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Aims and objectives

» AIM: outline the potential for using Al/
machine learning to make systematic
reviewing HTAs more efficient

« OBJECTIVES:

— How some of these technologies — especially
machine learning - works

— Demonstrate / discuss some current tools
— Discuss future directions of travel
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Outline

* Introduction to technologies (presentation)

* Practical sessions:
— Developing search strategies
— Using citation (and related) networks
— BREAK
— Using machine learning classifiers
— Mapping research activity
 Where’s it going (evidence surveillance)??

 Discussion
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Context: systematic reviews and HTAS

 Demanding context

* Need to be correct

* Need to be seen to be correct
 Demand very high recall (over precision)

e At odds with much information retrieval
WOork
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Why use automation in systematic
reviews / HTAS?

« Data deluge
— E.g. more than 100 publications of trials appear each day (probably)

« |nadequacy of current systems

— We lose research — systematically — and then spend lots of £ finding it again

* E.g.in 67 Cochrane reviews in March 2014: >163k citations were screened; 6,599 full
text reports were screened; 703 were included

« That’s about 2 million citations screened annually — just for Cochrane reviews
» Because people make mistakes, recommendation is double citation screening... (££)

— Even after relevant studies are identified, data extraction consumes more £££
 This means that:
— only a fraction of available studies are included in systematic reviews / HTAS;

— systematic reviews do not cover all questions/ domains comprehensively;
— we don’t know when systematic reviews *need* to be updated...
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| could go on... (but won't)

— There are many other inefficiencies in the
systematic review / HTAS process
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Why: the current model is unsustainable

* More research Is
published than ever

« We are better at
searching (and finding)
more of It

 Reviews / HTAs are
getting more complex

» Resources are limited

« We need new approaches
which maximise the use
of scarce human resource
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How we will speed up reviewing

* Through developing —
and using — technologies
which automate what can
be automated; and

* By maximising the use of
scarce and valuable
human effort
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Which technologies are we using?

* Many...
» Automatic ‘clustering’ (unsupervised)

* Machine learning classifiers (supervised)

* These ‘learn’ to tell the difference between

two types of study / document
— (e.g. “does this citation describe an RCT?")

« They learn from classification decisions made by
humans.
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How does machine learning work?

Building machine
classifiers: a very brief
de-mystification
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1. A dictionary and index are created

» First, the key terms in the studies are listed (ignoring very
common words)
« Second, the studies are indexed against the list of terms
 (the resulting matrix can be quite large)
* Next...

e.g. We have two studies — one is an RCT, and one isn’t an RCT

Study 1 Effectiveness of asthma self-care interventions: a systematic review (not an RCT)

Study 2 Effectiveness of a self-monitoring asthma intervention: an RCT (an RCT)

RCT?
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2. A statistical model I1s built

The matrix is used to create a statistical model which is able to distinguish
between the two classes of document (e.g. between RCTs and non-RCTs

where we have 280,000+ rows of data)

RCT? |Effectiveness asthma| self|care |interventions| systematic |review monitoring | interven tion | RCT

0 1 1 1 1 1 1 1 0 0 0
1 1 1 11| o0 0 0 0 1 1 1
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3. The model is applied to new documents

» New citations are indexed against the previously generated list of terms
» The resulting matrix is fed into the previously generated model
* And the model will assign a probability that the new document is, or is not

a member of the class in question

e.g. The effectiveness of a school-based asthma management programme: an RCT

Effectiveness asthma | self care | interventions | systematic review | monitoring intervention | RCT

1 1 0 0 0 0 0 0 0 1

L 93%
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Automation In systematic reviews
HTAs — what can be done?

