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ORIGINAL ARTICLE
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quality assessment of medical evidence revealed important variation

by medical area
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Abstract

Objectives: A major obstacle in deployment of models for automated quality assessment is their reliability. To analyze their calibration
and selective classification performance.

Study Design and Setting: We examine two systems for assessing the quality of medical evidence, EvidenceGRADEr and RobotRe-
viewer, both developed from Cochrane Database of Systematic Reviews (CDSR) to measure strength of bodies of evidence and risk of bias
(RoB) of individual studies, respectively. We report their calibration error and Brier scores, present their reliability diagrams, and analyze
the riskecoverage trade-off in selective classification.

Results: The models are reasonably well calibrated on most quality criteria (expected calibration error [ECE] 0.04e0.09 for Evidence-
GRADEr, 0.03e0.10 for RobotReviewer). However, we discover that both calibration and predictive performance vary significantly by
medical area. This has ramifications for the application of such models in practice, as average performance is a poor indicator of
group-level performance (e.g., health and safety at work, allergy and intolerance, and public health see much worse performance than can-
cer, pain, and anesthesia, and Neurology). We explore the reasons behind this disparity.

Conclusion: Practitioners adopting automated quality assessment should expect large fluctuations in system reliability and predictive per-
formance depending on the medical area. Prospective indicators of such behavior should be further researched. � 2023 The Author(s). Pub-
lished by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Keywords: Systematic reviews; Automated quality assessment of medical evidence; Risk of bias; Critical appraisal; Calibration; Uncertainty estimation; Reli-

ability; Selective classification; Disparity

1. Introduction

Systematic reviews, which analyze, aggregate and criti-
cally appraise all relevant published evidence on a specific
question, are a cornerstone of medical evidenceebased
decision-making [1,2]. Their creation is recognized as an
especially arduous process, typically taking 1.3 person
years per review [3]. Often, reviews are out of date or sim-
ply unavailable for specific clinical questions due to the re-
sources required [4e7]. This has given rise to burgeoning
research into automation of different steps of the reviewing
process, including article classification, screening for pri-
mary studies, data extraction, and quality assessment
[7,8], supporting substantial speed-up [9]. In quality assess-
ment specifically, machine learning (ML) and natural lan-
guage processing (NLP) approaches that (partially)
automate risk-of-bias (RoB) estimation of individual
studies included in a review have been proposed [10e13].

Funding: The research is funded by the Australian Research Council

through an Industrial Transformation Training Center Grant

(IC170100030) in collaboration with IBM.

Availability of data and materials: The evaluation data of Evidence-

GRADEr and RobotReviewer are available on Zenodo [45,46].

Conflict of interest statement: The authors declare that they have no

competing interests.

Authors’ contributions: S.�S. collected the data; contributed in concep-

tualization; conceived and designed the analysis; performed the analysis

and the experiments; and wrote the paper. T.B. conceived and designed

the analysis; contributed in conceptualization; wrote the paper; and

contributed in supervision. K.V. conceived and designed the analysis;

contributed in conceptualization; wrote the paper; and contributed in su-

pervision. All authors revised and approved the final manuscript.

* Corresponding author. School of Computing and Information Sys-

tems, The University of Melbourne, Melbourne, Australia. Tel.: þ61-3-

9035-4422.

E-mail address: simon.suster@unimelb.edu.au (S. �Suster).

https://doi.org/10.1016/j.jclinepi.2023.04.006

0895-4356/� 2023 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/

licenses/by-nc-nd/4.0/).

Journal of Clinical Epidemiology 159 (2023) 58e69

http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:simon.suster@unimelb.edu.au
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jclinepi.2023.04.006&domain=pdf
https://doi.org/10.1016/j.jclinepi.2023.04.006
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.jclinepi.2023.04.006
https://doi.org/10.1016/j.jclinepi.2023.04.006


What is new?

Key findings
� We carry out a reliability analysis on 10 quality

criteria from two machine learning-based quality-
assessment models and find that on average they
are well calibrated.

� Model reliability as well as selective classification
and predictive performance vary importantly
across medical areas. The distribution of medical
evidence and of model outcome probabilities are
important factors associated with the varying per-
formance levels.

What this adds to what was known?
� Calibration and the potential of selective prediction

for quality assessment systems have not been pre-
viously studied.

� Our work is the first to present a detailed analysis
of those criteria and shows how these systems can
be further calibrated.

� We identify and examine the performance disparity
across medical areas, which may pose an obstacle
to adoption of such systems in practical settings.

What is the implication and what should change
now?
� While systems such as RobotReviewer and Evi-

denceGRADEr hold promise for supporting semi-
automated quality assessment of medical
evidence, large fluctuations in model reliability
and predictive performance are to be expected by
practitioners depending on the medical area.

� Indicators of model reliability and performance
during deployment should be further researched.

