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About me

» Worked in the EPPI-Centre, UCL for a long
time

« Systematic reviews — mostly for Department
of Health & Social Care / PHE

« Addressing questions beyond effectiveness

« Long-standing area of work in making the
review process more efficient using new
technologies . \
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Outline

— This session
— Introduction to automation / machine learning / Al in systematic reviews
— Next session
— Tools and how to evaluate them &y T Cants
— Session three
— Using and evaluating tools
— Session four

— Feedback and discussion NIV, i

g - and what influence do they have
in public health settings?

— Slides and links to resources:
— https://eppi.ioe.ac.uk/cms/Default.aspx?tabid=3677
— Search for EPPI Centre website



https://eppi.ioe.ac.uk/cms/Default.aspx?tabid=3677

In this session

* Introduction to Al / machine learning /
automation tools for systematic reviews (and
how they work)

» Please feel free to ask questions as we go

» Please also think about which tool you'd like to
try out later this afternoon




Systematic review priorities

Systematic reviews are often used to inform decisions that
affect people’s lives

Systematic reviewers favour accuracy over efficiency

Highly sensitive searches are required to avoid selection bias

Highly accurate quality assurance processes are required to
avoid human error



Impact of these
priorities

» An inefficient, resource-intensive
process has evolved that produces
reliable, but expensive and time
consuming, reviews

» We cannot keep pace with the deluge
of new research being published

* E.g. in the Cochrane Reviews published
March 2014, > 163Kk citations were
screened; 6,599 full text reports were
read; and 703 studies were included

« That’s about 2 million records per year




This means

« Only a fraction of available
studies are included in
systematic reviews

e Systematic reviews do not
cover all questions/ domains
comprehensively

 We don’t even know when
systematic reviews *need* to
be updated




Four machine learning /
automation paradigms

\

— Rules-based approaches
— (strictly speaking, not machine learning)
— Unsupervised approaches
— Supervised approaches
— Generative approaches (‘Gen Al’)

— Covering in terms of technology not purpose,
so we can consider their strengths and
weaknesses more easily




Rules-based As you might guess... a set of
rules Is constructed by humans

approaches and given to the machine

For example
If a given Many citation
siIFr?Oll::- ggtaof Use of phrase is duplicate-
velords synonyms present, apply checking

a given code algorithms




Rules can
be
accurate...
but fragile

If you stick within the rules,
you get the anticipated
results

If you stray outside — even a
little bit — the rule can fall
altogether

No grey area — it works, or
completely fails



Rules are not fashionable!
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Rules-based approaches

Running an
automatic
deduplication
algorithm

Designing and

running a Polyglot search

search strategy

translator




— The machine is given no rules...

— And simply identifies patterns in the
data

Unsupervised ey
apprOaCheS — Relationships between words

— Clustering documents




Slide to adjust relevance metric:2) E|

- | | | | | |
A=063 00 02 04 06 08 10

Selected Topic: |6 | Previous Topic H Next Topic H Clear Topic ‘

Top-30 Most Relevant Terms for Topic 6 (5% of tokens)

Intertopic Distance Map (via multidimensional scali

o 1,000 2,000 3,000
pc2
smoking (NG
cessation _
smokers -
0, out I awareness

intervention [N range

pregnant I
12 relapse [l
pregnancy NN

mi
accessibility NS

interview role

women NG cha nge
care

postpartum [ issue
tabacco [l
abstinence [l
advice . ‘W
counseling .
PC1 nicotine .
smoke [l
telephone [l
14
1 catinine [l
motivational I
smaoked l
interventions .
15 clinics.

lack need

user
delivery
area

barrier " .
key finding advice training

extent acceptability

scotland access

attitude survey

provision

uptake

questionnail
emergency contraception

dissemination [l

e support
reported
- 18 cigareties I
7 midwives
program [l
stop

 user

Marginal foss

"R PUT

Unsupervised approaches can help you
explore patterns in your data
» Attractive visualisations are possible

Isolate 101 C
points se’

Show All
Data

Reset zoom to fit all points -ﬁ

5 tensors found

Word2Vec 10K v @ : Search >

Label by Color by ol . -.

word ~ No color map -

\Fl:‘(;:;l v Tag selection as CSE’\S,ISA(%INOGN

Load Publish Download

Sphereize data @
Checkpoint: Demo datasets

oss_data/word2vec_10000_200d_
labels.tsv .

