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Abstract

Scientific output doubles every nine years. This rising torrent of information has placed the evidence
synthesis process under increasing strain, contributing to lengthy production times and impacting
the translation of health research into practice and policy. The process of evidence synthesis is
extremely resource intensive, often taking small research teams years to complete. Updating
reviews as new evidence becomes available, has also proved challenging with many remaining static

publications, reporting outdated or even inaccurate information.

A critical stage in the evidence synthesis process is the identification of evidence for inclusion. The
advent of bibliographic databases such as PubMed and Embase marked a step-change in information
retrieval practices. However, a myriad of problems including poor reporting of primary research,
inconsistent indexing, and lack of standardised record formatting, compounded to produce a
significant specificity problem in information retrieval for health evidence syntheses. In short, the

process is inefficient and wasteful.

Using crowdsourcing for the study identification stages of review production may help to remove
this bottleneck. Crowdsourcing is the engagement of a large group of people, usually via the
internet, in a problem-solving or idea-generating activity. It can take a range of forms depending on
the nature of the problem and the required output. One such crowd model is the crowdsourcing of
human computation, or micro, tasks. This involves the manual classification of large data sets that
have been broken down into smaller (micro) units and distributed via an open call to willing
contributors. The importance of being systematic, and the very rule-driven processes involved in
producing robust health evidence, lends itself well to the breaking down of larger tasks to a micro

format, and distributing them to anyone with an interest in health and an internet connection.

This applied research aimed to develop, evaluate, and deploy a hybridised model of contribution
using crowdsourcing and machine learning within the context of health evidence production. My
specific objectives were to investigate the conditions under which each modality (crowd or machine)
performed optimally, with a focus on outcome measures related to data quality, efficiency,
engagement and capacity. The first three papers (Chapters 2, 3 and 4) form a collection that focus on
the identification of reports of randomised trials. Paper 1 looks at the development and evaluation
of crowdsourcing this task; Paper 2, at developing and evaluating machine learning capability; and
Paper 3 at the performance of a hybrid workflow that uses both components. Papers 4 and 5 are

feasibility studies looking at crowd performance when tasked with a different, potentially more



challenging, question and dataset. Systematic reviews are becoming increasingly complex, and
evidence based on randomised trials is often not applicable or appropriate. Papers 6, 7 and 8 are set
within a COVID-19 context. Paper 7 evaluates a crowd tasked with identifying studies across a range
of review question types and under tight time constraints; Paper 8, adopting a similar methodology
developed in Paper 2, describes the development and evaluation of a machine learning classifier

designed to identify COVID-19 related primary research.

Taken together, this body of work has furthered our understanding of the role crowdsourcing and
machine learning can play in the production of health evidence. Specifically, it has contributed new
knowledge on the types of tasks suitable as well as methods related to aggregating crowd
contributions to achieve high quality data output. In practical terms, crowdsourcing is now
implemented into Cochrane review production processes both within the current information
retrieval paradigm, in terms of assessing sets of search results retrieved for individual reviews, but
also in terms of helping to produce and maintain highly curated repositories of studies as part of
Cochrane’s Evidence Pipeline. This collection can be leveraged by researchers, academics and
practitioners to enable the successful application of such a model across multiple domain areas

grappling with information overload.
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Chapter 1. Introduction

1.1 The research context

The practice of evidence-based healthcare (EBHC) integrates three components: clinical expertise,
patient values and preferences, and the best available scientific evidence. Often heralded as the gold
standard of scientific evidence, a systematic review attempts to collate all empirical evidence that
fits pre-specified eligibility criteria to answer a specific research question. It uses explicit, systematic
methods that are selected with a view to minimizing bias, thus providing reliable findings from which

conclusions can be drawn and decisions made®.

Systematic reviews as we conceptualise them today began to appear in the mid-1970s. Their impact
has been profound and far-reaching as encapsulated by the story behind the Cochrane logo. The
logo depicts the forest plot from an iconic Cochrane systematic review evaluating the effectiveness
of corticosteroids given to women about to give birth prematurely. The synthesised evidence
demonstrated that the treatment could save the life of the new-born child?. Prior to the review, and
despite several studies showing the benefit of this intervention, corticosteroids were not routinely
used. Numerous successes in EBHC have followed, helping to reduce morbidity and mortality across

a broad range of healthcare domains>*>®,

With decisions affecting people’s lives based on systematic review findings, it is critical that they are
of high quality. Systematic reviews, as the name implies, should be produced systematically, i.e.,
according to pre-defined rules and rigorous methods. As with primary research, secondary research
of this nature can be affected by bias’ which can influence or distort the results of the review and
render it unreliable, inaccurate, and even harmful. Examples pertinent to evidence synthesis include
publication bias, the over-reliance of studies that have been published based on the nature of their
results, or outcome reporting bias, the selective reporting of some outcomes but not others.
Another potential bias in systematic review research is time-lag bias — the rapid or delayed

availability of research findings from primary studies depending on their results.

The methods involved in the synthesis of health evidence in this way have evolved substantially over
the last three decades with the aim of reducing risk of bias and minimising statistical imprecision.
Cochrane, a leading provider of health-related systematic reviews, has produced the seminal text,

The Cochrane Handbook for Systematic Reviews of Interventions®. This half-a-million-word tome
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periodically undergoes major updates to ensure that new methods are adopted. Despite these
methodological advances, the production process itself, in terms of the broad stages involved in
producing a systematic review, have remained largely unchanged, being frequently conducted in a
linear sequence, with one stage completed before the next is begun, generally by small author

teams®. These key stages are:

e Question formulation

e Search for potentially relevant evidence

e Assessment of potentially relevant evidence
e Appraisal of relevant evidence

e Data extraction

e Statical and/or qualitative synthesis

e Interpretation

Fifty years ago, this research production process was appropriate, and indeed likely the only viable
approach. However, the advent of the digital age and with it the semantic web, has brought new
opportunities to change this research production paradigm. It has never been easier to access the
world’s scientific output and be able to share that output within seconds. It has also become easier
to work collaboratively as a global community, in real time. Yet despite these technological advances
these opportunities have not been realised. The production of secondary research in the form of
evidence synthesis such as systematic reviews and meta-analyses has become increasingly
challenging. This research is therefore situated within a meta-research context concerning as it does
the methods involved in the production of research itself. As described by meta-research

methodologists loannidis and colleagues:

As the scientific enterprise has grown in size and diversity, we need empirical evidence on
the research process to test and apply interventions that make it more efficient and its

results more reliable.'®

In 2014, Greenhalgh and colleagues published an essay in the British Medical Journal entitled:
Evidence-based medicine: a movement in crisis*. In it she described a range of problems — one of
which was the notion of “too much evidence’. Drawing on a bibliometric study conducted by Allen
and Harkins in 2005'2, Greenhalgh and colleagues cited one example: “[A] 2005 audit of a 24-hour

medical take in an acute hospital, for example, included 18 patients with 44 diagnoses and identified
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3679 pages of national guidelines (an estimated 122 hours of reading) relevant to their immediate
care”!!, The problem extends beyond just the overwhelming number of clinical guidelines. Global
scientific output doubles every nine years®3. In the healthcare domain alone, over 4000 new research

articles are published every week.

Compounding this issue of exponential output (and in part due to it) is the high level of poor and
inconsistent indexing of research®', a lack of conformity by researchers and journal editors in

applying appropriate reporting standards!®'’

, and the increasing number of new publication
channels®®. These issues directly impact the efficient production of evidence synthesis within the
current production paradigm. Sensitive searches, required to reduce the risk of missing potentially
eligible studies, often retrieve thousands of results. In a study by Borah and colleagues estimating
the time and effort required to produce a systematic review, the number of search results retrieved
(based on a sample of 195 published reviews that had been registered in PROSPERO) ranged from 27
to just over 92,000 hits, averaging 2000 hits per review!®. The mean yield rate (the proportion of the
results that were includable studies), calculated by dividing the final number of included studies by
the number of hits retrieved post de-duplication, was less than 3%, equating to an appalling level of
specificity. Within the context of Cochrane review production alone, it is estimated that in the last
twenty years more than 40 million records have been assessed to identify randomised controlled

trials (RCTs) for inclusion despite the fact that there have been no more than two million RCTs

conducted so far in human history®.

Methodological filters are a collection of terms appended to a search strategy to help reduce the
number of hits retrieved. Systematic reviews based on evidence from randomised controlled trials
will likely use a validated methodological filter in the core bibliographic databases they search, such
as PubMed/Medline and Embase?'. Methodological filters have improved search specificity in
certain domain areas, but few filters outside of RCT scope have had the same level of validation or
achieve an acceptable level of sensitivity (i.e., relevant studies are excluded). This means that for
many review question types, for example diagnostic test accuracy or prognostic factor reviews, a
methodological filter is not recommended for use as key evidence might be missed and therefore

compromise the findings of the review'>?.

Most reviews are undertaken by small author teams, of around five people!®, many of whom have

multiple competing commitments and varying levels of availability®. Each team operates effectively

within a production silo, beginning the review from scratch with formulating the question and

17



undertaking the search for relevant evidence. It is therefore unsurprising that the identification of
potentially thousands of search results to assess acts as a significant bottleneck early in the review
production process. In addition, current guidance recommends that this time-intensive activity be
undertaken in duplicate (dual-screening) by members of the author team. Some teams try to
alleviate this bottleneck through single-screening of the search results but research indicates this is

not reliable and key studies may be missed?.

In a recent qualitative study conducted by Turner et al., exploring current approaches to producing
systematic reviews and opportunities for improvement, several respondents suggested expanding or
extending the idea of the author team “beyond a single review, and beyond a single version of a
review, to encompass a community that was responsible for the ongoing life of a review as a way of

”9. The current dependence on a single small

ensuring ongoing consistency and continuity of input
author team in undertaking all aspects of a review with increasing methodological complexity and

the rapidly expanding body of evidence is not sustainable. As one respondent stated: “Teams should
be more dynamic; if someone has to drop out of a task, then there should be someone else who can

take their place.”

1.2 The research problem

The research problem is therefore a meta-research problem concerning the effective production of
secondary research in the form of health evidence synthesis. The sheer quantity of research
produced has outpaced the traditional review team’s capacity to keep up. As the number of
systematic reviews published annually continues to grow, many are produced by cutting corners,
duplicating effort, and are out of date by the time they are published. In addition, the vast majority
are static publications that are never updated to incorporate new evidence. This inability to maintain
currency has important ramifications. Reviews are at risk of time-lag bias as results data from
negative trials often take substantially longer to publish than evidence from trials reporting positive
results. A survival analysis by Shojania et al., identified that significant new evidence was already
available for 7% of the reviews at the time of publication and became available for 23% within two
years?*, Taken together, these significant challenges are central to an evidence production process
that is under increasing strain. New approaches to the production of evidence are needed. There will
be no one single solution that will fix the complex problems of producing robust, reliable and
relevant evidence; it will take a cross-discipline, and cross-organisational effort. However, at the core
of the research problem described here lies the need for better approaches to managing

information, and better organisation of human effort in the production of health evidence synthesis.
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1.3 Crowdsourcing

Crowdsourcing is the organised outsourcing of a problem, task, or activity to a large group of people,
usually via the internet. The term was first coined by Jeff Howe in 2006 in his well-known WIRED
article The Rise of Crowdsourcing®. However, the notion of collective intelligence via communities
(also known as: ‘the wisdom of the crowd’, the ‘hive mind’, ‘swarm intelligence’ etc.) dates back
centuries. In 1714, the British government set up The Longitude Prize. Here the crowd were tasked
with coming up with a way to determine a ship’s longitude at sea (determining latitude was far less
problematic as this could be found based on the altitude of the sun at noon). A series of monetary
rewards were established: the equivalent of £1.3 million would be rewarded to the person or group

who produced a method of determining longitude at sea within 1 degree?®.

Crowdsourcing can take several forms depending on the nature of the task and the hoped-for result
or output. Several definitions, typologies and frameworks of crowdsourcing exist?” but one,
developed by Brabham and colleagues?® describes four discrete types of crowdsourcing based on the
nature of the problem that needs solving. First, knowledge discovery and management, where an
organisation tasks the crowd with finding and collecting information into a common location and
format; second, the broadcast search where the crowd is challenged to solve an empirical problem
(e.g. The Longitude Prize described above); third, peer-vetted creative production tasks a crowd with
creating and selecting creative ideas; and finally, distributed human intelligence tasking, where a
crowd is tasked with analysing large amounts of information or data that have been decomposed

into smaller (micro) units?®.

The last two decades have witnessed a dramatic increase in the use of crowdsourcing across both
public and private sectors®. Well known examples across each of the types defined by Brahbam
include Threadless®, an online community of artists where designs are created and selected to be
made available as t-shirts by the community (an example of peer-vetted creative production). The
site HeroX®! hosts modern day ‘challenges’ that “connect everyday problem solvers like you to bring
innovative thinking to the world”, the broadcast search approach to crowdsourcing. Indeed, The
Longitude Prize, described above, also remains a good example of Brabham’s broadcast search
approach. The Prize is now a £10m prize fund, for a team of innovators who develop a diagnostic
test that will conserve antibiotics for future generations®2. An important and increasingly utilised
area in which crowds are engaged, is in emergency response and disaster management for natural

hazards such as floods, wildfires, and earthquakes. Here Brabham’s knowledge discovery and
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management model is most commonly adopted, using platforms such as Crowdmap:.
Crowdmapping, made possible by global positioning system (GPS) technology, aggregates multiple
types of crowd-generated inputs to create an up-to-date digital map of a particular event.

OpenStreetMap is another example of this type of crowdsourcing®.

Crowdsourcing marketplaces have also emerged. Amazon Mechanical Turk (MTurk) is likely the most
prominent such marketplace. It was launched in 2005, initially to assist with the maintenance of its
own site but quickly expanded to enable others to post crowd tasks. Here the mode of crowd use is
more aligned to Brabham’s distributed human intelligence tasking. Businesses (termed Requesters in
MTurk) are invited to “break down a manual time-consuming project into smaller, more manageable
tasks to be completed by distributed workers over the internet...so internal staff can focus on higher
value activities”®. A varied range of use cases can be found at any one time browsing the available

microtasks on MTurk.

Microworking or microtasking is often accompanied by micropayment (small, piece rate payments),
as is the case for MTurk and other similar crowd marketplaces e.g., Clickworker®® and Minijobz*".
However, a branch of crowdsourcing that heavily, but not exclusively, utilises both knowledge
discovery and management, and distributed human intelligence tasking, is citizen science. Citizen
science is the practice of public participation and collaboration in scientific research to increase
scientific knowledge. The term is used widely and increasingly often in contemporary discourse
regarding public participation in science and research. It can take many forms across the
participatory spectrum but is historically most commonly associated with environmental and
ecological monitoring activities such as the eBird project®. In many projects or initiatives described
as citizen science activities, contributors perform either data collection, monitoring activities, or
classification tasks. The latter classification tasks are essentially microtasks: small, discrete tasks that
cannot be reliably, or entirely, performed by a machine. Such tasks are an example of human

computation.

Human computation methods “leverage human processing power to solve problems that are still
difficult to solve by using solely computers...While human computation methods could theoretically
involve only small numbers of contributors, crowdsourcing approaches leverage the ‘wisdom of the
crowd’ by engaging a high number of online contributors to accomplish tasks that cannot yet be
automated, often replacing a traditional workforce.”*° Human computation approaches are

therefore ideally suited to situations where the following conditions apply: 1. Large amounts of data
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or information are produced and need processing; 2. The amount of information or data that needs
processing has outpaced traditional workforce capacity; 3. The data sets can be broken down and

distributed in a microtask format; 4. The new microtask can attract contributors to perform it.

The prolific production of scientific output is creating significant bottlenecks within the current
health evidence production process (conditions 1 and 2 listed here). Additionally, we have described
the systematic and rule-driven activities required to reduce risk of bias and produce robust evidence
syntheses. Rule-based activities offer huge potential for reformatting tasks as microtasks (condition
3). And we have touched on contributor incentives (condition 4) in terms of micropayment.
Monetary reward is one viable approach to attracting contributors. However, it is not the approach
taken by the citizen science movement. Instead, altruism, topic interest, educational aspirations and
fun are leading motivators***2, People want opportunities to participate either because they are
interested in the aims or goals of the initiative and/or they want to learn about a new topic or gain
news skills. In the area of health, a further related motivation may also be pertinent: the initiative
may directly relate to the experience of the individual contributor whether as a patient with a

particular health condition or as a friend or relative of someone with the condition.

A highly successful citizen science initiative that leverages human computation methods in a health-
related area (Alzheimer’s disease dementia) is StallCatchers*®. This initiative meets all conditions
described above. In dementia due to Alzheimer’s disease, stalls (clogged blood vessels) in the brain
reduce blood flow. This is linked to the development of Alzheimer’s disease. StallCatchers is an
online game that invites contributors to watch video clips showing the brain of mice with
Alzheimer’s disease. The aim of the game is to identify the ‘stalls’ in the video clips. The game has
proved incredibly popular attracting millions of contributors and demonstrates the potential to
harness human effort in this way. This approach produces relevant data needed, whilst eliminating
the processing bottlenecks: “In one hour of playing the game, citizen scientists are able to analyze
what it takes scientists one week to accomplish in a lab setting”**. All essential conditions required
for the successful crowdsourcing of a human computation microtask have been met: large quantities
of data that required processing have been broken down into a micro format, and made into an
appealing game-with-a-purpose with the clear goal-value of gaining a better understanding of a
debilitating condition that affects 50 million people around the world. StallCatchers is therefore an
excellent example of crowdsourcing a human computation task within a basic science or primary

research remit.

21



1.4 Literature review

Jeff Howe’s 2006 article in which he defined crowdsourcing as the act of a company or an institution
taking a function once performed by employees and outsourcing it to an undefined (and generally
large) network of people in the form of an open call, is thought to mark the launch of the modern
era of crowdsourcing?*. As described above, the practice of crowdsourcing grew quickly, with many
instantiations across multiple domains. Indeed, its diffuse nature likely impeded its initial
development as a coherent field of research. A variety of definitions quickly emerged, and

sometimes conflicted with each other, signifying an unstructured and rapid evolution.

In 2012, Estellés-Arolas published a paper entitled Towards an Integrated Crowdsourcing
Definition**. Recognising that the theoretical knowledge base was not yet solid, they sought to
produce a single, cohesive, global definition of crowdsourcing that would align with developing
typologies, such as Brabham’s problem-focussed typology described above?’, or Geiger’s example-
based taxonomy*. Through analysis of multiple existing definitions and extraction of common
elements, Estellés-Arolas established the basic characteristics of any crowdsourcing initiative. Eight

key characteristics were identified:

(a) Thereis a clearly defined crowd

(b) There exists a task with a clear goal

(c) The recompense received by the crowd is clear

(d) The crowdsourcer is clearly identified

(e) The compensation to be received by the crowdsourcer is clearly defined
(f) Itis an online assigned process of participative type

(g) It uses an open call of variable extent

(h) It uses the internet

The resulting definition, designed to cover any type of crowdsourcing and to reduce the pre-existing

semantic confusion, was:

Crowdsourcing is a type of participative online activity in which an individual, an institution,
a non-profit organisation, or company proposes to a group of individuals of varying
knowledge, heterogeneity, and number, via a flexible open call, the voluntary undertaking of
a task. The undertaking of the task, of variable complexity and modularity, and in which the

crowd should participate bringing their work, money, knowledge and/or experience, always
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entails mutual benefit. The user will receive the satisfaction of a given type of need, be it
economic, social recognition, self-esteem, or the development of individual skills, while the
crowdsourcer will obtain and utilize to their advantage what the user has brought to the

venture, whose form will depend on the type of activity undertaken*.

During this time, citizen science, a form of crowdsourcing that engages the public in scientific
projects, was also burgeoning — both in terms of the science of citizen science, and the number and
types of applications of it/projects using it. In Follet’s 2015 analysis of citizen science based
research®, they assert increased acceptance of this method by the scientific community and
describe research into the science of citizen science focussing on three key areas: the methods
applicable to citizen science projects, validation techniques, and studies on motivating volunteers.
However, almost all early applications of citizen science methods were related to environmental,
ecological, or astronomical endeavours, with the vast majority of these being highly visual, image-
based tasks. Indeed, crowdsourcing more broadly had had very limited exposure in the field of

health.

A systematic review by Ranard and colleagues in 2013 looked specifically at applications of
crowdsourcing in the health and medicine domains®’. They identified only 21 studies reflecting the
use of crowdsourcing in health-related research. Within those 21 studies, crowdsourcing was utilised
in four main ways: problem solving, data processing, surveillance, and surveying. There was
considerable variability in how the methods of crowdsourcing were reported and relatively little by
way of robust validation. The conclusion was that the field was in its infancy, and that important

guestions remained around the quality of the data crowdsourcing provides.

The same year as Renard’s review also saw the publication of The Handbook of Human
Computation*®. Human computation was another emerging and relevant area of enquiry. The term
had been coined by Luis von Ahn in 2008 and refers to methods that combine human brainpower
with computers to solve problems that neither could solve alone. The Handbook of Human
Computation brought together experts in the field to cover the foundations of the field, its
application domains, techniques and modalities, algorithms and so on. The editor, Pietro

Michelucci, was also the founder of the StallCatchers initiative, described above.

Another systematic review, published in 2018, which mapped crowdsourcing applications in health,
showed that the use of crowdsourcing across health promotion, health research and health

maintenance, had increased substantially*. By this stage, data processing was the most frequently
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used application of crowd effort, mainly in public health, with none, as yet, having looked at

researching crowdsourcing within a health evidence synthesis context.

1.5 Aims and objectives

My overarching research question is how can crowdsourcing be effectively utilised in the production
of health evidence syntheses? My aim is to establish new knowledge on how crowdsourcing data can
be generated and used to its full potential in the context of health evidence synthesis. Within that
aim, | am primarily concerned with four main areas of enquiry: (1) quality of the data produced by
the crowd, and identifying factors that may affect data quality; (2) efficiency of the crowdsourced
processes in comparison to other approaches; (3) engagement of the crowd and factors that might
affect recruitment and retention; (4) implementation into evidence production processes; how best
to integrate crowd generated data into existing and new processes. Based on these four areas of

enquiry, my specific research objectives are:

o Objective 1: To evaluate crowd accuracy across a range of crowdsourced microtasks

e Objective 2: To evaluate measures of efficiency and consensus across a range of
crowdsourced microtasks

e Objective 3: To evaluate crowd demographics and engagement across a range of
crowdsourced microtasks

o Objective 4: To explore use of crowd data for machine learning and human-machine

workflows

1.6 Research questions

In response to these objectives, | designed and conducted a range of studies. Within each study |
addressed a specific research question. See Table 1.1 for the list of specific research questions for
each study, the related research objectives, and the outcome measures evaluated for each research

question.
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Table 1.1 Research questions

Main research questions Outcome measures Thesis
Related research objective chapter
Can a crowd accurately and - What is the crowd’s accuracy in terms of sensitivity? Chapter 2
efficiently identify reports of - What is the crowd’s accuracy in terms of specificity?
randomised or quasi-randomised - What is the level of crowd consensus?
controlled trials? - What are the demographics of the crowd?
- How does the crowd model compare with the previous
Objectives 1, 2, 3 model of RCT identification?
What is the accuracy of the - What is the RCT Classifier’s recall? Chapter 3
machine learning Cochrane RCT - What is the RCT Classifier precision?
Classifier? - What is missed by the RCT Classifier and why?
Objective 4
How effective is Cochrane’s - What is the overall performance of the workflow in Chapter 4
Centralised Search Service terms of sensitivity?
workflow at identifying - How does each component (search, crowd, classifier)
randomised or quasi-randomised  within the workflow perform?
controlled trials? - What is missed and why?
- What the additional considerations for researchers
Objective 4 wanting to identify RCTs from CENTRAL?
How accurately and efficiently - What is the crowd’s accuracy in terms of sensitivity? Chapter 5
can a crowd perform a topic- - What is the crowd’s accuracy in terms of specificity?
based assessment for an - What is the level of crowd consensus?
interventional systematic review? - What are the demographics of the crowd?
Objectives 1,2,4
Can a crowd accurately and - What is the crowd’s accuracy in terms of sensitivity? Chapter 6
efficiently identify studies for a - What is the crowd’s accuracy in terms of specificity?
complex mixed studies - What is the level of crowd consensus?
systematic review? - How replicable are the results?
- What impact on accuracy measures does changing the
agreement algorithm have?
- What are the demographics of the crowd?
Objectives 1,2,3 - What did the crowd think of the task?
How has Cochrane Crowd - Can a crowd identify, and tag human studies related to  Chapter 7
handled the response to the COVID-19?
COVID-19 pandemic? A case - What role can a crowd play in the production of
study. Cochrane Rapid Reviews related to COVID-19?
- Can crowd generated data help to produce a machine
Objectives 1,3 learning classifier to reduce manual screening burden?
Can a crowd accurately and - What is the crowd’s accuracy in terms of sensitivity? Chapter 8
efficiently identify studies for a - What is the crowd’s accuracy in terms of specificity?
for a range of rapid reviews - What is the level of crowd consensus?
under tight time constraints? - What was the time-to-task completion for each task?
- What was the impact of missed studies review
Objectives 1,2,3,4 conclusions?
What is the accuracy of the - What is the C-19 classifier’s sensitivity? Chapter 9

COVID-19 Classifier?

Objective 4

- What is the C-19 Classifier’s precision?
- What is missed by the classifier and why?
- What is the workload reduction on manual screening?

25



1.7 Research methodology

| designed and conducted a range of empirical studies utilising appropriate quantitative and
qualitative study designs. To assess crowd performance in terms of crowd accuracy measures |
employed a discriminatory performance approach that sought to compare crowd performance
against a gold or reference standard. The two main accuracy measures related to crowd
performance are crowd sensitivity and crowd specificity. Crowd sensitivity is the crowd’s collective
(as opposed to an individual’s) ability to correctly identify the class of interest (what is being looked
for). Crowd specificity is the crowd’s collective ability to correctly identify the items that should be
rejected (the non-class of interest). As described below, the agreement algorithm employed for each
human computation task plays a critical role in helping to ensure collective accuracy and high-quality
data output. It also produces a further measure of performance which | have termed crowd
consensus. Similar to a notion of efficiency, crowd consensus is the proportion of the data set
processed by the crowd that does not require any further manual input. It is an important measure

alongside measures of accuracy.

As well as evaluating crowd performance within specific microtasks, | also sought to explore more
broadly the uses, implementation, and impact of crowd-generated data. This is detailed in two main
ways. First, in the development of machine learning models trained using crowd-generated data,
and second in the development and deployment of evidence production workflows that incorporate
crowd (and machine) processes. Many promising innovations are not adopted due the challenges of
integrating them into feasible workflows®%°!. Therefore, a critical aspect of enabling scale-up and
widespread adoption lies in either integration of new technology into existing production workflows

or in the creation of new workflows.

1.8 Thesis structure

This thesis is made up of ten chapters, eight of which correspond to a research paper, all of which
have been published in peer-reviewed journals in the fields of epidemiology, evidence-based
healthcare or health informatics. Below is a brief synopsis of those eight chapters and a description

of how each part of the investigation connects and contributes to the overall research project.

1.8.1 The relationship between the chapters
The first three papers (Chapters 2, 3 and 4) form a collection that focus on the identification of

reports of randomised trials. In Cochrane, over 90% of the systematic reviews produced rely on the
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identification and inclusion of randomised or quasi-randomised controlled trials. This therefore
represented a valid starting point in terms of evaluating both crowd and machine potential in
identifying this particular study design. Chapter 2 looks at the development and evaluation of
crowdsourcing this task; Chapter 3, at developing and evaluating machine learning capability; and
Chapter 4 at the performance of a hybrid workflow that uses both components. Chapters 5 and 6 are
feasibility studies looking at crowd performance when tasked with a different, potentially more
challenging, question and dataset. Systematic reviews are becoming increasingly complex where
evidence based on randomised trials is often not applicable or appropriate. Chapters 7, 8 and 9 are
set within a COVID-19 context. Here, knowledge generated from the previous six chapters is applied
and evaluated during a public health emergency context. New knowledge is also generated with the
introduction of multi-question crowd tasks (Chapter 7). Chapter 8 evaluates a crowd tasked with
identifying studies across a range of review question types and under very tight time constraints;
Chapter 9, adopting a similar methodology described in Chapter 3, describes the development and
evaluation of a machine learning classifier designed to identify COVID-19 related primary research.
Below is a synopsis of each chapter and a description of how each part of the investigation connects

and contributes to the overall research project.

1.8.2 Chapter 2
An evaluation of Cochrane Crowd found that crowdsourcing produced accurate results in

identifying randomized trials>

This chapter introduces Cochrane Crowd>3, the web application that provides the functionalities and
crowd management underpinning the methodological work presented in this thesis. | have led the
development of the Cochrane Crowd platform since inception building on an earlier initiative in

which | led the crowdsourcing component?’

. Cochrane Crowd was launched in May 2016 and in line
with the principals of open innovation and Health 2.0 we were keen to have as few barriers to entry
as possible. Anyone with an internet connection can join the initiative and start contributing without
having had any prior experience or knowledge. At the time of writing (January 2022) Cochrane
Crowd has attracted over 23,000 contributors from 170 countries. The platform began with a single

microtask but expanded quickly and, to date, has hosted over fifty.
In order to make Cochrane Crowd as accessible as possible whilst also ensuring high quality data

output by the crowd, both task training and the method of decision aggregation are vital. Every

microtask is supported by a brief, interactive training module which is mandatory for potential
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crowd contributors to complete. The training, usually made up of a qualification set of practice
records is designed to introduce people to the task and help to ensure accurate decision-making by
individuals. However, it would not be safe to rely on a single classification as the ground truth.
Behind each microtask sits an algorithm that automatically aggregates the individual classifications
made by contributors into a final classification. There are multiple ways to aggregate crowd
responses. The primary aim is to reliably eliminate or reduce the need for further manual
assessment. Majority voting is one popular approach. This rule is relatively straightforward to
implement but can require a high number of individual classifications which has implications on
crowd capacity (a small crowd will not produce enough unique classifications). The agreement
algorithm we developed and implemented is similar to majority voting: each record assessed needs
a certain number agreeing classifications made consecutively for a final classification to be
generated. A record achieving the required number of agreeing classifications requires no further
manual scrutiny. If a break in the consecutive chain occurs (i.e., a crowd member makes a conflicting
classification in comparison to an already made classification) the record will enter a new workflow

involving further manual assessment by a ‘resolver’ crowd member.

With data quality being our initial primary concern, Chapter 2 reports evaluations of the first three
microtasks developed for, and hosted on, the Cochrane Crowd platform. The aim of each task was
the identification of randomised controlled trials (RCTs) from three external sources. For each
evaluation, a gold standard data set was used to compare the collective crowd decisions. The
agreement algorithm developed for each task is described and crowd sensitivity, crowd specificity

and crowd consensus were calculated for each.

In addition to these individual evaluations for the three microtasks, this work also includes wider
analysis of the crowd’s capacity to keep up with the flow of records from external sources such as
Embase and ClinicalTrials.gov. Crowd capacity is a critical consideration; high quality data output is
of little value if it proves difficult to recruit a large enough crowd to perform the task on an ongoing
basis. Creating a flexible model of contribution where no minimum commitment is required brings
with it the risk that crowd effort will not be continuously sustained. We demonstrate that compared
to a previous model of study identification, the crowd, and subsequently the crowd plus machine
learning capability (described below) was not only able to keep pace with the ever-increasing
number of records retrieved by the searches, but to significantly outpace the previous approach,
thereby enabling further expansion in terms of the number of external sources searched and

assessed for RCTs in this way.
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As well as helping to identify reports of randomised and quasi-randomised trials in a highly accurate
and efficient way, thereby enabling a constant flow of current RCTs to be submitted to Cochrane’s
central repository of trials, the crowd also produced a valuable by-product: a large quantity of high-
quality training data. These data were used in the development, and subsequent implementation, of

machine learning classifiers.

1.8.3 Chapter 3
Machine learning reduced workload with minimal risk of missing studies: development and

evaluation of a randomized controlled trial classifier for Cochrane reviews>

In this chapter, the development of the ‘RCT Classifier’ is described. One important potential use of
high-quality crowd-generated data is as training data for machine learning. As described in Chapter
2, crowd accuracy in terms of both crowd sensitivity and crowd specificity was very high. This,
together with the size of the data set and the representation of both positive and negative classes

(i.e., RCTs and non-RCTs), made it highly suitable for training a machine learning classifier.

Machine learning in this context comprises a group of algorithms that ‘learn’ to perform a task via
exposure to representative data sets. In this study we used supervised machine learning (training
the algorithm on records for which the true label is known) and built an ensemble classifier made up
of two support vector machine (SVM) models. With each SVM, the bag-of-words approach was used
where each record is represented as a vector of 0’s and 1’s, depending on the presence or absence
of each unique word from the article set vocabulary®®. As well as the creation of a machine learning
classifier that would output likelihood scores for records in terms of the probability that the record is
describing an RCT, we were keen to determine a cut-point or threshold between RCT and non-RCT
classifications. To do this we used an independent (i.e., one not generated by Cochrane Crowd), yet
representative, data set. The data set we used is known as the Clinical Hedges data set. It was built
for the purpose of testing and validating methodological search filters®’. Using bootstrap sampling,
we used this data to identify the threshold that would achieve a 99% recall (a threshold that would
capture at least 99% of the RCTs in the set). Finally, we validated the ensemble classifier and its cut-
point on a third, independent, yet highly representative data set: the included studies from
Cochrane intervention reviews. This third data set was made up of 58,283 studies from 4,296
Cochrane reviews. The ensemble classifier correctly identified 99.5% of studies. This work describes

in detail the training, calibration and validation of a machine learning classifier. The Cochrane RCT
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Classifier has now been deployed in Cochrane. Its development was made possible by the collective

efforts of the Cochrane Crowd, who produced the valuable training data.

Chapters 2 and 3 therefore describe the development and deployment of two technological
enablers, crowdsourcing and machine learning. Together, these enablers form a core part of a larger
vision called the Cochrane Evidence Pipeline. The Evidence Pipeline seeks to transform study
identification for Cochrane and other evidence synthesis producers (see Figure 1.1). Research enters
the Evidence Pipeline and goes through tailored workflows involving crowdsourcing and machine
learning, working together to produce accurate, reliable metadata about studies. The
implementation of this ensemble classifier into the Evidence Pipeline has brought significant
efficiency to the process of identifying RCTs, with approximately 30-40% of records that enter The
Pipeline being handled by machine alone (through being rejected by the machine as non-RCTs). This
has created a virtuous cycle, as machine-input frees up human resource for the parts of the task that
still require human input or indeed for other human computation tasks. Chapter 4 goes on to
describe a retrospective evaluation of this implemented workflow that incorporates both the RCT

Classifier and the Cochrane Crowd, working together in partnership to identify RCTs.