— Study identification:
« Citation screening
* RCT classifier

— Mapping research activity

— Data extraction Increasing
» Risk of Bias assessment interest and
 Other study characteristics evaluation
 Extraction of statistical data activity

— (Synthesis and conclusions)
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Assisting search Purpo§e: to explore linkages or
words In text or controlled

development vocabulary

Appllcatlons

Increase precision

 Increase sensitivity

 Aid translation across
databases

* “Objective” search strategies

* Integrated search and screen
systems

16
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Introduction

Discussion
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Sample of citations

Citation elements
Text analysis Term extraction and

Word frequency counts, phrases or Statistical  Statistical and

nearby terms in text analysis linguistic analysis

Generic tools

Database specific (PubMed) tools TF-IDF TerMine
T Word or phrase lists

Visualisation Automatic Clustering

: 0
Revise search / ?" Humans assess relevance and
l impact to search
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& Voyant Tools x ‘
<« c @

i) voyant-tools.org/Tcorpus=93a80f43699e51f8531daa72c7fdaaca - O In @ =

9

) Voyant Tools

@ Cirrus =2 Links EH Collocates ? O TermsBerry ? |+ Tres

&5 Document Terms ?

Term Collocate Count (context) e ®al @ community @ patients | @ pharmacists = @ pharmacy
[ pharmacy* based 182 \:I = 00015
[1 pharmacy* senices 142 ~ copmap_339 0.00144
[] pharmacy* practice 103 TY - JOUR 0.00124
[ pharmacy* staff 97 T1 - Views and practices of community pharmacists regarding services for people with 0.0012
. type 2 diabetes
L] phamacy al 89 JF - International Joumnal of Pharmacy Practice o001
[] pharmacy* setting 85 A1 - Abduelkarem A R 0.00104
. A1 - Sackville M A 2
+ o
[ ] pharmacy’ journal 82 A1 - Morgan R M ng,a.oocra-
[ pharmacy* health 78 Al - Sackyille M P 20.00084
P! ¥ =
. . A1 - Hildreth A J 2
[] pharmacy’ senice 73 KW - eppi-reviewerd gnmw'
[] pharmacy* screening 61 chronic disease ;;;u.oooe—
harmacy™ international 48 cigarette smoking *
Ll o ¥y clinical practice 0.0005 -
[] pharmacy™ public 339 diabetes mellitus 0.00044
- diabetic retinopathy/co [Complication]
harmac management 36
0 p ¥ g diabetic retinopathy/di [Diagnosis] 0.0002
[[]  pharmacy” support 34 diabetic retinopathy/pc [Prevention] 0.00024
[] pharmacy™ access 34 sthnic group
P Y glucose blood level 000014
[] pharmacy™ interventions 33 *health promotion il o . . . . . . . . . .
[] pharmacy™ pharmacy 32 - 1 2 3 4 5 (] 7 3 ] 1o
Document Segments (copmap_339)
pharmacy™ *
1,082 context (= — Display
BN EH Documents B Phrases T =NeLCUEN @ Bubblelines  EH Correlations 7
This corpus has 1 document with 192,128 total words and 9.436 unique word forms. Created 2 seconds ago. Document Left Term | Right
Vocabulary Density: 0.049 1) copm.. T1 - Views and practices of  co.. pharmacists regarding senices for people
Averags Words Per Sentence- 26 1 1) copm.. the views and practices of co.. pharmacists regarding serices for people
1) copm.. a convenience sample of 317 co.. pharmacists in the North East
Mast frequent words in the corpus: community (1786); pharmacy (1853); patients (1485); at (1481); pharmacists (1418 . . . .
9 P y 1788y, p ¥ (1653); p (1485 (1481 p (1418) 1) copm.. Conclusion: This study found that  co.. pharmacists’ advice and senvices to
1) copm.. the future role of the  co.. pharmacist in diabetes care. AB
1) copm.. the views and practices of  co.. pharmacists regarding semices for people
1) copm.. a convenience sample of 317 co.. pharmacists in the North East
1) copm.. Conclusion: This study found that  co.. pharmacists” advice and semvices to
F ro m " Voyant_too I S O rg 1) copm.. the future role ofthe  co...  pharmacist in diabetes care. DO
- - 1) copm.. the public health role of  co.. pharmacists: a qualitative study JF
m L —— T S TN M - 3 - [P NP P S R TP Y YR S

items: (8 1,786 context (e expand s
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& Voyant Tools