Metadata:

((,4/0

3\“0“\'0

£ ) r
RSy e
A T RN AT g
B SX .
g A R e
helanls
LA

A

L
W)

o Circles

RELATIONSH;p

smoking PubMed Lingo

patient satisfaction

recommendation

month

ation ovd

effectiveness

diabete

baseline

program

education
assessment

control grouy
intervention group

control
effect

risk factor trial

Top 100 results of about 268158 for smoking

1 hospitalized eldes

benchmark study_asse

Prospec ulti-cer
Lebanese patient @
With the increase in the proportion of elderly Lebanese patients, little is known about delirlum’s prevalence, incidence and
correlated factors. ... To identify the prevalence, incidence and factors associated with overall and incident delirlum in

hospitalized elderly Lebanese patients.

Familial cancer A0 REImary. [V

Cancer of unknown primary site (CUP) Is a deadly disease diagnosed through metastases at various organs without primary
tumor (dentification, Despite the major molecular and technological advances, the carcinogenesis of CUP remains enigmatic
which hampers adequate study design of treatments leading to survival Improvement. To date, the pathogenesis of CUP is st
debatable with one hypothesis considering CUP is simply a group of metastatic tumors with unidentified primaries and another
considering It a distinct entity with specific genetic and phenotypic aberrations. Familial CUP seems to favor the first hypothesis
due to common genetic predisposition factors between known primaries and CUP. Two clinical Implications may be withdrawn
from the pathogenesis of familial clustering of CUP, The detalled family history and environmental risk factors may orlent
towards the primary tumor Identification, In cases of familial, smoking avoidance and adherence to general population
guidelines for cancer screening would be strongly encouraged.

| DIREC
Here, we describe the characteristics of the Innovative Medicines Initiative (IMI) Diabetes Research on Patient Stratification
(DIRECT) epidemiological cohorts at baseline and follow-up examinations (18, 36 and 48 months of follow-up).

" J nhysical health staty
poRulation-based study in Enoland, . @

This study compared (1) levels of engagement in lifestyle risk behaviours and (2) mental and physical health status in
Indwiduals who have previously been homeless to those of individuals who have not.

¢ Health behay and mental ar

bined effect
SYCONET cohort, * o

Alterations of acid-base metabolism are an important outcome predictor In acute exacerbations of COPD, whereas sufficient
metabolic compensation and adequate renal function are assoclated with decreased mortality. In stable COPD there is,
hawever, only limited Information on the combined role of acid-base balance, blood gases, renal and respiratory function on
exacerbation risk grading,

of lung function, blood o

{ smoking:related d



Unsupervised approaches
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‘Mapping’ characteristics of ldentifying key terms from
research automatically text data
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I Estimated term frequency within the selected topic
1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)/p(t))] for topics t; see Chuang et. al (2012)

Overall term frequency

8,000

2. relevance(term w | topic t) = A * p(w I t) + (1 - A) * p(w | t)/p(w); see Sievert & Shirley (2014)
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Very powerful — can reveal

Unsu pe rVised relationships in the data which
are not necessarily obvious

approaches

lack control

Very efficient — data often need
no preparation

But... you don't get to tell the

machine which classifications
to make




Supervised
approaches

Humans prepare ‘training’ data —

V containing data + labels which
describe the desired classification

For example

Image
recognition

Text
classification



— Image classification
— Machines can be very

good at this




But can also
be easily
confused...

* https://www.freecodec
amp.org/news/chihuahu
a-or-muffin-my-search-
for-the-best-computer-
vision-api-
cbda4d6b425d/
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The Nicotine Metabolite Ratio in Pregnancy Measured by trans-3'-Hydroxycotinine to Cotinine
Ratio: Characteristics and Relationship With Smoking Cessation.

Vaz LR, Coleman T2, Cooper 52, Aveyard P?, Leonardi-Bee J*; SNAP trial team.

® Author information

Protocol for study of financial incentives for smoking cessation in pregnancy (FISCP):

Abstract randomised, multicentre study.
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behavioral support to behavioral support alone, for pregnant women who smoked. ® T h IS h e I pS th e m Od e I to g e n e ral Ise mpr 3
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Caland Clinical Trials




Birth weight differences between those offered financial voucher incentives for verified smoking
cessation and control participants enrolled in the in Pregnancy Incentives Trial (CPIT),
employing an intuitive approach and a Complier Average (CACE) analysis.
McConnachie A, Haig C', Sinclair | 2, Bauld |2, Tappin DM?.