Figure 1.1 The Cochrane Evidence Pipeline
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1.8.4 Chapter 4
Cochrane Centralised Search Service showed high sensitivity identifying randomized controlled

trials: a retrospective analysis®

Cochrane’s Centralised Search Service (CSS) forms a core part of the Evidence Pipeline. It
encompasses the retrieval of reports of RCTs from external sources such as PubMed and Embase
and the process involved in their subsequent assessment and publication in Cochrane’s Central
Register of Controlled Trials (CENTRAL). CENTRAL is a bibliographic database accessible via the
Cochrane Library®. It is a valuable resource for healthcare researchers and professionals, and it is
mandatory for Cochrane systematic reviewers to search CENTRAL for Cochrane intervention reviews.
CENTRAL is populated with reports of randomised and quasi-randomised controlled trials that have
been submitted to CENTRAL in one of two ways: (1) via Cochrane Information Specialists manually
adding trial records via Cochrane’s reference management software, called the Cochrane Register of
Studies (CRS), and (2) via the Centralised Search Service. The CSS uses four main approaches: ‘direct
feeds’ of records already indexed as RCTs in the external sources; sensitive search strategies to
retrieve records from the source databases that might be RCTs but have not been indexed as such;
machine learning using the Cochrane RCT Classifier described in Chapter 3, which primarily models
decisions about what to ignore using a calibrated cut-point; and finally, crowdsourcing via Cochrane

Crowd, as described in Chapter 2, who assess the remaining records.

This chapter describes a retrospective analysis conducted to assess the effectiveness of this CSS
workflow and each of its component parts. We used a convenience sample of 650 references to
RCTs that had been included in Cochrane reviews. We performed an audit trail on each record to
determine if it had been identified by the CSS, and if so, how (i.e., through which component). We
also performed an analysis on any references to RCTs that had been missed by the CSS workflow.
The results showed that 97.5% of RCTs in our sample had been identified by the CSS. Some studies,
however, were missed: four by the sensitive search filters, three were collectively mis-classified by
the crowd, one was incorrectly rejected by the RCT Classifier. This analysis helped us to better

understand weak points in our workflow but primarily indicated the effectiveness of this approach.

The implications of this analysis are far-reaching. As CENTRAL becomes ever-more comprehensive in
terms of RCT coverage, the need for multi-source searching in the way it is currently done, is
significantly lessened. In 2021, over 95% of reports of RCTs submitted to CENTRAL were identified by

the CSS via the Evidence Pipeline. This therefore marks a potential step-change in the study
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identification process for health evidence reliant on randomised trials. It will bring significant

efficiencies in the identification of RCTs for systematic reviews and other evidence outputs.

In summary, Chapters 2, 3 and 4 in this collection describe the development and deployment of a
human-machine workflow geared towards the identification of RCTs for populating a critical
repository of randomised trials. The RCT use case is an important one due to over 90% of Cochrane
intervention systematic reviews relying on inclusion of evidence from randomised trials only.
However, many reviews seek to incorporate a range of evidence not encapsulated by an RCT.
Chapters 5 and 6 describe two pilot studies that explore the feasibility of crowdsourcing microtasks
based on topic assessment for both an RCT-based systematic review and for a complex mixed

studies review.

1.8.5 Chapter 5
Citation screening using crowdsourcing and machine learning produced accurate results:

evaluation of Cochrane's modified Screen4Me service®

This chapter formally introduces the Screen4Me workflow (S4M) and presents an evaluation of a
modified S4M workflow that enabled us to test the crowd’s ability to perform a citation screening
task based on topic relevance, rather than just study design. The Screen4Me workflow was deployed
in April 2019 with the aim of enabling systematic review author teams access to both the RCT
Classifier (described in Chapter 3) and the Cochrane Crowd (Chapter 2) in assessing the search
results for their systematic review. ScreendMe is therefore about offering reviewers a way to lessen

the screening burden within the current review production paradigm®.

The workflow starts with the de-duplicated set of search results, against which two components of
the S4M workflow are run simultaneously: (1) the RCT Classifier, and (2) a component we have
termed Known Assessments. One particularly inefficient aspect of the current production model for
systematic reviews is the reuse (or rather lack of reuse) of data. The Known Assessments component
of Screen4Me aims to make better use of already known metadata about records. Every year
millions of records are screened for potential eligibility for reviews (an estimated four million records
are assessed annually for new Cochrane reviews alone). The majority of records (over 90%) are
rejected on grounds of being ineligible®. A sub-set of these rejections will be based on the record
reporting an ineligible study design. The Screen4Me workflow is currently only suitable for reviews

that seek to include reports of randomised or quasi-randomised trials. The Known Assessments
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component of the S4M workflow therefore indicates which records in the search results set have
already been assessed by Cochrane Crowd via the centralised workflow, described in Chapter 4, as
either describing an RCT or as not describing an RCT. Since launch, the Screen4Me workflow has
been used in the development of 109 new Cochrane intervention systematic reviews. The mean
reduction in the number of search results for author teams to assess is 63% (inter-quartile range of

28%-86%, based on an evaluation conducted in 2021).

We now wanted to evaluate the crowd when reframing the question from: Is the record describing
or reporting an RCT? to: Does this record look potentially relevant to the review? The current
requirement in the production of systematic reviews to run highly sensitive searches across multiple
databases means that many of the search results retrieved will not be relevant. We therefore
wanted to test whether a crowd could accurately remove the not relevant records and retain

potentially relevant records having been trained on a test set of 15 records.

In this pilot study, the crowd achieved 100% sensitivity (collectively classifying all the included
studies as potentially relevant). Overall, this modified workflow achieved an 81% workload reduction
in terms of the number of records left for the core author team to assess. However, the topic of the
review was not complex and therefore not far-removed from the RCT identification crowd tasks
described in Chapter 2. Chapter 6 describes a study that sought to assess crowd performance for a

more complex, mixed-studies systematic review.

1.8.6 Chapter 6

Crowdsourcing citation-screening in a mixed-studies systematic review: a feasibility study®?

Here we examined the crowd’s performance in assessing the search results for a complex, mixed
studies systematic review on the topic of training for healthcare professionals in intrapartum
electronic fetal heart rate monitoring with cardiotocography®. All primary empirical research studies
evaluating cardiotocography training were eligible for inclusion within the review. As in previous
studies we assessed crowd accuracy in terms of sensitivity and specificity, and crowd consensus - the
proportion of records not requiring resolution by a crowd resolver. However, in this study we also
measured time: the overall time to task completion by the crowd, as well as the mean time taken
per record in comparison to the core author team who performed the same task in parallel.
Additionally, we sought to better understand crowd contributor motivations for taking part, as well

as their views about the task’s difficulty and their enjoyment of it.
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Crowd performance for this task was good, but not perfect. In the initial running of this task, the
crowd did not collectively reject any of the included studies. However, several of the included
studies had needed resolving by a resolver crowd contributor. The resolver was a highly experienced
crowd screener but unfamiliar with the topic area. The resolver incorrectly rejected eight studies,
bringing overall crowd sensitivity down to 84%. This was an unexpected outcome. It led us to try an
alternative approach to the record resolution component of the crowd process. We ran the task
again, replicating it in all aspects but with a modification to the record resolution part of the
agreement algorithm. In the replicated task, instead of using a single person to make the final
decision on records that needed resolving, we engaged two crowd resolvers, each assessing all
records that needed resolving. They did this task independently of each other with any conflicting

classifications between them resulting in an automatic final classification of Possibly relevant.

Re-running the task not only enabled us to test a new algorithm related to resolving conflicting
crowd classifications, it provided us with useful study replication data. One valid concern regarding
using a crowd to assess search results is how replicable the results are. It was encouraging to see
that with the replication task, strikingly similar metrics were achieved across all outcome measures

despite using a completely new crowd.

With regards to time, individual crowd contributors took on average twice as long as individual
members of the author team to screen a record yet in terms of overall time to task completion, the
crowd’s performance was impressive. It took the crowd 33 hours to complete the task (assessing

around 10,000 records), whilst taking the review author team 410 hours to complete the same task.

For this study we also included a qualitative component using a questionnaire sent out to all
participants once the task was completed. The response rate was excellent for both the original
running of the task (81% responded) and for the replicated task (75%). Feedback about the task itself
was positive, with many comments reflecting that it was both a doable task and provided the
contributor with a way to be usefully involved in a worthwhile activity, for example one contributor
wrote: “It was good to have a smaller task on offer as it felt more ‘doable’ and that my contribution
would really make a difference”; another: “I think it is a very useful way to spend half an hour when |

have the spare time; it made me feel connected, and it seemed to achieve a lot for the review”.
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Despite the crowd not achieving 100% accuracy in terms of crowd sensitivity, this study
compounded our understanding of people’s desire to be involved and to help in a flexible and easy

way. It also emphasised the advantage of a crowd model in terms of overall time to task completion.

1.8.7 Chapter 7

Crowdsourcing and COVID-19: a case study of Cochrane Crowd®*

The COVID-19 pandemic unleashed a corresponding ‘infodemic’ defined by the World Health
Organization as “too much information including false or misleading information in digital and
physical environments during a disease outbreak...An infodemic can intensify or lengthen outbreaks
when people are unsure about what they need to do to protect their health”®®. This brief case study
describes four ways in which crowd effort was harnessed to help tackle the infodemic during the

first twelve months of the pandemic.

We developed COVID Quest, a new crowd task hosted on Cochrane Crowd. This task marked a
departure from previous tasks. Contributors were tasked with identifying COVID-related studies
eligible for Cochrane’s COVID-19 Study Register (CCSR)®®, and then to tag those studies with
additional metadata regarding the study’s design characteristics and aims. We were able to develop,
test and deploy this task, despite its increased complexity, within weeks of the first UK national
lockdown. This was largely helped by already having a solid technical infrastructure, as well as a

willing and able crowd.

As with other tasks, we included elements of gamification as additional incentives: digital badges
could be earned as contributors progressed in the task, and every week we conducted ‘weekly
challenges’. These challenges were three-hour blocks of time where we encouraged the community
to work specifically on that task to see how many COVID studies could be collectively identified and

tag.

The final two use-cases described concern crowd input into Cochrane rapid reviews related to
COVID-19, and the development of a machine learning classifier for helping to identify COVID-19
related studies, trained, in part, on data generated by the crowd from the already described COVID

Quest crowd task. Chapters 8 and 9 describe each of these latter two use cases in detail.

35



1.8.8 Chapter 8

Crowdsourcing the identification of studies for COVID-19 related Cochrane rapid reviews®’

Rapid reviews are a form of evidence synthesis that aim to provide more timely information for
decision making compared with standard reviews. The methods involved in producing rapid reviews
are evolving and can vary substantially between producers®”. However, one part of the rapid review
often pared back due to time constraints, is the search for studies. As the infodemic produced by the
pandemic gained momentum, identifying relevant and emerging evidence related to the virusin a
timely manner became increasingly challenging. These circumstances presented us with an
opportunity to further evaluate crowd capability, specifically with a focus on potential crowd input
into study identification for rapid reviews related to COVID-19. Here we tasked the crowd with
assessing sets of search results within a 48-hour time period. Our previous work, described in
Chapter 6, had indicated that a crowd could collectively assess a set of records much more quickly
than a ‘traditional’ author team. We also had encouraging evidence from the Screen4Me crowd
tasks, where the crowd are given two weeks to complete the screening task (over 95% of Screen4Me

tasks complete comfortably within that two-week time frame).

In this study, we created four crowd tasks, each one based on a different Cochrane COVID-19 rapid
review. The crowd performed achieved accuracy measures ranging from 94% to 100% sensitivity
across the four reviews, and completed three of the four tasks within the 48 hours, and one in 52
hours. As well as measuring crowd accuracy for time-sensitive tasks, we also assessed (a) whether
the conclusions of the reviews would have been altered by the missed studies, and (b) whether any
of the missed studies would have been identified by the core author teams performing citation

tracking on the studies that had been correctly identified.

Overall, this methodological work done within a COVID-19 context, provided us with further
evidence of effectively utilizing a crowd to help in the rapid identification of evidence needed for
rapid reviews. Acknowledging that no system will be 100% accurate at all times, we also discuss how
the generation of crowd data is only one part of the equation; it is how that data is then used that is
critical, and provide three possible configurations of how author teams could interact with crowd-

generated data based on what their priorities are.

36



1.8.9 Chapter 9
Machine learning reduced workload for the Cochrane COVID-19 Study Register: development and
evaluation of the Cochrane COVID-19 Study Classifier®

Chapter 9 describes the development of the Cochrane COVID-19 machine learning classifier. Using
the same methodology described in Chapter 3, we trained a support vector model to identify
potentially relevant studies for the Cochrane COVID-19 Study Register (CCSR) with the aim of
reducing manual screening burden. Both crowd-generated screening data produced via COVID Quest
(described in Chapter 7) as well as ‘in-house’ data generated by Cochrane information and data
curation specialists were used. As with the RCT Classifier, a calibration stage was performed to
enable us to use this classifier in a binary fashion within our COVID-19 study identification workflow.
Given the importance of not missing eligible studies for the CCSR, we determined a cut-point that
would help to remove ineligible records (rather than identify eligible records). Records therefore
scoring below the determined cut-point would be discarded, thereby reducing manual screening

effort.

This COVID-19 machine learning classifier is now fully implemented into the COVID study
identification workflow. Analogous to the RCT Classifier’s deployment, as described in Chapter 4, this
classifier forms a core part of a study identification workflow that harnesses both machine and
human effort. Having been trained, calibrated and validated on high quality data, the implemented
classifier reduces the number of records for manual screening by around 25% overall, and

approximately halves the number of ineligible records for manual assessment.

As the deluge of information being produced during this pandemic, of both highly variable quality
and structure, shows no sign of abating, adapting existing infrastructure, systems, workflows and
processes to operate within a COVID-19 context has been invaluable. It has also helped to further
test both crowd and machine capability on ‘messy’ literature and moved us convincingly beyond just

the identification of RCTs.

1.9 Summary
In his chapter entitled Human Computation in the Wild, from the Handbook of Human Computation,
Haym Hirch reminds us that “one of the backbones of human society has been finding ways to

organise human labor to achieve desired outcomes...The advent of computing has allowed to bring
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to bear the ideas and tools of computing to this task, giving rise to what we are now calling ‘human

computation’”4,

This work as a whole represents significant progress regarding our growing understanding of the
huge potential of crowdsourcing human computation tasks relevant to health evidence synthesis.

It has the advantage of being based on robust methodological work conducted ‘in the wild’, as part
of an evidence ecosystem that cannot be paused whilst we run ‘lab-based’ experiments. This brings
it huge external validity: Cochrane Crowd is a real crowd, a diverse, global community of people
brought together to improve health. Within this context, we have tested a crowd model under
various conditions, with a range of different tasks, and perhaps even more importantly, we have
deployed both crowd, and machine learning models (trained on crowd-generated labels) into
production workflows. This has had a direct impact on study identification within the current
information retrieval paradigm via Screen4Me, but also in plotting a future course into new territory

of upstream, ongoing metadata creation and curation via the Evidence Pipeline.
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2.1 Abstract

Background

Filtering the deluge of new research to facilitate evidence synthesis has proven to be unmanageable
using current paradigms of search and retrieval. Crowdsourcing, a way of harnessing the collective
effort of a ‘crowd’ of people, has the potential to support evidence synthesis by addressing this
information overload created by the exponential growth in primary research outputs. Cochrane
Crowd, Cochrane’s citizen science platform, offers a range of tasks aimed at identifying studies
related to healthcare. Accompanying each task are brief, interactive training modules and
agreement algorithms that help ensure accurate collective decision-making. Our objectives were: (1)
to evaluate the performance of Cochrane Crowd in terms of its accuracy, capacity and autonomy;
and (2) to examine contributor engagement across three tasks aimed at identifying randomised

trials.

Study design

Crowd accuracy was evaluated by measuring the sensitivity and specificity of crowd screening
decisions on a sample of titles and abstracts, compared with ‘quasi gold-standard’ decisions about
the same records using the conventional methods of dual screening. Crowd capacity, in the form of
output volume, was evaluated by measuring the number of records processed by the crowd,
compared with baseline. Crowd autonomy, the capability of the crowd to produce accurate
collectively-derived decisions without the need for expert resolution, was measured by the

proportion of records that needed resolving by an expert.

Results

The Cochrane Crowd community currently has 18,897 contributors from 163 countries. Collectively,
the crowd has processed 1,021,227 records, helping to identify 178,437 reports of randomised trials
(RCTs) for Cochrane’s Central Register of Controlled Trials. The sensitivity for each task was 99.1% for
the randomised controlled trial identification task (RCT ID), 99.7% for the randomised controlled trial
identification task of trial from ClinicalTrials.gov (CT ID) and 97.7% for identification of randomised
controlled trials from the International Clinical Trials Registry Platform (ICTRP ID). The specificity for
each task was 99% for RCT ID, 98.6% for CT ID and 99.1% for ICTRP ID. The capacity of the combined
crowd and machine learning workflow has increased five-fold in six years, compared with baseline.

The proportion of records requiring expert resolution across the tasks ranged from 16.6% to 19.7%.
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Conclusion

Cochrane Crowd is sufficiently accurate and scalable to keep pace with the current rate of
publication (and registration) of new primary studies. It has also proved to be a popular, efficient
and accurate way for a large number of people to play an important voluntary role in health
evidence production. Cochrane Crowd is now an established part of Cochrane’s effort to manage the

deluge of primary research being produced.

2.2 Background

Over the last two decades, published health research output has more than doubled?2. In 2019, just
over one million records were added to PubMed, a further 1.4 million unique records to Embase,
and approximately 60,000 clinical trials were registered around the world". This equates to an
average of 48,000 unique biomedical- and healthcare-related research artefacts published every
week. This information deluge is putting health evidence production systems under strain, as
systematic reviewers often need to sift through large numbers of records, identified from sensitive
searches performed across these and other databases, in search of eligible studies®. This bottleneck
in the evidence production process can cause delay and contributes to often lengthy production
times for systematic reviews and other evidence syntheses such as guidelines and technology
assessments; leaving important clinical questions unanswered, and possibly resulting in reliance on

out-of-date, and potentially inaccurate, evidence for clinical and policy decision-making®”.

Cochrane is an international organisation that produces high-quality systematic reviews about the
effectiveness of healthcare interventions®’. In Cochrane systematic reviews alone, we estimate that
reviewers assess in excess of four million records annually (based on dual screening) in search of a
relatively small number of relevant studies; this also means that large numbers of irrelevant records
are being assessed by more than one editorial or review team. We therefore continue to face the
major, ongoing challenge of keeping pace with the sheer quantity of information being produced
that is potentially relevant for consideration in reviews, whilst also avoiding unnecessary effort and

duplication of effort.

It has also been challenging to offer prospective contributors to Cochrane meaningful ways to get
involved with producing Cochrane systematic reviews; particularly those with little or no experience

of health research®°. Many willing potential contributors are understandably unable, or do not want,

*
In Ovid MEDLINE: 2019*.ed. = 1041651; In Ovid Embase: 2019*.dc. NOT MEDLINE = 1416448; In ClinicalTrials.gov: First posted from 01/01/2019 to 01/01/2020 = 32524; In ICTRP =

Trials added 01/01/2019 to 01/01/2020 = 62738. Deduct 32524 = 30214. Total number: 2520837. For weekly average: 2520837/52=48,478
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to take on the full workload and responsibility of authoring a Cochrane review. Yet wider patient and
public involvement in health research can bring important benefits to the contributor, to the
research process and its outputs, and to the healthcare community at large. This involvement can be
at the primary research level, such as helping to design and be involved in a clinical trial, or at the

secondary research level, such as evidence synthesis!®1112:13,

New approaches are needed to meet these challenges. Specifically, more efficient applications of
human effort and better systems for managing information could: (1) significantly reduce current
bottlenecks in health evidence synthesis production; and (2) provide people with further
opportunities to get involved in the evidence production process. One such approach is
crowdsourcing. Other applied fields, such as environmental science and ecology, have successfully
incorporated crowdsourcing into their research processes!*>, Qver the last decade a range of

crowdsourcing initiatives within healthcare have surfaced!”-%1°

, including a number of pilot studies
and evaluations focusing specifically on the potential role of crowdsourcing within health evidence
synthesis. These studies have largely been exploratory, seeking to test and evaluate different aspects

20,21

of crowd involvement, including general feasibility?>?!, individual accuracy??, performance based on

23,24

different agreement algorithms>*%, and crowd involvement in other task types beyond study

selection?%>%,

What is crowdsourcing?
Crowdsourcing is the practice of engaging a large group of people in performing tasks or helping to
generate ideas, usually via the internet. There are several different types of crowdsourcing®®. One

commonly used typology?”?®

comprises four main types based on the nature of the ‘problem’ the
host organisation is trying to solve: (i) peer-vetted creative production (sometimes termed ‘crowd
creation’) where the organisation tasks the crowd with helping to generate new ideas, solutions or
designs; (ii) broadcast search, which is a call to find a solution to an empirical (often scientific or
technological) problem; (iii) knowledge discovery and management, where the crowd is tasked with
finding or reporting information, such as gathering data on the use of public spaces; and (iv)

distributed human intelligence tasking, where the organisation tasks the crowd with analysing or

categorising large amounts of information.

Distributed human intelligence tasking is the type most identifiable with the ‘wisdom of crowds’
concept, because it leverages the collective decision-making abilities of the group over its individual
members. Multiple classifications or decisions are required to be submitted by different crowd

members, so that an aggregate or collective answer can be reached using an agreement algorithm.
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The possible classifications or decisions that can be made must therefore be prospectively well
defined. It is this type of crowdsourcing that has been successfully used in many citizen science
initiatives that involve processing, filtering or classifying large data sets; and also the type that offers

organisations like Cochrane, a new way of tackling the challenges described above.

The Cochrane Crowd platform

Microtasks

Cochrane Crowd is a web-based application designed to host microtasks. These are small, discrete
tasks that require the contributor to perform a classification task, for example, reading a short piece
of text and choosing between two (or more) ways that it should be classified (see Figure 2.1 for an
example). The focus of this article is on our evaluations of three micro-tasks to identify randomised
controlled trials (RCTs) from: bibliographic databases (task name: RCT ID); the U.S. National Library
of Medicine’s ClinicalTrials.gov clinical trials registry (task name: CT ID); and the World Health
Organization’s meta-registry of clinical trials, the International Clinical Trials Registry Platform (task

name: ICTRP ID).

RCT ID: identifying randomised trials from bibliographic databases

The RCT ID task involves the identification of RCTs and quasi-RCTs from bibliographic sources such as
Embase. The definitions of RCT and quasi-RCT are based on the definitions provided in the Cochrane
Handbook and the Cochrane Central Register of Controlled Trials (CENTRAL) eligibility record type

criteria®®3°.

Figure 2.1 Screen shot of the randomised controlled trials identification (RCT ID) task in Cochrane Crowd

RCT Identification -
@ \@ Anna )

Dual-Process Bereavement Group Intervention (DPBGI) for Widowed Older

Next
Adults .

BACKGROUND AND OBJECTIVES: To examine the primary and secondary outcomes of a theory-driven

group bereavement intervention for widowed older adults through a cluster-randomized controlled

trial. RESEARCH DESIGNS AND METHODS: Twelve community centers providing health and social
services for elderly people were randomly assigned to the experimental condition, the dual-process

bereavement group intervention-Chinese (DPBGI-C) and to the control condition, the loss-oriented

bereavement group intervention-Chinese (LOBGI-C). Both interventions comprised weekly, 2-hr Reject

sessions for 7 weeks followed by a 4-hr outing in the eighth week. Of 215 widowed older adults

contacted and assessed, 125 eligible participants were interviewed three times-preintervention,

postintervention, and at a 16-week follow-up-to assess complicated grief symptoms, anxiety, Unsure

depression, loneliness, and social support. RESULTS: Using intention-to-treat analysis, both

interventions produced improvements in grief, depression, and social support, but effect sizes were

larger with the DPBGI-C. The participants in the DPBGI-C condition also reported reduced anxiety, 2 Move on with a single click

emotional loneliness, and social loneliness, whereas those in the LOBGI-C condition did not. There
were interactions between intervention type and time with respect to grief, anxiety, emotional Help me decide
loneliness, and social loneliness. DISCUSSION AND IMPLICATIONS: Although traditional LOBGI-C can Add a note
help to reduce grief and depression in bereaved older adults, the DPBGI-C was found to be superior as

it had a greater and more extensive impact on outcomes. This is the first study of the effectiveness of

this evidence-based, theory-driven intervention for widowed Chinese older adults and has

implications for theory building and practice.
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For each record, a contributor must make one of three decisions: RCT/qRCT, Reject, or Unsure,

before being able to move on to the next record.

CT ID and ICTRP ID

In September 2017 and September 2018, two new microtasks were launched on Cochrane Crowd.
The first, CT ID, aims to identify randomised trials from the world’s largest clinical trials registry,
ClinicalTrials.gov (www.clinicaltrials.gov). The second, ICTRP ID, focuses on the identification of
randomised trials from the World Health Organization’s meta-registry of clinical trials, the

International Clinical Trials Registry Platform (ICTRP) (http://apps.who.int).

Whilst all three microtasks aim to identify randomised trials, we created a separate task for each
source for two reasons. The first was that the record format varies between the sources. RCT ID is
based on bibliographic records — such as journal articles and conference publications. For these
records we display the titles and abstracts, whereas for the trial registry records, a different set of
fields is displayed. The second was that we wanted to create microtasks more suitable for beginners.
Microtasks involving categorisation of trial registry records are potentially easier and more
rewarding for beginners, because (a) the information in these records is more structured compared
with bibliographic records and (b) the prevalence of RCTs that can be correctly identified is higher,

hopefully providing a higher level of satisfaction with the task.

The processes and workflows

For each study identification microtask on Cochrane Crowd, a bespoke workflow has been
developed to make efficient use of human effort and ensure a steady intake of records from the
source databases. These workflows, many of which use a combination of human and machine effort,

have been described in detail elsewhere332.

Supporting crowd accuracy: guidance and training

From the outset we wanted to avoid restrictions on who could contribute to Cochrane Crowd.
Recognising that people might want to contribute without having much experience with health
research, we developed brief training modules for each microtask. The format of the training
modules for all the study identification microtasks is the same: between 10 and 20 interactive
practice records, selected to reflect the range of records that contributors are likely to encounter in

the ‘live’ task, guide the contributor through the basics of what each specific task is about and how it
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should be completed. None of the training modules require a pass mark, so upon completion of

these practice records, the contributor can progress straight to assessing ‘live’ records.

As well as supporting contributors through task-focused training, we recognised the need to enable
contributors to track their own progress with each task. Timely, accurate, individualised feedback
can be challenging to provide in a live environment where the ‘answers’ are not yet known.
However, it is possible to show each contributor a comparison of their decisions against the final
crowd decisions (based on the task’s agreement algorithm - see below); and contributors are
encouraged to review their History tab and can seek further clarification on final decisions. However,

for such feedback to be of value, the agreement algorithm itself has to be robust.

Supporting crowd accuracy: the agreement algorithm

In a crowdsourced model such as ours, an ‘agreement algorithm’ is used to ensure, at a collective
level, that classifications are accurate. All contributors, even experienced screeners can make
mistakes. The agreement algorithm is designed to minimise the effects of errors made at an

individual level whilst maintaining as much efficiency as possible.

Currently, for the RCT identification microtask in Cochrane Crowd, four consecutive, identical
classifications are needed to positively identify a record as an RCT/qRCT (see Figure 2.2), which is
then submitted to CENTRAL. If four contributors classify a record as Reject, that record will not be
submitted to CENTRAL. Classifications by individual contributors are made blinded to any previous
classifications. Where classifications disagree, the consecutive chain is broken and the records are
automatically sent to be resolved by a subgroup of Crowd contributors known as ‘resolvers’. Any
Unsure classifications are also sent to ‘resolvers’. In Cochrane Crowd, contributors can progress from
standard contributors, to ‘experts’, and finally to ‘resolvers’. An ‘expert’ carries the weight of two
standard contributors in the decision-making for the task at which they have become an ‘expert’
(i.e., instead of four classifications needed, only two are needed if both are made by contributors
with ‘expert’ status). To gain expert status, a contributor must have completed 1,000 classifications
and achieved 90% or above on both sensitivity and specificity metrics. ‘Resolvers’ make final
classification decisions about records that have either not received the required number of

consecutive agreement decisions, or that have been classified as Unsure.
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Figure 2.2 The Cochrane Crowd agreement algorithm in place for standard screeners

e e —_— CENTRAL

E— Reject

Resolve

Resolve

2.3 Methods

Crowd characteristics

We describe the rate of sign-up and the characteristics of the Cochrane Crowd based on information
collected from contributors the first time they log-in. This includes information regarding highest
educational attainment, age at sign-up, country of residence and level of experience with health

research.

Crowd accuracy

We compared the crowd’s collective decisions against a gold/reference standard for each of the
three microtasks. For RCT ID the evaluation set was a single month of Embase records requiring
screening, as described earlier. For CT ID the evaluation set were records screened in the first month
after going live with the task, and for ICTRP ID we evaluated the first 5,000 records processed by the
crowd. In each of these evaluations, the reference standard data sets were produced by two experts
(three different pairs across the three evaluations) who were highly experienced information or data
curation specialists with extensive experience of screening, independently classifying the same sets
of records as the crowd. For each evaluation, a third screener resolved disagreements between the

expert screeners.

In all data sets we counted the number of relevant items identified correctly (the ‘true positive’
count (TP)); the number of irrelevant items correctly identified as such (the ‘true negative’ count
(TN)); the number of relevant items incorrectly classified as irrelevant (the ‘false negative’ count
(FN)); and the number of irrelevant items, incorrectly classified as relevant (the ‘false positive’ count

(FP)). We then calculated the crowd’s collective accuracy in terms of sensitivity (the crowd’s ability
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to classify relevant records correctly) and specificity (the crowd’s ability to exclude irrelevant records

correctly)-as:

S itivity = P
ensitivity = o
rociticity = TN
pecificity = TN+ FP

Crowd autonomy

Crowd autonomy (synonymous with crowd consensus) is defined here as the proportion of records
that Crowd contributors can process without requiring action by ‘resolver’ crowd members. The
more records that can be dealt with by non-resolvers the better, since resolvers are more
experienced members of the crowd, are fewer in number, and are therefore a scarce resource. If a
high proportion of records need to be resolved collective accuracy may still be high but the system
becomes less autonomous and less efficient, because more time is needed from contributors overall

to achieve the same level of output.

Crowd capacity

Crowd capacity is defined as the number of records that the crowd workflow can process annually,
compared with the baseline. The baseline is the number of records processed by the previous
centralised search and screen model. This is an appropriate baseline, as the Cochrane study
identification workflow aims to prospectively identify all randomised trials. We compared the
number of records handled by the previous method (2010) with the number assessed by crowd
alone during the first year of the crowd model being in place (2014), as well as the number assessed

by crowd enhanced with machine learning (2020).

2.4 Results

Crowd characteristics

Figure 2.3 shows the steady rate of growth in the number of registered Cochrane Crowd
contributors since the platform’s launch. Approximately 19,800 people had signed-up to contribute
by November 2020, with the average number of active ‘sessions’ per month (where contributors log

in and screen at least one record) being 3,482 since the start of 2020.
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Figure 2.3 Cochrane Crowd sign-up with the blue line representing the pilot Embase project phase. Data as of 10th
November 2020
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Cochrane Crowd contributors are resident in 163 countries, of which 96 are low- and middle-income
countries. The top five countries are: United Kingdom (17% of contributors), United States (15%),
India (8%), Canada (6%), and Australia (5%). In March 2020 we introduced some optional questions
for new contributors regarding educational attainment and experience with health research. Over
2,800 new contributors have completed these questions, providing us with additional insight into
our crowd. Whilst many new contributors are already familiar with what a systematic review is, 11%
stated that they did not know what a systematic review was and a further 21% only have some sense
of what a systematic review was. Twenty seven percent answered that they were completely new to
health research. Cochrane Crowd also appears to attract young people with 33% aged between 17-
24 years at sign-up. Perhaps unsurprisingly, a large proportion of new contributors are students in a

health-related area (42.4%).

Crowd accuracy

Table 2.1 details the results of our evaluation of the accuracy of the crowd across the three study
identification microtasks. For the RCT ID evaluation, the data set comprised 6,041 records. The
crowd correctly identified 457 RCTs but missed four RCTs, resulting in 99.1% sensitivity. Three
missed studies were rejected by the crowd outright (i.e., the records had received the requisite
number of consecutive Reject classifications). One of the four had gone to resolution but had then
been misclassified by the crowd resolver. Of the four missed reports of RCTs, one was an RCT but
perhaps confusingly the methods section of the abstract was at the end of the abstract. Another was
also clearly an RCT, but at the time we did not have the phrase “random number table” (the
randomisation method used in the study) as a highlighted phrase (in Cochrane Crowd we have

highlighted over eighty words and phrases to help direct the contributor to the parts of the record
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that might describe the study design). The third and fourth missed RCTs were more obvious ‘edge
cases’, in which it was not clear whether the study participants were randomly allocated. Records
such as this should be classified as Unsure so that the corresponding full-text publication can be
checked to see whether random allocation was used. The crowd also correctly rejected 5,522
records out of 5,580 non-RCT records resulting in 99.0% specificity. Among the 58 false positives,
several were records in which participants had been randomly selected rather than randomly
assigned to groups. Another common error occurred with records that provided an overview of a
topic, with a brief mention of a specific randomised trial. Other false positives included five RCTs on
animals and one cadaveric study (i.e., records that should be rejected because they do not involve

live human participants).

For the other two randomised trial identification tasks, similarly high accuracy was achieved, as
shown in Table 2.1. For CT ID, almost all of the 17 false negatives (i.e. relevant records incorrectly
classified as irrelevant) contained conflicting information within them. This included records
describing the study as a “single-arm” trial in their study design field, but also describing a method of
random allocation of participants in their study description field. In ICTRP ID, the majority of the 24
missed RCTs appear to be due to the lack of study design information shown in the record as a result
of a display problem. This was due to the API not receiving the study design information for trial
registry records from one of the main registries in ICTRP. While the link to the full record with more

information was available, contributors were not expected to access this link.