<~ C @ & voyant-tools.org/?corpus=93a80f43699e518531daa72c7fdaaca
& Voyant Tools
@ Cirrus =5 Links ) TermsBerry
Term Collocate Count J
1 health* senices
_1 health* care copmap_339
_1 health* community TV - JOUR
] health* pharmacy 1 - Views and practices of community pharmacists regarding senvices for people with
N type 2 diabetes
| health health 134 JR - International Journal of Pharmacy Practice
| health* pharmacists 119 A1\ Abduelkarem AR
"1 health* semvice 89 Al \Sachiille M A
"1 health* promotion
"1 health* al
"1 health® pharmacies
"1 health® pharmacist
"1 health® professionals,
1 health® patients athy/co [Complication]
diabetic retinogathy/di [Diagnosis]
"1 health® role 59 diabetic retinopthy/pe [Prevention]
| health™ scpéening 57 ethnic group
. glucose blood levil
1| health 53 *health promation
"1 health®
health™ *
? S=NeCUEN @ Bubblelines  EH Correlations

This corpus has 1 docum! Document
Vocabulary Density: 0.049 No matching results
Average Words Per S
Most frequent worg§ in the corpus\community (1786); pharmacy (1653); paNents (1485); al (1481); pharmacists (1418)

1. E C

Choose - '

term: word :
.

collocat Count available from

items

* . 0 context (e
health distance of menu (term
collocates

grid, Cirrus
word clouds
etc.

es tool

&5 Document Terms

0.00154

i

0.0014]

0.00134

0.00124

0,001+

0.0010-

0.00044

0.00034

0.00024

0.0001

®al @ community @ patients | @ pharmacists

@ pharmac

Left Term

expand s
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Document Segmernyis (copmap_339)

Digplay

Right

6. Hover here
for home icon
to start a new
analysis
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Other tools that have useful
functionality include for text

analysis...

b Bibexcel - A toolbox for bibliometricians, by Olle Persson. Version 2011-03-09

.

File Editdocfile Editout-files Add data/classify Analyze Misc Mapping
Select file here

« [aces natepad scip et =
Chapter £ Conclusion dock

(L Action reseaich
(i citation.doc

(1 Contacts cloz annual leave provisianal. ikt

(1 Deskiop -

cop abstract testing doc:

cop abstract besting, out
2 Dhad velac unome ] 7| | sop shitrscttestng ous -

[cop abstract testing cit

Wiew file

Frequency distribution
Select type of unit

Whole string v Start | Min number
[ Sortdescending

Max number
Any number

|~ Remove duplicates
[™ Make new out-file
[ Fractionalize

Fd Tag R Adfedbuts

(I ik e ek o docs

Help

Select field to be analysed. view file to get info
about which fields are available.

Blank-separated words(e.g. fitle) v Prep

The Box

Select documents

Start

Select rows

Start

View file:n:\\cop abstract testing_cit Sec:1
its: 7029 Unique:7029

The List Copy Paste
a2 cantralled
levels
4 medication
4 future
4 changes
4 trained
4 randemized
40 recruted
4 pharmacy-based
4 therapy
40 cardiovascular
40 new
k] research
38 local
39 reduction
Row no: 4