# Author information

Abstract
BACKGROUND: The Cessation in Pregnancy'ncentives Trial (B S

pregnancy showed a clinically and statistically significant ig .
This study re-examines birth weight using an intuitive an This means that:

information missed by intention-to-treat analysis. . ALL Of the text in the document can be
METHODS: CPIT offered financial incentives up to £400 ‘ ’ oy :

non-smokers at primary outcome, compared to 25 (8.79 US.ed.tO Iearn the ClaSS|f|,Cat|0r?§
randomised jgroups were split into three theoretical sub This increases the model’s resilience to
quit even with Incentives and potential quitters - requires minor variations in wording that would
weight gain with incentives is attributable only to potenti

RESULTS| Mean|birth weight of potential quitters in the break_a rU|eS_base_d SySte_m

potential quitters in the control group (who did not quit) The dlsadvantage IS that if you wanted
617, +803). The mean difference in birth weight betwee : : :

who managed to quit was 14.3%. Since the intervention to ClﬂSSlfy €.4. SmOkIng Ce,ssatlon
all women in the intervention group. However, "complia among young people, yOU d need tO
identical result, causal birth weight increase 21 g+ 0.14 ensure that the training data also

CONCLUSIONS: Policy makers have great difficulty givi Covered young people —or performance

clinically insignificant improvement in average birth weig
pregnant smokers who want to stop but cannot achieve would drop

TRIAL REGISTRATION: ISRCTN Registry, ISRCTNE87508755%




Good
supervision
IS
required...

Very dependent on quality
and coverage of training
data

Performance very
dependent on context

For example...



7

Study
classification

IS a powerful
{e]0]

But very dependent on quality and
coverage of training data

Performance dependent on
context (e.g. Cochrane RCT
classifier no good for education
RCTs)

Creating high-quality training data
can be expensive



10 . ROC Curve

Example of study
classification:

RCT Classifier

04}

0.8

* A classifier was built using more than
280,000 records from Cochrane Crowd

0.2}

* ltis ‘simply’ applying single classification 00

0.0 0.2 0.4 0.6

(RCT / nOt RCT) False positive rate

* |t has been calibrated to achieve a recall =
99% on the McMaster ‘Hedges’ dataset

o Calibration = ranking the ‘test’ dataset
by score

o BUT precision is low

frequency
.

* |tisvery accurate!

oBut not all supervised learning can be
SO accurate, as lots of high-quality

training data are needed

ScoredValue



Priority 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%)

Summary of conclusions

* Screening prioritisation
= Safe to use

 Machine as a ‘second screener’
= Use with care

* Automatic study exclusion

= Highly promising in many areas,
but performance varies depending

on the domain of literature being
' screened

O'Mara-Eves et al. Systematic Reviews 2015, 4:5
httpy//www.systematicreviewsjournal.com/content/4/1/5 " SYSTEMATIC
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?
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The list of studies
generated in
previous step is
screened
ELUETY

Classifier
automatically
assigns
unscreened
citations as
being included
or excluded

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

Initial set of
relevant and
irrelevant
studies is
identified from

a random
sample of . . criterion has not
List of studies yet been

citations p tobescreened P reached, the
manually in previous step is
subsequent re-run,
step is incorporating the

generated new screening
decisions

Citations
entered into
database

If the stopping

2. Manual screening
3. Machine learning
4, Manual screening
5. Screening completes

A validated stopping algorithm is needed to make best use of this technology
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Continuous update of reviews In EPPI-
Reviewer

Maintains a ‘surveillance’ of the literature as

It emerges to maintain reviews up to date
Papers included in
systematic reviews
in EPPI-Reviewer

Machine learning models ‘learn’ the scope Tﬁ Tﬁ Tﬁ Review 1
of each review based on included studies
é <IIIIIIIIIIIIIIIIIIIIII
- = : Review 2
—- im j} jj =
xD \ New papers are S EE D Review 3
automatically added

@ ‘OpenAlex

I

-
~
A

to reviews when }

adjudged to be é
sufficiently ‘close’ Possibility of bespoke
automation in each

review
(0 o o)