Other approaches include assessing larger bodies of evi-
dence with a wider set of quality criteria [14].

ML approaches to quality assessment are typically set as
text classification tasks, where an abstract or a full article is
encoded with a pretrained language model [15,16] and
mapped to a quality label (e.g., high and low) using a neural
network. Nontextual inputs may be considered as well,
such as numerical (e.g., number of participants) and cate-
gorical (e.g., type of effect) features in the case of Eviden-
ceGRADEr [14]. Apart from a quality label,
RobotReviewer [10] also outputs snippets of text that sup-
port its decision and may be useful as a justification when
using the classifier in an assistive setting. These quality
assessment systems are trained using labeled data obtained
from systematic reviews in which the decisions regarding

RoB or Grading of Recommendations, Assessment, Devel-
opment, and Evaluations (GRADE)1 labels were made by
human experts. We describe the systems used in our work
in more detail in Sections 2.3.1 and 2.3.2.

While such approaches can speed up quality assessment
in semiautomated settings [17], the trustworthiness of sys-
tematic reviewing technology in general remains an open
question [18,19]. One way to develop trust is by managing
uncertainty in the correctness of model predictions and
knowing, prior to applying a model in a specific subdo-
main, what its accuracy will be [20]. Ideally, the confidence
of a model in a prediction should be a good indicator of the
likelihood for that prediction being correct. For example, if
a system says 1,000 of the data points have an event x with
probability 0:7, approximately 700 of them should indeed
have this event. This would be useful in deployment so that
developers can impose a threshold for showing a prediction
to the final user. Or a user could decide themselves whether
to keep a prediction based on the confidence score [21].
Uncertainty-calibrated classifiers will at least ‘‘know what
they do not know,’’ making their deployment in practice
more reliable, even if their internal mechanisms are opaque
or uninterpretable [22], Jiang et al., 2012 [23].

Our work is the first to thoroughly examine the question
of the calibration of ML models for quality assessment in
medical evidence synthesis. By including in our analysis
two systems, RobotReviewer [11] for RoB assessment of
individual studies and EvidenceGRADEr for grading the
quality of bodies of evidence [14], we wish to lay out a path
to the deployment of such tools for practical use.

2. Methods

2.1. Calibration evaluation

A model is calibrated if the confidence estimates of its pre-
dictions are aligned with the empirical likelihood of the model
being correct. The difference between the two is known as
calibration error [24]. In our analysis, we report the average
over all predictions, known as expected calibration error
(ECE), and use reliability diagrams to show how miscali-
brated the model predictions are at various steps in the prob-
ability range. Finally, we report the Brier score [25e27]
which apart from classifier’s calibration performance takes
into account also its discrimination capabilities (predictive
performance). We include further methodological details
about these methods in Appendix A.1.

2.2. Selective classification

The tools that we use to study the calibration of classi-
fiers can be further exploited in the framework of selective

1 Grading of Recommendation, Assessment, Development, and Evalu-

ation framework [32].
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classification [28e30]. Here, the model (or alternatively,
the user) is granted the ability to decide which predictions
should be trusted and kept (possibly for subsequent pro-
cessing by an expert), and which should be rejected
(possibly requiring a complete reassessment). The intuition
behind selective prediction is to reduce the error rate (risk)
by sacrificing coverage, that is, the proportion of all data
points eligible for classification. A necessary condition
for successfully applying selectivity is a match between
the model’s confidence and empirical accuracy, in other
words, a well-calibrated model whose confidence scores
can be trusted. In real-life applications, a practitioner would
prefer the model with better coverage when comparing two
models for selective prediction and for some maximum
permissible error rate. Conversely, they could fix coverage
and select a model that has better discrimination capability.

To show the potential of selective classification in
reducing the risk of error in quality assessment tasks, we
employ a straightforward approach. We impose a confi-
dence threshold t on model’s predictions and keep those
that exceed it while discarding all others. The effect can
then be observed in a riskecoverage curve that displays
the trade-off between the risk of error and the coverage
across the entire spectrum of t [30,31]. To obtain a
single-value indication of the significance of this trade-
off, we report the area under the riskecoverage curve
(AUC-RCC) [29], where a smaller value indicates a better
selective-prediction performance. We include the calcula-
tion details in Appendix A.1.

2.3. Models and evaluation data

2.3.1. EvidenceGRADEr
EvidenceGRADEr [14] is a ML system that performs

quality assessment in the context of systematic reviews ac-
cording to GRADE criteria [32]. The system assesses a
body of evidenceda set of studies included in a systematic
review, grouped by a specific Population, Intervention,
Comparison, Outcome questiondand outputs predictions
for various quality characteristics (or tasks). In this work,
we consider all binary quality classification tasks, that is,
the presence or absence of a particular downgrading crite-
rion (RoB, imprecision, inconsistency, indirectness, and
publication bias) and the overall binary quality grading,
in which one class represents low/very low-quality evi-
dence, and another moderate/high-quality evidence.2 The
model output probabilities are taken to represent higher-
quality evidence (or the absence of a downgrading crite-
rion) if their value equals or exceeds 0.5, and lower-
quality evidence otherwise.

