

beforehand

At KAAa NBf ASaA
technologyc which groups
studies which use similar
combinations of words

AVery few evaluations

A Can be promising, especially
when time is short

A But users have no control on the
terms actually used

2y

. . Research
Original Article Synthesis Methods
Re.:.ﬂl(fed 23 Namumber 2000 .E;VISEd 21 March 2013, Accepted 21 April 2013 Published online in Wiley Online Library

(wileyonlinelibrary.com) DOI: 10.1002/jrsm.1082

S ’CIuXelin@&u;neyissltomatically to

support scoping reviews of research: a

ase stu
Clam:.gagelg Jgfes omas g.loser}?}m Man%h Q

Background: Scoping reviews of research hel Ipd termine the feasibility al d h
conducting a systematic review, an: d h e potential to generate a descriptiol
attractive.

fhl qkly

Aims: To test the utility and applicability of an automated clustering tool to describe and group r: rch

studies to improve the efficiency of scoping reviews.




Database creation / curation

Alf training data are available, F
It Is possible to build a :
classification tool which can
determine whether a given
citation is within the scope
of a database or not

AFor simple categorisatiorts
such as whether something
IS an RCT or nat
performance is impressive

AThe more data the better

AUC =0.984143

Cochrane Evidence Pipeline (overview) () : gt




Risk of Blas assessment

AEmerging area; e.g.
ARobotReviewer
AMillard, Flach and Higgins

ATools can accomplish two
urposes:

Int. J. Epidemiol. Advance Access published December 8, 2015

International Journal of Epidemiolagy, 2015, 1-12
doi: 10.1093/ije/dyv306
Original article

BE

Original article

Machine learning to assist risk-of-bias
assessments in systematic reviews
Louise A.C. Millard,"->3* Peter A. Flach™* and Julian P.T. Higgins'?

'MRC Integrative Epidemiology Unit, *School of Social and Community Medicine and *Intelligent
Systems Laboratory, University of Bristol, Bristol, UK

Aldentify relevant text in
the document

A Automatically assess risk
of bias

ACan perform very well on
some dimensions dRoB

*Corresponding author. School of Social and Community Medicine, Oakfield House, Oakfield Grove, BS8 2BN. E-mail g
louise.millard@bristol.ac.uk K]
g
Accepted 23 October 2015 g
7
Abstract g
Backaround: Risk-of-bias assessments are now a standard component of svstematic <
o e e e e peane | ] Robot Seviewer (powere X |+ o
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Methods
Study population

Between April 2009 and November 2012, we recrufted
pregnant women by telephone after thelr frst antenatal

it {conducted at efther hospital of a commu ANotaion Concasiuart
nity clinic), from 13 hospital antenatal clincs in London, sing 10w

Surrey, Kent, and Cheshire. In the United Kingdom all  five days a week. The emphasis was on brisk walking.

pregnant women are booked for delivery in the second-  and pedometers (Digl Walker SW-200; Yamax, Notting: rall sk of b

ary care seting,
diver at b
Pregnant smokers
would be expected to be cared for in hospital. Inclusion
Criteria were wanting 1o stop smoking, wanting help
with stopping smoking, agreeing 1o set a date for quit
ting smoking within one week of the baseline vist, a
0-24 weeks of gestation,
ar more datly b

0
arettes datly, and
being able to walk continuously for 15 minutes. Excly
sion criterta were medical conditions potentially exac
erbated by exercise or advised against exerctse by a
doctor, mabiliy 1o provide informed consent or com:
English, drug o alcohol depen
dos iy using o wanting 10 use nicotine
teplacement therapy. We recruited women irespective
of thetr current level of physical activity of motivation
towards increasing thelr activry.