New papers arrive
every month




For example... full workflow in our

map of COVID-19 research

@ OpenAlex —iJ\,»_-(]‘

Wellcome Open Research

W) Check for updates

RESEARCH ARTICLE

Cost-effectiveness of Microsoft Academic Graph with machine
learning for automated study identification in a living map of
coronavirus disease 2019 (COVID-19) research [version 1; peer

review: 2 approved with reservations]

Ian Shemilt'*, Anneliese Arno'*, James Thomas 1%, Theo Lorenc?, Claire Khouja?,
Gary RaineZ, Katy Sutcliffe’, D'Souza Preethy’, Irene Kwan’, Kath Wright2,
Amanda Sowden?

entre, UCL Social Research Institute, University College London, London, London, WC1H ONR, UK
2Centre for Reviews and Dissemination, University of York, UK, York, Yarkshire, UK

V1 First published: 19 Aug 2021, 6:210 Open Peer Review
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'

Human judgement required
when machine is ‘unsure’

From our initial purely manual workflow, we have now
moved to a position where almost all of the work is
carried out by automation tools and technologies

(IIIII'V| S A T e |||||'7\

Treatment
Evaluation

Genetics /
Biology

Transmission /
Risk / Prevalence

Social / Economic
/ Indirect Impacts

Diagnosis
Case Study -
Organisation

Case Reports
(Patients)

Treatment
Development

Mental Health
Impacts

Vaccine
Development

Long COVID



Supervised approaches

) &

Using pre-built machine Building bespoke Using ‘priority screening’ Using pre-built machine
learning classifiers (e.qg. machine learning to rank, and re-rank, learning algorithms to
RCT Classifier) classifiers records for screening assess risk of bias



O ld h a t ® Slang = Old-fashioned or out-of-date

This Photo by Unknown Author is licensed under


https://scherlund.blogspot.com/2015/06/the-emerging-science-of-human.html
https://creativecommons.org/licenses/by/3.0/

New approaches:
more contextually
‘aware’ classification

— The theory:

— When a human reads, they read in the light of
their pre-existing knowledge

— The previous examples do not do that

— Is it possible to address this using machine
learning?

— Word embeddings
— E.g. Word2Vec
— Transformer models

— E.g. BERT (Bidirectional Encoder
Representations from Transformers)

— LARGE ‘generative’ language models

— Key to bear in mind: these are all (sophisticated)
statistical representations of words / phrases that
tend to ‘go together’




Generative approaches

A §

ChatGPT (or other LLM LLM-based database LLM-based information
chatbot) guerying and summarisation extraction

o



Explosion of
work on
generative Al

* There are numerous tools being
developed using Generative
LLMs (‘Gen Al’)

* Articles have started to be
published that report testing out
Gen Al in systematic reviews (&
expect exponential growth)

* So far there is lots of potential,
but no validated tools

* Thereis an urgent need for
robust evaluation to inform
deployment and future
development of these tools

This Photo by Unknown Author is licensed under

= ' . cch e
o s - e - A I f



https://scherlund.blogspot.com/2015/06/the-emerging-science-of-human.html
https://creativecommons.org/licenses/by/3.0/

----- . EPPI Centre ( : m b "
;5 i ¢ Evidence for Al and equity: what are the benefits and harms associated with this new generation of decision-making tools? G e
"--f‘f-'. ,,,,, * Policy & Practice filtered ma

| ( P) Collaboration

Area of implementation
) D =" e “n
standards
) ¢ ) . ° ¥ . ® - ° "

* |— As an experiment, we mapped the literature on Al and equity — using Al
— 26,000 records identified through conventional searches

* | — 6,228 records included in the map

— GPT4 used for screening and mapping

. |— Took a few days to screen & code

— Cost £800 in OpenAl API fees

— Evaluation found:
— Sensitivity 95%; specificity 100% (screening)
— Classification of records: 86% no errors; 12% minor errors; 2% major
errors

[ ]
v
“ .
4 ]

Education (Level)




In summary

Not fashionable Very little time effort Can utilise lots of training  * Considered current ‘state
» Potentially powerful required to create rules or data which can be of the art’
* Very demanding in time training data generated efficiently * Huge research focus
* Rules can be fragile * No control over * Makes use of data created <+« Sometimes beats simpler
classifications for other purposes models (though
* Does not break as easily sometimes only
as rule-based approaches marginally)
» Can predict specific » Concerns about bias and
classification terms (unlike other negative outcomes

unsupervised)



Time for a break...