Table 2.1 Accuracy data for the three study identification microtasks

Micro- No. of Crowd | No. of records Sensitivity Specificity Accuracy
task participants (no. of RCTs) TP TN FP FN (%) [95% CI] (%)[95% Cl]
99.1 99.0
RCT ID 94 6041 (461) 457 5522 58 4 [97.79 - [98.66 — 99.0
99.76] 99.21]
99.7 98.58
CTID 179 11,040 (5613) 5596 5350 77 17 [99.52 - [98.23 - 99.1
99.82] 98.88]
ICTRP 97.7 99.1
ID 109 5,000 (1036) 1012 3941 23 24 [96.57 — [99.13 - 99.1
98.51] 99.63]

Crowd autonomy and crowd capacity

An analysis of crowd autonomy, as measured by the proportion of records that need resolving for
the three microtasks in Cochrane Crowd show that across each task the proportion of records
needing to be resolved is very similar: RCT ID: 16.6%, CT ID: 19.7%, ICTRP ID: 14.9%. Figure 2.4
presents data on Crowd capacity (the number of records that can be processed by the crowd). The

2010 ‘standard practice’ baseline showed that the original centralised search and screen workflow
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(staffed by a small team of information specialists) assessed 57,034 records in 2010. During its first
year of operation in 2014, Cochrane Crowd assessed 105,747. During 2020 the Cochrane Crowd
assessed around the same number of records for the RCT ID task, while the RCT machine learning
classifier, calibrated to achieve a recall of 99%, processed a further 243,996 records for this task. The
introduction of the RCT Classifier into the workflow in 2016 has significantly increased the number of
records that can now be processed. This has freed up the crowd to perform the other two RCT
identification micro-tasks available in Cochrane Crowd as well as work on a range of other tasks now

available on the platform.

Figure 2.4 Cochrane’s capacity for identifying RCTs (2010-2020)

400,000
8 350,000
]
[ ® Number of records Screened by
& 300,000 Crowd (ICTRP)
[
e
s
= 250,000 B Number of records screened by
E Crowd (CT ID)
2 200,000
2
g m Number of records processed by
Zz 150,000 RCT classifier
100,000 W Number of records screened by
Crowd (RCT ID)
o .
O T 1
Pre-Crowd 2010 Crowd alone 2014  Crowd and machine
2020

As of November 2020, the 18,900 registered contributors have collectively identified over 175,000
reports of randomised trials for inclusion in CENTRAL. Table 2.2 shows further output metrics for
each of the three RCT study identification tasks, including the total number of records screened by
the crowd to date and the number of RCTs identified. The relative prevalence of RCTs is indicated in
the ‘number needed to screen’, which is the average number of records that a crowd contributor

screens in order to find one relevant record.
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Table 2.2 The three study identification microtask metrics. Data accurate as of 10t November 2020

Micro- . Number of Number of Number of RCTs (% of total Number
Date task went live records e . . ier . needed to
task classifications identified for that micro-task)
processed screen
RCTID February 2014 756,916 2,639,800 68,936 (9.1) 11.0
CTID
September 2017 178,855 507,814 98,269 (54.9) 1.8
ICTRP 1D September 2018 85,456 310,573 11,232 (13.1) 7.6

2.5 Discussion

Cochrane established its crowdsourcing initiative primarily in response to the challenge posed by the
rapid increase in global research output. Cochrane Crowd has evolved to become an essential part of
Cochrane’s ongoing efforts to identify randomised trials for inclusion in its reviews. The crowd now
has approximately 18,900 contributors from 163 countries and has collectively processed over 1
million records, helping to identify over 175,000 reports of randomised trials for inclusion in
CENTRAL. Each month the platform logs around 3,500 unique sessions from contributors. Our
evaluations demonstrate very high levels of accuracy for the three randomised trial identification
microtasks, with fewer than 20% of records needing resolution, and a greater than five-fold increase
in the number of records processed each year. Cochrane Crowd can now comfortably keep pace

with the rate of publication of new studies.

There are several factors that contribute to the success of this crowd model. First, the nature of the
tasks themselves plays a key role. Several studies report on the feasibility of using a crowd to assess
the search results for systematic reviews?%?! but do not contain evaluations of accuracy. Those that
do report on accuracy measures often report lower accuracy measures?>?3, However, in contrast to
these studies, we are not asking contributors to assess whether a record is relevant to a particular
review against all relevant PICO elements — a complex task that typically comprises several
judgments relating to different elements of the review’s eligibility criteria. Our approach has been to
break this complex task down to a simpler binary question: is this record describing a randomised
controlled trial or not? This makes the task easier to communicate and support with brief, yet
targeted training. It also has the advantage of high applicability to the Cochrane use case, given that

90% of published Cochrane reviews use only randomised trial evidence.
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Second, and potentially most critical to achieving collective accuracy, is the robustness of the
agreement algorithm. This algorithm helps to create an environment where errors made by
individuals do not impact on the final decisions. Our current accuracy levels indicate that the crowd
misses fewer than one in every hundred trials and incorrectly classifies one in every hundred records
submitted to CENTRAL as an RCT. An analysis of records incorrectly classified as trials from the three
evaluations showed that common errors included studies where participants had been randomly
selected rather than randomly assigned, crossover studies and long-term follow-up studies of RCTs.
This is an issue we have now addressed in the support materials for these microtasks. The critical
importance of the agreement algorithm has also been shown in other studies, notably in the work by

Nama and colleagues who report comparable levels of crowd accuracy in their evaluations?#2®,

Third, the individual contributors that make up the crowd itself clearly play a critically important
role; not only in being able to keep up with the constant flow of records fed into the system, but in
making accurate individual classifications. Whilst our recruitment is open and, we hope, attracts
contributors from a wide variety of backgrounds, it is clear that we appeal largely to those who
either work or study in a healthcare-related field. This potentially quite ‘expert’ crowd implies that
even without such a robust agreement algorithm, we could expect higher accuracy than is obtained
in other crowdsourcing initiatives. More work is needed to access the impact of prior knowledge and
experience on performance measures, as well as the role of the task training and feedback

mechanisms on individual accuracy measures over time.

In November 2020 we exceeded 4.5 million classifications. While to our knowledge Cochrane Crowd
is the largest crowdsourcing initiative linked to evidence synthesis, several smaller research studies

have also evaluated crowdsourcing for study identification?%22-232633

plus other review production
tasks, such as critical appraisal?>*>34, These studies all show the potential of crowdsourcing to
support these tasks. One notable difference, however, is that Cochrane Crowd is already a fully
implemented system that forms part of an important ‘end-to-end’ process in Cochrane. Whilst
crowd accuracy is of critical import, we have also sought to create an efficient, operational workflow

that makes the best use of human and machine effort.

Ongoing challenges
Whilst accuracy measures from our evaluations are very high, they are not 100%. As we have shown,
false negatives (missed studies) and false positives can arise from consecutive crowd errors as well

as from mistakes made by resolver level screeners. In addition, the introduction of machine learning
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into the workflow, whilst bringing undoubted gains in the number of records that we are able to
handle, has also introduced an interesting challenge for us. With the RCT Classifier now handling a
large proportion of the ‘easy to reject’ records, this has subtly changed the nature of the task itself.
In short, the task has potentially become less accessible to beginners. Related to this point, another
ongoing challenge is around attracting non-health professionals to contribute. Expanding
opportunities for contributors who are new to health research could become increasingly
challenging as the machine handles most of the ‘easier’ records; but on the other hand, new
opportunities may arise for those new to health research as the range and content of available

crowd tasks continues to grow and diversify.

2.6 Conclusions

To date, the Cochrane Crowd community has classified over 1,021,227 records (756,916 from
bibliographic databases and around 264,311 from trial registries). From this, over 175,000 reports of
randomised trials have been identified. These reports have been submitted to CENTRAL, helping to

enrich that important resource with reports that might not otherwise have been identified.

Identifying reports for CENTRAL or other repositories in this way contributes to the production of
Cochrane evidence, but also moves us closer to a more dynamic, upstream model of study
identification by identifying accurately all reports of RCTs as they are published, indexed or
registered so that the evidence for specific reviews can be identified more quickly, with far greater

specificity, and without compromising sensitivity.

In addition to populating CENTRAL with reports of randomised trials, this substantial crowd effort
has helped to create high-quality data sets for machine learning. Across the current RCT
identification tasks the machine classifiers now handle between 50-75% of the records, significantly
helping to scale our efforts. This virtuous cycle, where crowd and machine play to their strengths of

accuracy and speed respectively, has become the standard model for all future crowd tasks.

We have found that crowdsourcing can be a valuable way of reimagining the research curation work
needed to support the timely production and updating of systematic reviews at scale. Cochrane
Crowd is now an established and important system within Cochrane’s transforming technological
landscape. The crowd has proved highly effective, both in terms of accuracy and efficiency, when
provided with small tasks supported by brief training and robust agreement algorithms. In short,

Cochrane Crowd is transforming the way we identify and curate health evidence; helping us to keep
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up with the information overload whilst at the same time offer willing contributors a way to get

involved and play a crucial role in health evidence production.
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2.8 Abbreviations
RCT - randomised controlled trial
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3.1 Abstract
Background
To describe the development, calibration and evaluation of a machine learning classifier designed to

reduce study identification workload in Cochrane for producing systematic reviews.

Methods

A machine learning classifier for retrieving RCTs was developed (the ‘Cochrane RCT Classifier’), with
the algorithm trained using a data set of title-abstract records from Embase, manually labelled by
the Cochrane Crowd. The classifier was then calibrated using a further data set of similar records
manually labelled by the Clinical Hedges team, aiming for 99% recall. Finally, the recall of the
calibrated classifier was evaluated using records of RCTs included in Cochrane reviews that had

abstracts of sufficient length to allow machine classification.

Results

The Cochrane RCT Classifier was trained using 280,620 records (20,454 of which reported RCTs). A
classification threshold was set using 49,025 calibration records (1,587 of which reported RCTs) and
our bootstrap validation found the classifier had recall of 0.99 (95% CI 0.98 to 0.99) and precision of
0.08 (95% Cl 0.06 to 0.12) in this data set. The final, calibrated RCT classifier correctly retrieved
43,783 (99.5%) of 44,007 RCTs included in Cochrane reviews but missed 224 (0.5%). Older records

were more likely to be missed than those more recently published.

Conclusions

The Cochrane RCT Classifier can reduce manual study identification workload for Cochrane reviews,
with a very low and acceptable risk of missing eligible RCTs. This classifier now forms part of the
Evidence Pipeline, an integrated workflow deployed within Cochrane to help improve the efficiency

of the study identification processes that support systematic review production.

3.2 Background

Cochrane is a leading producer of systematic reviews, with more than 8,000 currently published in
the Cochrane Libraryl. These reviews incorporate the results of tens of thousands of randomised
controlled trials (RCTs) and other primary studies. The manual effort invested in identifying primary
studies eligible for inclusion in these and other systematic reviews is vast. Author teams and
information specialists typically search a large number of bibliographic databases to find the

comparatively small number of studies eligible to be included?. These searches are sensitive, to
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identify as many relevant studies as possible, but therefore yield large numbers of irrelevant records
which are then screened manually by author teams. This is a time-consuming and therefore costly
process, especially when all records are checked by at least two people to aid reliability. With the
rapidly increasing volume of research being conducted and published?, systematic reviews tend to
be resource-intensive projects, which can take years to complete. As a consequence, many
important research questions are not covered by systematic reviews, and it is increasingly difficult to
maintain an up-to-date synthesised evidence base?. This is a waste of global investment in research,

leading to suboptimal decision-making and poorer health outcomes®.

Automation has been proposed as one possible solution to reduce the manual burden of many
systematic review tasks®. For example, machine learning classification algorithms (‘classifiers’) can
‘learn’ the eligibility criteria of a review through exposure to a manually classified set of documents,

thus reducing the human effort required to find relevant studies’.

To date, most automation approaches operate at the level of individual reviews®®, rather than
addressing structural deficiencies in research curation®. This paper describes an important
component in an alternative approach which aims to improve the efficiency of study identification
across multiple systematic reviews of RCTs. The system comprises: 1) database searching; 2)
machine learning; and 3) crowdsourcing (via the Cochrane Crowd citizen science project) to populate
an existing database of RCTs (CENTRAL)!. The interlinked system or ‘workflow’ is known as the
Cochrane ‘Evidence Pipeline’. Here we describe the machine learning component of the Pipeline
workflow; the other components (the Cochrane Crowd and a Centralised Search Service) are
detailed elsewhere!?!3 (chapters one and three of this thesis). The reason that this is so beneficial for
Cochrane reviews is twofold. First, on the basis that RCT study designs can be ethically implemented
to produce results capable of supporting causal claims about the beneficial effects of the large
majority of healthcare interventions evaluated in Cochrane reviews, approximately 90% of Cochrane
reviews aim to include only RCTs. Thus, the capability to efficiently identify studies with designs at
scale will generate large corollary cost savings and efficiency gains in review production and
updating systems across thousands of Cochrane reviews, reducing research waste. Second, searches
conducted for Cochrane and non-Cochrane health and non-health systematic reviews of RCT
evidence also retrieve many records of studies that are not RCTs (often well over 50%). Thus, the
capability to automatically exclude non-RCTs from manual checking in such reviews will reduce
manual workload (since, even if they are about the right topic, the fact that they are not RCTs means

that they are ineligible for inclusion), with corollary cost savings and efficiency gains.
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We have previously described methods for automatically identifying RCTs from research databases®.
In that evaluation we found machine learning classification systems are more accurate than
manually crafted Boolean string searches of databases (the current standard practice). Yet showing
higher accuracy in a validation study is not sufficient to ensure new technologies are adopted in
practice. We have engaged with the Cochrane Information Retrieval Methods Group (IRMG) with
whom we agreed additional requirements for this technology to be adopted by Cochrane. First, the
classifier must recall at least 99% of RCTs (a more stringent threshold than we had applied in our
previous work)®. Second, the classifier should provide an indicative probability score to users. Third,
an additional assessment should be done of whether the classifier would be at risk of missing any of
the studies included in existing Cochrane reviews. In this article, we describe the development,
calibration and evaluation of a machine learning classifier designed to meet these requirements,

which has subsequently been adopted by and deployed within Cochrane.

3.3 Methods

Cochrane Evidence Pipeline workflow

Cochrane publishes a database of randomised controlled trials (RCTs) that are relevant for current or
potential future reviews (CENTRAL), with an administrative interface for Cochrane users, known as
the Cochrane Register of Studies (CRS)!!. Although a rapidly increasing minority of reviews
synthesise non-randomised research designs (including qualitative and quasi-experimental studies),
CENTRAL focuses on RCTs which currently remain the basis of the large majority of published

Cochrane reviews. We likewise focus our efforts on the discovery of RCTs.

We seek to benefit from efficiencies in two ways. First, current practice is to identify RCTs through
searches of bibliographic databases using highly sensitive RCT filters. Such filters have low precision,
retrieving as many as 20 non-RCTs for every true RCT*2. These irrelevant articles then need to be
manually screened and removed. Second, the same studies are retrieved and assessed multiple
times by different people across the global systematic review workforce. The Pipeline therefore aims
to avoid this duplication of effort, by facilitating the reuse of previous assessments as to whether a

given report describes, or does not describe, an RCT.
Figure 3.1 depicts the role of machine learning within the Pipeline. To populate CENTRAL, Cochrane

regularly searches a range of online resources (e.g., biomedical literature databases) through the

‘Centralised Search Service’, which is described elsewhere!? (Chapter 4). Abstracts of these
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candidate articles (of which the majority are not RCTs) are ‘fed’ into the top of the Pipeline.” The
machine learning classifier (described in this work) is used to filter out records that are highly
unlikely to be an RCT study report. The remaining articles are then handed over to the Cochrane
Crowd, which filters out all further records that do not report an RCT*3. Finally, the remaining articles
(which should all describe RCTs) are stored in CENTRAL. Crowd ‘labels’ are also used to update the
machine learning algorithm, so that it becomes more accurate at distinguishing between relevant

and irrelevant records (see ‘Machine learning for RCT identification’, below).

Figure 3.1 The Cochrane Evidence Pipeline workflow, depicting the flow of records from the centralised search service,
through machine and crowd classification services to the CENTRAL database
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Data sets and their role in this study

High-quality data sets are vital for the development, calibration and evaluation of reliable machine
learning classifiers. Most evaluations of such classifiers utilise a single data set, which is split at
random between ‘training’ and ‘test’ data (for example, with 70% of the data reserved for training).
The training data are used to estimate the model parameters, and the test data to evaluate its
performance. However, while a single data set evaluation can provide estimates of classifier
performance that have strong internal validity, it cannot tell us how well a classifier will perform in
the real world, where data may come from sources that differ in important ways from those used to
produce this data set. As outlined by Nevin, it is important to consider the external validity of

machine learning models before deployment**

. Here, we examined external validity in terms of
whether the use of our machine learning model would risk missing RCTs included in Cochrane

reviews.

*
The scope and detail of these searches is described here: https://www.cochranelibrary.com/central/central-creation.
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We therefore utilised three distinct data sets in the current study:

. Training data, from which the machine learning models are built;

. Calibration data, on which the threshold for determining the cut-off between ‘RCT’ and
‘non-RCT’ classifications was based; and

° Validation data, on which the calibrated classifier was evaluated.

Figure 3.2 summarises the contribution made by each data set that we now describe in detail.

Training data

The data set used to train the classifier comprises a corpus of 280,620 title-abstract records
retrieved from Embase using a highly sensitive search for RCTs". This search has been carried out
each month since January 2014, for the purpose of identifying relevant studies for inclusion in
CENTRAL (see ‘Materials and Methods’). In this study we used records retrieved between January
2014 and July 2016 inclusive. During this period, any records indexed with the Emtree headings
‘Randomized controlled trial’ or ‘Controlled clinical study’” were automatically marked for inclusion in
CENTRAL, without any manual checking, on the basis that this rule produced a false positive rate for
identifying reports of RCTs that was judged sufficiently low. To account for the historical use of this
rule, records with these specific Emtree headings were also excluded from our training data set.
Because obvious RCTs and obvious non-RCTs had already been filtered out of this data set (using
Emtree headings and the sensitive search filter for RCTs respectively) before we used it to train the
classifier, the data set therefore comprises records that are, on average, more difficult to classify
according to whether or not they report an RCT, compared with an unfiltered sample from the raw

database.

Next, each record in the training data set was labelled by Cochrane Crowd members according to
whether it reported an RCT (n = 20,454) or not (n = 260,166). Each record was labelled by multiple
crowd members, with the final crowd decision being determined by an agreement algorithm; Noel-
Storr and colleagues report that the crowd recall and precision for identifying RCTs both exceeded

99%*.

This data set (‘Cochrane Crowd data’ in Figure 3.2) has characteristics that make it highly suitable for
training a machine learning classifier: it is both large — so represents a wide range of instances of

both the positive and negative classes (i.e., RCTs and non-RCTs) — and also very accurately labelled.

T . .
https://www.cochranelibrary.com/central/central-creation
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However, it is also comprised of records added to Embase during a relatively short (<3 years) period,

which could limit the generalisability of the resulting machine learning classifier.

Calibration data

When machine learning classifiers are used for prediction, they output a score (often scaled to be
bounded by 0 and 1) that gets assigned to each title-abstract record, with a higher value
representing an increased likelihood that the record reports an RCT. However, to use the classifier to
reduce manual screening workload, we also needed to set a threshold score below which records
(unlikely to be RCTs) are discarded, and conversely above which records (possible RCTs) are retained
for manual screening. Higher score thresholds can be expected to lead to a higher prevalence of
reports of RCTs (true positives) among fewer retained records (i.e., higher precision), but at the
expense of having discarded some reports of RCTs (false negatives) with scores below the threshold
(i.e., lower recall). Conversely, a lower threshold can be expected to lead to lower precision but

higher recall.

We sought advice from the Cochrane Information Retrieval Methods Group (IRMG) and were
advised that the classifier would need to have a threshold score calibrated to retrieve at least 99% of
relevant RCT study reports in order to be adopted for use in Cochrane; and also that achieving this
high level of recall should be prioritised over any reductions in manual screening workload. These
specifications reflect the strong aversion that we have, when conducting systematic reviews, to

inadvertently failing to identify studies that should be included.

The Clinical Hedges data set (Figure 3.2) was built during 2000 and 2001 for the purposes of testing
and validating sensitive search filters for RCTs™. It contains 49,028 title-abstract records manually
identified and selected by information specialists using a combination of hand- and electronic search
methods. Corresponding full-text reports of all records were manually checked in order to ascertain
with confidence whether or not each reported an RCT, making this a highly accurate data set for our
current purpose. Three records from this data set were no longer available in PubMed, so our final
calibration data set comprised 49,025 PubMed title-abstract records, of which 1,587 reported an
RCT (and the remaining 47,438 did not report an RCT).

It was more demanding to calibrate our RCT classifier on this data set (compared with using a

proportion of records held back from the Cochrane Crowd data set) because: a) the records are

older and are less likely to have a consistent reporting structure for RCTs, because the study reports
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were published only a few years after the CONSORT statement (and before the latter became widely
used); and b) the Clinical Hedges Team’s assessments were based on full-text reports, and there is
no indication in some of the corresponding titles and abstracts that they actually report an RCT. We
used this data set to identify the threshold for achieving 99% recall and thereby calibrate our
classifier, and we also present results concerning the precision with which these records can be

identified.

Validation data

As described above, this machine learning classifier was primarily designed to identify records of
study reports potentially eligible for inclusion in Cochrane reviews. We therefore validated the
classifier using a third data set, to determine whether the desired level of 99% recall (calibrated
using the Clinical Hedges data set), could be achieved in practice. This validation data set (‘Cochrane
Included Studies’ in Figure 3.2) comprises title and abstract records of all study reports included in
Cochrane reviews in which eligible study designs are restricted to ‘RCTs only’, published up to April
2017. The data set comprises 94,305 records of 58,283 included studies, across 4,296 Cochrane
reviews. Although it could be assumed that the vast majority of these records report an RCT, in
practice we found that some records of included study reports did not report an RCT (for example,
they reported a meta-analysis of RCTs; a related editorial; or personal correspondence). These
records were retained in the validation set, as removing them all would have required the manual

screening of all records.
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Figure 3.2 Development and evaluation of the classifier, showing where the various data sets were used in the classifier
development process
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Articles without an abstract (i.e., title-only records) may contain insufficient information for accurate
machine (or human) classification. However, title-only records that include the words ‘randomised
controlled trial’ (as per CONSORT guidance) should be labelled correctly by a classifier. In
consultation with the IRMG, and in the light of manual assessment of records with some content in
their abstract field (but not a full abstract), we determined that pragmatic cut-offs for including a
record in the training, calibration, or validation data sets would be set at: 400 characters as a

minimum abstract length; and 15 characters as a minimum title length. These cut-offs aimed to
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balance the need for sufficient text to be present in the abstract field for the machine learning to
operate, while not referring too many records for manual assessment. It is important to note that, in
the Cochrane Evidence Pipeline workflow (see above), all records with title and/or abstract fields
that have fewer characters than the minimum cut-off are referred for manual screening by members
of the Cochrane Crowd. When the minimum character cut-off is applied to the Cochrane Included

Studies data set, the final number of studies in the evaluation falls to 44,007.

Machine learning methods for RCT identification

Machine learning describes a group of algorithms which seek to ‘learn’ to do a task by exposure to
(typically large amounts of) data. The approach we used here can be described as supervised
machine learning: meaning that the algorithm is ‘trained’ on articles for which the true label is
already known. Although the current state-of-the-art approach for text classification is the use of
neural network models, we have previously found that support vector machine (SVM) models (and
specifically ensembles* of multiple of SVM models) were similarly accurate for high sensitivity
document recall®. SVMs are less computationally intensive than neural models, and therefore can
run quickly and without the need for any special computer hardware. The final Cochrane RCT
Classifier model also needed to be deployed in a live web service that might need to cope with heavy
user demand. For these reasons we chose SVMs for the current work. We refer the interested
reader to a detailed description of machine learning methods as applied to abstract classification®. In
our previous work, we incorporated metadata from the database describing study design into our
models (the Publication Type tag in MEDLINE, which is manually added by MEDLINE staff, often
several months after publication). However, as the Evidence Pipeline retrieves mainly very new
records, which usually lack this metadata, we used a model which utilises titles and abstract text

without additional metadata.

We used the bag-of-words approach, in which each title-abstract record is represented as a vector of
Os and 1s, depending on the presence or absence of each unique word from the article-set
vocabulary®. These vector representations are then used to ‘train’ (i.e., find optimal parameters for)
an SVM model. We pre-processed the records to remove commonly used words (e.g., ‘and’, ‘the’)
that appear on the PubMed “stopword” list®. During our initial development phase, we found that an
ensemble of two SVM models with minor differences resulted in greatest accuracy when evaluated

on the training data. We therefore selected an ensemble of two SVM variants for use in the study

¥ Ensembling describes a strategy of using multiple machine learning models together, with the aim of improving performance compared

with any model individually.
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(see Figure 3.2). The first classifier (SVM1) represented the texts as individual words, pairs of words,
and triplets of words (uni-, bi-, and trigrams). This accounts for situations in which adjacent words
affect document class (e.g. the text ‘randomized controlled trial’ might be more strongly indicative
of an RCT than any word individually). The second classifier (SVM2) used a unigram model (i.e. each
word is considered individually), and used a strategy of oversampling. This strategy aims to reduce
the likelihood of missing a 'rare class’ (here the ‘rare class’ is RCTs, which account for ~5% of the
data set) by artificially increasing the number of RCTs in the training data set by random sampling
with replacement (this process is not repeated with the calibration or validation data sets, which are

left in their original state).

The source code for building SVM1 is available here: https://github.com/alan-turing-

institute/DSSG19-Cochrane/blob/dev/analyses/partner baseline/create model.py

The source code for building SVM2 is available here: https://github.com/ijmarshall/robotsearch

Generating calibrated probability estimates

SVMs estimate the distance between a given record and a ‘hyperplane’'” which, in the current use,
separates RCTs (the positive class) from non-RCTs (the negative class). The hyperplane distance
metric is not readily interpretable (in our data set this metric had a numeric value approximately
between —1 and +8), and we therefore sought to add probability estimates to meet the needs of
Cochrane users, who have found this feature to be particularly useful in understanding the output.
To achieve this, we calibrated the ensemble SVM scores on the Clinical Hedges data set using a
logistic regression model (known as Platt scaling)®. This generated a score for each ‘unseen’ record
in the calibration or validation data sets that is bounded by 0 and 1. These scores are closer to
representing the true probability that a given record reports an RCT; as such they are readily
interpretable, with higher scores representing a higher likelihood that the record reports an RCT
(and vice-versa). When viewed graphically, the distribution of scores is often U-shaped, with the
majority of records being assigned either a high (close to 1) or low (close to 0) probability score (see
Figure 3.4), and a smaller number of records in the middle that are more ambiguous in terms of class

membership.

Evaluation metrics
In this paper we use the conventional information retrieval terminology recall and precision, which
are synonymous with sensitivity and positive predictive value respectively. As outlined above, the

recall statistic is of primary concern in the current use scenario —i.e., that eligible study reports are
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not incorrectly discarded from the Evidence Pipeline workflow. Cochrane required the system to
have at least 99% recall. Recall is calculated as the proportion of relevant items (i.e., records
describing an RCT) that are correctly identified by the Evidence Pipeline workflow compared with the

total number of records genuinely reporting an RCT that should have been identified.

To evaluate the discriminative performance and quality of calibration of our machine learning
strategy on the Clinical Hedges data, we used bootstrap sampling as described by Steyerberg and
colleagues (19). In short, a series of artificial new data sets were ‘bootstrapped’ by random sampling
with replacement from the Clinical Hedges data set. Logistic regression models (which served the
dual purposes of ensembling the individual SVM models, and producing calibrated probability
outputs) were trained on each sampled data set, and evaluated on the original data set. This process
was repeated 5000 times and used to estimate performance metrics with 95% confidence intervals.
Although the primary use of the system is for binary classification, a key secondary use is providing
indicative probability scores to users. We evaluate the quality of the probabilities via a calibration

plot, and by calculation of the Brier score and C statistics®.

Common practice in Cochrane reviews is to find, use and cite all published (and unpublished) reports
of each included study (‘study reports’). Many studies included in Cochrane reviews are comprised
of multiple study reports. This means that if the classifier ‘misses’ one of several study reports of the
same RCT, this does not necessarily mean the RCT study has been ‘lost’. We therefore adopted the
following approach. We first classified all study reports in Cochrane reviews of RCTs using the
machine learning classifier and then we considered a study to be ‘lost’ only if all reports of that study
fell below the threshold. As such, the ‘study’ is our unit of analysis rather than the ‘study report’. We
made this decision since we found many secondary citations in reviews referred to indirectly related
non-RCT studies, and also since we would expect the retrieval of a single article would alert the

review team to the existence of the trial.

Precision is also a metric of interest because it can be used to compute the number of articles
requiring manual screening by Cochrane Crowd in the Evidence Pipeline workflow. Here we were
concerned with the number of irrelevant records (i.e., records not reporting an RCT) that are
incorrectly classified by machine learning as relevant (i.e., records with an assigned probability score
above the identified threshold score), which must then be filtered out manually by the Cochrane

Crowd. Precision is calculated as the proportion of retrieved records which genuinely report an RCT.

75



Recall and precision were calculated from a 2 x 2 table representing positive/ negative (relevant/

irrelevant) classes and whether they were correctly or incorrectly classified (Table 3.1).

Table 3.1 2x2 table from which precision and recall are calculated

RCTs (gold standard) non-RCTs (gold standard)
Machine learning True positives False positives
classed RCTs
Machine learning False negatives True negatives
classed non-RCTs

Formulae used to calculate precision and recall are as follows:

true positives

precision = — "
true positives + false positives

true positives

recall = — :
true positives + false negatives

We computed statistics for precision at 99% recall against the Clinical Hedges calibration data set. As
specified above, recall was set at 99% by the IRMG. Since the Cochrane reviews we examined
contain only RCTs (and the non-RCTs excluded during searches are not usually comprehensively
recorded) we were not able to calculate precision on the Cochrane reviews data set, and report

recall only.

For the primary analysis, the denominator was all articles in Cochrane reviews meeting the minimum
character length criteria described above (i.e., very short titles and abstracts were excluded). We
assume that manual assessment will yield 100% recall of these records. We also report results on the
full data set, without removing articles with small or non-existent abstracts, as a secondary analysis.
The first figure can be interpreted as the recall of the overall workflow, because it takes account of
our decision to remove records with insufficient information for machine classification from the

workflow.

We present absolute values of the total number of eligible studies ‘lost’ to Cochrane reviews. Finally,
we also present the distribution of ‘lost’ study reports according to the year of publication, since we
hypothesise that the classifier may perform less well on older study reports because: a) it has been
trained on newer reports; and b) trial reporting may have improved as a result of the CONSORT

statement.
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3.4 Results
The machine learning classifier for identifying reports of randomised trials (Cochrane RCT Classifier)
was built as per the above methods from the screening of 280,620 Embase records (January 2014 to

July 2016) by Cochrane Crowd. Of these, 20,454 (7.3%) were deemed to be RCTs.

Threshold setting, and binary classification performance

The 49,025 records from the Clinical Hedges data set were scored by the machine learning classifier.
The records were ordered according to classifier score, and precision and recall statistics were
calculated for every record in sequence. The classifier probability, which corresponded with 99%
recall, was recorded and used as the classification threshold for the later validation (and the
deployed system). The discriminative and calibrative performance of this strategy, estimated using
bootstrap sampling is presented in Table 3.2. We estimate that precision was 8.3%, meaning that
one in every 12 records retrieved described an RCT. Setting the classifier at this level of recall
resulted in 58% of records in this data set being automatically discarded as highly unlikely to be

reporting a randomised trial.

Estimates of the C statistic and Brier score were 0.978 and 0.048 respectively, indicating excellent
discriminative performance. We present a calibration plot showing point estimates from the
bootstrap evaluation and the final model (trained on the whole data set) in Figure 3.3. We show how

the predicted scores are distributed for RCTs and non-RCTs in Figure 3.4.
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Figure 3.3 Calibration plot showing bootstrap estimates of predicted vs observed probabilities of an article being an RCT
in Clinical Hedges data set (each blue point represents an estimate of a model generated from one bootstrap sample),
and the performance of the final model (orange)
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Table 3.2 Bootstrap estimates of model performance on Clinical Hedges data set, with 95% confidence intervals
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Figure 3.4 Distribution of classification scores for RCTs and non-RCTs in Clinical Hedges data set
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Validating the classifier recall on studies included in Cochrane reviews

The title and abstract records of 58,283 studies included in 4,296 Cochrane reviews were fed
through the classifier. Records with a score equal to or above the threshold identified in the previous
step were automatically classified as potentially reporting an RCT; those scoring below this threshold

were automatically classified as not reporting an RCT.

Table 3.3 summarises the number of eligible studies that are ‘lost’ to reviews as a result of all of
their corresponding study reports scoring lower than the threshold. When records that contain
insufficient information for machine classification are excluded from machine classification, and
assumed to be manually assessed (see Methods), the classifier correctly identifies 99.5% (43,783 out

of 44,007) of studies.
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In our secondary analysis, when we include for machine classification data for all studies (including
the subset of studies which contain insufficient information for accurate machine classification (see
‘Methods’, above)), we find that 3,396 studies would be potentially ‘lost’ to reviews (compared to

224 studies when only those with sufficient information are included).

Table 3.3: Number of included studies in Cochrane reviews classified as RCTs

RCTs correctly identified RCTs not identified by the

by the classifier (recall) classifier
All studies (n = 58,283) 54,683 (93.8%) 3,600 (6.2%)
Studies with sufficient information for 43,783 (99.5%) 224 (0.5%)

machine classification (n = 44,007 studies)

Figure 3.5 shows the 224 randomised trials ‘lost’ by the classifier per 1000 published, by year of
publication, for all but one of the publications (the age of one publication could not be ascertained).
These results show that older reports are much more likely to be misclassified by the machine

learning classifier.

Figure 3.5 RCTs ‘lost’ by the classifier per 1000 published, by year of publication, showing that the risk of ‘losing’ a
publication decreases over time
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3.5 Discussion

Summary of findings

We conducted a three-stage study that involved training, calibrating and evaluating a machine
learning classifier designed to distinguish between bibliographic title-abstract records that report an
RCT and those that do not. Recall falls to an unacceptably low level (94%) if records with limited
information in their titles and/or abstracts are submitted for machine classification. However, when

these records are excluded, the classifier exceeds the standard required by Cochrane with recall at
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99.5% of all those records scored. It should be noted that this means that some records are
unsuitable for machine learning, and so must necessarily be checked manually; however, this mirrors
current practice, whereby records with limited information in their titles and abstracts are retained

for further assessment on the basis of their corresponding full text reports.

We deem the recall level as ‘acceptable’ for use in ‘live’ reviews on the basis that: a) this exceeds the
recall of validated RCT search filters that have been used in systematic review production for many

years; and b) this threshold was agreed by methodologists in Cochrane for use in Cochrane reviews.

While the precision of 8% estimated against the Clinical Hedges data set appears low, this is partly
because of the age of that data set and relatively low prevalence of RCTs. In the Cochrane Evidence
Pipeline workflow (Figure 3.1), the classifier saved Cochrane Crowd from needing to check 185,039
records manually (out of a total of 449,480) during the 2018 calendar year; a very large saving in

manual workload?3.