7

Type new file name here

Add Clear

Search View whole file

-
Subject Terms. @
Selected Terms #Records * &] -
T o " —_—
itle Symptoms [.Indlvldua\ Disorders) [ Clear Selection(s)
ruklu, Merm... A study on Turkish| pe [Prevention & Contral] &
la. David; Pe... Risk factors associ 5“3”“5:“' Analysis 6
hg: Talib Ma...  Understanding col fe Phane : -
o apan
essa; Hartm...  The relationship by Internet Usage 5 I\ Thy
Are heavy users of | | Erotional Adjustment s
me, Michelle  The role of attachl| | 1ialy 5
rey, W.V.;Jr, Bullying Victimizafl| | Communication Systems [2700] 6 | ftio
. G.; Kriege... Fear of missing ouf/| | Human Factors Engineering [4010] 6
B, A; Kiraly, .. Problematic Sociall)| | Social Psychology [3000] 3
L Social interaction, || | A€ty Disorders 5
Btarcevic, V.. Are some video gd ICU‘:urbld‘;ty g | jmul
ntervention
I.; Ringsber... Health and relatiof| Spain 5 -
lor, Brian; T've 500 friends, bj . - N ——
i
rison, Eline; . “Idon’t want toml| | 3 Cancel ek
ta; Przepior.. Self-presentation ||| 0Term(s) Selected Help
schark, M.; ...  Finding friends onllj|
Campbell .  The relationship of y
eV 1.c P insh : b . — 1015

Using Bibexcel to count
the number of abstracts
a word occurs in

Using Endnote’s
Subject
Bibliography to
generate a list of
keywords
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Applying TD-IDF
analysis to 338
studies of public

health interventions

in community
pharmacies
(Interface: EPPI-
Reviewer 4)

Find similar items to:
(=) selected Ttem(s) () All items listed

Using terms identified by:
(#) TF*IDF
() TerMine (NaCTeM)

() Zemanta

Get Terms J

Search all documents -

(#) Included documents
() Excluded documents

I Search on terms J

| Export terms

] Excel = Delete term(s;

Term Score ATd :
patient 433.56
pharmacist 287.40
service 256.95
woman 247.37
diabetes 244.46
community pharmacy 222.89
participant 221.72
pharmacy 221.56
intervention 210.16
month 209.80
community pharmacist 197.45
year 196.54
client 175.54
study 174.06
individual 163.06
risk 162.12
screening 157.31
group 150.67
(=4 149.00
peaple 145.45

Term ? S::on; ?
patient 433.56
pharmacist 237.40
service 256,95
waorman 247.37
diabetes 244,46
community pharmacy 222.89
participant 221.72
pharmacy 221.56
intervention 210.16
month 209.30
community pharmacist 197.45
year 196.54
client 175.54
study 174.06
individual 163.06
risk 162.12
sCreening 157.31
group 150.67
CI 145.00
people 145.45
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* Text view:
TerMine (C-value) analysis applying

Termine to
____________________________________________ 338

KW - eppi-reviewer4. chronic disease. cigarette smoking. clinical practice. diabetes mellitus. diabetic retinopathy/co [ Complication |. diab t d 2 .I:
service. home care. human. lifestyle. moslem. *non insulin dependent diabetes mellit atient care. patient counseling. patient monitori S u |eS O

Found 8224 terms in 75.18 seconds - all terms (in_table) (in text) - threshold: 0| Apply

The 26-item questionnaire covered the setting of the pharmacy , dispensing medication , and the pharmacist 's role in the"'p_[_i_m_g_[y preven pu bI|C

More than 50 % of respondents reported that they saw patients with diabetes *~ very often " or  often " when they collected their prescrif

medication and gave information to help them have a better understanding of their disease More than 90 % of the pharmacists believed t health

10 percent of the respondents reported that they ™ often " or " very often " promoted regular eye examinations Home blood glucose mor

Conclusion : This study found that community pharmacists ' advice and services to people with type 2 diabetes fell short of the standards . .
profession and with stakeholders about the future role of the community pharmacist in diabetes care. AB - Objective : To describe the vie Inte rve nt|0

detecting undiagnosed diabetes and prevention of complications Key findings : There was a 51 % response rate More than 80 % of respt nS |n

quarters reported that they ~~ never/rarely " or only ~ sometimes " advised patients what to expect from their medication and gave inform; .