Example
presentation

— Google presentation

— https://www.youtube.com/watch?v=sPiOP
CB54A



https://www.youtube.com/watch?v=sPiOP_CB54A
https://www.youtube.com/watch?v=sPiOP_CB54A

S0...
Wh at Gemini now and forget
about how we ‘used’ to do
d _ d systematic reviews?
- f? What else might we want to
I n 4 Know?

Can we all just go and use




Important
questions
to ask of
any
machine
learning
system

Where did the data come from?
Are the data biased in some way?
For supervised approaches:

— Were there sufficient training data to build
robust models?

— How similar are the training data to my use
scenario?

— Was the evaluation internally valid?
For all approaches:

— How can | tell if the tool is fit for my
purpose”?



Starting points

9 Decisions that affect people’s lives should be informed by reliable
research

Individual research studies can
g be atypical; we need to draw on Therefore we use evidence synthesis
the sum of current knowledge

Evidence syntheses can be They have been conducted badly
unreliable for two reasons: The research they contain is unreliable



Critical
questions
to ask when
considering
using a new
tool for
evidence
synthesis

Does it enable me to
draw on the sum of
current knowledge?

Does it enable me to
distinguish between
reliable and
unreliable research?

Is the tool itself
reliable?

Or does it
present an
incomplete or
biased
picture?

Or does it
treat all
research as
equally
reliable?

Do we know
how it works?
Is it validated
for my use
case?



First example... workflow in our
map of COVID-19 research

@ OpenAlex —iJ\,»_-(]‘

Wellcome Open Research

W) Check for updates

RESEARCH ARTICLE

Cost-effectiveness of Microsoft Academic Graph with machine
learning for automated study identification in a living map of
coronavirus disease 2019 (COVID-19) research [version 1; peer

review: 2 approved with reservations]

Ian Shemilt'*, Anneliese Arno'*, James Thomas 1%, Theo Lorenc?, Claire Khouja?,
Gary RaineZ, Katy Sutcliffe’, D'Souza Preethy’, Irene Kwan’, Kath Wright2,
Amanda Sowden?

entre, UCL Social Research Institute, University College London, London, London, WC1H ONR, UK
2Centre for Reviews and Dissemination, University of York, UK, York, Yarkshire, UK

V1 First published: 19 Aug 2021, 6:210 Open Peer Review

I
'

Human judgement required
when machine is ‘unsure’

From our initial purely manual workflow, we have now
moved to a position where almost all of the work is
carried out by automation tools and technologies

(IIIII'V| S A T e |||||'7\

Treatment
Evaluation

Genetics /
Biology

Transmission /
Risk / Prevalence

Social / Economic
/ Indirect Impacts

Diagnosis
Case Study -
Organisation

Case Reports
(Patients)

Treatment
Development

Mental Health
Impacts

Vaccine
Development

Long COVID



Does it enable me to draw on the sum

of current knowledge? V

Does it enable me to distinguish
between reliable and unreliable
research?




Why is this trustworthy?

s Not too far from ‘traditional’ methods




But...

— Training data was needed

— The digital evidence synthesis
tools were partly developed for
the project

— The evidence synthesis team
had technical development
team working with them

— What about more generic and
less tailored tools?




©

ChatGPT

Are mindfulness-based interventions effective for smoking cessation among people who
smoke?

Mindfulness-based interventions (MBIls) have shown some promise as a complementary
approach to smoking cessation for people who smoke. While more research is needed to
establish their long-term effectiveness and determine how they compare to other smoking
cessation methods, there is evidence to suggest that MBls can be helpful for certain

individuals. Here are some key points to consider:

4
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Does it enable me to draw on the sum
of current knowledge?

Are mindfulness-based interventions effectiv

smoke?
Does it enable me to distinguish
between reliable and unreliable
research?

Mindfulness-based interventions (MBIs) have si.

approach to smoking cessation for people who smon.

establish their long-term effectiveness and determine how t

cessation methods, there is evidence to suggest that MBls ca «elpful for certain

individuals. Here are some key points to consider:




CONNECTED PAPERS

L
Acceptance-Based Treatment for Smoking Cessation

Expand

Q o

Origin paper
Acceptance-Based Treatment for Smoking Cessation
E. Gifford, B. Kohlenberg, S. Hayes, D. Antonuccio, M.... 2004

A Preliminary trial of twelve-step facilitation and
acceptance and commitment therapy with...