Systematic reviews are frequently used to support decision-making processes, for both policymakers
and practitioners, and are also key sources of evidence in drug licensing regulation. Reviews need to
be accurate representations of the state of current knowledge, as decisions that are based on their
findings can affect people’s lives. Reviews also need to be demonstrably correct, as the way in which
evidence is synthesised can have implications, for example, for drug licensing, and can therefore be
open to legal challenge. These joint imperatives — for systematic reviews to be correct, and to be
seen to be correct — generate the normative expectation that they should contain all relevant
research evidence and the corollary concern that review findings based on bodies of evidence that
inadvertently exclude some eligible studies are potentially unreliable. To this end, our study provides
data demonstrating the reliability of implementing what could be seen as a major innovation in
study identification methods for systematic reviews, the automatic eligibility assessment of study
reports, and the exclusion of a portion without any manual checking by humans, rolled out at scale
across Cochrane: the largest producer of systematic reviews globally and an organisation committed
to minimising risk of bias in review production through methodological and editorial rigour. We note
that the recall threshold set by Cochrane (99%) exceeds the performance of conventional search
methods (for example, the Cochrane Highly Sensitive Search Strategy was found to have recall of
98.5% by the Clinical Hedges team)??, and we have demonstrated in previous work that our machine

learning approach can exceed the precision achieved by conventional search filters®.
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Although our results indicated that 0.5% of studies could have been ‘lost’ to Cochrane reviews if
authors had used this classifier (affecting 178 reviews, leaving 4,118 reviews unaffected), this is
almost certainly an overestimate when considering the prospective use of this classifier to support
identification of newly published RCTs for new, updated and/or living systematic reviews. First, other
means of finding studies are routinely employed in Cochrane reviews alongside conventional
electronic searching — such as checking reference lists or contacting researchers who are active in
the topic area — so some of these ‘lost’ studies would likely be found using these complementary
search methods. Second, studies that are potentially lost are overwhelmingly older reports. While
we do not dismiss the potential importance of identifying older trials for consideration in systematic
reviews, it is reassuring that more recent studies (relevant especially for newer treatments and
review updates) are far less likely to be missed. One reason the classifier performs better for more
recent studies could be improvement in the reporting of RCTs over time, for example, in response to
the CONSORT statement!®?2, Trialists are now widely expected to detail trial methodology in the

report’s abstract and to include the fact that they are reporting an RCT in its title.

Strengths and weaknesses of this evaluation

We have described a robust evaluation of the performance of an RCT classifier in a large data set of
systematic reviews. We were fortunate in having three large, independently generated, high-quality
data sets available to train, calibrate and validate the classifier. This is an unusual position to be in
and there are probably few study designs other than RCTs with comparably high-quality data sets
available. We note that this may limit the potential to evaluate the performance of similar

workflows, created to identify other types of study design, using the same three-stage process.

The current classifier has been trained almost exclusively on records published in English, so it does
not necessarily generalise to other languages, However, this important limitation is, in principle,
surmountable, as machine learning technology is language-agnostic and would therefore be capable

of modelling any language, so long as sufficient training data were available.

The focus of this work has been to build a machine learning classifier for deployment in a specific
workflow. The machine learning classifier we have developed meets required levels of recall, but
inevitably results in some studies being ‘lost’ to reviews. This study does not attempt to ascertain
the impact of these losses on the affected reviews’ statistical and narrative results and findings, and
a future extension of this study will investigate this important question. We also note that only 178

out of 4,296 reviews were affected, leaving results unchanged in at least 96% of the reviews.
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3.6 Next steps: the Screen4Me service

We are currently piloting an extension to the Evidence Pipeline for use with individual Cochrane
reviews. Authors using this service will compile their set of potentially eligible records from searches
of multiple databases (including CENTRAL) as is typical for any systematic review. Given that the RCT
Classifier and Cochrane Crowd have already classified more than 800,000 study records (and
increasing by > 10,000 per month), it is likely that a proportion of the records retrieved and
uploaded to the Classifier by authors have already been classified according to whether they report
an RCT or not. Where this is the case, the records which are already known not to describe RCTs will
be removed from the workflow. The remaining studies will then be sent to the RCT Classifier, and
those records classified as not reporting an RCT (i.e., that fall below the 99% recall threshold) will be
discarded. Finally, the records classified as potentially reporting an RCT will be screened by Cochrane
Crowd. The review team is then left with a much smaller pool of records to examine, containing only
RCTs. In early pilots, this new workflow reduced manual screening workload by between 40 and

70%, depending on the prevalence of RCTs in the search results of individual reviews.

3.7 Conclusions

The Cochrane RCT Classifier is now deployed by Cochrane for reducing screening workload in review
production. As part of a wider workflow that includes prospective database searches and
crowdsourcing to build a comprehensive database of RCTs, machine learning can reduce the manual
screening burden associated with research synthesis, while ensuring a very high level of recall that is
acceptable for an organisation which depends on having comprehensive access to the published

research that falls within healthcare topics relevant to its scope.
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3.9 Abbreviations

CENTRAL Cochrane Central Register of Controlled Trials
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CRS
IRMG
RCT
SVM

Cochrane Register of Studies
Cochrane Information Retrieval Methods Group
Randomised controlled trial

Support vector machine
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4.1 Abstract

Background

The Cochrane Central Register of Controlled Trials (CENTRAL) is compiled from a number of sources,
including PubMed and Embase. Since 2017, we have increased the number of sources feeding into
CENTRAL and improved the efficiency of our processes through the use of APIs, machine learning

and crowdsourcing.

Objectives

Our objectives were twofold:

(1) Assess the effectiveness of Cochrane’s centralised search and screening processes to correctly
identify references to published reports which are eligible for inclusion in Cochrane systematic
reviews of randomised controlled trials (RCTs).

(2) Identify opportunities to improve the performance of Cochrane's centralised search and

screening processes to identify references to eligible trials.

Methods

We identified all references to RCTs (either published journal articles or trial registration records)
with a publication or registration date between 1st January 2017 and 31st December 2018 that had
been included in a Cochrane intervention review. We then viewed an audit trail for each included
reference to determine if it had been identified by our centralised search process and subsequently

added to CENTRAL.

Results

We identified 650 references to included studies with a publication year of 2017 or 2018. Of those,
634 (97.5%) had been captured by Cochrane’s Centralised Search Service (CSS). Sixteen references
had been missed by the CSS: six had PubMed-not-MEDLINE status, four were missed by the
centralised Embase search, three had been misclassified by Cochrane Crowd, one was from a journal
not indexed in MEDLINE or Embase, one had only been added to Embase in 2019, and one reference
had been rejected by the automated RCT machine learning classifier. Of the sixteen missed
references, eight were the main or only publication to the trial in the review in which it had been

included.
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Conclusions

This analysis has shown that Cochrane’s centralised search and screening processes are highly
sensitive. It has also helped us to understand better why some references to eligible RCTs have been
missed. The CSS is playing a critical role in helping to populate CENTRAL and is moving us towards

making CENTRAL a comprehensive repository of RCTs.

4.2 Background

The Cochrane Central Register of Controlled Trials (CENTRAL) is a bibliographic database populated
with reports of randomised and quasi-randomised controlled trials (RCTs and q-RCTs)“2. CENTRAL is
available through the Cochrane Library. Most review teams, whether they are producing Cochrane
or non-Cochrane reviews, can access CENTRAL for free, either through national licenses or
institutional subscriptions. Reports of RCTs are added to CENTRAL through two main routes: (1) via
Cochrane Information Specialists identifying and manually adding trial records, and (2) by a
centralised search initiative, called the Centralised Search Service (CSS), managed by Cochrane’s

Editorial and Methods Department.

Five sources are searched centrally: PubMed and ClinicalTrials.gov, both produced by the US
National Library of Medicine (NLM); Embase.com produced by Elsevier; the World Health
Organization’s International Clinical Trials Registry Platform (ICTRP); and KoreaMed produced by the
Korean Association of Medical Journal Editors. The service is also adding a sixth source: CINAHL
hosted by EBSCOhost. CINAHL records are expected to appear in CENTRAL at the end of the first
qguarter of 2020. For each source we have developed bespoke workflows with the aim of capturing

all possible reports of RCTs and g-RCTs.

The CSS uses four main approaches to identify relevant records. Not all are used for each of the

sources covered (a summary of the overall workflow is given in Table 4.1). The four approaches are:

Direct feed
Sensitive search

Machine learning

Ll N

Crowdsourcing
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Direct feed

The first approach is the ‘direct feed’ which consists of records that have been indexed in the source
databases as RCTs. Wherever possible, we aim to identify potential ‘direct feeds’ of records
reporting an RCT into CENTRAL. This route is the most efficient approach because it does not require
any manual assessment/screening of records. We currently have ‘direct feeds’ in place for four of
the five sources: PubMed, Embase, ClinicalTrials.gov and ICTRP. However, the ‘direct feeds’ only
capture a proportion of the eligible records from each source. Other approaches are therefore

needed to identify the remaining RCTs.

Sensitive search

The second approach is to use a sensitive search. Records from all sources which cannot be
identified through the ‘direct feed’ (i.e., they do not have the required index terms) are identified
through a search which has been developed for each source®*. As the results from a sensitive search
for RCTs inevitably contain many non-relevant records, additional checks are then required to
ensure that only randomised study reports are retained. These additional checks are in two phases:
first, records are passed through a machine learning classifier to eliminate clearly irrelevant records®;

and second, the remainder, are checked by Cochrane Crowd®.

Machine Learning

The third approach, which supplements the sensitive search, uses machine learning. The automated
machine learning classifiers provide likelihood scores as to whether the record is describing an RCT.
The CSS uses two machine learning classifiers, one developed for the bibliographic records such as
those identified from Embase, and one developed for trial registry records from ClinicalTrials.gov.
For more detail on the training, calibration and validation of the bibliographic RCT classifier, see
Thomas® (and Chapter 3). The RCT machine learning classifiers are currently used to remove ‘noise’
(non-relevant records) from large record sets. In other words, we are not using the RCT classifiers to
identify RCTs with high precision; we are using them to remove the obvious non-RCT records,

thereby reducing the amount of manual screening required.

Crowdsourcing
The final component in the workflow is ‘the crowd’. Records that have not been accounted for in
either the direct feeds or excluded by the RCT classifiers need to be manually screened. These

records are sent to Cochrane Crowd (https://crowd.cochrane.org), Cochrane’s citizen science

platform that hosts tasks aimed at identifying particular types of health research. Cochrane Crowd is
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open to all but contributors must first complete a brief training module before being able to screen
live records. In addition to training, the crowd approach uses an agreement algorithm to help ensure
collective accuracy of the data output. The current algorithm in place for the identification of RCTs
from bibliographic sources requires that each record needs four consecutive agreement
classifications for that record to be deemed either an RCT or not an RCT. The current agreement
algorithm in place for the identification of RCTs from trials registries (i.e., the records from
ClinicalTrials.gov and ICTRP) is that each requires three consecutive agreement classifications for
that record to be deemed either an RCT or not an RCT. Disagreeing classifications or records that
receive an Unsure classification go to ‘resolver’ screeners in the Cochrane Crowd. Resolvers are
highly experienced screeners who are tasked with making a final decision on records that have not
received the required consecutive agreement classifications. For more detailed information
regarding the agreement algorithms used and the accuracy of this crowdsourced approach, see
Noel-Storr ¢(and as described in Chapter 2). The Cochrane Crowd community stands at over 17,000

people from over 150 countries.

Table 4.1 Individual workflows for centrally searched sources as of December 2019. More detailed information on the
current workflows in place can be found at http://www.cochranelibrary.com/help/central-creation-details.html

Source (provider)

Workflow description

Harvested from external source

results sent to RCT Classifier and remaining records sent
to Cochrane Crowd for manual screening

PubMed Direct feed of records into CENTRAL based on index
(National Library of | terms: "randomized controlled trial"[Publication Type] OR Monthly API call on 16 of each month
Medicine) "controlled clinical trial"[Publication Type]
Direct feed of records into CENTRAL based on Emtree
term: Randomised controlled trial
Embase — - "
(Elsevier) Sensitive search of Embase.com via the Embase.com API; Monthly API call on 15t of each month

ClinicalTrials.gov
(National Library of

Direct feed of records into CENTRAL of all records with
randomised controlled trial in study design field

Download all other records; results sent to classifier.
Those meeting threshold criteria are then sent to

Daily API call

(World Health
Organisation)

Medicine
) Cochrane Crowd for manual screening
Download all records; remove CT.gov records. Remaining
ICTRP records sent to Cochrane Crowd for manual screening.

Monthly API call on 15% of each month

KoreaMed
(Korean Association
of Medical Journal

Download all records; records are sent to Cochrane
Crowd for manual screening.

Monthly API call on 15% of each month

Editors)
Sensitive search of CINAHL via API; results sent to RCT
CINAHL Classifier and remaining records sent to Cochrane Crowd .
(EBSCOhost) for manual screening Daily AP call from August 2020
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By combining these approaches — API direct feeds, sensitive searches, machine learning classifiers,
and crowdsourcing manual screening via Cochrane Crowd — the CSS has established an effective
process for identifying RCTs for CENTRAL. This RCT identification workflow required evaluation to

ensure and improve efficiency and accuracy.

Figure 4.1 Study identification workflow

Indexed as an RCT?

Retrieved by sensitive
search?

Possible RCT by
classifiers?

CENTRAL




4.3 Aims and objectives

Our aim was to evaluate Cochrane’s CSS to assess its effectiveness at capturing reports of
randomised trials for Cochrane intervention reviews. We sought to determine overall
comprehensiveness as well as to assess the performance of each component of the workflow. We
were concerned specifically with sensitivity: i.e., establishing whether our processes identify all the
studies that they were designed to, rather than evaluating their efficiency in terms of their

specificity.

We also sought to analyse in detail the reasons why references to studies were not captured by the

CSS, and to recommend any improvements to our workflows and processes that we could identify.

4.4 Methods

We conducted a retrospective analysis of Cochrane intervention reviews available in March 2019
and downloaded references to their included studies that had a publication (or trial registration)
date of either 2017 or 2018. We chose these two years because they are the two most recent years
where we have had the CSS operating. We are able to use this data set because at present, in the
vast majority of cases, studies included in Cochrane reviews are not identified from a single search of
CENTRAL but through extensive and sensitive searches conducted across multiple sources in
accordance with Methodological Expectations for Cochrane Intervention Reviews (MECIR)” and the
Cochrane Handbook®. If studies had been identified through searches of CENTRAL only, we would

not have been able to ascertain the comprehensiveness of CSS processes.

After downloading all the 2017 and 2018 references to included studies, we removed duplicate
references and references to non-randomised studies. We identified these studies by examining the
inclusion criteria for each review. If the review stated that it had included study designs other than
randomised controlled trials, we then checked the Characteristics of Included Studies table within
the review to discern whether the included studies were RCTs or not. Two assessors working
independently then categorised each reference according to the following: 1) journal article
(including letters, errata etc.), 2) conference publication, 3) trial registry record, and 4) other for

record types not covered by the CSS, for example, clinical study reports and email correspondence.
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We also noted whether the reference had been flagged as the primary reference to an RCT or a
secondary publication by the individual review author teams, because trialists very often produce

more than one publication or research output for a single trial®.

With this categorised data set we then constructed an audit trail for each record to ascertain
whether it had been identified by the CSS and, if so, through which approach. For example, whether
the reference had been picked up by the CSS via a direct feed or via a sensitive search and
crowdsourcing. We did not assess whether the references to included studies were retrieved by the
actual searches performed in CENTRAL for the reviews. Whilst this is an important question, it goes
beyond the scope of this evaluation which sought to assess recallin terms of whether the centralised
processes identified the RCTs included in reviews. We used a relative recall approach often used in
studies evaluating the performance of methodological search filters'®. This approach uses a set of
known relevant records (the included studies) as its denominator, rather than a handsearched gold

standard data set.

4.5 Results

We retrieved 782 references to included studies from 274 reviews with a publication year of 2017 or
2018. After removing the duplicates and the non-RCT records, we were left with 739 records. Figure
4.2 shows the flow of references used in this analysis, and the breakdown of record type based on

the categories we used.

Figure 4.2 Flow diagram of references to studies included in this retrospective analysis
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The 650 references to included studies from 262 Cochrane reviews were record types covered by the
CSS. We reviewed the methods section of a random sample of 25% (65) of the 262 reviews to check
that multiple sources (i.e., not just CENTRAL) had been searched. Within this sample two search
approaches were described: 1. searches developed and carried out across multiple sources
specifically for the review, and 2. searches carried out in specialised registers of the review group
responsible for the review. For those reviews reliant on register-only searches we checked that the
searches run for the maintenance of the register was across multiple sources. 51 of the 65 reviews
checked reported carrying out bespoke searches across multiple sources specifically for the review;
14 reported using their specialised register as the main source searched. None of the review

methods checked reported searching only CENTRAL.

Of the 650 references to RCTs included in Cochrane reviews, 97.5% (634) had been captured by the
centralised study identification processes. The majority of these had been identified by the PubMed
and Embase direct feeds of records 32% (202) and 48% (302) respectively. A further 110 (17%)
references to included studies had been identified by Cochrane Crowd and 20 (3%) had come in

through the direct feeds of trial registry records (see Figure 4.3).

Figure 4.3 Breakdown of RCTs identified by CSS approach

M Direct feed Embase
M Direct feed PubMed
M Direct feed CT.gov or ICTRP

M Manual screen Cochrane Crowd

Sixteen references to included studies were not identified through the CSS. Of these, six (38%) were
references in PubMed but they did not have the randomised controlled trial or controlled clinical trial
publication type index term and so were not picked up by the PubMed direct feed or by the Embase
direct feed or sensitive search. While the vast majority of PubMed records are in MEDLINE and

therefore identifiable from Embase (which subsumed MEDLINE content in 2011), some records with
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PubMed-not-MEDLINE status remain outside of the main data set. The two main reasons for records
acquiring a PubMed-not-MEDLINE status are (1) they have yet to be indexed for MEDLINE, or (2)
they are records to articles in journals not covered by MEDLINE or are in the National Library of
Medicine’s PMC (PubMed Central) open archive of full text journal articles. Some of these PubMed-
not-MEDLINE status records will become retrievable from Embase over time; however, others may
not. All six missed publications were the primary, and only, study records listed in the reviews for

those trials.

Of the remaining ten missed references, three had been identified by the sensitive Embase search
but had then been incorrectly rejected as non-RCTs by the Cochrane Crowd. The three references
were: a long-term follow-up report of an RCT, a letter, published in a journal, about an RCT, and an
analysis of a secondary outcome of an RCT. All three were secondary publications to the trial they

were describing.

A further four references had been missed by the sensitive Embase search. Of these, one was the
only reference for that included study; the other three were secondary publications (i.e., there were
other references to those trials included in the review). For each of the missed references, the titles,
abstracts and index terms contained no explicit description to indicate they were reporting or
describing an RCT. One was a sub-group analysis to an RCT where the name of a trial was provided
but there were no other descriptors that indicated that the trial was an RCT. Another was a letter
published in a journal about a trial. This Embase record contained only the title and none of the
index terms related to study design. The third missed secondary publication was a long-term follow-
up of an RCT. The final missed reference described a controlled study, but did not provide details on
how the participants had been allocated to each arm of the trial. The abstract described the trial’s
aim as examining the “comparative efficacy” of a twelve-week treatment programme versus a
“treatment as usual” group, and was indexed with the Emtree headings controlled study/ and
comparative effectiveness/. We currently use the narrower Emtree term controlled clinical study/ in
the Cochrane sensitive Embase search, rather than controlled study/; therefore, despite the

sensitivity of the Cochrane Embase centralised search, this reference was not captured.

The machine learning classifier was identified as the cause of one missing reference. The RCT
Classifier works to remove the records with a very low probability of describing an RCT. In other
words, it handles many of the clear-cut non-RCTs, thereby freeing up human effort (the crowd) to

manually screen the records that would challenge the machine classifier. The expected recall rate of
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the classifier is around 99.5% on studies included in Cochrane reviews’. Therefore, only missing 1
study is exceeding this expected performance. The missed study was a secondary publication of a
randomised controlled trial that assessed biomarker data available from a subset of the original

trial's participants. With the exception of the word ‘randomised’ being used once in the abstract,

there were no other indications that this report was related to a randomised trial.

The final two missed references were a conference publication to a 2017 study that was not added
to Embase until week 34 of 2019 and not retrieved by the feeds during the period of interest, and a
reference in a journal not indexed by any of the sources covered by the CSS: Modern Approaches in
Drug Designing. The former missed reference was a secondary one and the latter was flagged as the

primary reference to the included study.

4.6 Discussion

This analysis found that the CSS — a Cochrane initiative that aims to identify as many reports of RCTs
as efficiently and as accurately as possible through a combination of direct feeds, sensitive
searching, crowdsourcing and machine learning — is achieving high sensitivity. While some studies
were missed through these approaches, the number missed was small and comparable to the
expected recall of traditional methodological filters and the screening of abstracts by review author
teams'’. Only 2.5% of references to included studies in our test set were not picked up by the CSS,
and of those 16 missed references, only eight (50%) were flagged as the primary paper to the RCT in
the Cochrane review. In addition, this analysis has shown the valuable role of Cochrane Crowd,

which identified 17% of the references.

In terms of the range of sources we currently search as part of the CSS initiative, this analysis also
indicates that Cochrane’s coverage of English-language journal articles, conference publications and
trial register records is highly sensitive. Importantly, only one reference to a journal article included
in a Cochrane review was missed because it was not indexed in any of the bibliographic databases
covered by the CSS. This is helpful information in terms of prioritising which sources should be the
next focus for any centralised searching efforts. However, the fact there was only one missed study
could indicate that searches for Cochrane reviews are potentially not broad enough in terms of less
mainstream databases and non-English language sources. Options for future objectives of the CSS
could be to target non-English language material and other record types such as clinical study

reports?13,
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This analysis also provided us with a better understanding of what we can do to improve our current
processes, and some of that work has already begun. For example, we have revised the Cochrane
Crowd Quick Reference Guide to make clear that follow-up studies to RCTs are to be selected for
CENTRAL. We also now require that crowd contributors repeat the training module every 6 months
to remind them of the inclusion criteria for CENTRAL. We are reviewing the Embase sensitive search
to see whether it should be amended slightly in light of the few missed references, and we are
currently evaluating the existing PubMed RCT filters to capture those references that are in PubMed
but have not been indexed with the RCT publication type term. We have also recently updated the

RCT Classifier and tested whether references rejected by the old version would now be included.

One question frequently posed to the CSS team is whether searches for randomised evidence can
now be limited to searching only CENTRAL. Several research papers have sought to evaluate the

14151617 or trial registries®®. This analysis

comprehensiveness of other major bibliographic databases
indicates that the vast majority of published articles, conference proceedings and trial registry
records, are being successfully identified by the centralised searching and screening processes.
However, there are a number of factors that should be taken into consideration when deciding
which sources to search and, specifically, whether there is still a need to search the source databases
currently covered by the Cochrane CSS. We will start first with specific limitations of this analysis

before describing a number of more general factors that could help inform decisions about which

sources to search.

Limitations of this analysis

This analysis has focused on a very specific time frame: studies with a publication year of 2017 or
2018, therefore our results are limited to more recent reports of randomised trials. The reporting of
randomised trials has likely improved over time due to the CONSORT initiative®?%; this may have
made identifying randomised trials easier. Most new reviews would normally plan to search for trials
across all years and not just those published more recently. This analysis does not help to answer the
qguestion of whether someone looking for trials across all dates by just searching CENTRAL would be
likely to find them all (or even 97.5% of them). Another limitation is that our sample size for trial
registry records is small; therefore the findings of this study should be viewed with caution in

relation to this record type.

There are other, broader factors to take into consideration when deciding which sources to search,

specifically with regard to limiting a search to CENTRAL.
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Time-lag from source database to CENTRAL

Currently, the shortest time possible for a record in a source database to appear in CENTRAL
following identification from a source database, is between three to four weeks. This is because the
source databases are currently queried once every month and CENTRAL is updated once every
month. However, some records can take much longer to reach CENTRAL. These are records that
need to be resolved in Cochrane Crowd (an average of 11.3% of records across the three Crowd
tasks that feed CENTRAL need resolving), either because the crowd has disagreed in their
classifications of a record or has classified a record with an Unsure classification. These records can
take time to receive a final classification. Resolver screeners, members of the Cochrane Crowd
community tasked with making a final decision on records that need resolving, are few in number
due to the expertise level required and often have to obtain the full text to make a final decision.
This issue however does raise the question around what would be considered acceptable levels of
ineligible records being submitted to CENTRAL. This analysis has focused entirely on the sensitivity of
current processes. However, we do know that some ineligible records reach CENTRAL via the direct
feeds and via Cochrane Crowd. A further small drop in specificity may be acceptable if it enabled

faster delivery of these RCTs into CENTRAL.

Different versions of centralised searches and processes

This analysis has focused on records retrieved by the most recent version of the searches and
processes in place for the CSS. However, these searches and processes have evolved over time. For
example, records identified for CENTRAL from Embase were identified on the basis of a different
search strategy pre-2014. The latest search strategy in use by the CSS is considered to be more
sensitive than previous iterations. It is therefore feasible that a higher proportion of RCTs may have
been missed by older, less sensitive searches. Similarly, when new sources are added to the CSS
process there is often a large initial set of records for all years to process, after which monthly
processing is quicker. Strategies to deal with large backlogs often differ slightly from the process
used to deal with the prospective data feed for the same source. In taking a pragmatic approach to
managing backlogs — which we must do because of resource constraints — it is possible that, despite

our best efforts, some eligible records may have been lost.

The search interface

Another consideration for those interested in restricting their searching to CENTRAL is the difference

in the search interface and search capabilities in CENTRAL compared with those of the source
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databases. Only a sub-set of metadata is harvested for CENTRAL, so supplementary searches of
source databases may yield additional records. This is particularly relevant to the trial registry
records where often much more information is available to search within the regional and
international registries?’. We hope to conduct a further analysis using the CENTRAL search strategies
reported in the Cochrane reviews we used for this study, and to assess whether the trials were
successfully captured by those strategies instead or as well as by the searches run directly in the

source databases.

Inclusion criteria for CENTRAL

Study designs that are eligible for CENTRAL have not changed for many years, and remain:
randomised or quasi-randomised controlled trials, controlled before-and-after studies and
interrupted time series. The centralised search processes were designed to capture randomised or
guasi-randomised controlled trials. We do not currently have any centralised processes in place to
identify controlled before-and-after studies or interrupted time series. In addition, while criteria in
terms of study design have been stable for some time, over the last few years (since 2014) the types
of reports eligible for CENTRAL has broadened. For example, post-hoc and secondary analyses of
RCTs, are now included in CENTRAL. The expanded eligibility criteria have implications particularly
for those seeking all publications relevant to a single randomised trial, rather than just the main or

primary publication.

Limitations of search strategies

The effectiveness of database retrieval is also impacted by the quality of the search strategies used
to search the database. If the only database to be searched is CENTRAL then the quality of the single
search strategy becomes crucial to the success of the review. A more conservative approach of
searching a range of databases with different search translations may increase the chances to

retrieve relevant records.

Searching for what purpose?

The final factor to consider, and perhaps the most obvious one, concerns the objective of the search
itself. For example, rapid reviews or scoping searches may accept lower sensitivity in favour of
precision, while searches for Cochrane intervention reviews and living systematic reviews?? will be
primarily concerned with maximising sensitivity. Searchers conducting rapid reviews or scoping

reviews may be content to use only CENTRAL with a highly sensitive strategy, whereas searchers
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populating full systematic reviews may wish to search beyond CENTRAL for the reasons discussed

above. Context will therefore always be an important consideration.

There are numerous factors that information specialists should consider when deciding which
sources to include in their searches. To help inform this decision-making, we present our methods

for identifying trial records for CENTRAL transparently and completely.

5.7 Conclusions

The Centralised Search Service has established processes for identifying RCTs for inclusion in
CENTRAL by using a combination of API direct feeds, sensitive searches, machine learning classifiers
and crowdsourced manual screening via Cochrane Crowd. Our evaluation has found that the
workflow achieves a very high level of sensitivity. We have also identified ways to improve the CSS.
We present our process and the results of this evaluation in an effort to support the decision-making
of information specialists seeking the best source databases for their work. Although highly sensitive
in its coverage, CENTRAL may not yet be seen as a comprehensive source of all relevant trials for
systematic reviews for all purposes, it may however be comprehensive enough for some use cases
such as searchers undertaking rapid or scoping reviews. In these cases it will be important that the
quality of the search itself is high and takes into account the limitations discussed. Our processes for
identifying RCTs for CENTRAL will continue to evolve through the use of machine learning, and the
contribution of the Cochrane Crowd community. During these transformations, we will continue to

share the results of our process evaluations and our methods for identifying RCTs for CENTRAL.

4.8 Abbreviations

CENTRAL Cochrane Central Register of Controlled Trials
CRS Cochrane Register of Studies

CSS Cochrane’s Centralised Search Service

g-RCT Quasi-randomised controlled trial

RCT Randomised controlled trial
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5.1 Abstract
Objective
To assess the feasibility of a modified workflow that uses machine learning and crowdsourcing to

identify studies for potential inclusion in a systematic review.

Study design and setting

This was a sub-study to a larger randomised study; the main study sought to assess the performance
of single screening search results versus dual screening. This sub-study assessed the performance in
identifying relevant RCTs for a published Cochrane review of a modified version of Cochrane’s
ScreendMe workflow which uses crowdsourcing and machine learning. We included participants
who had signed up for the main study but who were not eligible to be randomised to the two main
arms of that study. The records were put through the modified workflow where a machine learning
classifier divided the data set into “Not RCTs” and “Possible RCTs”. The records deemed “Possible
RCTs” were then loaded into a task created on the Cochrane Crowd platform and participants
classified those records as either “Possibly relevant” or “Not relevant” to the review. Using a pre-
specified agreement algorithm, we calculated the performance of the crowd in correctly identifying
the studies that were included in the review (sensitivity) and correctly rejecting those that were not

included (specificity).

Results

The RCT machine learning classifier did not reject any of the included studies. In terms of the crowd,
112 participants were included in this sub-study. Of these, 81 completed the training module and
went on to screen records in the live task. Applying the Cochrane Crowd agreement algorithm, the

crowd achieved 100% sensitivity and 80.71% specificity.
Conclusions
Using a crowd to screen search results for systematic reviews can be an accurate method as long as

the agreement algorithm in place is robust.

Trial registration

Open Science Framework: https://osf.io/3jyqt
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5.2 Background

The current process of identifying studies for inclusion in systematic reviews is hampered by the
sheer volume of research produced and by a model of identification that is both inefficient and
costlyl. The task of assessing what are often thousands of search results, in duplicate by two
reviewers independently, undoubtedly contributes to lengthy production times meaning that

important questions about treatment effects remain unanswered?®3.

Cochrane, an international non-profit organisation that produces systematic reviews, has been
working on a number of solutions to help expedite the review production process. Much of this
effort has focused on the study identification stage of review production through the use of two
increasingly popular technologies: crowdsourcing and machine learning. These two approaches,
working in partnership, have the potential to transform the traditional review production paradigm

in terms of study identification.

5.3 Introduction

Machine learning

Machine learning in this context means supervised machine learning. This is where the machine-
learning model has been trained on a large, already categorised data set. Once the model (or
classifier) has been built using this training data, it is then able to provide a score on new data. This

score reflects how likely the new data is describing what is being looked for (the class of interest).

RCT Classifier

Cochrane uses a supervised model known as the RCT Classifier. Its development, calibration,
validation and implementation has been described in detail elsewhere*>® (see Chapter 3). In brief,
the RCT Classifier was developed to distinguish between reports of randomised controlled trials
(RCTs) and non-randomised controlled trials (non-RCTs). It was built and trained using a large high-
quality training data set produced by Cochrane’s crowdsourcing initiative, Cochrane Crowd
(described below). It was then calibrated using an independent, already categorised data set. This
stage further tested the classifier and enabled a cut-point to be established which would enable its
use as a binary classifier with records scoring above or equal to the cut-point as being possible RCTs,
and those scoring below it, as very likely non-RCTs. The final validation stage made use of a third,
independent, data set (the already included studies in Cochrane intervention reviews). This stage
tested the cut-point by assessing the classifier’s recall — its ability to correctly classify RCTs included

in Cochrane reviews, as RCTs. Cochrane now uses the RCT Classifier in its process to identify possible
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reports of RCTs as part of its Centralised Search Service initiative® (as described in Chapter 4). It is
also used as part of the study identification process for individual Cochrane reviews through a

workflow called Screen4Me (described below).

Crowdsourcing

Crowdsourcing is the outsourcing of tasks or activities to a large community, usually via the internet.
The type of crowdsourced approach will depend on the nature of the problem that the host
organisation is trying to solve. If an organisation is, for example, wanting to solve an empirical
problem or generate innovative or creative ideas they will need to adopt different approaches than
an organisation requiring help to collect, process and categorise large amounts of data’.
Crowdsourcing in medical research has taken on a range of applications as summarised by Tucker
and colleagues®. It has demonstrated huge potential in this domain and is now an established part of

Cochrane’s technological eco-system.

Cochrane Crowd

Cochrane Crowd® was launched in 2016. It is an online platform that hosts ‘microtasks’ — small
classification tasks all of which are centred on identifying and describing health research in a
consistent and standardised way (an example task is shown in Figure 5.1)%°. To date, over 17,500
people based in 158 countries have signed up and helped to classify over one million records
sourced from bibliographic databases and trial registries. Brief, interactive training modules, that are
mandatory for contributors to complete, accompany each micro-task in Cochrane Crowd. Providing
comprehensive training is an important aspect in ensuring accurate classifications are made by
individuals. Cochrane Crowd is open to anyone to join regardless of their experience and prior

knowledge of health research.