is important | but the majority were =™ never/rarely " or only —~ sometimes " involved in its promotion Around 10 percent of the respondents Com mu nlty
by 50 % of the respondents The majority reported that they checked prescriptions for drug interactions Conclusion : This study found thai

the National Service Framework for Diabetes Our findings can be used to promote discussion in the profession and with stakeholders ati h .
SP-161. EP - 168. CY -. SN - 0961-7671. U1 - 32847778. U2 - 136708. N1 -. ER -. . TY - RPRT. T1 - Findings of a survey of needle exc p armacie

Survey results. Needles for injection. Drug abuse. Drugs of abuse. Hepatitis C. Questionnaires. Data collection. Risk assessment. Nation
- This survey was instigated in response to the 2004 DH 'Hepatitis C Action Plan for England ' It examines the nature and extent of provis S

- This survey was instigated in response to the 2004 DH 'Hepatitis C Action Plan for England * It examines the nature and extent of provis F rom N acTe M

exchange scheme co-ordinators |t uncovered a 'mixed economy'of needle exchange facilities present in the majority of drug action teams .
http://www.nact

T1 - Strategies enhancing the public health role of community pharmacists : a qualitative study. JF - Journal of Pharmaceutical Health Se @ M.aAC.U k/SOftwa

HD Call Recorder for Skype ' The gualitative data software package NVivo ( version 10 ) was used for the storage |, retrieval and analysis re/term | ne/cg |_

social media in practice |, the use of independent pharmacist practitioners ( IPPs ) , teaching communication methods to students and phs b .
--------------------------------------------------------------------------------------------------- in/termine_cval

between healthcare professionals . enhance the knowledae base of practitioners | reduce negative perceptions about pharmacists and bi

ue.cgi
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Term

Score

1{|community pharmacy

1033.88501

2||community pharmacist

451.192322

3||public health

232711411

4||blood pressure 175
5|risk factor |[147.822144]
6| primary care ||138.600006]

?”health service

|[122.838188]

S”ma_i_n outcome

|[117.029854]

9||ma_i_n outcome measures ||1 13_?89383|
10||needle exchange 110.720993
11||drug user 100849159
12]|health care 99.918594]
13||pharmacy service 96
14||intervention group 89.111115
15||public health service 88 340805
16||cardiovascular disease £2.647057
17||usual care 79.789474

| 18)|health promotion || 72.078949|
| 19]control group || 71.555557]
| 20|pharmacy practice || 71.09999s|
| 21]|weight management || 70.578125|
| 22|body mass index | 69.73833]
| 23||cardiovascular risk || 66.903847]
| 2d|vaccination rate || 66.117643]
25||international journal 62.5
26|pharmacy staff 62.421051
27||weight loss 61.708332
28||drug therapy 61
29)||risk assessment 60.314285

| 30|[hiv testing || 57.882353]
| 31|[blood glucose || 57.468086|

Table view: Applying
Termine to 338 studies of
public health interventions
iIn community pharmacies

From NacTeM
http://www.nact
em.ac.uk/softwa
re/termine/cqi-
bin/termine_cval
ue.cgi
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- n';m |":| Lingo3G clusters
Public Health
Primary Care
Blood Pressure
MAIM Outcome Measures
Risk Factors
waccination

Type 2 Diabetes Lingo3G groups sets

Crug Users

Point of Care of citations and
/ assigns labels

Brief Intervention
Cancer

Chlamvydia Screening
Antibiotic

Atrial Fibrillation

Randomised Controlled Trial USlng LlngO3G to map

Medicines Counter Assistants

the same studies of

Self-care Support of LTCs

Morthern Ireland puinC health
Meedle Exchange Facilities i nterventio ns i n

Family History of Diabetes

Access to Dental community pharmacies,

Self-management of Cardiovascular

other Topics N=338 (Interface: EPPI-
Reviewer 4)
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Tools

* Termine
* Voyant tools
 BibExcel
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Citation networks