S. Hayes, K. Wilson, E. Gifford, R. Bissett, M. Piasecki, ... 2004

Acceptance and commitment therapy for smoking
cessation: a preliminary study of its effectiveness i...

Monica Hernandez-L6pez, M. C. Luciano, J. Bricker, J.... 2009
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Welcome to Elicit, your Al research assistant

Q Are mindfulness-based interventions effective for smoking cessation among people who smoke?

Summary of top 8 papers

The research on mindfulness-based interventions for smoking cessation is promising but mixed. Several studies found that mindfulness
training helps smokers quit or reduce smoking. Vinci 2020 found that both cognitive behavioral therapy and mindfulness-based

Final answer interventions are effective for smoking cessation, especially for certain populations. Qikonomou 2017 conducted a meta-analysis of
four RCTs and found that 25.2% of smokers who received mindfulness training quit smoking for over 4 months, compared to only
13.6% of those who received usual care. Davis 2007 found that 56% of smokers who received mindfulness training quit smoking for 6
weeks. Bowen 2009 found that smokers who received brief mindfulness training smoked fewer cigarettes over a week compared to
controls. However, other studies found limited or no effect of mindfulness on smoking cessation. Carim-Todd 2013 reviewed 14 studies
and found that while the results were promising, the studies had too many limitations and methodological problems to draw a definitive
conclusion. Maglione 2017 conducted a meta-analysis of 5 RCTs and found no significant effect of mindfulness meditation on smoking
abstinence or number of cigarettes smoked compared to controls. The studies were too heterogeneous and low quality to find an
effect. Garrison 2015 proposes an RCT to evaluate a smartphone-based mindfulness intervention for smoking cessation, indicating the
research is still ongoing. In summary, while several initial studies found promising effects of mindfulness on smoking cessation and

reduction, the research is limited by a small number of studies, methodological weaknesses, and heterogeneity across interventions
and measures. Higher quality, larger RCTs that evaluate specific types of mindfulness interventions are still needed to determine if and
how mindfulness effectively helps people quit smoking.
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What is high-accuracy mode?

High-accuracy mode gives better results when adding columns and
extracting data. In our testing, high-accuracy mode had about 1/2 the error

te of standard col . High- dei rticularl ful f -
conducting systemaic reviews and meta-analyses, — Apparently Elicit can be
used in ‘high accuracy

e At K of ot ot o e e mode’ for systematic
6.0, SUMMAry, counter-arguments reviews and meta-analyses
] — Apparently the error rate is
intervention reduced by 8% compared
intervention High-accuracy mode @D with... something else

More accurate but uses up more
credits

Outcome measured Edit

— Elicit 1s not alone In
Duplicate providing LLM-based tools

Delete with no evaluations to
support their use
High-accuracy mode is only available to Elicit Plus subscribers, and costs - Th|S iS beCOming the

about 250 credits per answer.

Industry norm

Learn more about high-accuracy mode here.

Improvements

As of today, we're using a new technique for high-accuracy mode. Our testing
found that our new technique reduces the error rate by about 8% compared
to our old technique.
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Can mindfulness help people to stop smoking?

Key messages

- There is currently no clear evidence that mindfulness-based treatments help people to stop smoking or improve their mental

health and well-being.

- However, our confidence in the evidence is low or very low, and further evidence is likely to change our conclusions.
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Smoking Cessation Internet Intervention for Low and High SES Groups v

Here is a report of a randomized trial. State: the population recruited; the intervention(s)
evaluated; the main outcome(s) measured; and the statistical results of the primary
outcome

According to the paper, this randomized controlled trial had the following key details:
Population:

+ 4613 participants aged 18+ years who smoked daily and were willing to make a
serious quit attempt in the UK.

* Recruited online, mainly via the English Department of Health website.

« Stratified into low socioeconomic status (n=2142) and high socioeconomic status
(n=2471) based on occupation.

Interventions:

¢ Interactive internet-based smoking cessation website called StopAdvisor.

« Control group received a 1-page static website with brief standard smoking
cessation advice.

Main outcome:

¢ Primary outcome was biochemically verified 6-month sustained abstinence from
smoking (self-report of smoking <5 cigarettes in the past 6 months plus saliva
cotinine <15 ng/mL).

Results:

+ No overall difference between groups in 6-month abstinence (StopAdvisor 10% vs
control 10%, RR 1.06, 95% CI 0.89-1.27, p=0.49).