2.3.2. Data
In our analysis, we use the dataset created by [14],

which was constructed from a 2020 snapshot of the Co-
chrane Database of Systematic Reviews (CDSR) containing
8,034 reviews.3 The dataset was developed by extracting
and organizing meta data of each review, textual parts of re-
views (abstracts and summaries), summaries of findings,
and certain characteristics of primary studies. For individ-
ual grading criteria, 59% of the total 13,440 data instances
(bodies of evidence) are flagged for RoB, 55% for impreci-
sion, 16% for inconsistency, 10% for indirectness, and 5%
for publication bias. For two-tier GRADE scoring, low- and
very low-quality labels are merged (n 5 7,299), as well as
moderate- and high-quality labels (n 5 6,141), resulting in
a roughly balanced set.

2.3.3. RobotReviewer
RobotReviewer is an NLP system for automatically

determining the information describing the trial conduct,
including the RoB of a study. The system takes as input a
full-text article describing the conduct and results of a ran-
domized controlled trial (RCT), and outputs a binary deci-
sion about whether the study is at low or high/unclear RoB
for four of the Cochrane RoB1 criteria. It also extracts sen-
tences found in the text supporting that decision. The sys-
tem’s output layer predicts the criteria by averaging the
output probabilities of two different models, a linear model
and a convolutional neural network [33]. As in Evidence-
GRADER, the model’s output probability represents low
RoB for values equaling or exceeding 0.5, and high risk
otherwise. We use the openly available implementation of
the system, trained on 12,808 trial portable document for-
mats with RoB annotations from CDSR.4

2.4. Data

To perform our analysis of RobotReviewer, we first
collected all PubMed identifiers of primary studies included
in CDSR as of March 2022 (totalling around 64,000) and
removed those already used in the development of Robot-
Reviewer, which yielded around 14,000 identifiers. Based
on these, we directly crawled for the portable document
format documents of open access articles from various pub-
lisher websites, as well as downloaded the documents
accessible through the PubMed Central Open Access
collection.5 We obtained the ground-truth RoB labels from
the judgments made by the review authors. Whenever a
medical study was assessed for RoB in multiple reviews,
we took the majority vote. Altogether, we were able to
obtain 3,197 data instances for random sequence generation
(RSG; with a proportion of low-risk evidence of 70%),

2 Such binary grading corresponds to how the quality assessment in

systematic reviews is used by guideline panels. They typically associate

a strong recommendation for an intervention with high/moderate confi-

dence in the effect estimate for critical outcomes and are discouraged from

doing so otherwise [47].

3 https://www.cochranelibrary.com/cdsr/about-cdsr.
4 https://github.com/ijmarshall/robotreviewer.
5 https://www.ncbi.nlm.nih.gov/pmc/tools/openftlist/.
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2,715 for blinding of outcome assessment (BOA; 51% low-
risk), 3,256 for allocation concealment (AC; 57% low-risk),
and 2,556 for blinding of participants and personnel (BPP;
41% low-risk).

2.5. Prior evaluation

The use of RobotReviewer for RoB assessment in a
semiautomated setting has been already extensively evalu-
ated. We can categorize the studies into those looking at:
(a) its accuracy in general [20,34e37] or in specific areas,
such as nursing [34]; (b) the time used for assessment
compared to human evaluators [17,35,36]; and (c) reviewer
acceptability [17,36]. We were not able to identify any
studies examining the questions of calibration or selective
classification. The closest is a brief analysis of reliability
of the related Trialstreamer [38]. The system finds and cat-
egorizes RCTs, including performing a RoB assessment.
However, the tool is optimized for speed of processing,
so it processes abstracts rather than full texts, and outputs
a single, overall RoB score rather than scores for individual
criteria. In this setup, the authors offer a short calibration
analysis for the low-risk class only, reporting a Brier score
of 0.1. Their calibration plot reveals that predictions closer
to 0 (‘‘low risk’’) tend to be overconfident and those closer
to 0.5 (‘‘undecided’’) tend toward underconfidence. They
do not address the questions of selective classification
and performance disparity.