Figure 5.1 Screen shot of the Cochrane Crowd RCT identification task

Comparison between high frequency spinal cord stimulation (HF-SCS) and burst
stimulation for the treatment of patients with failed back surgery syndrome
(FBSS): A case series

10.1111/ner.12958

RCT/qRCT
Introduction: Our retrospective data collection aims to compare pain and functional state outcomes
in a group of fourteen patients suffering from FBSS and treated with HF-SCS or with Burst therapy.
Materials/Methods: Fourteen patients with FBSS were assesses as suitable for SCS therapy and Reject
assigned to Burst stimulation or to HF-SCS, on a random basis. All patients presented an average
baseline VAS score of 8 and were assuming analgesic, FANS, antidepressant and antiepileptic
medications. After trial phase, all patients reported a pain relief = 50% for their predominant pain; Unsure

therefore, they proceeded with permanent implant. Therapy parameters were set as per table below,
following the standard protocol: After permanent implant, patients were assessed for their pain
intensity, drug intake, sl; disturb: disability level, satisfacti d global tis fch
intensity, drug intake, sleep disturbance, disability level, satisfaction and global perception of change Move on with a single click
at 3 and 6 months and compared with baseline values. Results: Here below we report some of the key

results at 6 months from permanent implant: Discussion: HF-SCS and Burst therapies represent a Help me decide

valid alternative for the management of the persistent post-spine surgery pain, refractory to
traditional approaches. Conclusions: The results of this retrospective data collection at 6 months ~ Addanote
show that patients with FBSS pain benefit more from HF-SCS than from Burst Stimulation in terms of Quick reference guide
pain relief, quality of life and global satisfaction. Objectives To investigate long-term Results: to

highlight any relevant statistical difference between the two therapies to identify well-consolidated

patient selection criteria for further future data collection.
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In addition to providing training, each task is supported by an agreement algorithm. This agreement
algorithm is critical in a crowdsourced model such as this as it helps to ensure accurate collective
decision-making. In Cochrane Crowd the main current study identification tasks employ an
agreement algorithm where each record requires four consecutive agreement classifications for it to
be deemed either a randomised controlled trial (RCT) or not. If that consecutive chain is broken
either through disagreeing classifications or by Unsure classifications, the record goes to a resolver
screener in Cochrane Crowd to make a final decision. In Cochrane Crowd there are three levels of
screeners: standard screeners, expert screeners and resolvers. Everyone begins as a standard
screener. Contributors can then progress to become expert screeners within tasks. With expert
screeners the algorithm is slightly altered with more weight given to the classifications made by
expert screeners than standard screeners. Resolvers are screeners with an exceptional track record
in Cochrane Crowd and are tasked with making the final decision on records where contributors

have either disagreed in their classifications or classified a record as Unsure (see Figure 5.2).

Figure 5.2 Infographic of the Cochrane Crowd agreement algorithm

Possibly Possibly Possibly Possibly Record automatically

receives final classification
relevant relevant relevant relevant .
of Possibly relevant

Not Not Not Record automatically
relevant relevant relevant —————> receives final classification
of Not relevant

Not
relevant

Breaks in agreement

Not classifications send the
relevant record to a resolver to make
a final decision

Possibly
relevant

v

Records classified as Unsure
go directly to a resolver to
make a final decision

v

ScreendMe

In April 2019 Cochrane launched its Screen4Me (S4M) workflow. The S4M workflow is a search
results screening service available for Cochrane systematic reviews. It is comprised of three
components brought together into one workflow: crowdsourcing via Cochrane Crowd, a component
called Known Assessments which indicates records, and their corresponding labels of RCT or Not an
RCT, that have already been through Cochrane Crowd, and the RCT machine learning classifier.

Screen4Me is available to Cochrane review author teams to help in the identification of randomised
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trials from the search results retrieved for specific reviews. At the time of writing, S4M has been

used by over 60 review teams across 15 different Cochrane review groups*'?,

Currently, each component part of Screen4Me works to identify potential RCTs in the data set. None
of the three components therefore involve an assessment of whether the RCTs identified are
relevant to the review. This is a limitation of the workflow as it stands. For this pilot study we
modified the crowd component of the S4M workflow to assess the performance of a crowd in

undertaking a topic-based screening task based on the review’s inclusion criteria.

5.4 Aims and objectives

Our primary aims were to assess the accuracy and autonomy of a crowd in collectively classifying
studies as either potentially relevant or not relevant for a specific systematic review using the expert
classifications from the main study as the ground truth.

Specifically, we sought to determine:

e Crowd sensitivity, determined by the crowd’s ability to collectively correctly identify the
records that were for inclusion within the review.

e Crowd specificity, determined by the crowd’s ability to collectively correctly identify the
records that were not relevant to the review.

e Crowd autonomy, determined by the proportion of records which were sent to the crowd

resolver for a final decision.

Our secondary aims were to assess the sensitivity of the other two unchanged components in the
ScreendMe workflow: the Known Assessments and the RCT Classifier in terms of their ability to not

reject any included RCTs.

5.5 Methods

This exploratory study was run as an additional sub-study to a larger main study®. In brief, the main
study sought to assess single versus dual screening of abstracts for two systematic reviews: one
pharmacological review and one public health review. The main study randomised eligible
participants to one of the two candidate reviews. To be eligible for randomisation, participants had
to have experience of screening search results for a specific review. They were recruited from the
existing Cochrane Crowd community and through a number of student networks. Participants who

did not meet the inclusion criteria for the main study (due to not having the pre-requisite experience
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of having worked on a specific review before) were offered the option to join the modified

Screen4Me sub-study. The protocol of the main study was registered in the Open Science

Framework (https://osf.io/3jyat) and the results have been described by Gartlehner and

colleagues®. See Figure 5.3 for the flow of participants for the main and sub-study.

Figure 5.3 Participant flow for main and sub-study

Recruitment of volunteers
from Cochrane Crowd
(n=491)

D Sub-study

Main study

Assessment of eligibly and
other characteristics

Volunteers eligible for
randomization in main
study (n=379)

Volunteers not eligible for
main study given option to
join sub-study (n=112)

Volunteers randomised to
Public Health topic
(n=177)

Volunteers randomised to
screen 1 or 10 abstract sets

Abstract screening

Volunteers randomised to
Pharmacological topic
(n=202)

Volunteers randomised to
screen 1 of 10 abstract sets

Abstract screening

Volunteers placed in
Pharmacological topic
“"Crowd arm”™

Abstract screening

(n=121) (n=159) (n=81)
Analysis of results in Analysis of results in this
Gartlehner 2020 paper

Data source for abstract screening
For the modified Screen4Me arm, we used the pharmacological review as the review against which

to compare crowd classifications against a gold standard®®. As previously described by Gartlehner
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and colleagues, the review chosen as the data source for this evaluation required the following
characteristics: 1) it had to be a review focused on efficacy or effectiveness of an intervention or
interventions; 2) the search needed to have yielded at least 2,000 results and contain a fairly high
prevalence of included studies (at least 40); 3) the decisions regarding inclusions and exclusions of
abstracts needed to have been based on current gold standard methods (i.e. performed by two
screeners independently) as recommended by Cochrane’s MECIR standards®® and the Cochrane
Handbook®®. We did not use the other review used in the main study as it was a non-RCT based
review. We would therefore not have been able to use the RCT Classifier or Known Assessments

components of S4M.

The process and study participants

The records were first loaded into the Cochrane Register of Studies (CRS). The CRS is Cochrane’s
reference and study management software used by Cochrane Information Specialists to manage the
search results for Cochrane systematic reviews. Once loaded, the records were sent through the
current ScreendMe Known Assessment component. Here, previously flagged Not RCT records were
put into a sub-folder. Any previously flagged RCT records were left to flow through to the other
components. Next, the RCT Classifier component scored and divided the remaining records into Not
RCT records, which were placed into a sub-folder, and Possible RCT records which were left to flow

through to the modified crowd component of the workflow.

We recruited the study participants through emailing the existing Cochrane Crowd community and
via a number of professional and student networks. Interested potential participants were then
invited to complete a questionnaire. This was designed to assess their eligibility to join the main
study. The participants who were not eligible to join the main study were allocated to this modified

ScreendMe sub-study.

Each participant in this sub-study went through an interactive training exercise comprised of 15
example records. This training module was a bespoke module developed specifically to train
contributors in the inclusion and exclusion criteria for the review. In order to be able to proceed to
the task, participants had to achieve 80% (12) or more on the training module. Participants could
repeat the training module as often as they liked. Once they had successfully completed the training
exercise participants proceeded to abstract screening. We put no limit on the number of abstracts a
participant could screen. We applied the same agreement algorithm used for most tasks on

Cochrane Crowd, which meant that abstracts required four consecutive agreeing classifications for

113



the record to be deemed either possibly relevant or not relevant. Disagreeing classifications would
break the consecutive chain. Where this happened, the records would be sent to a crowd resolver.
The resolver would make the final decision on the record (as shown in Figure 5.2). The resolver
screener used for this study was the main Cochrane Crowd resolver for the standard RCT
Identification task on Cochrane Crowd. The resolver was required to do the same compulsory
training module as the other participants. She was given no additional training or guidance. We did

not provide contributors with an Unsure classification option.

We anticipated that the crowd would likely screen all the records in the data set before the end of
the main study period. In order to enable potential participants to continue to enrol and join the
modified Screen4Me sub-study (if not eligible for the main study), and to provide us with some
replication data, we decided that should the crowd finish screening the batch of records, we would
send the ‘finished’ records back through the crowd again to see whether we achieved the same final
classification on the record after the first run through. In doing so, we enabled it so that completed
records that went back to the crowd could not be re-screened by the same crowd contributors who

had screened them the first time around.

Data collection and statistical analysis

We counted the number of relevant items (included studies) identified correctly (the ‘true positive’
count (TP)); the number of irrelevant items (not included studies) correctly identified as such (the
‘true negative’ count (TN)); the number of relevant items incorrectly classified as irrelevant (the
‘false negative’ count (FN)); and the number of irrelevant items, incorrectly classified as relevant (the
‘false positive’ count (FP)). We then calculated the crowd’s collective performance in terms of
sensitivity (the crowd’s ability to classify relevant records correctly), and specificity (the crowd’s

ability to exclude irrelevant records correctly) as:

Crowd sensitivity:
TP

TP+ FN
Crowd specificity:
TN
TN + FP

Crowd autonomy is the proportion of records that the crowd can process without requiring

resolution by ‘resolver’ crowd members:

No.of records not requiring resolution

Total number of records in dataset
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We conducted all statistical analyses in SPSS v26.

5.6 Results

Data flow through each of the Screen4Me components

The total record set was made up of 2472 records. The Known Assessments component of
Screen4Me identified 13 records that had already been through Cochrane Crowd and received a
final classification of Not-RCT. The RCT machine learning classifier then identified a further 224

records as being highly likely Not-RCTs. The remaining records, 2235 were then sent to Cochrane

Crowd where the crowd collectively rejected 1770 as being Not Relevant and collectively classified

465 as being Possibly Relevant (see Figure 5.4).

Figure 5.4 Data flow diagram showing each Screen4Me component. Note: this figure shows the flow of records from the

main data set. It does not include the replication data set

Usual
Screen4Me
process

Modified
Screen4Me
process

Crowd characteristics
In total 112 people were assigned to this sub-study (see Table 5.1 for crowd characteristics). Of

these, 81 (72%) completed the training and went on to screen records in the live task.
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Table 5.1 Characteristics of the participants assigned to the modified Screen4Me arm

Participant characteristics n=112
Age (mean and IQR, years) 37.7 (26-45)
Gender (proportion, female, n=36%) 61.1%
English native speaker 15.5%
Number of countries of residence (n=112) 43

*Because of a technical problem, data were not recorded for all participants

Crowd performance

In total, contributors in this sub-study made 11,789 classifications (8,657 for the original batch and
1281 for the replication batch, further 1,851 classifications were made on records being re-run
through the crowd task, the replication set, but did not receive the required number of
classifications for a final decision to be assigned). Contributors screened an average of 149 records

(range: 5-701).

Using the agreement algorithm illustrated in Figure 5.2 whereby four consecutive agreeing
classifications, made independently by four contributors, are required for the record to be deemed
either possibly relevant or not relevant, the crowd’s collective sensitivity on the original batch
(n=2235) was 100%. In other words, all references to included studies were correctly identified as
possibly relevant by the crowd. In terms of specificity, the crowd incorrectly classified 423 references
as possibly relevant resulting in a specificity of 80.71%. On the small replication batch (n=361),

crowd sensitivity was again 100% and crowd specificity was 62.43%

Crowd autonomy

The proportion of records that needed to be resolved (records for which individual contributors had
made conflicting classifications) on the original batch (n=2235) was: 24.6% (551 records needed
resolving). Of the records resolved, 13 were for included studies and 538 were for not relevant
records. On the replication batch the proportion that needed resolving was much higher at 52.9%.
However, this figure should be treated with caution as the replication batch was made up of records
that had ‘completed’ screening by the end of the study period. Records sent to be resolved would
likely have completed sooner than records awaiting final classifications by normal contributors. If the

study had continued for longer it is likely the proportion needing resolution would have decreased.
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5.7 Discussion

In terms of performance these results are very encouraging. In both the original and replication data
sets no included studies were missed. Overall, the modified Screen4Me workflow delivered a
significant 81.2% workload reduction in terms of number of records deemed potentially relevant at
the end of the process. With the Known Assessments component of this study, only a very small
number of records matched up with records that had already been through Cochrane Crowd as part
of the RCT identification task. This is due to the fact that currently the Known Assessments in
ScreendMe use Embase accession numbers to identify records that have already been through
Cochrane Crowd. In the data set used for this study few records had Embase accession numbers. In
addition, the RCT Classifier did not contribute substantially to the overall workload reduction (9.1%).
This is likely because within the set of search results used for the study, the prevalence of
randomised and quasi-randomised trials was high due to there being a high number of RCTs in this

domain area and the use of a methodological search filter applied to the search.

There are a number of factors that likely contributed to the success of the crowd component for this
sub-study, all of which have implications for being able to scale this modified Screen4Me workflow.
The first factor is the training module, which we developed specifically for this task. Developing a
bespoke training module is a resource-intensive task. In the current Screen4Me workflow
contributors are tasked with only identifying certain study designs and so tailored training is not
required. One possible future approach that would negate the need to develop a new training
module for each and every review would be to task the crowd with identifying certain components
of the review’s PICO (Population, Intervention, Comparator and Outcomes) rather than requiring a
full eligibility assessment. An example might be to task the contributor with identifying all RCTs and
all pharmacological studies. This would also have the added advantage of collecting useful additional
metadata (i.e., that a record is either describing a pharmacological study or not) that could then be
re-used when the same record enters the system for another review. This approach would require
some training but the training would likely be applicable to multiple review questions, rather than to

just one review.

Another factor is the crowd itself. Though we were not primarily interested in individual accuracy
measures, mean individual sensitivity on those who screened 100 or more records was high (92%),
especially given that the contributors assigned to this sub-study were those that did not meet the
systematic review experience required to join the main study. This high accuracy could in part be

explained by the fact that while participants in this sub-study may have lacked experience of working
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on specific reviews, some had experience screening citations in Cochrane Crowd (18 had screened
100 or more records in the main RCT ID task, with eight of those having screened over 1000 records).
Those 18 who had done 100 or more records screened 3,676 out of 11,789 (31%) of records in this
study. However, another interesting finding is that only 15% of contributors in this arm reported that
English was their first language. This makes their accuracy all the more impressive. One limitation of
this study was that due to a technical error we did not collect much data on the demographics of the
participants assigned to this arm. This is an area we hope to address in future studies as it could

have significant implications on crowd performance and choice of appropriate agreement

algorithms.

The agreement algorithm clearly played an important role in achieving 100% sensitivity. This finding
is supported by previous studies indicating that with the use of an appropriate algorithm, high
accuracy can be achieved!®'”8, We opted to use the same algorithm that is in place for the RCT
identification task in Cochrane Crowd. However, with the classifications generated by the crowd for
this task we will now be able to run some simulations to assess whether, for example, three

consecutive agreements instead of four would have been adequate.

In addition, critical to the success of this crowd task was the involvement of the crowd resolver. As
with the rest of the participants in this arm, the crowd resolver was new to this task and exposed
only to the training module; she was given no additional guidance. This was deliberate as an
important part of this pilot study was to understand better what guidance a crowd resolver might
need for a topic-based assessment task. Having suitable resolver capacity is important. Without it
author teams could expect a lower workload reduction. For example, if we had not used a resolver
for this study (i.e., if we had simply assigned all records with disagreeing classifications to the final
Possibly relevant pot) workload reduction would have fallen from 81.2% to 55.4%. That said, a 55%
reduction is still substantial indicating that one viable approach could be to not use a resolver at all
and have the author team screen both the records that needed resolving as well as those that get a

final decision of “possibly relevant”.

The final factor is the review question itself. This was perhaps a relatively straightforward question.
It would be interesting to see how well the crowd performed with identifying relevant RCTs for a
complex intervention. This then raises a further question around acceptable levels of sensitivity for a
crowdsourced approach. No method is infallible; current methods involved in the study

identification process do not achieve 100% sensitivity. For example, the Cochrane highly sensitive
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RCT methodological filter has been reported achieving 98.4%"°. In addition, recommended activities
such as citation checking and peer review are designed to act as safety nets to capture studies

missed by earlier processes.

Our study has two main limitations: the first is that the size of the original data set and replication
set were both relatively small. More work is needed with larger data sets and covering a variety of
healthcare domains and questions, as well as review type outputs. The second limitation concerns
the set of records used for training the crowd. The training batch was developed retrospectively by
those who were already familiar with the studies that had been included in the review. This may
have influenced the range of examples used within the training. Developing training prospectively
i.e., before the included studies are known (as would be the case for real use) might produce

different and potentially less effective training.

5.8 Conclusions

The modified ScreendMe approach used for this pilot study produced highly encouraging results.
The crowd achieved 100% sensitivity and 80.71% specificity. Steps should now be taken to explore a
range of use cases to identify those where a crowd approach of this nature could make a significant
difference to workload reduction in study identification. As Cochrane and other review producers
explore the role of other review types, including living systematic reviews?® and rapid reviews?.,
harnessing the potential of machine learning and crowdsourcing could bring significant efficiencies
with limited impact on quality. Wide-scale adoption of these approaches will have operational and
ethical implications including co-ordination of crowd effort and how the crowd should be rewarded

and acknowledged for their increasing contribution in review production.
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5.10 Abbreviations

CENTRAL Cochrane Central Register of Controlled Trials
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CRS
MECIR
q-RCT
RCT
S4M

Cochrane Register of Studies

Methodological Expectations of Cochrane Intervention Reviews
Quasi-randomised controlled trial

Randomised controlled trial

Screen4Me
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6.1 Abstract

Background

Crowdsourcing engages the help of large numbers of people in tasks, activities or projects, usually
via the internet. One application of crowdsourcing is the screening of citations for inclusion in a
systematic review. There is evidence that a ‘crowd’ of non-specialists can reliably identify
guantitative studies, such as randomised controlled trials, through the assessment of study titles and
abstracts. In this feasibility study, we investigated crowd performance of an online, topic-based
citation-screening task, assessing titles and abstracts for inclusion in a single mixed-studies

systematic review.

Methods

This study was embedded within a mixed studies systematic review of maternity care, exploring the
effects of training healthcare professionals in intrapartum cardiotocography. Citation-screening was
undertaken via Cochrane Crowd, an online citizen science platform enabling volunteers to contribute
to a range of tasks identifying evidence in health and healthcare. Contributors were recruited from
users registered with Cochrane Crowd. Following completion of task-specific online training, the
crowd and the review team independently screened 9,546 titles and abstracts. The screening task
was subsequently repeated with a new crowd following minor changes to the crowd agreement
algorithm based on findings from the first screening task. We assessed the crowd decisions against
the review team categorizations (the ‘gold standard’), measuring sensitivity, specificity, time and

task engagement.

Results

78 crowd contributors completed the first screening task. Sensitivity (the crowd’s ability to correctly
identify studies included within the review) was 84% (N=42/50), and specificity (the crowd’s ability
to correctly identify excluded studies) was 99% (N=9373/9493). Task completion was 33 hours for
the crowd and 410 hours for the review team; mean time to classify each record was 6.06 seconds
for each crowd participant and 3.96 seconds for review team members. Replicating this task with 85
new contributors and an altered agreement algorithm found 94% sensitivity (N=48/50) and 98%

specificity (N=9348/9493). Contributors reported positive experiences of the task.
Conclusion

It is feasible to recruit and train a crowd to accurately perform topic-based citation-screening for

mixed studies systematic reviews, though resource expended on the necessary customised training
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required should be factored in. In the face of long review production times, crowd screening may
enable a more time-efficient conduct of reviews, with minimal reduction of citation-screening

accuracy, but further research is needed.

6.2 Background

Systematic reviews are essential to locate, appraise and synthesize the available evidence for
healthcare interventions?. Citation-screening is a key step in the review process whereby the search
results identified from searches often performed across multiple databases, are assessed based on
strict inclusion and exclusion criteria. The task is performed through an assessment of a record’s title
and abstract (what we term ‘citation’). The aim is to remove records that are not relevant and
determine those for which the full-text paper should be obtained for further scrutiny. This is no easy
task. One study found a mean of 1781 citations were retrieved in systematic review searches
(ranging from 27 to 92,020 hits retrieved from searches), from which a mean of 15 studies were
ultimately included in each review: an overall yield rate of only 2.94%?2. In part driven by the
resources required to undertake citation-screening, reviews are typically time and labour intensive,
taking an average of 67.3 weeks to complete?. Moreover, the challenge of locating relevant evidence
for reviews is becoming ever greater: over the last decade, research output has more than doubled,
and approximately 4000 health-related articles are now published every week®>*°. New approaches
are needed to support systematic review teams to manage the screening of increasing numbers of

citations.

One possible solution is crowdsourcing®. Crowdsourcing engages the help of large numbers of
people in tasks, activities or projects, usually via the internet. Such approaches have been trialled in
a number of health research areas, using volunteers to process, filter, classify or categorise large
amounts of research data’®. More recently, the role of crowdsourcing in systematic reviews has
been explored, with citation-screening proving a feasible task for such a crowdsourced
approach®'®112 Cochrane, an international not-for-profit organization and one of the most well-
known producers of systematic reviews of RCTs, is an early adopter of the use of crowdsourcing in
the review process. Since the launch of their Cochrane Crowd citizen science platform in May 2016,
over 18,000 people from 158 countries have contributed to the classification of over 4.5 million

records®s.

To date, crowdsourcing experiments in citation-screening have often focussed on identifying studies

for intervention reviews, with included studies often limited to randomised or quasi-randomised
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controlled trials®1%'!, Whilst this supports traditional systematic reviews concerned with evidence of
effectiveness, an increasing number of reviews in health and healthcare now address research
guestions requiring the identification and synthesis of both quantitative and qualitative
evidence'*>1®, Much less has been done to explore the effectiveness of using a crowd to screen
citations for complex, mixed studies reviews. One study by Bujold and colleagues used a small crowd
(n=15) to help screen the search results for a review on patients with complex care needs. The study
was not a validation study and so does not provide crowd accuracy measures; however, the authors
concluded that crowdsourcing may have a role to play in this stage of the review production process,

bringing benefit to the author team and crowd contributor alike?’.

6.3 Aims and objectives
The aim of this feasibility study was to investigate whether a crowd could accurately and efficiently
undertake citation-screening for a mixed studies systematic review. Our objectives were to assess:
(1) Crowd sensitivity, determined by the crowd’s ability to correctly identify the records that
were subsequently included within the review by the research team
(2) Crowd specificity, determined by the crowd’s ability to correctly identify the records that
were subsequently rejected by the research team
(3) Crowd efficiency, determined by the speed of the crowd in undertaking the task and the
proportion of records which were sent to crowd resolvers for a final decision
(4) Crowd engagement, determined by qualitative assessment of their satisfaction with the

citation-screening task and readiness to participate

6.4 Methods

The systematic review

This study was embedded within a mixed studies systematic review exploring training for healthcare
professionals in intrapartum electronic fetal heart rate monitoring with cardiotocography*.
Cardiotocography is widely used in high-risk labours to detect heart rate abnormalities which may
indicate fetal distress, in order to intervene or expedite birth as required. The aim of the review was
to examine the effects of training for healthcare professionals in intrapartum cardiotocography and
to assess evidence for optimal methods of training. All primary empirical research studies that
evaluated cardiotocography training for healthcare professionals were eligible for inclusion in the

review, irrespective of study design.
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Crowdsourcing platform

The citation-screening task was hosted on the Cochrane Crowd platform?. This citizen science
platform offers contributors a range of small, discrete tasks aimed at identifying and describing
evidence in health and healthcare. There is no requirement for contributors to have any relevant
background in research or healthcare: anyone with an interest in helping may volunteer to do so.
The main activities available to contributors to Cochrane Crowd are tasks aimed at identifying or
describing reports of RCTs. In these, contributors are asked to look at a series of citations (titles and
abstracts of journal articles or trial registry records) and classify them as either reporting an RCT or

not reporting an RCT.

Cochrane Crowd employs two strategies to ensure accuracy of contributor screening decisions.
Firstly, each contributor is required to complete an interactive, customised training module prior to
commencing each task, designed to improve their likelihood of making the correct classification for
each record (‘individual accuracy’). Secondly, each record is reviewed and classified by multiple
contributors, with an agreement algorithm used to improve the crowd’s likelihood of making the
correct classification for each record (‘collective accuracy’). Typically, either three or four (depending
on the task and experience of the individual screeners) consecutive identical classifications are
required for a record to be labelled as either an RCT or not an RCT and removed from the screening
task. Breaks in the consecutive chain, or ‘unsure’ classifications, are reviewed by crowd ‘resolvers’,
highly experienced crowd contributors who make a final classification decision. Contributors are also
supported in the screening task by the use of pre-specified highlighted words and phrases added
automatically to each record they assess. These highlights flag notable parts of a title or abstract,
and are used to direct a screener’s attention to key phrases or words which may help them make a
classification decision (Figure 6.1). On Cochrane Crowd, red highlights are used to flag words that
may appear on citations that are unlikely to be relevant, whilst yellow highlights indicate particularly

relevant keywords (such as ‘randomly assigned’, in an RCT classification task).

Citation screening task
Citations for screening were generated through searches conducted according to the review
protocol®®. The initial search identified a total of 10,223 records; after the removal of duplicates,

9,546 records remained for screening.

We created two identical citation-screening tasks on the Cochrane Crowd platform: one task for the

systematic review author team (n = 4), comprising experienced researchers undertaking the
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systematic review (hereafter the ‘review team’), and the second task for existing registered users on
the Cochrane Crowd platform (hereafter ‘the crowd’ — see details below). The screening task
presented all contributors with a series of journal titles and abstracts identified from the review
searches and asked them to determine whether each record may be relevant to the topic of the
review (see Figure 6.1). Unlike previous tasks hosted on Cochrane Crowd, this task was a ‘topic-
based’ assessment task whereby the crowd was tasked with determining the potential topic
relevance of each citation rather than assessing it based on study design. Three possible
classification choices were available: Possibly relevant, Not relevant, and Unsure (for more
information on what these classification terms meant see the Task Training section below). Terms
for highlighting were pre-specified and based on the review search terms used (e.g.,
cardiotocography; training; course) and added as yellow highlights to records where they appeared.

Red warning highlights were not used for this task.

Figure 6.1 Screenshot from the task hosted on the Cochrane Crowd platform

A randomised controlled trial of outpatient compared with inpatient cervical @
ripening with prostaglandin E-2 (OPRA study)

Objective To compare clinical outcomes from outpatient with inpatient cervical Is this record relevant?
prostaglandin E2 ripening for low risk labour induction. Design Randomised controlled
trial. Setting Two tertiary hospitals in Adelaide, Australia. Population Women with
uncomplicated term pregnancies, scheduled for induction of labour for reasons of Possibly relevant
post-dates or for social reasons. Methods Eight hundred and twenty-seven women
were randomised at induction decision to an outpatient or inpatient group. All women
had monitoring before and after vaginal PgE2 administration. The inpatient Not relavant
women were admitted and the outpatient group was discharged home overnight with

instructions to return if labour established or rupture of membranes occurred. Next
Unsure

morning, outpatient women were admitted for rupture of membranes or further
ripening. After membrane rupture, both groups received routine care. Main outcome
measures Oxytocin use, maternal and outcomes, and whether planned Move on with a single click
outpatient management was achievable. Results There were no significant differences
in oxytocin use (2.5% difference, Cl-4.3 to 9.4), caesarean sections (-0.59% difference,
Cl-6.3 to 5.1), epidural use (1.5% difference, CI-5.1 to 8.2), vaginal delivery within 24
hours (-8.2% difference, CI-17.6 to 1.3) or labour complications. More than half of the
randomised women did not receive the intervention as they laboured spontaneously, or
did not require ripening. The post-hoc analysis of women who received ripening also
indicated no statistically significant differences in the patterns or results, with the

exception of outpatient women having a longer mean length of active labour (mean

difference 66 minutes, Cl 4-128 minutes). Outpatient women who received ripening
were diagnosed more frequently with non-reassuring monitoring and
hvoerstimulation. with less than half of the women acina home and remainina home m

The crowd

Cochrane Crowd contributors were approached via email invitation, giving details of the review and
the citation-screening task. All crowd contributors who had screened 100 or more records in
Cochrane Crowd’s RCT identification task were invited to participate: this is a standard entry
criterion for all more complex tasks on the platform. A ‘frequently asked questions’ document gave
more detail about the study. We offered a certificate of participation to all contributors, and
acknowledgement in the published systematic review for those who screened 250 or more records.

The Cochrane Crowd community is open to anyone with an interest in healthcare including
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healthcare professionals and students, researchers, patients, carers and members of the general

public.

Task training

We developed a task-specific online training module, hosted on Cochrane Crowd. This consisted of
an introduction to the review topic and 20 practice records. It also included a description of the
classification options available: Possibly relevant, Not relevant, and Unsure and guidance on when to
use which option. In brief, Possibly relevant was to be used when records described or reported on
both healthcare professional training and cardiotocography; Not relevant was to be used for records
that were clearly not about both of one of those elements; Unsure was to be used if a participant
was not sure either because the record contained very little information (for example a title-only
record) or because the available information was simply not clear. There was no pass mark for the
training module and contributors could repeat the training as often as they wished. Both the crowd

and the author team completed the same set of training records.

Agreement algorithm

We used different agreement algorithms for the review team and the crowd. For the review team,
we used the standard recommended algorithm for citation-screening for systematic reviews as
recommended by the Cochrane Handbook?°. Two independent contributors assessed each record
and made a judgement as to whether the record was potentially relevant, not relevant or that they
were unsure. Records that received discordant assessments had a final decision determined by a

third member of the review team.

The agreement algorithm for the crowd required each record to be assessed by three independent
contributors. Records that received discordant assessments (e.g., two Possibly relevant and one Not
relevant) were decided by a separate ‘crowd resolver’, in this case a highly experienced crowd
contributor and data curation specialist selected by Cochrane Crowd (Table 6.1). Crowd resolvers are
Cochrane Crowd contributors who have achieved exceptional accuracy on specific crowd tasks or

who have extensive experience screening citations for Cochrane systematic reviews.

129



Table 6.1 The agreement algorithm used for the crowd task. Breaks in the consecutive chain or any ‘unsure’ classification
sends the records to resolvers to make the final decision

Decision 1 Decision 2 Decision 3 Final decision
Possibly relevant Possibly relevant Possibly relevant Possibly relevant
Not relevant Not relevant Not relevant Not relevant
Possibly relevant Possibly relevant Not relevant Resolver decision
Possibly relevant Not relevant NA Resolver decision
Not relevant Not relevant Possibly relevant Resolver decision
Not relevant Possibly relevant NA Resolver decision
Unsure NA NA Resolver decision

Calculating crowd sensitivity, specificity and efficiency

We calculated crowd sensitivity by identifying the proportion of citations which were subsequently
included within the review by the author team and which were also correctly identified as Possibly
relevant by the crowd (Table 6.2). We calculated crowd specificity by identifying the proportion of
citations which were subsequently rejected from inclusion within the review by the research team
and which were also rejected from inclusion by the crowd (Not relevant). We additionally considered
crowd efficiency in terms of the speed at which the crowd completed the citation-screening task
derived from the time taken for each screening classification (automatically logged by the Cochrane
Crowd platform) as well as the proportion of records which were sent to crowd resolvers for a final

decision.

Table 6.2 Outcome variables assessed

Outcome variable Definition

Final sensitivity The number of citations deemed relevant by the research team (included in the
final set of studies for the review after both screening and full-text review) that
were correctly identified by the crowd (true positives), divided by the number of
true positives plus the number of citations included in the final set of studies by
the research team that were not included by the crowd (false negative)

Screening specificity The number of citations excluded by the crowd that were also excluded from
the final set of studies by the research team (true negative), divided by the
number of true negatives plus the number of citations included by the crowd
that were not deemed relevant by the research team after both screening and
full-text review (false positive).

Efficiency Total time taken for the crowd versus the research team to complete the
screening task.

Replication of citation-screening task

Following completion of the citation-screening task by the crowd and assessment of the initial
findings, we amended the crowd agreement algorithm to include two resolvers acting independently
(rather than one resolver, as used in the first round). In this replication exercise, the two resolvers
each screened all records that needed resolving. Where there was a disagreement between resolver

classifications (i.e., one Possibly relevant resolver classification and one Not relevant resolver
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classification, since resolvers could not classify a citation as Unsure), the citation was to be kept in.
We then repeated the citation-screening task for the crowd, using the adjusted resolver algorithm.
As before, we invited all registered users of Cochrane Crowd who had screened 100 or more records

in the RCT identification task. Those who had already taken part in the first round were excluded.

Evaluation questionnaire

In order to evaluate crowd motivations and engagement, all crowd contributors (in both the original
and replication task) were asked to complete a brief online survey at the end of the task. The
guestionnaire covered areas including motivation to participate; experience of citation-screening;
and brief socio-demographic details. Most questions were picklist-type questions but with many

providing a free text option in addition. All questions were optional.

6.5 Results

Contributors

Within the review team, three researchers undertook the screening task, and one researcher acted
as resolver. We invited 903 Cochrane Crowd contributors to take part in citation-screening; of these,
78 (9%) participated, with 48 (62%) screening over 250 records each. An additional contributor acted
as the resolver. The response rate to the post-task survey was 63/78 (81%). Fifty-one percent of

respondents worked in a health-related area, 10% were patients, and 5% were carers.

Crowd sensitivity

Following citation-screening, the review team classified 222 of the 9,546 records as Possibly relevant
to the review, whilst the crowd classified 173 records as Possibly relevant (Figure 6.2). Following full-
text assessment of the 222 Possibly relevant citations, the review team identified 50 studies for
inclusion within the review. All 50 studies had been classified by individual crowd contributors as
either Possibly relevant or Unsure. However, eight of these studies which received at least one
Unsure classification or conflicting classifications by crowd contributors were subsequently rejected

by the crowd resolver. This reduced overall crowd sensitivity to 84%.
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Figure 6.2 Citation screening decisions made by the review team and the crowd
1 Sensitivity and specificity compared to core author team as reference standard

10,223 results
identified from
database searches

9,546 results after
deduplication

Core author team task Crowd task Repliw.t.ion crowd task
(n=3 participants, 1 resolver) (n=78 participants, 1 resolver) (n=85 participants, 2 resolvers)
9546 9546 9546

222 9324 173 9373 196 9350

possibly relevant rejected possibly relevant rejected possibly relevant rejected

I ! I

50 172 sensitivity specificity* sensitivity! specificity*
included excluded 84% 98.6% 96% 98.4%

Crowd specificity
The review team rejected 9,324 records at the citation-screening stage, and a further 172 at the full-
text stage, bringing the total rejected by the author team to 9,493. The crowd rejected 9,373 records

at the citation-screening stage, leading to a crowd specificity of 98.6%.