¢ In the low SES subgroup, 6-month abstinence was higher in StopAdvisor vs control
(8% vs 6%, RR 1.36, 95% CI 1.00-1.86, p=0.0499).

* No difference between groups in the high SES subgroup (StopAdvisor 12% vs

Internet-based intervention for smoking cessation
(StopAdyvisor) in people with low and high socioeconomic
status: a randomised controlled trial

Jamie Brown, Susan Michie, Adam WA Geraghty, Lucy Yardley, Benjamin Gardner, Lion Shahab, John A Stapleton, Robert West

Summary

Background Internet-based interventions for smoking cessation could help millions of people stop smoking at very
low unit costs; however, long-term biochemically verified evidence is scarce and such interventions might be less
effective for smokers with low socioeconomic status than for those with high status because of lower online literacy to
engage with websites. We aimed to assess a new interactive internet-based intervention (StopAdvisor) for smoking
cessation that was designed with particular attention directed to people with low socioeconomic status.

Methods We did this online randomised controlled trial between Dec 6, 2011, and Oct 11, 2013, in the UK. Participants
aged 18 years and older who smoked every day were randomly assigned (1:1) to receive treatment with StopAdvisor or
an information-only website. Randomisation was automated with an unseen random number function embedded in
the website to establish which treatment was revealed after the online baseline assessment. Recruitment continued
until the required sample size had been achieved from both high and low socioeconomic status subpopulations.
Participants, and researchers who obtained data and did laboratory analyses, were masked to treatment allocation.
The primary outcome was 6 month sustained, biochemically verified abstinence. The main secondary outcome was
6 month, 7 day biochemically verified point prevalence. Analysis was by intention to treat. Homogeneity of intervention
effect across the socioeconomic subsamples was first assessed to establish whether overall or separate subsample
analyses were appropriate. The study is registered as an International Standard Randomised Controlled Trial, number
ISRCTN99820519.

Findings We randomly assigned 4613 participants to the StopAdvisor group (n=2321) or the control group (n=2292);
2142 participants were of low socioeconomic status and 2471 participants were of high status. The overall rate of
smoking cessation was similar between participants in the StopAdvisor and control groups for the primary (237 [10%]
vs 220 [10%] participants; relative risk [RR] 1-06, 95% CI 0-89-1-27; p=0-49) and the secondary (358 [15%] vs 332
[15%] participants; 1-06, 0-93—1-22; p=0-37) outcomes; however, the intervention effect differed across socioeconomic
status subsamples (1-44, 0-99-2.09; p=0-0562 and 1-37, 1-02-1-84; p=0-0360, respectively). StopAdvisor helped
participants with low socioeconomic status stop smoking compared with the information-only website (primary
outcome: 90 [8%] of 1088 vs 64 [6%] of 1054 participants; RR 1-36, 95% CI 1-00-1-86; p=0-0499; secondary outcome:
136 [13%] vs 100 [10%)] participants; 1-32, 1-03-1-68, p=0-0267), but did not improve cessation rates in those with
high socioeconomic status (147 [129%] of 1233 vs 156 [13%)] of 1238 participants; 0-95, 0-77-1-17; p=0-61 and 222 [18%)]
vs 232 [19%)] participants; 0- 96, 0-81-1-13, p=0- 64, respectively).
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control 13%, RR 095, 95% CI 0.77-1.17, p=0.61).
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analysis of the interaction between rvention and
socioeconomic status showed clear evidence of non-
ignorable heterogeneity of intervention effect by both
primary (RR 1-44, 95% CI 0-99-2-09; p=0-0562) and
secondary (1-37, 1-02-1-84; p=0-0360) cessation measures.
This finding was evident before and after adjustment for
all other baseline characteristics (adjusted data not shown).
Consequently, the analysis of outcome was done separately
within each of the two socioeconomic status subsamples.
In the subsample of participants with low
socioeconomic status, a benefit of StopAdvisor was
evident for both primary and secondary measures
compared with the information-only website, whereas in
those with high socioeconomic status, no evidence of a
difference was shown (table 2). Adjustment for all
baseline characteristics had a negligible effect on these
comparisons (table 2). In a post-hoc sensitivity analysis,
we re-examined the effect of StopAdvisor on
biochemically verified smoking cessation in participants
with low socioeconomic status, after exclusion of those in
full-time education from the classification (n=237). The
benefit of StopAdvisor compared with the information-

who did not have po-st 16 education. In this smaller
subsample (n=1687), the results were consistent with the
imary analyses for StopAdwsor versus information
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Overall

