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Backgrou “d- Reviewing literature can be Human error rate can bhe 21% Health Economics and Outcomes Research Machine-learning classifiers (algorithms
) time-consuming e Studies have shown human error can be (HEOR) is a wide-ranging, descriptive, term that categorize data) could assist

e This can negatively impact the common due to review fatigue and * Definitions and understanding of the term can vary e Through successful identification of HEOR
accurate inclusion of HEOR inter-reviewer variability*. publications for inclusion

publications

Aims: To train and test a classifier algorithm that can identify HEOR publications based on title and abstract,
using the DistillerSR literature review platform

/ Health-economics: The use of resources to efficiently improve the health of a population®*
Outcome research: Any research that attempts to measure the effectiveness, efficiency, equality and patient-centeredness of healthcare>®

DeV9|0pillg a deﬁnition fOr Based on the AMCP definition of outcomes research, we provided further HEOR guidance to reviewers based on 3 main types:®
Health Economic and  Humanistic - patient-/caregiver-reported outcomes

e Clinical - real-world or statistical comparison of treatments, e.g. indirect treatment comparisons
0utcomes Resea rch  Economic - cost-effectiveness evaluations

The type of study was not important, only whether HEOR outcomes were reported
\ e Under this definition, any randomized controlled trial that reported PROs was included

Results: Classifiers identified more publications as HEOR Reviewers were correct on 2/3 of conflicts
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Reviewers tended towards exclusion 200 1
(higher false negatives), whereas 100
the classifiers tended towards 0
inclusion (lower false negatives). Reviewers Classifiers

Expert-trained classifiers were able
to identify publications reporting
HEOR outcomes using the abstract
and title alone.
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Methods: TEST database developed

Classifier trained e Review conflicts in TEST database
TRAIN database developed

References imported to « The trained classifier was applied to TEST * Calculate false negative and false

build database * Binary classifier algorithm ‘learns’ from * Reviewers without HEOR experience Sl VEliete

e Experienced reviewers (n = 7) classified experienced reviewers (n = 5) review the same publications ’ \é\”}f’ ‘_"t’?s ‘corrggt’agased on the
. L i . : : as the classifier N = 551 ernition proviaed:
Embase and Pubmed publications as HEOR or not The classifier was trained with e o s i

e DistillerSR literature review * “Is HEOR data reported in the unconflicted data (e.g. incorrectly excluded) and false positive
software was populated with title/abstract? Answer: "yes" or "no"” (e.g. incorrectly included) characteristics

HEOR and non-HEOR publications o Conflicts were resolved via online/verbal e Descriptive statistics are reported
from two clinical indications discussion N = 245

* Reviews and publications without
an abstract were excluded
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