Crowd efficiency

The crowd took a total of 33 hours from when the task went live on Cochrane Crowd to complete
screening of the 9,546 records. This included the resolution of records where the crowd had
discordant classifications or had classified a record as Unsure. The review team took a total of 410
hours to complete screening. However, crowd contributors took longer on average to screen an
individual record compared to a member of the core author team (mean of 6.06 seconds per record
for the crowd compared to 3.97 seconds per record for the core author team). For the crowd task,
677 (7.09%) records needed resolving; in the review team task 420 (4.39%) records needed to be

resolved.
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Replication of citation-screening task

The citation-screening task was replicated to assess consistency of crowd performance, and to
evaluate a different agreement algorithm whereby two resolvers rather than one resolver assessed
all records that needed resolving. This was because in the original task, resolver error had led to a

reduction in crowd sensitivity.

Eighty-five participants contributed to the replication task. None of the 85 contributors for this task
had taken part in the original task. There was little variation in the background of contributors in the
replication study compared to the original contributors (Figure 6.3). The response rate to the post-
task survey for the replication task was 64/85 (75%). Of those responders, 58% of respondents

worked in a health-related area, 6% were patients, and 3% percent were carers.

Figure 6.3 Clustered bar chart showing crowd contributor backgrounds for original and replication tasks. 63 out of 78
(81%) participants completed the survey for the original task; 64 out of 85 (75%) participants completed the survey for
the replication task

Background of crowd contributors

7
5

) 4
aad T
Student in a non-healthcare related area E
Student in a healthcare related area L "y
. 14
restes et o o[ .
. 37

m No. of crowd (Replication task) m No. of crowd (Original task)

The crowd took 48 hours to complete the second citation-screening task. 889 (9.3%) records of the
9,546 screened were referred to the crowd resolvers, either due to discordant or Unsure
classifications. No included study referred to the resolvers was subsequently rejected. Two

previously included studies were however rejected by the crowd during the replicated task. Crowd
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sensitivity improved from 84% in the original study to 96% (48 out of the 50 studies correctly
classified as Possibly relevant) in the replication study. The crowd’s specificity in the replication task
was similar to the original value, at 98.4% in the repeated study compared to 98.6% in the original

study.

Crowd engagement

The primary motivation to participate amongst respondents to the questionnaire was ‘to do
something for a well-respected organisation’. This was followed by the chance to get
acknowledgement on a review. 97% of respondents reported enjoying the task in both the original
and replication task surveys, and a similar proportion, again for both surveys, said that they found
the task either easy or very easy (84% for the original task and 90% for the replication task). None of

the respondents reported that they found the task difficult.

When asked whether they preferred the usual RCT identification task available in Cochrane Crowd or
the new topic-focused task, the responses were evenly split between preferring the new topic-
focused task or liking both tasks. Only 10% reported that they definitely preferred the RCT

identification task (for the replication task, only 6% preferred the RCT task).

When asked about the use of highlighted words and phrases, 92% of respondents felt that they had
been useful. This was also the case for the replicated task where 89% of respondents felt they had
found them useful. At the end of the survey people had the chance to make any further comments.
Thirty-six people made comments, with the vast majority reflecting their enjoyment of the task or

the satisfaction of being involved in the feasibility study:

“I thought this was an excellent pilot project. If these were offered more frequently, | would

assign my students to participate”

“I think it is a very useful way to spend half an hour when | have the spare time, it made me

feel connected, and it seemed to achieve a lot for the review”

“Please do more. Please keep doing this. | feel much more connected to things, being offered

a role however small in somebody’s research, | value this immensely.”

“Was good to have a smaller task on offer as it felt more 'doable’ and that my contribution

would really make a difference”
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6.6 Discussion

In this feasibility study examining the potential for crowdsourcing citation-screening in a mixed
studies systematic review, crowd contributors correctly identified between 84% and 96% of citations
included in the completed review, and 99% of citations which were not included. On both occasions,
citation-screening was completed by the crowd in two days or less. These results compare very
favourably to other studies exploring topic-based crowd citation-screening and time outcomes®1%2

though direct comparisons are difficult due to the variation in review types and tasks being

evaluated.

Whilst the sensitivity and specificity of the crowd appear high, there were misclassifications made by
both contributors and resolvers when compared to the decisions of the review team. In the first
citation-screening task, eight studies identified as potentially relevant by the crowd, and included in
the review by the review team, were later rejected by the crowd resolver. In the replication task, the
crowd collectively rejected two studies included in the review by the review team. With a
strengthening of the resolver function in the replication task (with two resolvers working
independently, rather than one resolver), no included studies that needed resolving were rejected,
suggesting crowd sensitivity was boosted by the use of a more robust agreement algorithm. In part,
this may be due to a decreased risk of screening fatigue with more than one resolver available to
adjudicate screening disagreements or uncertainties? but also, as two recent studies have

confirmed, a single screener (versus dual screening) is likely to miss includable studies?*%*.

Both of the studies rejected by the crowd in the replication task?>?® were amongst the eight rejected
by the resolver in the first round of the study. Rejection of these papers by the crowd may have
been influenced by the highlighting of words and phrases in the records. The record for Blomberg
2016, contained only one highlighted word (‘training’), whilst the Byford 2014 paper contained no
highlighted words. In comparison, the records for other studies identified through screening tended

to contain a larger number of highlighted words.

The relative speed of the crowd in completing the citation-screening was similar to previous tasks
undertaken by Cochrane Crowd. In a series of pilot studies run in July 2017, contributors were tasked
with screening search results for four Cochrane reviews. The number of results to screen within each
review ranged from approximately 1000 to 6000: the mean time taken by the crowd to complete

citation-screening was 24 hours?’. Such speed enables a review team to move rapidly from search
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results to full-text screening: an advantage when the time taken to complete many reviews means
searches have to be updated and further screening and data extraction undertaken prior to
publication. Whilst the increased speed of screening raises the potential for time and cost savings
through using crowdsourcing, this does not account for the time taken to design, build and pilot the
training and instructions for each review. This training was customised to the review, marking a
departure from the RCT identification tasks normally hosted on Cochrane Crowd, and thus more
resource intensive to develop. Therefore, the trade-off between speed of crowd screening and
resources to enable crowd screening needs further scrutiny. With searches for mixed studies reviews
often generating very high numbers of search results to assess, the time spent creating customised

topic-based training modules might be well justified.

An alternative approach to crowd citation-screening might be to reframe the nature of the crowd
screening task itself. This study, like others before it, asked the crowd to screen search results
against the same criteria used by the core author team. This provides good comparative data for
crowd performance calculations. However, a more effective approach may be to ask crowd
screeners to focus on the identification of very off-topic citations, changing the overarching question
from “Does the record look potentially relevant?” to “Is the record obviously not relevant?”
Approaching crowd tasks for complex reviews in this way might make the compilation of the training
module less time and resource intensive, as well as improving crowd sensitivity. The obvious
detrimental impact would be on specificity, as a greater proportion of irrelevant records would be
kept in. However, following “first pass screening’ from crowd contributors, author teams would be
able to undertake title-abstract screening of a substantially smaller number of remaining records
with a higher prevalence of potentially relevant records. To our knowledge, this approach has not

been explored.

Another approach may be to explore the role of machine learning in combination with crowd effort.
Machine learning classifiers are being used increasingly to help identify RCTs and other study
designs?®2%3031 'Within a mixed studies context, the main challenge would be generating enough
high-quality training data for the machine. However, for searches that retrieve a high volume of hits
it may be feasible to build a machine learning model from a portion of crowd- or author-screened
records, that could then either help to prioritise/rank remaining records by likelihood of relevance or

be calibrated at a safe cut-off point to automatically remove the very low-scoring records.
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Our findings are inevitably limited by their dependence on citation-screening of search results from
only one systematic review. Different search results from different reviews may generate different
sensitivity and specificity estimates in crowdsourced citation-screening. However, it is notable that
there is little published evidence on how screening decisions vary: different expert review teams
could also be anticipated to make different screening decisions when presented with the same set of
search results. With a complex mixed studies review, the likelihood of human error, whether from
the crowd or the ‘expert’ review team, is further increased: there is often limited information in
abstracts to judge topical relevance. It is not clear what an acceptable level of crowd accuracy is, to
be able to confidently use crowdsourcing without comparing crowd decisions to those of an expert
review team. For reviews of evidence of effectiveness, there may be very little tolerance for
divergence of decisions. For other reviews — such as the current example on training in the use of
cardiotocography — overall review results may be little influenced by the inclusion or exclusion of a
few studies of marginal quality and depth of information. The level of error deemed to be acceptable
in relation to a specific degree of time saving may depend on both the type of review being
conducted and the breadth and volume of potentially includable studies. These are factors that
require determining if crowdsourcing in this way is to become an acceptable model of research

contribution.

In terms of the generalisability of these results we should address the characteristics of the crowd
participants. Whilst we recruited a non-selective crowd (contributors did not need to have any topic
knowledge or expertise to be able to participate) we can see from the survey responses that many
participants did have a healthcare background which may have made the task easier. In addition, in
order to be able to participate in this study, potential participants had to have completed 100
assessments in another Cochrane Crowd task, RCT Identification. The RCT Identification task on
Cochrane Crowd requires contributors to complete a brief training module made up of twenty
practice records. While this task is different from the study task, it does mean that the participants
were already familiar with screening citations within Cochrane Crowd. We therefore must exercise
caution in generalising that a crowd consisting of either fewer healthcare professionals or those

without any experience of screening citations, would perform as successfully.

Finally, the very positive responses from this study’s participants were highly encouraging. However,
successful, widespread implementation of crowdsourcing in this way brings with it a number of
important ethical considerations. Providing meaningful opportunities for people to get involved with

the research process must be matched by appropriate measures of acknowledgement and reward.
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In this study named acknowledgement in the review proved a suitable reward but as crowdsourced
tasks become more involving or challenging, as they no doubt will, it stands that the requisite
reward should be greater. This then potentially presents a conflict with current academic publishing
guidance, with criteria for authorship often requiring full involvement of all authors across all or
many parts of the study. In some circumstances, payment might be appropriate, yet micro-payment
or piece-rate models such as those used by Amazon Mechanical Turk have come under fire in recent
years with studies revealing poor working conditions of an “unrecognised labour”3233, As
crowdsourcing in this way becomes more accepted as an accurate and efficient method of study
identification, these ethical factors will need to be understood and addressed in parallel, for the

benefit of both contributor and task proposer alike.

6.7 Conclusions

In support of a complex mixed-studies systematic review, a non-specialist crowd tasked with
undertaking citation-screening performed well in terms of both accuracy and efficiency measures.
Importantly, crowd members reported that they enjoyed being part of the review production

process.

Further research is required to develop effective approaches to pre-task training for contributors to
crowdsourced citation-screening projects, the refinement of agreement algorithms, and establishing
‘acceptable’ levels of performance (for example, by investigating the variation in performance by

both crowd and ‘expert’ screening teams, such as clinicians).

Review teams, particularly those engaged in locating a broad range of evidence types, face
significant challenges from information overload and long production times. With further
refinements in its approach, crowdsourcing may offer significant advantages in terms of time-saving,
building capacity, engagement with the wider evidence community and beyond, with a minimal loss

to quality.
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7.1 Abstract

Cochrane has used crowdsourcing effectively to identify health evidence since 2014. To date, over
175,000 trials have been identified for Cochrane’s Central Register of Controlled Trials via Cochrane
Crowd (https://crowd.cochrane.org), Cochrane’s citizen science platform, engaging a crowd of over
20,000 people from 166 countries. The COVID-19 pandemic presented the evidence synthesis
community with the enormous challenge of keeping up with the exponential output of COVID-19
research. This case study will detail the new tasks we developed to aid the production of COVID-19
rapid reviews and supply the Cochrane COVID-19 Study Register. The pandemic initially looked set to
disrupt the crowd team’s plans for 2020 but has in fact served to further our understanding of the

potential role crowdsourcing can play in the health evidence ecosystem.

7.2 Introduction

Crowdsourcing in health research has become increasingly popular over the last decade?. Cochrane,
an international network that produces systematic reviews, has been harnessing a type of
crowdsourcing called ‘human intelligence tasking’ since 201423, Human intelligence tasking involves
filtering or classifying large amounts of data or information via an online community. In May 2016,
Cochrane launched Cochrane Crowd (https://crowd.cochrane.org), its citizen science platform, with
its first crowdsourcing task: the identification of reports of randomised controlled trials (RCTs) from
Embase. Other tasks followed soon after and new tasks are in development and being rolled out on
an ongoing basis. Our evaluations of the crowd’s performance in terms of accuracy demonstrated
that a crowdsourcing approach to identifying RCTs was both robust and efficient?. By early 2020,
over 20,000 contributors had signed up to Cochrane Crowd from 166 countries and generated over 5

million individual classifications, helping to identify around 175,000 reports of randomised trials.

2020 looked to be a busy year, but we did not anticipate how large an impact the COVID-19
pandemic would have on Cochrane Crowd. We had launched a new version of the crowd platform in
early March 2020 and work was about to begin on a new PICO extraction task as part of Cochrane’s
trial surveillance initiative. Initially, the pandemic was hugely disruptive to the latter planned work,

with our efforts immediately re-focussed to help.

One of the main challenges presented by the pandemic was the corresponding infodemic. According

to the World Health Organization,
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[A]n infodemic is too much information including false or misleading information in digital
and physical environments during a disease outbreak. It causes confusion and risk-taking
behaviors that can harm health. It also leads to mistrust in health authorities and
undermines the public health response. An infodemic can intensify or lengthen outbreaks
when people are unsure about what they need to do to protect their health and the health of

people around them.*

The dramatic increase in COVID-19 research production and publication throughout 2020 and 2021
has created significant information retrieval challenges, both from the sheer volume of research and
in the nature of the research output. One example was the so-called “preprint rush,” with both
demand for, and availability of, preprints soaring during 2020>°. Cochrane was able to adapt existing

skills and systems for the organisation of COVID-19 research to assist with review production.

Cochrane prioritised resources and developed initiatives to respond to the pandemic, including a
programme of work to produce rapid reviews and the production of special collections of existing
relevant health evidence on topics such as infection control and prevention measures and remote

care through telehealth’.

Another major undertaking within the network was the development of a curated register of COVID-
19 studies, the Cochrane COVID-19 Study Register (CCSR) (https://covid-19.cochrane.org)®. The CCSR
is a continuously updated open access repository of COVID-19 human studies that have been
identified from a range of sources and tagged by study type, study design and study aim. Related
reports about the same study are linked together to create a ‘study based’ register. The register
went live in April 2020 and within twelve months over 57,000 COVID-19 studies had been identified

and described.

Cochrane Crowd was uniquely placed to help as our thriving community of contributors were eager
to support Cochrane’s response to the pandemic. This case study details four main areas of work
undertaken by Cochrane Crowd during the first twelve months of the pandemic: (1) COVID Quest—a
new Cochrane Crowd task; (2) direct review input and methodological research; (3) weekly screening

challenges; (4) a COVID-19 machine learning classifier.
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7.3 COVID Quest
We developed a new crowdsourced task: COVID Quest. In COVID Quest the crowd identify COVID-
related studies based on assessing title-abstract records (Figure 7.1). Unlike most Cochrane Crowd

tasks, it is a ‘multi-question’ task — made up of a series of questions about the record.

COVID Quest tasks contributors with identifying a range of different study types and study designs,
which is another key difference with this task compared to other mainstream tasks on Cochrane
Crowd, which relate to identification or description of randomised controlled trials. This is crucial
because in a pandemic, a range of study types are needed to answer urgent questions regarding
treatment, diagnostics, health services, mental health and the larger societal impact. Controlled
vocabularies are used for each question within the task. Anyone can join, though completion of a

brief training module is mandatory.

Figure 7.1 Screen capture of Cochrane Crowd’s COVID-19 task: COVID Quest

Adapting the delivery of psychological intervention in a children's headache
service in response to COVID-19

10.1136/archdischild-2020-gosh.38

Objectives Psychological intervention forms part of a multidisciplinary approach to the treatment Is the record eligible for the Cochrane

of headache conditions in childhood. Within the Children's Headache Service at Great Ormond COVID-19 register ’

Street Hospital many children and young people typically access this in the format of a group

intervention. In response to the impact of COVID-19 on service provision, the group materials were

adapted into an alternative lowintensity psychological intervention format to be offered via Yes
individual video appointments. Methods The group materials were reviewed and adapted into a six No
session guided self-help intervention. Session material was underpinned by an evidence-based

approach utilising a CBT model, which forms the current basis of psychological headache Unclear

intervention. This intervention was offered to young people who were originally referred to the

group, and who subsequently agreed to the alternative guided self-help intervention. Goal-based Notes
outcome measures were used to monitor progress during the course of the intervention. The Quick reference guide
materials were reviewed by the practitioners providing the intervention and the young people

accessing the intervention were also asked for feedback to enable continued adaptation and

development based on experience. Results Initial results suggest that a guided self-help Skip record

intervention via video appointments is an accepted low-intensity psychological intervention by

We launched the task in June 2020 after a rapid development and testing phase, and to date (June
2021) the crowd have amassed around 60,000 assessments helping to identify and describe
thousands of studies for the CCSR. We have evaluated crowd accuracy against a gold standard data
set made up of 2000 records assessed by Cochrane information specialists working on the register.
Within this set, 566 records were eligible for the CCSR. The crowd correctly identified 558 as eligible
giving a crowd sensitivity of 98.5%. The crowd achieved similarly high levels of sensitivity across the
study type (whether the study described was an observational, interventional, qualitative, or
mathematical modelling study) and the specific study design used (RCT, cohort study/case control,

case report, cross-section etc.) components of COVID Quest: 98.2% and 97.6% respectively. In
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addition, around 85% of records assessed had matching classifications under our agreement
algorithm, with only 15% requiring resolution by an “expert” after discordant classifications between

crowd contributors.

COVID Quest forms part of a study identification workflow that is largely based on processes that
Cochrane’s Centralised Search Service already had in place for identifying studies for the Cochrane
Central Register of Controlled Trials (CENTRAL)® (Figure 7.2). Having some of the foundations and

technical infrastructure in place facilitated rapid implementation of this end-to-end process.

7.4 Review input

As already described, Cochrane undertook a programme of COVID-related, rapidly produced
reviews. This work presented an opportunity to test the crowd’s ability to identify studies for
reviews in a time-sensitive context. Four reviews were used in this methodological work: Quarantine
alone or in combination with other public health measures to control COVID-19'°; Barriers and
facilitators to healthcare workers’ adherence with infection prevention and control (IPC) guidelines
for respiratory infectious diseases'!; Universal screening for Severe Acute Respiratory Syndrome
Coronavirus 2*2; and Convalescent plasma or hyperimmune immunoglobulin for people with COVID-
193, We created a corresponding crowdsourced task for each of these reviews in Cochrane Crowd.
Crowd contributors were tasked with assessing the search results and making one of two possible

classifications on each title-abstract record: Possibly relevant or Not relevant.

As with COVID Quest, these new crowd tasks marked a departure from crowd tasks focussed on
identifying RCTs. This collection of rapidly produced reviews covered a wide range of eligible study
types and designs including mathematical modelling studies, observational studies, interventional
studies, and qualitative and mixed study designs. The crowd had to become familiar with both the
topic of the review and study types eligible for the review. They were also only given 48 hours to
complete each task. The crowd performed well, comfortably completing the screening task for three
of the four reviews within 48 hours (one review took just over 48 hours to complete). Crowd
accuracy levels were high, ranging from 90%-100% recall across the four reviews. This
methodological work furthered our understanding of crowdsourcing capabilities in topic-based
screening tasks under tight time constraints. The crowd also inputted directly into the update of the
rapid review on quarantine measures, where 65 crowd contributors screened the 5000 results

retrieved from the update search in 22 hours (https://www.cochrane.org/news/cochrane-crowd-

does-it-again-rapid-study-identification-cochrane-rapid-review).
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7.5 Weekly screening challenges

From April 2020, we started a series of weekly 3-hour crowd ‘challenges’. Each week we select a task
and encourage as many as possible to get online and join in. During the early days of the pandemic,
when most of us were in strict lockdown with many not able to work, this felt like a suitable
community engagement activity that enabled us to keep some of our ‘business as usual’ tasks going.
We have now completed over 50 weekly challenges and in that time, screened approximately

100,000 records mostly from the RCT Identification task.

7.6 COVID-19 machine learning classifier

The final area of crowd input is related to the development of a machine learning classifier for
COVID-19 studies. In July 2020 members of the CCSR team and the COVID EPPI-Centre Map team,
based at University College London, set up a series of meetings with the aim of sharing best practice
and reducing duplication of effort across the two initiatives. One area of focus was on strategies to
reduce study identification screening burden. The EPPI-Centre Map team had already developed a
binary machine learning classifier that worked to reduce screening workload as well as to help
prioritise screening. Given the differing scope regarding studies eligible for the CCSR and the EPPI-
Centre COVID Map, we decided that a new binary machine learning classifier should be developed
specifically for the CCSR workflow. We therefore used high quality data generated by both the core
Cochrane register team and Cochrane Crowd to train, calibrate and evaluate a COVID-19 study
classifier. We followed the same stages of training, calibration and validation as we had done for the
development of the Cochrane RCT classifier'®. The result is a classifier that helps to accurately
identify records that are not eligible for the CCSR. We have been using this classifier since February

2021, reducing screening burden by between 20-25%.
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Figure 7.2 Cochrane’s Evidence Pipeline vision
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7.7 Conclusions

COVID-19 presented us with major information retrieval challenges, but also provided important
opportunities for research and development on methods, processes, and tools. Our experiences
have highlighted the benefit of focussed and collaborative working. Development, testing and full
implementation of Cochrane Crowd’s most complex task to date took eight weeks instead of the
more usual 12-24 months. We were able to use and adapt existing systems (such as the Cochrane
Crowd platform), processes, for example Cochrane’s Centralised Search Service, and expertise across
information and data science disciplines. The Cochrane Crowd community itself played an invaluable
role in enabling us to keep-up, advancing our expectations of crowdsourced capability in evidence
synthesis. We are now working on extending the crowd’s role to include PICO extraction of both
COVID-19 studies as well as studies in other healthcare areas. This will, we hope, significantly

improve search precision, and support accurate surveillance of the evidence as it emerges.

In its early days, the pandemic appeared to be highly disruptive to ‘business as usual’, but in
hindsight it has accelerated our work and our understanding of the value of human and machine
input in the production of health research. Sharing an overarching mission to help during a global
health crisis, organisations at different levels of the evidence ecosystem pulled together to make the

emerging evidence base FAIR (findable, accessible, interoperable, and reusable). Duplication of
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effort still occurred and enormous challenges remain as the deluge of information around COVID-19
shows little sign of abating, but for the Cochrane Crowd team, the experience and the learning of the

last twelve months has been important and lasting.

7.8 Abbreviations

CCSR Cochrane COVID-19 Study Register

CENTRAL Cochrane Central Register of Controlled Trials
FAIR Findable, Accessible, Interoperable, Reusable
IPC Infection, prevention and control

PICO Population, Intervention, Comparator, Outcome
RCT Randomised controlled trial
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8.1 Abstract

Background

Utilization of crowdsourcing within evidence synthesis has increased over the last decade.
Crowdsourcing platform Cochrane Crowd has engaged a global community of 22,000 people from
170 countries. The COVID-19 pandemic presented an opportunity to engage the community and

keep up with the exponential output of COVID-19 research.

Aims
To test whether a crowd could accurately assess study eligibility for reviews under time constraints.
Outcome measures: time taken to complete each task, time to produce required training modules,

crowd sensitivity, specificity, and crowd consensus.

Methods

We created four crowd tasks, corresponding to four Cochrane COVID-19 rapid reviews. The search
results of each were uploaded and an interactive training module was developed for each task.
Contributors who had participated in another COVID-19 task were invited to participate. Each task
was live for 48-hours. The final inclusion and exclusion decisions made by the core author team were

used as the reference standard.

Results

Across all four reviews 14,299 records were screened by 101 crowd contributors. The crowd
completed each screening task within 48-hours for three reviews and in 52 hours for one. Sensitivity
ranged from 94% to 100%. Four studies, out of a total of 109, were incorrectly rejected by the
crowd. However, their absence ultimately would not have altered the conclusions of the reviews.

Crowd consensus ranged from 71% to 92% across the four reviews.

Conclusion
Crowdsourcing can play a valuable role in study identification and offers willing contributors the

opportunity to help identify COVID-19 research for rapid evidence syntheses.

8.2 Background
The COVID-19 pandemic highlighted the need to produce reliable syntheses of health evidence as
quickly as possible. An unprecedented volume of research has been undertaken resulting in a ‘tidal

wave’ of trials and research publications®. This infodemic makes the production of reliable health
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evidence synthesis especially challenging when it is needed most. Timely dissemination of accurate
information is critical in the fight against both COVID-19 and the harmful spread of mis-information?.
Many questions have arisen regarding mechanism, transmission, diagnosis, prognosis, treatment
and management of COVID-19. In response to this global crisis, Cochrane launched a rapid review

initiative (https://www.cochrane.org/cochranes-work-rapid-reviews-response-covid-19). Rapid

reviews are needed urgently to assess and appraise both existing actionable literature (on areas such
as transmission mitigation, oxygen therapy, respiratory failure, and others) and to assess and
appraise the exponentially growing corpus of research being produced as a direct result of COVID-

193

Crowdsourcing may help solve this data deluge challenge. Crowdsourcing is the outsourcing of
needed tasks or activities to a large community of people, usually via the internet. Many domains
and disciplines have implemented a range of crowdsourcing models to solve organisational or
research problems. In psychology for example, crowdsourced research methods have been applied
to overcome challenges of small sample sizes and enable research replication**. Crowds have also
been engaged in helping to classify or categorise large amounts of data, from assessing underwater
images from the Great Barrier Reef to helping to classify galactic data as part of the Galaxy Zoo

citizen science project®.

Cochrane has used crowdsourcing as a means of effectively identifying health evidence since 2014.
To date, over 200,000 trials have been identified for Cochrane’s Central Register of Controlled Trials

via Cochrane Crowd (https://crowd.cochrane.org), Cochrane’s citizen science platform. Cochrane

Crowd has attracted over 22,000 contributors from 170 countries. Accuracy evaluations have shown
that the crowd, when performing a task with an appropriate agreement algorithm, can achieve 99%
accuracy in terms of the crowd’s ability to correctly identify studies of interest (for example,

randomised trials) and the crowd’s collective ability to reject the records that should be rejected’.

In April 2019, Cochrane launched a workflow called Screen4Me. This workflow enables Cochrane
review author teams to send search results to Cochrane Crowd. Prior to this the crowd had focused
on identifying studies for central repositories, such as Cochrane’s Central Register of Controlled
Trials. The Screen4Me workflow requires the crowd to work to a given deadline, assessing search
results for a specific review, in return for named acknowledgement in the review when it is

published®.
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Rapid reviews on COVID-19 present us with two specific new challenges with regards to the
feasibility of recruiting and using a crowd effectively. The first is that it is likely that many rapid
reviews undertaken will not be reliant on evidence from randomised controlled trials (RCTs) due
either to the research or clinical question not being appropriate for RCTs or to the current lack of
completed RCTs in this area. Therefore, the crowd will need to be able to identify and assess a range
of different study types and designs. They will also be required to perform a more topic-based
assessment of the search results for rapid reviews. This has been shown to be feasible in two recent
pilot studies performed with the Cochrane Crowd community. In the first pilot, the crowd were
tasked with performing a topic-based assessment for potentially relevant studies for an RCT-based
systematic review and, in the second, to perform a topic-based assessment for a review that sought
to include a range of different study types, including qualitative and mixed studies. In both pilot
studies the crowd performed with a very high degree of accuracy: 100% and 96% sensitivity
respectively 111, Beyond Cochrane Crowd, other feasibility studies exploring the role of
crowdsourcing in study identification have produced similar results!*3. Mortensen and colleagues
tasked a crowd, via Amazon Mechanical Turk, with assessing the search results for four systematic
reviews. The reviews included a range of study types and designs including randomised controlled
trials and diagnostic studies. The crowd was able to achieve high sensitivity (ranging from 96% to
99%) and moderate specificity (68% to 81%)'?. Nama and colleagues’ validation study used data
from six systematic reviews across a wide range of healthcare areas and similarly demonstrated the

feasibility of engaging a crowd to perform citation screening to high degree of accuracy*®.

Our second challenge relates to time-to-task-completion. Rapid reviews aim to be produced within a
few weeks, with the results screening stage needing to be completed within 24 to 48 hours.
Cochrane’s current ScreendMe workflow allows the crowd two weeks to complete the results
screening task. This deadline is met for 95% of Screen4Me tasks'®. This is encouraging, but two
weeks is a substantial increase on the hoped for 24 to 48 hours for task completion for rapid
reviews. The shorter timeframe therefore needs to be tested within the context of rapid reviews for
COVID-19, especially given that the task itself is different (as described above). In addition, time and
accuracy are not mutually exclusive; one may adversely impact the other. Time pressure may
increase crowd inaccuracy or reduce consensus (the proportion of records that do not require
arbitration to reach a final decision) or both. We need to explore these factors in order to be able to

better understand the role the crowd could play in the production of rapid reviews in this area.
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8.3 Aims and objectives

Our aim was to test whether a crowd could accurately assess the eligibility of search results for a
range of rapid reviews when given a short deadline to do so. Our main outcome measures were time
taken, in hours, to complete each of the screening tasks and time taken to prepare the customized
training modules and other guidance materials required for each task. Additionally, we sought to

measure crowd accuracy in terms of crowd sensitivity, specificity and crowd consensus.

8.4 Methods

The data sets

We conducted a crowdsourced screening exercise using the sets of search results identified from a
convenience sample of four Cochrane rapid reviews produced in response to the COVID-19

pandemic. The four reviews were:

e Quarantine alone or in combination with other public health measures to control COVID-19
(hereafter shortened to: Review 1: Quarantine)**®

e Barriers and facilitators to healthcare workers’ adherence with infection prevention and
control (IPC) guidelines for respiratory infectious diseases (Review 2: IPC Adherence)'®

e Universal screening for Severe Acute Respiratory Syndrome Coronavirus 2 (Review 3:
Universal Screening)*’

e Convalescent plasma or hyperimmune immunoglobulin for people with COVID-19 (Review 4:

Convalescent Plasma)*®

The size of the search results sets varied with the smallest being the set for Review 4: Convalescent
Plasma (948 records) to the largest set for Review 1: Quarantine (5606). The inclusion criteria in
terms of eligible study designs also varied across the four reviews. Review 1: Quarantine, included
mathematical modelling studies, as well as interventional and observational study types. Review 2:
IPC Adherence, included qualitative and mixed methods studies. Review 3: Universal Screening,
included diagnostic test accuracy designs as well interventional studies as it considered both the
accuracy and effectiveness of universal screening approaches, and Review 4: Convalescent Plasma,
included both observational and interventional designs (see Table 8.1 for review characteristics). The
final inclusion and exclusion decisions of studies made by the core author team for each of the four
reviews was used as the reference standard. The screening process in place for rapid reviews differs

slightly from the process for mainstream Cochrane systematic reviews in that records need only one
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assessment from a member of the core author team unless the record is rejected; rejected records

are dual-screened?.

Table 8.1 Key task characteristics

Review Eligible study Size of set | No. of No. of No. of people
types included people contributed
studies* invited
Review 1: Observational 5606 47 123 65
Quarantine Modelling
Interventional
Review 2: Qualitative 3367 32 85 36
IPC Adherence Observational
Interventional
Review 3: Universal | Observational 4378 18 104 38
Screening (Diagnostic)
Interventional
Review 4: Observational 948 12 122 12
Convalescent Interventional
Plasma
Total 14,299 109 287** 101**

*no. of included studies used in the evaluation data sets (some includes studies were used in the training modules so were not then
included in the evaluation data sets)
**unique contributors

The process

We created four separate tasks in Cochrane Crowd. With each, the crowd was tasked with classifying
the search results based on an assessment of title-abstract records (see Figure 8.1). We created a
brief training module to accompany each of the four crowd tasks. Each module was composed of a
series of introductory screens describing the topic of the review and the types of eligible studies
followed by an assessment made up of sixteen practice records. We included two title-only records
within the training module for each review to help contributors know how to assess records that did
not have abstracts. Crowd contributors needed to pass the assessment with a score of 80% or more
to be able to progress to the live task. This pass mark is the standard pass mark used for other
citation screening tasks in Cochrane Crowd. In addition to the training module, we employed an
agreement algorithm which required three consecutive agreement classifications on a record for
that record to be deemed either Not relevant (in the case for three independently made Not
relevant classifications) or Possibly relevant (three consecutively made Possibly relevant
classifications). We set each task to run initially for 48 hours, with the option to extend the time if

needed.
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Figure 8.1 Screen shot of Review 1: Quarantine

Hospital preparedness and SARS -
Back

On May 23, 2003, Toronto experienced the second phase of a severe acute respiratory syndrome

(SARS) outbreak. Ninety cases were confirmed, and >620 potential cases were managed. More than

9,000 persons had contact with confirmed or potential case-patients; many required quarantine. .
o i . Possibly relevant
The main hospital involved during the second outbreak was North York General Hospital. We

review this hospital's response to, and management of, this outbreak, including such factors as
building preparation and engineering, personnel, departmental workload, policies and N
documentation, infection control, personal protective equipment, training and education, public
health, management and administration, follow-up of SARS patients, and psychological and
psychosocial management and research. We also make recommendations for other institutions to ‘ Move on with a single click
prepare for future outbreaks, regardless of their origin. [References: 7]

Add a note

The crowd

Eligible crowd contributors were those who had completed and passed the training module for
another task available in Cochrane Crowd: COVID Quest. COVID Quest was launched in May 2020,
The task was built to help feed the Cochrane COVID-19 Study Register (https://covid-

19.cochrane.org). For this task, contributors need to be able to identify COVID-19 related research as

described by a title and abstract, and to then tag that research by study type and design, as well as
assign study aims (e.g., treatment and management, or diagnostic, etc.). They must pass the COVID
Quest training module by 80% or more to gain access to the live task?®. Once each rapid review
crowd task had been built, contributors who had assessed at least one record in COVID Quest within
the last month were contacted by email to inform them that they were eligible to participate in

these rapid review tasks.

Data collection and statistical analysis

Crowd sensitivity was measured as the proportion of records correctly and collectively identified as
Possibly relevant and crowd specificity, the proportion of records correctly and collectively identified
as Not relevant to the review. We used the final set of studies included/not included in the review as

the reference standard.

Crowd sensitivity:

TP
TP +FN

Crowd specificity:

TN
TN + FP
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In terms of accuracy, we are primarily interested in crowd sensitivity rather than crowd specificity.
The crowd missing or rejecting studies that should have been included is of more significance than

the crowd mistakenly classifying irrelevant records as possibly relevant.