* Frequently used for supplementary
searching

« Rarely the main strategy — concerns re
bias and lack of tools with sufficient
coverage

* This may be changing
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Neural networks

* Currently a very popular machine learning
technology

« Can model the interrelationships between
huge numbers of words — and concepts

* Underpins Microsoft Academic
‘recommended papers’ (combined with
citation relationships)
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Tools

 Sources of data
— Traditional — e.g. Web of Science / Scopus
— Newer — CrossRef / Microsoft Academic

* Tools
— Web browser
— Publish or Perish (now at v.6)
— VosViewer / + related
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BREAK



Using machine
classifiers
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What does a classifier do?

* |t takes as its input the title and abstract
describing a publication

* |t outputs a ‘probability’ score — between O
and 1 which indicates how likely the
publication is to being the ‘positive class’
(e.g.I1s an RCT)

 Classification is an integral part of the
‘evidence pipeline’
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Pre-built or "build your own’

* Pre-built in EPPI-Reviewer
— Developed from established datasets
— RCT model
— Human studies model
— Systematic review model
— Economic evaluation

 Build your own
— Within individual reviews (e.g for iterative citation screening)
— Across reviews (similar to above)

34
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Building classification tools: no easy task

» Quality of data
* Generalisability
¢ Stages
— Build the classifier

— Calibrate for desired precision / recall
— Validate
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Pre-built classifier

ROC Curve

1.0

« An RCT classifier was built using more F
than 280,000 records from Cochrane
Crowd oo

0.4

True positive rate

 60% of the studies have scores < 0.1

0.2

« If we trust the machine, and automatically .l
exclude these citations, we’re left with
99.897% of the RCTs (i.e. we lose 0.1%)

frequency

S = L
-1 =] (=]
=] =] [=]

 Is that good enough?

« Systematic review community needs to
discuss appropriate uses of automation

ScoredValue
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The ‘Screen 4 Me’ workflow

* A new service which is currently being rolled out
for Cochrane authors

1. Upload search results

2. Non-RCTs removed using:
a) Data reuse

b) Machine learning

c) Crowdsourcing

3. Remaining records returned to authors
Offers huge efficiencies for these reviews



Institute of Education

” Start: conduct usual review

searches

Are these records

already known NOT
to be RCTs?

Are these records
very unlikely to

Existing
data

be RCTs?

Are these
records RCTs according
to Cochrane Crowd?

End
(Manual screening of
remainder)

een 4

workflow
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‘Build your own’

 Citation screening for individual reviews

* For use across reviews (dependent on
data)
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Citation screening

Has received most R&D
attention

Diverse evidence base;
difficult to compare
evaluations

‘semi-automated’
approaches are the most
common

Possible reductions In
workload in excess of
30% (and up to 97%)

SYSTEMATIC
REVIEWS

comicomenai/s M"]
RESEARCH Open Access

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®

our review: what is the state of the evidence base; how has workload reduction
been evaluated; what are the purposes of semi-automation and how effective are they; how have key contextual

nroblems of annlving text minina to the systematic review field heen addressed: and what challenaes t

Summary of conclusions

e Screening prioritisation
 ‘safe to use’

« Machine as a ‘second screener’
 Use with care

« Automatic study exclusion
« Highly promising in many areas,
but performance varies
significantly depending on the
domain of literature being
screened
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How the machine learns...