6-month abstinence

Low SES

6-month abstinence

High SES

6-month abstinence

StopAdvisor

10%

8%

12%

State, in tabular form, the outcomes of the sutdy 0

Here is a table summarizing the key outcomes of the study:

Control Relative Risk (95% Cl)
10% 1.06 (0.89-1.27)
6% 1.36 (1.00-1.86)
13% 0.95 (0.77-1.17)

p-value

0.49

0.0499

0.61

only website remained in both unadjusted (primary A\ O Copy
outcome 87 [9%] of 967 vs 60 [6%)] of 938 participants;
RR 1-41, 95% CI 1-03-1-93; p=0-0346; secondary
0dds ratio (95% Cl)* Percentage-point p valuet
difference (95% Cl)
Primary outcome (abstinence for 6 months)
High SES 147/1233 (12%) 156/1238 (13%) 095 (0-77t01.17) 04 (07410 1-19) -0-68 (-3-27t01.91) 0-61
Adjusted . - 0.97 (0-78 to 1-19)% 95 (0-75t0 1-22)% 075
90/1088 (8%) 64/1054 (6%) 136 (1-00 to 1-86) 139 (1-00t0 1.94) 2.20(0-02 to 4-38) 0-0499
g 146 (1-04t0 2-05)% 0-0238
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What were the risk of bias as assessed by the Cochrane RoB tool?

The study authors did not report a risk of bias assessment using the Cochrane RoB tool.
However, here are some observations about potential risks of bias based on the details

provided in the paper:

Random sequence generation: Participants were randomized using an automated
unseen random number function, so this should have been adequate.

Allocation concealment: The randomization was automated with no experimenter
involvement, so allocation was likely adequately concealed.

Blinding of participants/personnel: Not reported, but blinding of participants may
not have been feasible given the difference in intervention. Personnel were likely not
blinded.

Blinding of outcome assessment: Outcome assessors were reported to be blinded
to treatment allocation.

Incomplete outcome data: Follow-up rates were 77% overall and similar between
groups, with missing data treated as smoking, so the risk appears low.

Selective reporting: The outcomes specified in the protocol appear to be reported,
suggesting low risk of bias.

Other biases: The study appears to have been adequately powered and analyzed as
pre-specified, with low risks of other biases.

So in summary, the lack of blinding of participants and personnel, as well as the lack of
formal risk of bias assessment by the authors, suggest some uncertainties but overall

the study seems reasonably well conducted.
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Technologies behind the tools

'\V) Not comprehensive; not up to date;

Is a language model,

L. unsuitable for answering questions using
ChatGPT not a database <= research evidence
A database building on Open Could be comprehensive and up to date
Access data (evaluation needed); more work required by
ConnectedPapers user for synthesis

Could be comprehensive (evaluation
{o} Database + language model + needed); summary tools do not (yet) take

A\ machine learning (‘RAG’) account of study size / reliability
Elicit, EPPI Reviewer,...

Constraining LLM to ‘look’ only at the
A\ Using a large language model for document looks promising. Key is to limit
information (data) extraction possibility for ‘hallucinations’. (More

Claude 2 / ChatGPT research needed)
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Critical points for
internally valid evaluation

« Training and evaluation data must
be as similar as possible to the
data that the tool will be used on

 Evaluation data must never be
used for training

« This includes developing
‘prompts’ for LLMs

« Always check that a tool works in
the specific review context that
you intend to use it for
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To try a tool (and evaluate



Ideas...

1. Try out a prebuilt classifier:
a. RCT Classifier
b. Systematic reviews
c. Economic evaluations
2. RobotReviewer for assessing Risk of Bias of RCTs

3. Compare the performance of RobotReviewer with ChatGPT for extracting PICO and / or
Risk of Bias information

4. Try using GPT-4 for classifying studies (on the web or via EPPI Reviewer)
Try using ChatGPT for data extraction
6. Try another tool of your choice...

o1

See the resources on the website for links and further tools



Time for a break...




Questions and
discussion




Summing up

* Most evidence synthesis still uses almost entirely
manual processes

 Machine learning is only used in some

* While many tools are promising there are barriers
to implementation for some tools

* There are some great tools that are ready for use
* The promise of GenAlis currently only a promise

* We need lots of rigorous evaluation before we can
see the promise realised
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