Crowd consensus is the proportion of records that the crowd assesses that do not require arbitration

due to disagreeing classifications.

No.of records not requiring resolution

Total number of records in dataset

We conducted all statistical analyses in Microsoft Excel v16.50 and SPSS v26.

8.5 Results

Crowd characteristics

We created and ran four Cochrane Crowd tasks, one for each of the Cochrane rapid reviews used for
this pilot study!>1¢1718 Table 8.1 shows, for each of the tasks, the number of contributors invited to
take part, the number that took part, the size of each data set and the time taken to complete the
task. Eligible Crowd contributors were those who had taken part in the Cochrane Crowd task, COVID
Quest within the last month prior to the date the rapid review task went live on the platform. For
the Review 1: Quarantine, 65 crowd participants took part; Review 2: IPC Adherence, 36; Review 3:
Universal Screening, 38; Review 4: Convalescent Plasma, 12. Of those who took part, 65% took part
in only one of the tasks; the remainder (35%) took part in more than one. Crowd contributors
screened on average 268 records (ranging from 4-1201) for Review 1, 274 (range 2-1500) for Review

2,333 (range 10-3168) for Review 3, and 248 (range 1-711) for Review 4.

Time

Our main outcome measure was time, both in terms of time taken to produce the bespoke training
modules and time to task completion by the crowd. Figure 8.2 shows the time taken to develop each
training module, which ranged from 3 to 5 hours, and the time-to-task-completion which ranged
from 2 hours to 51.5 hours). Time per 100 records for each of the reviews was therefore 22 minutes
for Review 1: Quarantine, 53 minutes for Review 2: IPC Adherence, 74 minutes for Review 3:

Universal Screening, and 13 minutes for Review 4: Convalescent Plasma.
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Figure 8.2 Outcome measure: Time
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Crowd accuracy: sensitivity and specificity

In terms of crowd accuracy, sensitivity (i.e., the crowd’s collective ability to correctly identify the
included studies) ranged from 94% to 100% (see Table 8.2). In Review 1: Quarantine, two included
studies were missed by the crowd. In Review 2: IPC Adherence and Review 3: Universal Screening,
one included study was incorrectly rejected. In Review 4: Convalescent Plasma, no included studies

were missed.

Crowd specificity (i.e., the crowd’s collective ability to correctly reject ineligible references to
studies) for each of the four reviews was: Review 1: Quarantine 71%, Review 2: IPC Adherence 73%,

Review 3: Universal Screening 71%, and Review 4: Convalescent Plasma 89%.

Table 8.2 Crowd accuracy

Review N TP TN FP FN Sensitivity | Specificity | Consensus
Review 1: 5606 | 45 3942 1617 2 95.7 70.9 72.02
Quarantine

Review 2: IPC 3367 | 31 2437 897 1 96.9 73.0 74.96
Adherence

Review 3: Universal | 4378 | 17 3075 1285 1 94.4 70.5 71.34
Screening

Review 4: 948 12 827 109 0 100.0 88.7 92.19
Convalescent

Plasma

TP = True Positive; the number of records correctly classified as possibly relevant
TN = True Negative; the number of records correctly classified as not relevant

FP = False Positive; the number of records incorrectly classified as possibly relevant
FN = False Negative; the number of records incorrectly classified as not relevant
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Crowd consensus

The level of crowd consensus (i.e., the proportion of records receiving three consecutive agreeing
classifications) was 72% for Review 1: Quarantine, 75% for Review 2: IPC Adherence, 71% for Review
3: Universal Screening, and 92% for Review 4: Convalescent Plasma. As well as evaluating crowd
consensus for each data set as described above, we also calculated crowd consensus for just the
eligible studies for each review. The proportion of included studies that received the required three
Possibly relevant classifications was similar across all four reviews: Review 1: Quarantine 60%,
Review 2: IPC Adherence 61%, Review 3: Universal Screening 65% and Review 4: Convalescent

Plasma 63% (See Figure 8.3).

Figure 8.3 Crowd consensus for included studies

B 3 'Possibly relevant’  m2'Possibly relevant' 1 'Possibly relevant’

Convalescent plasma

Universal screening

IPC adherence

Quarantine

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

8.6 Discussion

The crowd performed three of the review tasks comfortably within the 48-hour time limit, and one
(Review 3: Universal Screening) in just over the time limit. This is an encouraging result. The
development of each training module took on average four hours. We had hoped to run the tasks
either concurrently or in very quick succession to gauge the capacity of the crowd to handle multiple
tasks simultaneously or continuously. However, we were unable to do that due to the availability of
the data sets and the prioritization of other COVID-19 related activities. However, one advantage of
having the tasks run approximately 4 weeks apart, meant that we were more likely to attract
different crowd contributors for each task, giving us a better sense of generalizable crowd

performance.
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Analysis of missed studies
The crowd performed well across all reviews in terms of accuracy measures. Overall, out of a total of
109 included studies, the crowd incorrectly rejected four studies (3.7%). The titles of the four missed

studies were:

1. Factors that make an infectious disease outbreak controllable?! (Review 1: Quarantine)

2. Severe Acute Respiratory Syndrome Coronavirus 2 Infection among Returnees to Japan from
Wuhan, China?? (Review 1: Quarantine)

3. SARS: key factors in crisis management? (Review 2: IPC Adherence)

4. Suppression of COVID-19 outbreak in the Italian municipality of Vo, Italy** (Review3:

Universal Screening)

Two of the missed studies were from the quarantine review. One was a small modelling study pre-
dating the pandemic but deemed relevant in terms of modelling the effects of pre-symptomatic
infections. However, it provided only indirect evidence on SARS, not specifically on SARS-CoV-2. The
other, an observational study, reported on the screening and quarantining of a cohort of Japanese
nationals repatriated to Japan from Wuhan, China in early 2020. It may have been mistakenly
perceived as a diagnostic study rather than of relevance to the quarantine measures review. The
missed study from the IPC Adherence review was a qualitative study. It had very broadly stated aims
to: “identify the key factors enabling the hospital to survive SARS unscathed.” The results described
in the abstract make no direct mention of IPC Adherence but instead refer more broadly to good
crisis management principles adopted by this specific hospital during the 2003 SARS epidemic. The
final missed study was from the Universal Screening review (Review 3). It was not described

explicitly as a screening study which may account for why it was missed.

Despite crowd sensitivity not achieving 100% for three of the four reviews used in this evaluation
study, sensitivity was comparable to other similar studies run by this and other research
teams'®11213 gnd potentially more accurate than having the search results screened by a single
human assessor?. However, it is arguable that providing a measure of sensitivity where the
prevalence of included studies within each of the review data sets was very low, should be
considered with caution: Review 1 had a prevalence of 0.87%, Review 2: 1.07%, Review 3: 0.53%,

Review 4: 2%.
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What is perhaps a more meaningful measure of performance is whether the conclusions of each
review would have been altered by the missed studies. We contacted the lead authors for each of
the reviews to ascertain whether conclusions would have changed. For Review 1: Quarantine, the
missed studies would not have altered the conclusions of the review. The missed modelling study by
Fraser and colleagues?! pre-dated COVID-19 and was based on SARS. This study therefore received
less weight in the review’s analysis than direct evidence based on SARS-CoV-2. The second missed
study was deemed more important to the review. It was one of two observational studies on the
guarantine of travelers. However, it would not have changed the direction of the finding nor the
certainty of evidence grading (which was already very low). Therefore, missing this study would not
have changed the review’s conclusions. For Review 2: IPC Adherence, the missed study by Tseng and
colleagues? contributed to nine findings in the review. However, given the high number of other
studies additionally contributing and the moderate to high confidence in these findings, it is likely
the review would have drawn the same conclusions had the study not been included. Finally, for
Review 3: Universal Screening, the missed study by Lavezzo and colleagues?* would also not have
changed the conclusions nor the strength of the evidence for the findings it contributed to. The
review author team noted within the review itself that the Lavezzo study did not contain specificity
estimates and so had already analysed the effect of excluding this study, concluding that excluding it

did not change the findings or range of estimates’.

As well as assessing the impact of missed studies, we also performed forward citation tracking to
ascertain whether any of the missed studies would potentially have been retrieved via this method.
This involves assessing the reference lists of included studies as a way of identifying additional
studies missed by the electronic database searches. Of the four studies collectively rejected by the
crowd, two were cited by other included studies in the reviews: one?! from Review 1: Quarantine,

and the other?* from Review 3: Universal screening.

Another area of consideration is around whether domain or topic area affected crowd performance.
One strength of this study was the range of review question types included: Review 1 was largely
focused on observational and modelling studies (interventional designs were includable but unlikely
to be found). Review 2 sought mixed methods studies and qualitative studies, Review 3, diagnostic
and screening studies, and Review 4, interventional study designs. Research has highlighted the

challenge in assessing studies for diagnostic-related reviews?®?’

, and this appears to have been
borne out in this evaluation study. In addition, no studies were incorrectly rejected for Review 4.

This review sought to include studies that assessed the effectiveness of a treatment, convalescent
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plasma. This review was most alike other tasks hosted on Cochrane Crowd, namely the RCT

identification task. This might account for the crowd’s highly accurate and speedy performance.

We also explored whether records that did not have an abstract had an impact on accuracy or
consensus measures. The proportion of title-only records for each of the reviews was low (Review 1:
5.7%, Review 2: 7.2%, Review 3: 6.8%, Review 4: 6.6%). However, all four of the missed studies did
have abstracts so this was not a factor in terms of negatively impacting crowd sensitivity. Where it
did potentially have an impact on crowd performance is in terms of crowd consensus. Overall
consensus ranged from 71% to 92% across each of the data sets. However, it was lower across both
the eligible studies (range 60% to 65%) and lower still across records that did not have an abstract
(54% to 61%). Neither finding is surprizing but both have implications for future potential
applications of a crowd model for citation screening. The higher the prevalence of includable studies

and/or the higher the proportion of title-only records, the lower crowd consensus is likely to be.

Two other factors are also worth exploration in terms of possible impact on crowd accuracy: the
agreement algorithm and the training materials. In terms of the agreement algorithm, we chose an
algorithm (three consecutive agreements) that had produced high collective accuracy in other
similar pilot projects®°. Would altering the consecutive number of agreeing classifications have
made a difference to collective accuracy? Starting with the accuracy of a single classification, the
mean accuracy of individual contributors for each review was: 84.2% sensitivity and 82.2% specificity
for Review 1: Quarantine; 86.6% sensitivity, 84.1% specificity for Review 2: IPC Adherence; 85.1%
sensitivity, 89.9% specificity for Review 3: Universal Screening; and 89.3% sensitivity, 90.9%
specificity for Review 4: Convalescent Plasma. Taking the first two consecutive classifications made
on each record across the four data sets would have resulted in reduced crowd sensitivity with one
additional study being missed per review. With regards to how an algorithm based on four
consecutive agreeing classifications would have performed, we do not have the data to model this.
However, interesting recent work by Nama and colleagues indicates that excellent sensitivity can be
achieved with three assessments per record. In their analysis, increasing this number made little

difference to sensitivity but decreased specificity?®.
With regards to the training provided, we were able to provide highly representative records for the

test set. We used a set of 16 records for each training module. In the recent evaluation by Nama and

colleagues described above, the optimal size for the qualification set was explored. Their analysis
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indicated that the optimal size for a qualification set made up of true positives and true negatives

was between 10-15 records®.

Despite this study’s focus being on rapid reviews in the context of COVID-19, the range of study
types and designs eligible across the four reviews, and the correspondingly high levels of accurate
screening by the crowd bode well for this approach being applied beyond a public health setting.
Indeed, a recent overview by Burgard and colleagues describes initiatives underway to support
‘community-augmented meta-analyses’ in the field of psychology, leveraging distributed human

effort to help curate the evidence base and produce ‘living’ or dynamic syntheses?.

This study has focussed exclusively on the use of crowdsourcing as a means of reliably expediting
parts of the study identification stages of evidence synthesis. However, there is a growing field of
research exploring the potential of machine learning for citation screening, for example using
support vector machine learning classifiers that assign likelihood scores to records. The chief
advantage of machine learning over crowdsourcing is time. Records can be classified by a machine
learning classifier within minutes, irrespective of the size of the search results set; conversely a
crowd will take a variable amount of time (though often still significantly faster than a small review
author team). The significant challenge however with applying machine learning alone relates to the
high-quality training data required to build a reliable classifier. Also, for a machine learning classifier
to operate as a binary classifier (replicating the human classification task), a calibration stage would
be needed to ascertain the appropriate score threshold. Another approach, however, would be a
hybrid machine-crowd model. This might work well where there is limited training data or where
sensitivity is paramount. One possible hybrid configuration would be to employ the classifier to help
remove the more obviously not relevant material whilst engaging human effort to assess the
remainder. This approach has been used to good effect in Cochrane in both its Screen4Me workflow
and within Cochrane’s broader Centralised Search Service initiative® (as described in Chapters Three

and Four).

Despite the safeguards described above, no system will be 100% accurate all the time. As well as
quality control measures aimed at maximising crowd performance, review author teams also have a
range of possible ways in which they can use the data generated by the crowd within their review
production process. Table 8.3 presents three possible workflows regarding the use of the crowd’s
collective output, each dependent on the required outcome: sensitivity maximizing (i.e., using the

crowd in a way that reduces the risk of missing includable studies as much as possible), speed
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maximizing, where time is the most critical factor and author team capacity is limited, or specificity
maximizing (reducing the number of false positives). The most appropriate approach will depend on
the nature, complexity, and scope of the review itself, as well as the time and resources available to

the author team.

Table 8.3 Crowdsourcing workflows

Sensitivity maximizing Crowd assessment + author team dual assessment of conflicting
crowd records + author team single assessment of Possibly relevant
records only

Speed maximizing Crowd assessment + author team single assessment of Possibly
relevant records only
Specificity maximizing Crowd assessment + crowd resolver* + author team single assessment

of crowd identified Possibly relevant records only
*A crowd resolver is a crowd contributor assesses only records that have received discordant classifications, and makes a final crowd
classification on the record.

8.7 Conclusions

This pilot study has demonstrated the feasibility of using a crowd in the study identification process
for Cochrane rapid reviews. The crowd performed consistently well across each of the four
evaluations in terms of time and accuracy measures. During a global health crisis, when time is of
the essence and robust health evidence is critical, using crowdsourcing in this way offers a viable
means to expedite the review process and offer willing contributors meaningful ways to get
involved. The exact method of crowd application and use of crowd-generated data will depend on

the nature of the review itself and the urgency at which the evidence is required.

8.8 Abbreviations

CCSR Cochrane COVID-19 Study Register
IPC Infection, prevention and control
RCT Randomised controlled trial
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9.1 Abstract

Background

This study developed, calibrated, and evaluated a machine learning (ML) classifier designed to
reduce study identification workload in maintaining the Cochrane COVID-19 Study Register (CCSR), a

continuously updated register of COVID-19 research studies.

Methods

A ML classifier for retrieving COVID-19 research studies (the “Cochrane COVID-19 Study Classifier”)
was developed using a data set of title-abstract records ‘included’ in, or ‘excluded’ from, the CCSR up
to 18th October 2020, manually labelled by information and data curation specialists or the
Cochrane Crowd. The classifier was then calibrated using a second data set of similar records
‘included’ in, or ‘excluded’ from, the CCSR between 19th October and 2nd December 2020, aiming
for 99% recall. Finally, the calibrated classifier was evaluated using a third data set of similar records

‘included’ in, or ‘excluded’ from, the CCSR between 4th and 19th January 2021.

Results

The Cochrane COVID-19 Study Classifier was trained using 59,513 records (20,878 of which were
‘included’ in the CCSR). A classification threshold was set using 16,123 calibration records (6,005 of
which were ‘included’ in the CCSR) and the classifier had a precision of 0.52 in this data set at the
target threshold recall >0.99. The final, calibrated COVID-19 classifier correctly retrieved 2,285
(98.9%) of 2,310 eligible records but missed 25 (1%), with a precision of 0.638 and a net screening

workload reduction of 24.1% (1,113 records correctly excluded).

Conclusions
The Cochrane COVID-19 Study Classifier reduces manual screening workload for identifying COVID-
19 research studies, with a very low and acceptable risk of missing eligible studies. It is now

deployed in the live study identification workflow for the Cochrane COVID-19 Study Register.

9.2 Background

The COVID-19 pandemic has resulted in an unprecedented level of article publications'? of which
only a small percentage report study data or analytics®. This presented the systematic review
community with significant challenges to identify and classify relevant study evidence reliably,
accurately, and efficiently, to enable the rapid synthesis and use of cumulative bodies of evidence to

inform international, national and local responses to the evolving global health crisis.
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As the pandemic took hold, a number of initiatives were started with the aim of identifying and
classifying COVID-19 research. Two such initiatives are the COVID-19 Open Research Dataset (CORD-
19) developed by the Semantic Scholar Team at the Allen Institute* and COVID-19 L-OVE by
Epistemonikos®. Each initiative had variable aims and different approaches to collating the required
information; but, to our knowledge, the Cochrane COVID-19 Study Register (CCSR) was the only
product designed to support rapid evidence synthesis through the identification and classification of
ongoing and completed primary studies. Cochrane was able to utilise existing technical
infrastructure, processes and human resource to create an open access register of COVID-19 studies.
The Cochrane COVID-19 Study Register (CCSR)® includes primary, human studies across a broad
range of areas relevant to COVID-19, including the treatment and management of the virus,
diagnosis, prognosis, transmission and prevention, mechanism, epidemiology and the wider impact
of the pandemic on populations and health services. The CCSR study records are validated and
maintained by a team of Cochrane information and data curation specialists. Automated searches
retrieve results via daily or weekly API calls across a range of sources. The results are then de-
duplicated and screened. A sub-set of results (those retrieved from Embase) are sent to Cochrane
Crowd, Cochrane’s citizen science platform’; the rest are screened by the core register team®°. The
screening process involves an assessment of record eligibility based on titles and abstracts. For
records without abstracts, more information is sought before a judgement is made. Eligible studies
are then tagged by the team or by the crowd according to study type, study design, and study aims.
Intervention studies are also annotated according to their PICO (population, intervention,
comparator and outcome) components. These tagging and annotation activities, together with the

largely manual process of linking related reports together, are resource intensive.

In July 2020, we convened a series of meetings between the CCSR team and the team from the EPPI
Centre (UCL) and Centre for Reviews and Dissemination (University of York), which has been
maintaining a living map of COVID-19 research evidence (the ‘C-19 living map’) commissioned by the
UK Department of Health and Social Care. The purpose of these meetings was to share best practice
and reduce duplication of effort between the respective workflows being used to keep these two
overlapping resources up to date; and we have initially focused on strategies to reduce manual

screening burden in the selection of eligible articles.

As the rate of COVID-19 publishing shows little sign of slowing, introducing machine learning (ML)

into COVID-19 study identification workflows could offer important gains in terms of workload
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reduction!® so long as the corollary risk of ‘missing’ (or ‘losing’) relevant research studies is
acceptably low. The C-19 living map team had recently developed and deployed a ML classifier for
this purpose; and similar classifiers have previously been deployed in Cochrane’s Centralised Search
Service and Screen4Me workflows, to support efficient identification of randomised controlled trials

(RCTs)™.

For both the CCSR and the C-19 living map, we decided to deploy a ML classifier to discard records
scoring below an identified threshold score, calibrated to minimise the risk of ‘missing’ eligible

articles. However, given differences between the respective scopes and eligibility criteria of these
two resources, we decided that a new binary ML classifier should be specifically developed for the

CCSR workflow.

9.3 Methods

In this study, we aimed to train (Stage 1), calibrate (Stage 2) and evaluate (Stage 3) a binary ML
classifier (‘the classifier’) designed to reduce study identification workload in maintaining the CCSR,
with an acceptably low corollary risk of ‘missing’ records of ‘included’ (eligible) studies. We therefore
needed to assemble three separate data sets from the CCSR screening workflows (see below and

‘Availability of data and materials’).

Training (Stage 1)

In Stage 1, we assembled a training data set containing bibliographic title-abstract records of all
articles manually screened for eligibility for the CCSR from its first search date (20" March 2020) up
until 18" October 2020. Embase.com records had only been recently added to the CCSR's sources by
mid-October and a backlog of medRxiv preprints was still being processed. As the CCSR's other
sources were trial registers (not bibliographic title-abstract records), most of the training set records
were from PubMed. These records had originally been identified using conventional Boolean
searches of selected electronic bibliographic databases and trials registries, before being manually
screened and labelled as either ‘included’ (eligible for the CCSR) or ‘excluded’ (ineligible) by
Cochrane information specialists or the Cochrane Crowd’. The search strategies used can be seen on
the About page of the CCSR®. After removing trials registry records, we were left 59,513 records, of
which 20,878 were labelled as ‘included’ in the CCSR, and 38,635 were ‘excluded’. These records
were imported into EPPI-Reviewer'?, assigned to code sets, and used to train a logistic regression

classifier using tri-gram ‘bag of words’ features, implemented in the SciKit-Learn python library, with
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‘included’ records designated as the positive class (class of interest) and ‘excluded’ records as the

negative class.

Calibration (Stage 2)

In Stage 2, we assembled a calibration data set containing 16,123 similar records manually screened
for eligibility for the CCSR between 19" October and 2" December 2020, again labelled as ‘included’
(6,005 eligible records) or ‘excluded’ (10,118 ineligible records) by the same people and process, and
with trials registry records having again been removed. The records were imported into EPPI-
Reviewer, assigned to code sets, and used to calibrate the classifier developed in Stage 1.
Specifically, we applied the classifier to 16,123 calibration records, which automatically assigned a
score (0-100) to each record. We then computed the threshold score that captured >99% of the
‘included’ records in this data set (i.e., recall >0.99). 0.99 is the threshold level of recall that is
currently required for ML classifiers to be deployed in Cochrane systems and workflows®. We also
computed standard performance metrics, namely: (cumulative) recall, (cumulative) precision and

net workload reduction.

Evaluation (Stage 3)

In Stage 3, we assembled an evaluation data set of similar records containing 4,722 records manually
screened for eligibility for the CCSR between 4™ and 19" January 2021, once again labelled as
‘included’ (2,310 eligible records) or ‘excluded’ (2,412 ineligible records), with trials registry records
removed. The records were imported into EPPI-Reviewer, assigned to code sets, and used to
evaluate the classifier developed in Stage 1. Specifically, we applied the classifier to 4,722 evaluation
records, identified ‘included’ and ‘excluded’ records scoring above and below the threshold score we
had computed in Stage 2; and then we computed (cumulative) recall, (cumulative) precision and net
workload reduction. We also analysed characteristics of ‘included’ articles that would have been

‘missed’ by the workflow if the classifier had been implemented.
Finally, we compared key characteristics of articles between the three study data sets described

above in this section (training, calibration, evaluation), to check post-hoc that they comprised similar

enough sets of records to validate our results from calibrating and evaluating the classifier.
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9.4 Results

Calibration

Results from calibrating the Cochrane COVID-19 Study Classifier (Stage 2) are shown in Figure 9.1
and Table 9.1. The threshold classifier score at target recall >0.99 was identified as 7 (Table 9.1),
which means that >99% of ‘included’ records in the calibration set scored 7 or above. In this data set,
retaining records scoring 7 or above, to achieve target recall >0.99 among ‘included’ records, would
have resulted in an overall workflow precision of 0.52, with a corollary 29.1% reduction in manual

screening workload.

Figure 9.1 Distribution of classifier scores among ‘included’ and ‘excluded’ calibration records (N=16,123) and related
performance metrics
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Table 9.1 Distribution of classifier scores among ‘included’ and ‘excluded’ calibration records and related performance

metrics
Classifier
Score 90-99 80-89 70-79 60-69 50-59 40-49 30-39 20-29 10-19 0-9
Included N 2,853 1,059 610 402 284 202 195 180 129 91
Excluded N 83 156 190 237 290 364 578 885 1,736 5,599
Totals 2,936 1,215 800 639 574 566 773 1,065 1,865 5,690
Precision 0.97 0.87 0.76 0.63 0.49 0.36 0.25 0.17 0.07 0.02
Cumulative
Recall 0.48 0.65 0.75 0.82 0.87 0.90 0.93 0.96 0.98 1.00
Cumulative
Precision 0.97 0.94 0.91 0.88 0.84 0.80 0.75 0.68 0.57 0.37
Threshold Classifier Score (Recall >0.99) 7
Screened Included N* 5,950
Screened Excluded N* 5,487
Precision* 0.52
Discarded ('Lost’) Included N* 55
Discarded Excluded N* 4,631
Net Workload Reduction N* 4,686
Net Workload Reduction %* 29.1%

* At Threshold Score = 7 (Recall >0.99)

Evaluation

Evaluation results for the classifier are shown in Figure 9.2 and Table 9.2. In the evaluation data set,

retaining records scoring at or above the calibrated threshold score would have resulted in 0.99
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recall among ‘included’ records, with an overall workflow precision of 0.64 and a corollary 24.1%

reduction in manual screening workload.

Figure 9.2 Distribution of classifier scores among ‘included’ and ‘excluded’ evaluation records (N=4,722) and related
performance metrics

1400

1200

1000

800

600

400

” I 13 11
0 iE

90-99 80-89 70-79 60-69 50-59 40-49 30-39 20-29 10-19

o

M Included ™ Excluded

1.00
0.90
0.80
0.70
0.60
0.50
0.40
0.30
0.20
0.10

0.00
90-99 80-89 70-79 60-69 50-59 40-49 30-39 20-29 10-19 0-9

e=@==Cumulative Recall ~ ==@==Cumulative Precision

181



Table 9.2 Distribution of classifier scores among ‘included’ and ‘excluded’ evaluation records and related performance
metrics

* At Threshold Score = 7

In our analysis of the 25 (1%) ‘missed’ (discarded) ‘included’ records, we found that 12 were title-
only records. Of these, four were errata or replies to studies already included in the CCSR and were
therefore not the primary reference to the study. All but one of the ‘missed includes’ had been
sourced from PubMed. Only two were records of interventional studies, the rest were records of
observational studies. One ‘missed’ interventional study was an RCT but it was not reporting the
results of the RCT. The other one was a single arm study that was not about COVID-19 patients, but
the broader impact of the pandemic on the mental health of students, and the effects of a
mindfulness component of the intervention described. Of the remaining ‘missed’ observational
studies, most were studies looking at the broader impact of the pandemic on health services or
selected populations. Three were small case-control or cohort studies that were diagnostic or
prognostic in their aims. The remining three ‘missed’ records were all studies concerned with virus
mutations. It is likely that this kind of study was not part of our stage 1 (training) data set, which

contains studies from the first few months of the pandemic.

Post hoc analysis of data set key characteristics
Results from comparing key characteristics between data sets used in the training, calibration, and
evaluation of the COVID-19 Study Classifier are shown in Table 9.3. Stage 1 (training) and Stage 2

(calibration) data sets were very similar in terms of the proportion of ‘included’ records in each set
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Classifier

Score 90-99 80-89 70-79 60-69 50-59 40-49 30-39 20-29 10-19 0-9
Included N 1037 417 256 157 122 85 74 66 63 33
Excluded N 23 39 62 62 69 87 149 188 395 1338
Totals 1060 456 318 219 191 172 223 254 458 1371
Precision 0.98 0.91 0.81 0.72 0.64 0.49 0.33 0.26 0.14 0.02
Cumulative

Recall 0.45 0.63 0.74 0.81 0.86 0.90 0.93 0.96 0.99 1.00
Cumulative

Precision 0.98 0.96 0.93 0.91 0.89 0.86 0.81 0.77 0.68 0.49
Threshold Classifier Score 7

Screened Included N* 2,285

Screened Excluded N* 1,299

Precision 0.64

Discarded ('Lost’) Included N* 25

Discarded Excluded N* 1,113

Recall 0.99

Net Workload Reduction N* 1,138

Net Workload Reduction %* 24.1%




(35%, 37% respectively). The Stage 3 (evaluation) data set, compiled of records manually screened
for the CCSR during January 2021, had a higher proportion of ‘included’ records, at almost 50%. Each
data set included a substantial proportion of title-only records (i.e., records without abstracts). The
Stage 1 data set had the largest proportion of such records: 18,669 records (31%), of which 4,495
were includes. Data sets 2 and 3 and a lower, but similar, proportion of title-only records: 23% and

19% respectively.

Table 9.3 Key characteristics of development, calibration and evaluation data sets

Data set Size Number of Number of Number of title- Provenance of records

(classifier eligible records title-only only records that

development (%) records (%) were eligible (%)

stage)

Data set 1 59,513 | 20,878 (35.1%) | 18,669 (31.4%) | 4,495 (21.5%) 3229 (5.4%) — Embase

(Training) 2083 (3.5%) — preprint
54201 (91.1%) - PubMed

Data set 2 16,123 | 6,005 (37.2%) 3626 (22.5%) | 821 (13.7%) 1994 (12.4%) — Embase

(Calibration) 287 (1.8%) — pre-print
13842 (85.8%) - PubMed

Data set 3 4,722 | 2,310 (48.9%) 896 (19.0%) 285 (12.3%) 89 (1.9%) — Embase

(Evaluation) 202 (4.3%) — pre-print
4431 (93.8%) - PubMed

9.5 Discussion

We developed a binary ML classifier with the aim of reducing screening workload for the CCSR.
Calibrated to achieve 99% recall, the classifier reduced screening workload by 24.1% in the
evaluation data set. This finding was especially encouraging given the proportion of eligible records
in this data set was close to 50%; and almost one in five of the records were ‘title-only’, with
relatively few text features for classification, compared to records with accompanying abstracts.
Title-only records in the context of the COVID pandemic can be resource- and time-intensive to
manually assess. For many, more information will need to be found before a judgement on whether
the record is eligible can be made. Having a classifier able to reliably reject ineligible title-only

records is valuable and will free up human resource to assess the more unclear title-only records.

One of the main strengths of this study is the quality of the three data sets. We were able to use
highly representative records for each stage, with a high level of confidence in the quality of each,
derived as they were from the Cochrane Centralised Search Service team and Cochrane Crowd’. In
addition, the training data set was fairly large (n=59,513), made up of both the class of interest

(“included’) and non-eligible records (‘excluded’). Records within the class of interest set
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encompassed all eligible study types (observational, interventional, qualitative, and modelling

studies) and designs, and had good coverage across the range of possible study aims.

A potential limitation is that most records comprising each of the three study data sets were sourced
from PubMed (of which a large proportion are also likely to have been indexed in Embase). This is
unlikely to be an issue when applying the classifier to bibliographic records of journal articles
identified from other database sources; but caution would be needed when applying the classifier to
records with a different structure, for example, trial registry records. While many trial registry
records contain similar information to a standard bibliographic record that could, in principle be
parsed and added to the title-abstract records prior to their classification, it is important to be aware
of which fields map well to each other across the different record types, and in some cases to
exclude certain fields of information that might confuse the classifier — such as trial exclusion
criteria. As such, further work would be needed to evaluate the performance of this classifier when
applied to records incorporating selected text from trial registry records. We could also investigate
the potential to incorporate such records into sets used to retrain and recalibrate periodically

updated versions of this classifier.

In this paper we have focused on reporting the deployment of a machine learning classifier in a real-
world scenario over a short period of time. The method employed, using train, test and calibration
data sets and easily interpretable probabilities from a logistic regression classifier, provides a robust
basis for future work, and has proved acceptable to Cochrane. A workload reduction of ~25% is
substantial given the high recall that must be achieved. However, we do not rule out that
deployment of more sophisticated machine learning classification algorithms may be able to push

the reported savings in workload marginally higher.

Evolution in the scope, aims, and topics and text features of COVID-19 research over time suggest
that ML classifiers which, like this one, that have been prospectively developed, are likely to need to
be periodically retrained, recalibrated and re-evaluated, in order to minimise the risk of ‘losing’ (or
‘missing’) new bodies (or ‘strands’) of relevant research, with new ‘previously unseen’ text features,
that are likely to emerge as the pandemic continues to unfold. Periodically updated training,
calibration and evaluation data sets should be prospectively assembled to comprise records from
three consecutive time periods, as we have done in the current study. This approach is robust in
terms of its external validity, as it is consistent with the real-world use scenario in which such

classifiers are deployed, where we do not know in advance how the research literature will evolve
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following their (re-) deployment. (Re-)calibrating and (re-)evaluating the classifier using records from
consecutive time periods immediately succeeding the one covered by records in the

(re-)training data set therefore confers further confidence (alongside the size and breadth of our
study data sets) that any subtle evolution or ‘shifts’ in the scope and text features of bibliographic
records of published COVID-19 research over time are unlikely to adversely impact on the

performance of the deployed classifier in the short-term.

In late January 2021, the classifier developed in this study was deployed in the Cochrane COVID-19
register workflow, with records retrieved from PubMed and Embase.com being run through it.
Workload reduction in terms of screening effort has been reduced in practice by approximately 20%-
25%, which is in line with the expected reduction based on this study. The classifier is also being
used to help prioritise screening by ordering the records that score above the cut-point from highest
to lowest score. Feedback from the screening team has indicated that records that receive high
scores are almost always eligible studies, but they are often not the higher priority interventional

studies. This is very likely due to the high prevalence of observational studies in the data sets used.

Next steps

The Cochrane COVID-19 Study Classifier reduces screening burden by cutting the number of excludes
to assess by approximately half. This is a helpful start but with the proportion of records eligible
being around 50% (as it has been for the last six months for the CCSR), an ‘exclusion’ classifier can
only do so much. In addition, the rate of publication on COVID-19 shows no sign of slowing with the
average number of new studies identified for the CCSR averaging 4600 per month over the last six
months. Therefore, we are now developing additional automated approaches to maintain the CCSR.
With over 60,000 COVID-19 related studies identified and tagged in the register, we are developing
additional ML classifiers that will assign or suggest both study design characteristics and study aims
to potentially eligible studies. We are also developing automated approaches to assigning PICO
characteristics to interventional studies. Here we will use crowd and ML capabilities in a hybrid

approach to keeping up with the deluge of publications on COVID-19.

9.6 Conclusions

The Cochrane COVID-19 Study Classifier can reduce manual screening workload for identifying
COVID-19 research studies, with a very low and acceptable risk of missing eligible studies. This
classifier is now deployed in the study identification workflow for the Cochrane COVID-19 Study

Register.
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9.7 Abbreviations

CCSR Cochrane COVID-19 Study Register
ML Machine learning
RCT Randomised controlled trial
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Chapter 10. Discussion

10.1 Introduction

A recent bibliometric analysis by Wang et al., demonstrates the wide adoption of crowdsourcing
across many fields®. This expansion, coupled with diverse domain applications, initially made it
challenging for the field to organise itself as a coherent academic discipline2. In addition, much
research in this area is applied research, undertaken to address very domain-specific problems, and
as such could be viewed as limited conceptually in terms of broader applicability to other domains.
However, in the last decade crowdsourcing has emerged as an academic discipline in its own right.
Recently formed international organisations have been established to set standards and provide
researchers, academics, practitioners, and the public with forums for discussion and scholarly
investigation®*. This chapter aims to situate this research within the broader context of

crowdsourcing as an emerging academic discipline.