1. Database searches

Citations
entered into
database

2. Manual screening

Initial set of
relevant and
irrelevant
studies is
identified from
a random
sample of
citations

3. Machine learning

>

Machine is
'trained’,
learning from
the manually
screened
citations

4, Manual screening

List of studies
to be screened >
manually in
subsequent

step is

generated

The list of studies
generated in
previous step is
screened
manually

Classifier
automatically
assigns
unscreened
citations as
being included
or excluded

If the stopping
criterion has not
yet been
reached, the
previous step is
re-run,
incorporating the
new screening
decisions

5. Screening completes

And it can work quite well...
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Testing models for TRoPHI register of health promotion

controlled trials

N=9,431 records

Pre-built RCT Build your own classifier
classifier Best Second bhest

ltems scored 11-99: RCTs [NonRCTs| RCTs | NonRCTs| RCTs | NonRCTs
Precision

12% 3% 17% 5% 12% 4%
Recall

99% | 86% 99% 99% 99% 100%
Screening 43% 58%
reduction 41%

43
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Tools

 Klasifiki [https://er5-alpha.ucl.ac.uk/klasifiki]
(across reviews)

— Very new: a version put online especially for today!

 Citation screening (within reviews)
— Abstrakr
— EPPI-Reviewer
— Rayyan
— Swift ActiveScreener
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Mapping research activity

It is possible to apply
‘keywords’ to text

automatically, without needing

to ‘teach’ the machine
beforehand

This relies on ‘clustering’
technology — which groups
studies which use similar
combinations of words

* Very few evaluations

— Can be promising, especially
when time is short

— But users have no control on
the terms actually used

Research
Synthesis Methods

lished online in Wiley Online Library

Original Article

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

‘Clustering’ documents automatically to
support scoping reviews of research: a
case study

Claire Stansfield,*" James Thomas' and Josephine Kavanagh'

Background: Scoping reviews of research help determine the feasibility and the resource requirements of
conducting a systematic review, and the potential to generate a description of the literature quickly is

attractive.

Aims: To test the utility and applicability of an automated clustering tool to describe and group research
studies to improve the efficiency of scoping reviews.

Mathnde: B ratrncnactiva ctudu of fwa ramnlatad eranina raviewse wae randurtad Thic camnara,
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Technologies for identifying sub-
sets of citations

 Different families of techniques

— Fairly simple approaches which examine term
frequencies to group similar citations

— More complex approaches, such as Latent
Dirichlet Allocation (LDA)

* The difficult part is finding good labels to
describe the clusters

— But are labels always needed?

* Visualisations are often incorporated Into
tools

47
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Network visualisation
of 1587 citations from SCOPUS
— British Cohort Study 1970
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Density
visualisation
of 1587 citations
body mass index from SCOPUS —
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itation Analysis Example

Highly cited studies: Highly cited papers discovered in Scopus,
weighted by citations, are displayed below

eherlifio9s) @
veritylf#o8sa)

tayldfjfposs) @

Kurtz41998)

-

<&
schoon{2002b) harper(2000)
case (2005)
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clegg (2005) hey(@986)

o
5 @ seaman (2013)f0yri(2004)
fearomf2001)  poweffI957b) guiherton (2008)

e u’jg.m lake (@9972)

@ thyppdnen (2007)

b hf 998 :
lanc low T (1998) % pousiigse) - blundell (2005)

‘7 rmontgorarii1998) dearden (2002)
manok {2000)
savag@i(1997) <

S
strac

jefferis (2005)

3

breen (2001)
jefferis (2002)

greggi2001)

. W deardep(1997)
donw994) groves (2005)

donaf991)
strachap (199‘3)

montgomery (2002)

% VOSviewer
i 1990 1995 2000 24

Subject areas of highly cited studies Among the sample of highly cited
papers from Scopus, twelve distinct clusters are observed, weighted
below in terms of occurrence. The clusters clearly show the contribution
of the NCDS in understanding patterns of social class, obesity/BMI, and
family dynamics, aﬁ%ﬁ‘!ﬁé\* areas.
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From: Kneale et al. (2018) Taking stock: Exploring the contribution of the
NCDS using systematic review techniques. Protocol and preliminary results.
Poster presentation: NCDS 60 years of our lives, UCL Institute of Education,

8-9 March.
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Data as previous slide, N=338: minimum
occurrence of term = 2 (instead of 10)
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RobotAnalyst

e Systematic review software designed by National Centre
for Text Mining at the University of Manchester:
— Topic modelling, term extraction, search in text and metadata,
— Automatic classification based on user’s decisions