Study protocol and interventions
Wandsworth research ethics co ¢ approved the
published protocol® (avatlable at www.trtalsjournal.
com/content/131186). All participants provided writ
ten tnformed consent. We offered all participants six
woekly sesstons of 20 minutes of indvidual be

cessation support, starting one week before the quit
date and ending four weeks aftorwards. This int
tion aimed to support smoking cessation by reinforcing
‘commitment to abstinence and solving women's prob
lems about maintaining abstinence. It Incorporated all
A3 behaviour change techniques defined 1n a published

taxonomy* and as described in the protocol, except

e tha nmwteinn of rwante cantinaant an sty

1y 110 Wo e
‘use physical activity to reduce the urge (0 smoke, and 1o
help them use behavioural strategies 1o improve adher
ence 10 these plans. These 2
Incorporated 19 beh:
described in the
ed 10 be

minute consultat

ham, UK) were supplied, with re
vidualised step count

onanienatal exerctse, On the other occasion the women
4 behavloural support for smoking sessions (up

control group. For each ses

10 51X sessions) as for th

ston attended, participants were paid £7 towards travel

Randomisatic
An independ

was not feasi)

group alloca

n at baseline, Including soore on the Fage
dependence,” self reports of
‘moderate-vigorous intensity physical activiy In the pre
¥ious week (bouts of 210 minites) using the seven day
physical activity recall interview, Edinburgh postnatal
depression scale score,” confidence about taking up
physical acuvity and stopping smoking.” alcohol
consumption,  weekly cigaretie withdrawal sy

toms,” and weekly smoking urges (combining rat
of strength and frequency).
ing visit the midwife measured the women'
weight (without shoes) on a digital scale. 1
contacts, the women were asked about adverse events.

SOm test for ¢

h midwives examined the women's medical
« < o

roco e avente Tha »

Random Sequence Generation

Population
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Data extraction

ARobotReviewecan

nttpy/www.piomedcentral.com/147 2-6947/10/56

BMC

Medical Informatics & Decision Making

TECHNICAL

ExaCT: automatic extraction of clinical trial
characteristics from journal publications

Svetlana Kiritchenko'”, Berry de Bruijn', Simona Carini?, Joel Martin', Ida Sim?

VANCE Open Access

Abstract

Background: Clinical trials are one of the most important sources of evidence for guiding evidence-based prac

and the design of new trials. However, most of this information is available only in free text - e.g., in journal
.

tice

identify phrases
relating to study PICO
characteristics

AExaCExtracts trial
characteristics (e.g.
eligibility criteria)

A Systematic review
found that no unified
framework yet exists

AMore evaluative work
IS needed on larger
datasets

obteatiom s taourintersive f termath TS, Tt ATy eSOt Teterr
synthesis studies. This paper presents an automatic information extraction system, called ExaCT, that assists user|
with locating and extracting key trial characteristics (e.g., eligibility criteria, sample size, drug dosage, primary
outcomes) from full-text journal articles reporting on randomized controlled trials (RCTs).
Methods: ExaCT consists of two parts: an information extraction (IE) engine that searches the article for text
fragments that best describe the trial characteristics, and a web browser-based user interface that allows huma
reviewers to assess and modify the suggested selections. The |E engine uses a statistical text classifier to locate

stage applies simple rules to these sentences to extract text fragments containing the target answer. The same
approach is used for all 21 trial characteristics selected for this study.

Results: We evaluated ExaCT using 50 previously unseen articles describing RCTs. The text classifier (first stage)
able to recover 88% of relevant sentences among its top five candidates (top5 recall) with the topmost candid
being relevant in 80% of cases (top1 precision). Precision and recall of the extraction rules (second stage) were ¢
and 91%, respectively. Together, the two stages of the extraction engine were able to provide (partially) correct

answers.

Conclusions: Our experiments confirmed the applicability and efficacy of ExaCT. Furthermore, they demonstrat

that combining a statistical method with ‘weak’ extraction rules can identify a variety of study characteristics. Tt

A e I O

those sentences that have the highest probability of describing a trial characteristic. Then, the IE engine's seconf

solutions in 992 out of 1050 test tasks (94%), with a majority of these (696) representing fully correct and complete

e
3%

o

UNIVERSITY OF

Southampton