10.2 The growth of crowdsourcing as an academic discipline

Theoretical foundations and reference frameworks are a critical part of any field’s claim to scientific
rationality. In the area of crowdsourcing, as more and more organisations undertake activities to
engage dispersed populations (i.e., crowds), theoretical frameworks are emerging to support and
develop our conceptual understanding of this activity. These frameworks build on established
theories from existing, related research fields, including knowledge and information management,
information systems, and artificial intelligence, to produce new frameworks with unique and

innovative concepts of their own.

10.3 The Theory of Crowd Capital

One such framework, developed by John Prpi¢ and Prashant Shukla, is the Theory of Crowd
Capital®®. The framework is a generalisable framework for studying IT-mediated crowd engagement.
It takes as its starting point, the knowledge-based view of the organisation’. Here, knowledge is
viewed as a difficult to replicate resource, and as such can account for the variation in organisational
capabilities and performance. Crowd Capital is therefore a knowledge resource generated through
the organisation’s use of Crowd Capability. Crowd Capability is defined as the way in which an
organisation engages with the dispersed knowledge of individuals, i.e., the crowd. The definition of a
crowd in this conceptual model is broad: a crowd is any population of individuals who supply

knowledge to the organisation. As such, a crowd can exist inside of an organisation, be external to it,
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or a combination of both. The notion of the existence and value of dispersed knowledge is not new.
Friedrich Hayek’s 1945 text entitled The Use of Knowledge in Society?, describes dispersed
knowledge as a ‘body of very important but inorganized knowledge’. The Theory of Crowd Capital
centres on the view that organisations exist and compete in an environment of dispersed

knowledge.

Traditionally, the production of scientific knowledge has been a predominantly top-down process,
with researchers often portrayed in metaphorical ivory towers, somewhat separated from the rest
of society until ready to communicate out the results of their research. Such an approach has been
found wanting, and in health-related research has led to research being badly aligned with patient
and societal needs. Advances in technology and cultural changes have enabled new models of
knowledge production to emerge. Technology has advanced the way data is collected, processed,
analysed and integrated with other systems and data. Culturally, Health 2.0 promotes individuals
actively participating in their healthcare, including empowering patients to have greater control over
their own healthcare needs, all in conjunction with Web 2.0 technology®. The huge rise in citizen
science initiatives, across multiple domain areas, over the last decade demonstrates the increased

recognition of the existence and value of dispersed knowledge.

In the Theory of Crowd Capital, the Crowd Capability concept is distinguished from the crowd. It is
defined as an organisational level capability composed of three key parameters: structure, content,
and process. The structure component, which is always an information systems-mediated
phenomenon, refers to the organisation’s technical infrastructure that is developed and deployed to
engage the crowd. The content component connotes the data goals (i.e., the required knowledge or
information) that the organisation seeks from the crowd. The final parameter, process, is defined as
the procedures or workflows that the organisation will implement in order to organise, integrate and
utilise the incoming knowledge, information or data. Through Crowd Capability therefore, the
organisation puts in place the structure, content and processes to access and organise the dispersed
knowledge from individuals. It is this capturing of dispersed knowledge through Crowd Capability
efforts that endows organisations with information or knowledge previously unavailable to them.
The internal processing of this in turn results in the generation of Crowd Capital within the

organisation.

Crowd Capital is the knowledge resource. It is termed as such because of its ability to facilitate an

organisation’s productivity and potentially to generate economic benefit for the organisation. It also
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requires investment as described above in the Crowd Capability tripartite parameters of structure,

content, and process.

This conceptual framework is agnostic to organisational type (e.g., public, private etc.) and
crowdsourcing type (e.g., paid microtasking, voluntary citizen science initiatives etc.), and modality
(e.g., distributed human intelligence tasking, peer-vetted creative production etc.), and provides a
holistic view of crowdsourcing from the organisational standpoint. This flexibility allows for, and
appreciates, the diversity of possible crowdsourcing initiatives being both researched and practiced.
The research undertaken as part of this thesis fits within this theoretical framework. Each research
guestion detailed in the Introduction maps to part, or parts, of the model: Dispersed Knowledge is
identified as existing and of being of potential value to the organisation (Chapters 2, 4, 5, 7 and 8);
Crowd Capability is optimised through development of a state-of-the-art crowdsourcing platform,
and accompanying workflows to turn dispersed knowledge into knowledge that is both useful and
usable (Chapters 2, 3, and 4) and Crowd Capital — what is produced as a result of harnessing the

crowd’s capabilities — resulting in efficiencies in the review production process (Chapters 4 and 9).

10.4 The Four Pillars of Crowdsourcing

Hosseini and colleagues went on to develop a taxonomy for crowdsourcing which they divided into
four parts, termed ‘pillars’, that together constitute the entire crowdsourcing operation®®. Like
Prpi¢’s framework discussed above, Hosseini’s taxonomy aims to accommodate both the diversity

and commonality of crowdsourcing seen across multiple disciplines. The four pillars are:

(1) The Crowd: the people who take part in the crowdsourced activity
(2) The Crowdsourcer: the entity who seeks completion of a task via a crowd
(3) The Crowdsourcing task: the activity in which the crowd participates

(4) The Crowdsourcing Platform: the system with which the crowdsourced task is performed

Within each of the four pillars, Hosseini et al, through examination of 113 research papers on
crowdsourcing, sought to identify and classify sub-features relevant to each pillar. This taxonomy
highlights a number of key concepts relevant to this research and worthy of further discussion in this

chapter.
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10.4.1 Pillar One: The Crowd

Under Pillar One: The Crowd, five distinct features were identified and labelled as diversity,
anonymity, largeness, undefined and suitability. Within each of these five features, further sub-
features were identified. For example, diversity includes considerations of geographic diversity,
gender diversity, age diversity, as well as expertise diversity. Expertise diversity has been considered
in several of the evaluations included in this thesis (Chapter 2, 4 and 5). Largeness relates
unsurprisingly to the size of the crowd, and the crowd’s capacity therefore to complete the task or to
keep up with the flow of data for ongoing, long-term tasks (as assessed in Chapters 2 and 4).
Suitability refers to the fit of the crowd in performing the task, and particularly what motivates the

crowd to take part. The following section looks in more detail at this important concept.

10.4.1.1 Incentivisation

Appropriate rewards and incentives are critical from a crowd engagement perspective. This involves
an understanding of crowd contributor motivations to take part. Established theories of motivation
are pertinent here, ranging from need-based theories such as Maslow’s Hierarchy of Needs!! and
Herzberg’s Two-Factor Theory®?, to process-based theories such as Equity Theory®®, Expectancy
Theory** and Reinforcement Theory?®. In addition, intrinsic and extrinsic motivation frameworks
such as The Self Determination Theory'®, which make the distinction between intrinsic and extrinsic
motivations, are relevant. Intrinsic motivation covers those types of tasks that are perceived as
interesting, enjoyable or rewarding in, and of, themselves. In contrast, extrinsic motives are related
to factors that are not related to the task but are appealing for some external reason, such as the

possibility of improving social, professional or reputational status.

Chapter 6 highlights the range of both intrinsic and extrinsic motivations behind crowd participation
in a study identification task for a complex, mixed studies systematic review. However, this was for a
discrete task that had a clearly defined end, or finish, and a clearly defined reward of named
acknowledgement in the published review. Rewards and incentives are more challenging for those
tasks that are open-ended, for example, tasks that help to feed ongoing central repositories of trials,
as described in Chapters 2 and 4. This is where alternative incentive mechanisms are especially
important in order to help both recruit and retain crowd contributors. Two key areas are pertinent

here: gamification and learning.
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10.4.1.2 Gamification

One such approach, as described in Chapter 7, to encourage sustained participation involves the
addition of game mechanics, or gamification, to microtasks. First explored by von Ahn and Dabbish
in 2004, gamification refers to the use of game design elements in non-game contexts®, Common
game elements include point systems, levels of progression, leader boards and badges. Many
crowdsourcing initiatives have demonstrated substantial success in this area in terms of both crowd
engagement and retention, as well as on measures of efficiency and productivity®. One study by
Feyiseten at al., examined the potential of adding game elements to an image classification
microtask®. Their results demonstrated clear evidence of the positive effects of game mechanics
with up to five times more labels generated in comparison to the same task without any
gamification added, while preserving a comparable level of crowd accuracy. However, gamification
has also been met with criticism, with the assertion that it risks producing an effect termed
overjustification — where the introduction of game elements into traditionally non-game contexts is

seen as undermining potential intrinsic benefits and trivialising contributions into superficial goals®®.

The effects of gamification in the context of Cochrane Crowd are under researched and warrant
further exploration. As briefly described in Chapter 7, a range of game features have been
introduced into the platform, including a virtual badge system that rewards digital ‘milestone’
badges, a points system that rewards contributions with Cochrane membership, competition
elements in the form of weekly ‘screening challenges’, progress bars and target settings enabling
crowd contributors to set daily, weekly and monthly targets. As well as assessing the effect of
gamification approaches on existing microtasks in Cochrane Crowd, consideration also needs to be
given to incentivisation approaches for tasks that require a higher cognitive load, as it is likely that
tasks will get more complex as automation capabilities improve. In a position paper by Ericson et al.,
the author posits that simple tasks with well-defined results lend themselves well to being
embedded in games, whereas more complex tasks, in which individuals need to develop expertise
may be more suited to alternative incentive mechanisms, such as those rooted in the social
dynamics of communities?!. This leads on to a consideration of learning as an incentive for

participation.

10.4.2.3 Learning
The potential for learning was another key reason given by participants in the post-task
guestionnaire described in Chapter 7. Modern theories of learning recognise that science learning is

complex and multi-faceted??, influenced and affected by individual, social, cultural and institutional
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factors. In addition to this, learning can occur in virtually any context and at any age. In
understanding health research, scientific literacy is critical. The COVID-19 pandemic unleashed a
corresponding infodemic, defined as too much information including false or misleading information
in digital and physical environments. One factor underpinning the spread of misinformation can be
attributed to low levels of health and scientific literacy. The role that citizen science could play
therefore in improving scientific literacy should be explored in parallel to the benefits a crowd can
bring in helping to generate scientific knowledge. There is evidence that citizen science can
contribute to scientific literacy?>?*. However, this is another under researched area in the context of
Cochrane Crowd. Whilst mechanisms are in place to support learning (e.g., task-specific training
materials, and an automated feedback mechanism that shows the contributor’s classification
compared to the final, deemed correct, classification), we have not formally evaluated whether

learning occurs, and if so, the extent and nature of that learning.

In the recently published book, The Science of Citizen Science®, the potential for learning is seen not
only as a ‘nice to have’ but as an essential component or outcome that citizen science project and
platform managers should ensure is delivered. However, it is recognised that this is not always
straightforward. At times learning outcomes might not align with other desired outcomes, such as
data generation. An example related to the Cochrane Crowd initiative concerns the contributor’s
valid desire to perform a task accurately, and to receive feedback related to their accuracy to be able
to learn from mistakes, versus the organisation’s prioritisation of outcomes related to recall or
sensitivity rather than overall accuracy (as described in Chapters 2 and 5). Despite such challenges,
opportunities for ‘learning whilst doing’ clearly exist and should be enhanced, not only for the

benefit of the crowdsourcer but for the benefit of the crowd and their communities.

10.4.2 Pillar Two: The Crowdsourcer

Hossieni’s second pillar of crowdsourcing is the crowdsourcer. This could be an individual, a
company, a project or research team. In the research presented in this thesis, the crowdsourcer is a
non-profit organisation, Cochrane?®. Hosseini identified four distinct features of the crowdsourcer:
incentive provision; open call; ethicality provision and privacy provision. Of these, ethical provision is
worthy of more detailed consideration in the context of the Cochrane Crowd initiative and the

research undertaken in this context.
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10.4.2.1 Ethicality provision

In Hosseini’s taxonomy, three acts are described in relation to ethical standards of conduct during a
crowdsourcing activity. The first is that the crowd has a right to stop or opt-out of the activity at any
time; the second, the crowdsourcer should provide feedback about the results of the crowdsourced
activity; and third, the crowdsourcer should ensure that the crowd will not be harmed during the
activity. Hosseini et al. have focussed on provisions applicable during a crowdsourced activity. These
are clearly important and pertinent considerations, but it is worth looking more broadly at this
important area as ethical considerations of crowdsourcing have generated much discussion in recent

years.

Criticisms largely relate to the potential exploitation of crowd workers, with the perception that
crowdsourcing often circumvents workplace practices, potentially leaving crowd worker rights, data
and intellectual property unprotected and unregulated. Related to Hosseini’s second act whereby
the crowdsourcer should provide feedback on the results of the activity, there has been much
discourse regarding the lack of acknowledgement for crowd effort across a wide gamut of
crowdsourced instances. A study by Cooper et al.?” examined the contribution of citizen science to a
review paper by ornithologists in which they formulated ten central claims about the impact of
climate change on avian migration. They found that many of the studies supporting the ten claims
were based on crowdsourced generated data, but that despite the importance of citizen science in
helping to substantiate claims, this crowd effort was rarely noted. Similarly, microtasking
marketplaces such as Amazon Mechanical Turk have come under criticism in recent years as studies
have revealed the often poor working conditions of an ‘unrecognised labour’?#%°, Some of these
ethical issues have been touched upon in Chapter 6 but are worth more exploration here. The
following sections describe the main ethical concerns emerging in crowdsourcing practice. In a
recent paper by Tauginiene et al.?, five key ethical areas are identified: exploitation, inclusiveness,

research malpractice, collaboration with private partners, ownership and acknowledgement.

10.4.2.2 Exploitation

Tauginiere describes exploitation concerns in relation to data ownership®. This will ultimately relate
to the nature of crowd contribution, which can vary hugely across crowdsourced and citizen science
initiatives. In a paper by Scassa and colleagues, a typology of projects is presented from an
intellectual property perspective®!. Four broad categories of the nature of crowd contributions were
identified: (1) classification or transcription data; (2) data gathering; (3) participation as a research

subject; (4) the solving of problems, sharing of ideas or manipulation of data. The question therefore
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of who owns the data produced by a model of crowd contribution ultimately depends on the nature
of that crowd contribution, and should be addressed and defined when drafting the terms of

participation for a project or task.

10.4.2.3 Inclusiveness

Inclusiveness concerns relate to the need to create an equitable model of participation. Depending,
again, on the nature of the crowdsourced approach, a lack of inclusiveness includes both a lack of
opportunity for certain of sections of society to be involved, and the potential loss of key viewpoints
or perspectives. For crowd endeavours aimed at solving problems, or generating new ideas, input
based on an unrepresentative sample of crowd participants might not result in an optimal solution
or be generalisable or applicable to those it relates to or affects. For example, in the healthcare
domain, crowd initiatives that aim to collect symptoms related to a particular condition or side
effects related to an intervention or treatment could result in an unrepresentative data set (it might

be that those with the most serious of side effects are too ill to report them).

Ensuring and supporting inclusiveness in the Cochrane Crowd microtasking initiative has brought
with it its own set of challenges. Some are insurmountable, such as the ‘digital divide’ imposed by an
online platform: it is impossible to contribute to the microtasks without access to a computer or
smart device. However, we have enabled offline working and aim to make tasks work across a range
of devices, understanding that not everyone has access to desktop or laptop computer. Another key
challenge relates to language. As described in Chapters 2 and 6, Cochrane Crowd has attracted
contributors based in 172 countries of the world. For many, English is likely not to be their first
language, yet all current microtasks hosted on the platform are in English. The issue here is two-fold.
Not providing tasks in other languages is a potential barrier to participation for huge sections of the
global community. It is also an issue in terms of representativeness - providing an imbalanced view
that the corpus of valuable health research is only in English. This issue was touched upon in Chapter
4 where the recommendation was made that non-English language sources of health research
should be explored as potential additional sources to be added to Cochrane’s Centralised Search

Service.

10.4.2.4 Research malpractice
Ethical discourse on the use of crowdsourcing often focusses on ethical issues that impact the crowd
contributor. However, one important area of ethical concern relates to the potential for research

misconduct and malpractice in crowdsourced activities. Examples range from lay people destroying
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archaeological sites*? to disruptive online communities spamming projects with deliberate intent to

undermine or influence the results®.

Whilst research malpractice in the context of crowdsourcing activity has largely been associated
within the context of disruption to the physical environment, a potential equivalent issue within the
healthcare domain is around the outsourcing of tasks on sensitive topics. Such topic areas could be
sensitive from a socio-political perspective, such as abortion or vaccination, or in a commercial or
economic sense, for example tasks related to investigational drugs developed by ‘Big Pharma’.
Intentionally disruptive crowd contributors have not been an issue for Cochrane Crowd to date.
Crowd activity on tasks is monitored carefully and unusual behaviour automatically flagged. In
addition, the agreement algorithms in place are designed to absorb a degree of error, intentional or

not, made by individual contributors.

10.4.2.5 Collaboration with private partners

Another area in which ethical concerns have been raised relates to crowd initiatives that are linked
to commercial enterprise. The primary issue is the monetary value of the research which is based on
crowd generated data. This might be an issue identified at the project initiation stage, in which case
clear communication regarding the proposed use of the data is recommended. Potential
complexities arise if new uses of the already generated data are developed that involve generating

revenue for private partners.

10.4.2.6 Ownership and acknowledgement

Ensuring that the crowd are acknowledged and rewarded appropriately is another key ethical
concern. For crowd contributions resulting in scientific publications, authorship or acknowledgement
are two potential rewards. However, citizen science contributors are rarely included as authors on
publications®. In medicine and healthcare-related research one reason for this is likely to be the
current authorship criteria standards set by the International Committee of Medical Journal Editors
(ICMIJE)®*. Many journals in this domain area follow the ICMJE standards which state that authors
must have made a substantial contribution to any or all of the following: (a) the research design; (b)
data acquisition; or (c) data analysis or interpretation. It also states that authors must read the
submitted manuscript, agree with its conclusions, and take responsibility for their part of the
research. Contributors who do not meet the criteria for authorship should be listed in an
acknowledgements section at the end of the publication. Cochrane follows the ICMJE standards and

offers crowd contributors named acknowledgement in the published reviews. To date, this has
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proved an adequate reward for these types of tasks. We are however, left with two emerging
concerns related to this particular ethical issue. The first is how best to appropriately acknowledge
those who contribute to tasks that are not directly involved in a specific publication or review (as
described in Chapters 2 and 4), and second, as tasks get more complex, while still falling short of the

current requirements for authorship, named acknowledgement may not be enough.

10.4.3 Pillar Three: The Crowdsourced Task

A crowdsourced task can take many forms. A number of typologies exist that aim to define and
categorise the nature and type of crowd tasks that are possible®. Hossieni et al. identified eight
distinct features: traditional operation (a task normally done ‘in-house’ by employees of an
organisation), outsourcing task — a task that would otherwise be outsourced; modularity — including
complex tasks broken down into microtasks; complexity; solvability — how simple for a human
participant to solve or answer; automation characteristics — the extent to which the task is difficult
to automate; user-driven — where a crowd is used to generate ideas or create designs, or where the
crowd participates in a production process in order to create a product; and finally, contribution

type — how the contribution of the crowd is used.

This research has tested the modularity concept of microtasking within the context of health
evidence synthesis production. Each empirical study has sought to evaluate measures of crowd
performance across a range of experiments to identify studies of various designs (Chapters 2, 5, 6
and 7) and under tight time constraints (Chapter 8). The crowd’s collective accuracy has proved
consistently high across each study. This success is attributable to several key task characteristics
related to their modularity, complexity and solvability. The microtasks developed and evaluated as
part of this research were not designed to replicate the task undertaken traditionally by systematic
reviewers, but rather the traditional task itself has been broken down into a micro format, with the
aim of making it less complex and therefore more solvable. However, one danger of applied

research of this nature is to assume that the findings are transferable.

10.4.3.1 Transferability

The concept of transferability, synonymous with replicability, refers to the extent to which an
intervention’s effectiveness could be achieved in another sample or setting. The setting in which this
research has been conducted is highly specific, yet the problem it addresses is by no means unique
to health evidence production. Global scientific output doubles every nine years®”. Across multiple

scientific domains, researchers are hindered by a deluge of data. It is becoming increasingly
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challenging to identify what research has been done, is ongoing or has yet to be tackled. These
unknowns hamper scientific progress and are detrimental to efforts to provide solutions to global
societal challenges. In addition to this, research waste, defined as research with no societal benefits,
is increasing. In medicine, the notion of research waste is well defined and has been estimated to
cost USS85 billion annually®. While each domain area will bring with it its own set of specific
challenges and requirements, the Evidence Pipeline approach, designed, evaluated and
implemented as part of this research, provides a replicable model of research identification that
could be adopted across any domain area where there is potential need for human computing
power that crowdsourcing could fill in order to accelerate research, and reduce research waste.
Indeed, we have had marked interest from a number of organisations across both the health sector

and beyond, including areas such as education, agriculture, food safety and policing.

10.4.4 Pillar Four: The Crowdsourcing Platform

Four features are described in Hossieni’s taxonomy related to the online environment: crowd-
related interactions; crowdsourcer-related interactions; task-related facilities; and platform-related
facilities. Of especial relevance here is the task-related facilities concept which relates to the
interaction and aggregation of the knowledge from the crowd. The issue of the quality of crowd
generated data has been the source of much research¥4%4! and remains a challenge for many citizen
science and crowdsourced initiatives*2. This research developed, deployed, and evaluated an
agreement algorithm designed to work across a range of microtasks with characteristics previously

described.

A final key area worth discussion is the utility of the crowd-generated data itself. When issues
regarding the quality of crowd generated data are raised, they should be done with a clear
understanding of the potential use of the data, and what the end-users of the data’s priorities are
with regards to the data. Three questions should be asked: (1) Why do we need this data? (2) How
will it, or how could it be used? (3) What are the priorities in terms of the data output (for example,
timeliness, quality etc.)? These questions shape both the task and the task-related facilities. As
shown by this research, we did not only create crowd tasks, we sought to evaluate their
implementation in review production workflows to better understand how crowd generated data
can be used, and explore the impact different variables have on the end-user or the end-product.
Three main workflows were evaluated: (1) study identification at review-level (Chapters 5, 6 and 8);

(2) study identification at repository level (Chapters 4 and 9); (3) study identification for machine
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learning (Chapters 2 and 9). Across, and within, each of these workflows are variable requirements

in terms of the composition and quality of the crowd data.

10.5 Future directions

Without a doubt, crowdsourcing activities, across multiple domains, will continue to grow. In terms
of the science of crowdsourcing, there remain many unsolved issues that require more research.
Some of these issues have been discussed above, such as ongoing ethical concerns and crowd
incentivisation. With over five billion internet users around the world, crowdsourcing has the
potential to be disruptive technology. In the context of this research, we have applied it within an
existing scientific production and publishing context, accepting, perhaps even accommodating,
weaknesses such as poor reporting of primary research, inconsistent and inaccurate record indexing
by biomedical databases, lack of standardised record formatting and poor transparency of study
audit trails. Yet crowds could not only help tackle challenges within the existing research paradigm
but play a significant role in ushering in a new paradigm, one in which metadata is recognised as ‘the
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liberator of knowledge, where everyone has a responsibility to improve it'*>. As Chris Lintott wrote in

his book, The Crowd and the Cosmos:

There is a more interesting future in store — one in which the line between work done by
amateurs and professionals, and between the amateurs and professionals themselves, blurs

still further®*.

More specifically, future research will be needed to better understand which problems can be
successfully solved by a crowd and how best to optimise the problem’s solvability. This relates to the
design and structure of the tasks themselves. Practitioners are now faced with multiple options and
better understanding of which approach will be most effective is required. More research is also
needed regarding how best to use and integrate crowd-generated data. This research has involved
the development and evaluation of hybrid workflows incorporating human and artificial intelligence.
We have demonstrated that such a hybrid intelligence system, which plays to the strengths of its
component parts, can be highly effective. However, more research is needed to better understand
the capabilities here and the conditions in which hybrid systems will flourish. In a recent essay by
Ceccaroni et al., a comprehensive overview of current applications of Al in citizen science is
provided®. The authors then discuss both future opportunities and potential risks, and posit that
humans alone (both experts and citizen scientists alike) will be unlikely to be able to deliver the

volumes of data needed to solve many of the global-scale challenges of today and the future. To that
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end, the risks of both engaging Al in citizen science initiatives, as well as the risks of ignoring such

capabilities, should be evaluated. Rafner and colleagues have produced a framework for types of

human-Al interactions in citizen science based on established criteria of hybrid intelligence?®. This

framework forms a solid basis from which to identify the types of citizen science projects that may

be supported by artificial intelligence. In the context of health evidence synthesis, we are now

expanding our research to develop a range of crowd tasks and machine learning classifiers to

generate high-quality, reusable metadata about primary studies according to the PICO (Population,

Intervention, Comparator, Outcome) framework.

A plethora of research on crowdsourcing from multiple theoretical and domain perspectives now

exists. However, many gaps in knowledge remain. Future work must continue to develop our

understanding of crowdsourcing, particularly how we can best use crowd effort, leveraging the

complementary functionalities of machine learning, while remaining attuned and attentive to crowd

motivations and ethical requirements.
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Chapter 11. Conclusion

11.1 Introduction

Evidence synthesis, usually in the form of a systematic review or a meta-analysis, aims to answer a
pre-specified research question incorporating all relevant empirical evidence, and using explicit and
replicable methods to minimise bias. Evidence synthesis is recognised as an essential component in
bridging the gap between research findings (what is known) and health care practice (what is done):
the ‘know-do’ gap. One of the most significant pressure points is in identifying the evidence as we
find ourselves increasingly struggling to keep up with the amount of research produced. This
information overload causes delays in the evidence synthesis process which ultimately means that
important clinical questions about the effects of treatments remain unanswered, and clinicians and
patients are left to make decisions based on a poor understanding of the available evidence. In other
words, information overload is lengthening this ‘know-do’ gap. This research has sought to address
this challenge. This collection of empirical studies, all of which have been published in academic,
peer-reviewed journals, have had demonstrable impact both in terms of their academic significance

and their practical application.

11.2 Academic significance

This work has contributed to the methods, theory, and application of crowdsourcing in the
production of high-quality health evidence. From a methodological standpoint, this research has
significantly contributed to our understanding of how to design, conduct and measure human
computation microtasks to ensure high quality data output and task efficiency. More specifically, its
theoretical contribution includes the introduction of a new method of crowd data aggregation, the
application of the microtasking concept to a new domain area, and the methodological guidance for
the development, calibration and validation of machine learning models trained on crowd-generated

data. Each of these aspects are described in more detail below.

11.2.1 Agreement algorithms

Concerns regarding the quality of crowd generated data remain the predominant issue in the field of
citizen science. Various approaches to aggregating crowd generated data have been developed to
varying degrees of success. As part of this research, we developed a robust agreement algorithm,

and an accompanying crowd contributor structure, that enables high quality data output (described
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in detail in Chapter 2 and evaluated across a range of studies presented in Chapters 2, 4, 5 and 8).
The algorithm and the structure are both simple to understand and implement, and constitute a

valuable addition to a growing catalogue of approaches used to ensure high quality data output.

11.2.2 Human computation and microtasking

This work introduces the concept of microtasking to aspects health evidence production. Related to
the above point regarding concerns about the quality of crowd work, one prior barrier to involving
citizens and non-professionals in the research production process relates to questions regarding the
crowd’s ability to perform tasks traditionally undertaken by professional researchers. In the area of
healthcare research, this issue has been arguably considered more important than in other domain
areas. As part of this research, we applied the microtasking concept in a way that had not been
applied before in this domain area (described in detail in Chapter 2). By decomposing larger, more
complex tasks into a smaller microtasks, we created new tasks specifically designed to not require
prior experience or expertise. Previous studies have struggled to obtain adequate levels of crowd
accuracy in part because the tasks replicated the expert task rather than developing a more modular

form of the task.

11.2.3 Machine learning and hybrid workflows

Many crowdsourcing initiatives fail to use the data generated. This work demonstrated the value of
crowd-generated data in two main ways: (1) in the development of machine learning classifiers, and
(2) in the development of hybrid workflows that utilise human and machine effort to their respective
strengths. Chapters 3 and 9 describe in detail the methodology required to develop robust support
vector models that can be implemented in a binary fashion. Chapters 4 and 5 evaluate hybrid

workflows that combine these semi-automation approaches.

11.3 Practical impact

11.3.1 The Cochrane Crowd Platform

A major practical output of this research is the platform itself. Cochrane Crowd

(https://crowd.cochrane.org) is a state-of-the-art crowdsourcing web application designed to create

and host human computation microtasks. It was launched in 2016, hosting a single task. Since then,
it has hosted dozens of microtasks, each one either directly contributing to the production of a
systematic review, feeding central repositories of studies, or helping to create training data for

machine learning models. Over two million records have been collectively assessed by the crowd,
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equating to over eight million individual classifications. As described in Chapter 2, this has enabled

us to keep pace with the quantity of research being produced.

11.3.2 The Cochrane Crowd community

Over 26,000 people have signed up to join the Cochrane Crowd community. This research has
enabled many to get involved in the review production process, a significant proportion of whom
had little or no previous experience with health research. Based on information we collect the first
time someone logs in, almost a quarter are completely new to the area of health research, and a
third of all contributors state they had either no idea or only a vague idea of what a systematic
review is upon sign-up. The community is also geographically diverse, with contributors resident in

172 countries of which 52% are based in lower and middle income countries.

11.3.2 Machine Learning classifiers

This research includes the development of two support vector machine learning classifiers: (1) the
RCT Classifier, and (2) the COVID Eligibility Classifier, described in detail in Chapters 3 and 9
respectively. These classifiers have been deployed to production, performing aspects of their
respective tasks previously undertaken by the crowd, thereby freeing up human effort to focus on
tasks not yet doable by the machine. Both classifiers have resulted in a significant workload
reduction in terms of the number of records requiring manual assessment. The RCT Classifier has
also been adopted by the wider research community having been incorporated into a number of
non-Cochrane tools and workflows: Robot Reviewer (https://www.robotreviewer.net), Trialstreamer
(https://www.sites.google.com/a/york.ac.uk/yhectrialsregisters/home/clinicaltrials/trialstreamer),

Eppi Reviewer (https://eppi.ioe.ac.uk/CMS/Default.aspx?alias=eppi.ioe.ac.uk/cms/erd&).

11.3.3 Impact on the current paradigm

My research supports the current search paradigm through the creation of crowdsourced capability
that enables both rapid and accurate study identification. The identification of potentially relevant
studies for reviews is a critical activity, applicable to all review types. The Screen4Me workflow
(described in Chapter 5) which uses both Cochrane Crowd and the machine learning RCT Classifier,
has to date been applied to 107 Cochrane intervention reviews, and resulted in author team
workload reduction for study identification of between 52-87%. As well as workload reduction, time
has been saved with the screendme workflow designed to take a maximum of two weeks from start

to finish in comparison to months spent on this task by review author teams.
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11.3.4 Introduction of new paradigm

At a macro level, in terms of the development of the Evidence Pipeline, our human-machine
workflows now contribute over 99% of reports of randomised and quasi-randomised trials (RCTs) to
Cochrane’s Central Register of Controlled Trials (CENTRAL). This constitutes 97.5% of RCTs that get
included in Cochrane intervention reviews (as detailed in Chapter 4). This has made CENTRAL the

most comprehensive repository of RCTs in the world.

11.4 Conclusion

Each study in this thesis has made a unique contribution to our understanding of the potential role
of crowdsourcing in health evidence synthesis. Taken together, this body of work has
unquestionably demonstrated the feasibility of crowdsourcing human computation tasks within the
study identification stages of evidence synthesis. Crowdsourcing is now implemented into Cochrane
review production processes both within the current information retrieval paradigm, in terms of
assessing sets of search results retrieved for individual or suites of reviews, but also in terms of
helping to produce and maintain highly curated repositories of studies as part of Cochrane’s
Evidence Pipeline. The crowd have proved capable with a multitude of varying tasks, and produced
data that has enabled the development of machine learning models, creating virtuous cycles that
have enabled us to create human-in-the-loop workflows that play to the strengths of crowd and

machine alike.

As we move towards potentially tasking the crowd with perhaps more challenging tasks aimed at
enriching repositories of studies with metadata about those studies, more thought must be given to
rewarding and acknowledging the crowd effort (as discussed in Chapter 10). The evaluations in this
thesis have largely focussed on outcomes regarding crowd performance. That has been an
appropriate focus to date as ensuring (and proving it to the wider community) crowd accuracy was
our primary concern. We do however need to recognise the vital importance of acknowledging
contributions of this nature appropriately. Named acknowledgement for those who have helped to
assess the search results of individual reviews has been well received by the Cochrane Crowd
community, but how to best to reward and acknowledge those that play an arguably even more
important role in helping to create and curate vital repositories of studies that will feed the reviews
themselves? As the scientific publishing paradigm shifts towards enabling a more living evidence
approach to evidence synthesis, we have an opportunity to make sure that crowd contributions are
recognised in those evidence outputs. Other domains are ahead of us in addressing some of this. For

example, it is not uncommon for physics paper to have dozens of authors, reflecting the large
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numbers of contributors helping to maintain the data sets upon which the research is based. Cultural
and organisational shifts are needed, as well as a technological one; the ‘publish or perish’ model
encourages a competitive and siloed approach to science that is not always beneficial, undoubtably
leads to duplication of effort and waste, and is not aligned with the notion of diverse communities of

contributors continually curating the evidence base.

Cochrane Crowd was one of the first and is arguably the most successful implementation of
crowdsourcing in evidence-based healthcare. This innovation has been pivotal for Cochrane in
establishing a hybrid human-machine workflow now deployed at production level. By leveraging the
speed and scale of automation via machine learning, working in partnership with the accuracy of
manual verification by the crowd, we have been able to make substantial efficiency savings, without
compromising on quality. The Cochrane Crowd initiative is a powerful example of generating
economies of effort to produce results far greater than the sum of its parts. We will continue to
develop this important human resource, understanding that people have always been our greatest
asset. What might have started out as a novelty to some, or indeed something to be approached
with caution, has now become a fundamental part of the evidence production ecosystem, and one

that has the potential to transform the way we produce health evidence.

This work has demonstrated that crowdsourcing in this way not only expedites the study
identification process for individual reviews, with significant workload reduction for author teams
within the current production paradigm, but also enables a new production model to emerge; one
that leverages economies of effort and scale to help create comprehensive, curated repositories of
studies, provide ongoing high-quality training data for machine learning classifiers, and support the

co-production of evidence by the very communities who need it.
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