« Currently being evaluated (users welcome! — contact
NaCeTM); to be released soon

http://www.nactem.ac.uk/robotanalyst/

o4


http://www.nactem.ac.uk/robotanalyst/
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Tools

 LDAVIS

» Carrot2 Search
* VosViewer

* RobotAnalyst



Changing the
=, ] process: systems

for research

survelllance

This Photo bv Unknown Author is licensed under CC BY-SA


http://drb-biology2011.wikispaces.com/-+Ecological+Method+of+Observation
https://creativecommons.org/licenses/by-sa/3.0/
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Where might we be headed??

 Evidence ‘surveillance’

 Living systematic reviews and guidelines
« Automated updates??
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Federated
search

Key information
extraction (e.g.
# participants)

Structured data
extraction (e.g.
tables)

Deduplication

Classification
(e.g. PICO)

Synthesis

Classification
(eligibility
assessment)

Identification of
segments of text

Alert: this review
/ guideline may
need updating
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service
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Barriers and
facilitators to

adoption
(AKA ‘diffusion of
innovations’)
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http://kimcofino.com/blog/2016/01/27/what-can-tech-coaches-learn-from-the-marketing-masters/
https://creativecommons.org/licenses/by-nc-sa/3.0/
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sudo apt-get install -y libprotobuf-dev libleveldb-dev libsnappy-dev libopencv-dev libboost-
all-dev libhdf5-serial-dev protobuf-compiler gcc-4.6 g++-4.6 gcc-4.6-multilib g++-4.6-multilib
gfortran 1libjpegb2? libfreeimage-dev libatlas-base-dev git python-dev python-pip

Google's logging framework isn't available through a repository, so you
have to build that from source:

wget https://google-glog.googlecode.com/files/glog-8.3.3 . tar.gz
tar zxvf glog-8.3.3.tar.gz

cd glog-8.3.3

. fconfigure

make

sudo make install

e Trialability??

You should be ready to pull down the Caffe source code:

git clone https://github.com/BVLC/caffe.git
cd caffe

CUDA has prablems with the default gcc 4.8 compiler, so you'll need to
switch to 4.6:

sudo update-alternatives --install /fusr/bin/cc cc fusr/bin/gcc-4.6 30

sudo update-alternatives --install fusr/bin/c++ c++ fusr/bin/g++-4.6 3@

There's a list of Python module dependencies inside the Caffe project, so
you'll use PIP to install those, which can take a while:

sudo pip install -r python/requirements.txt
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Five characteristics

« Greater relative advantage

— the degree to which an innovation is perceived as better than the idea
It supersedes

« Compatibility
— Infrastructural and conceptual
« Trialability

— the degree to which an innovation may be experimented with on a
limited basis

* Observability
— the degree to which the results of an innovation are visible to others
Less complexity

— the degree to which an innovation is perceived as difficult to
understand and use

Rogers E. Diffusion of innovations. 5th ed. New York, NY: Free Press; 2003.



Discussion

Please enter the code
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https://www.mentimeter.com/app

Which new approach(es) are you most likely to try out for
yourself?

What are your concerns?
What do you think are the potential benefits?

What methods and processes will need to be developed to use
these tools?
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Thank you

EPPI-Centre website: http://eppi.ioe.ac.uk

Email
j.thomas@ucl.ac.uk
c.stansfield@ucl.ac.uk

I I I e - EPPI-Centre

— v’ Social Science Research Unit
CENTRE —— 2 Institute of Education

o e University of London

18 Woburn Square
London WC1H ONR

~

' Tel +44 (0)20 7612 6397
The EPPI-Centre is part of the Social SC|ence Research Unit at PR (20 1512 (500

Email eppi@ioe.ac.uk

the UCL Institute of Education, University College London Web eppi.ioe.ac.uk/
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