3. Results and discussion

3.1. Predictive performance

In the case of EvidenceGRADEr, since we use the same
evaluation data as in [14], the predictive performance
matches that reported in the paper. However, for RobotRe-
viewer, we perform the analysis on a previously unused test
set. We therefore compare RobotReviewer’s predictive per-
formance to that reported previously by the authors [39].
Evaluate eight different model variants, including a multi-
task support-vector machine specifically designed for
RoB assessment, and a rationale-augmented convolutional
neural network model. We summarize their results as a
range of accuracy scores in Table 1. Since we adopt the

publicly-available ensemble model as RobotReviewer’s im-
plementation it is fair to assume that its expected perfor-
mance should lie within the range. Our evaluation run
shows that the results are close to, or within the range re-
ported in [39]. While our test data do not represent an
out-of-domain set, a large majority of data instances come
from articles published after those used in the development
of RobotReviewer. This might explain why we observe a
small drop in performance.

3.2. Off-the-shelf reliability

We first examine how well-calibrated the different qual-
ity assessment models are. For EvidenceGRADEr tasks, the
calibration quality is best on the binary grading task
(Fig. 1a), where the model achieves an ECE of 0.05 and
the lowest maximum calibration error, 0.13.

The calibration on individual downgrading criteria is
variable. The models for imprecision (Fig. 1b) and RoB
(Fig. 1c) are reasonably well-calibrated, but they tend to
be overly confident in predicting the absence of the down-
grading criterion (the positive class),6 and underconfident
when predicting the presence of the criterion (negative
class). This is a similar pattern to that observed in Trial-
streamer (cf. Section 2.3.2). The results on the remaining
tasks (Fig. 1d and f) display the same tendency, but there
the predictions are heavily skewed toward the positive
class.7 We report all ECE scores in Tables 2 and 3.

The prediction of RoB criteria by RobotReviewer
(Table3) is similarly well-calibrated to the binary GRADE,
imprecision and RoB models of EvidenceGRADEr
(Table 2). The ECEs are in the range 0.03e0.06, but the
models make no high-confidence predictions for the nega-
tive class (presence of the risk criterion), that is, there are
no predictions around the ½0; 0:2� confidence band
(Fig. 2). This is unlikely to cause problems when the end
user is interested in identifying higher quality evidence
(without identified RoB criteria), but can be problematic
when trying to flag with high confidence the evidence that
is at a higher RoB.

3.3. Selective prediction

Selective classification enables the end users to focus on
those predictions that are more likely to be correct, and
treat them differently to those that are likely to be incorrect
(these could be discarded or flagged for manual

Table 1. Accuracy of RobotReviewer on the new test set

Criterion [39] Ours

RSG 0.72e0.77 0.72

AC 0.72e0.76 0.67

BPP 0.73e0.76 0.74

BOA 0.63e0.70 0.62

Abbreviations: RSG, random sequence generation; AC, allocation
concealment; BPP, blinding of participants and personnel; BOA,
blinding of outcome assessment.

6 For example, when looking at the imprecision, we see that the pre-

dictions binned under 0.69e0.75 correspond to the true positive-class rela-

tive frequency of 0.6.
7 This can be explained by a natural imbalance in the training and

testing data distributions. The larger the imbalance, the larger the skew

found in our reliability plots. For example, on the publication-bias task

(Fig. 1f) where only one out of 20 examples are affected by the bias in

the training data, the overwhelming majority of model’s predictions are

concentrated at the positive end (absence of the downgrading criterion).
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reassessment). In this way, the user is trading off coverage
for accuracy. The exact implementation of such a mecha-
nism is to be determined by the end application. For our
purposes, we take a broad view of selective classification
and therefore examine how selective prediction varies on
the entire spectrum of coverage, that is, without committing
to specific trade-offs.

Figures 3 and 4 show the riskecoverage curves for both
systems. On most tasks, coverage can be successfully
traded off for a reduced risk of error (the red ‘‘all’’ curves).
Specifically, in binary quality scoring using Evidence-
GRADEr (Fig. 3a), we see that the risk of error is over
25% at full coverage, but can be reduced to around 10%
by keeping 20% of predictions. Comparable reduction in

Fig. 1. Reliability diagrams for EvidenceGRADEr. The results are shown for overall binary grading as well as for the five individual downgrading
criteria. A, Task: binary grading. B, Task: imprecision. C, Task: risk of bias. D, Task: inconsistency. E, Task: indirectness. F, Task: publication bias.

Table 2. Calibration results for EvidenceGRADEr

Task F1 P R ECE Brier AUC-RCC

Binary GRADE 0.74 0.74 0.74 0.05 0.18 0.15

Risk of bias 0.67 0.68 0.67 0.09 0.24 0.24

Imprecision 0.67 0.68 0.67 0.08 0.28 0.23

Indirectness 0.53 0.57 0.53 0.07 0.83 0.06

Inconsistency 0.50 0.57 0.52 0.06 0.69 0.13

Publication bias 0.50 0.52 0.50 0.04 0.93 0.03

Abbreviations: ECE, expected calibration error; AUC-RCC, area un-
der the riskecoverage curve.

Table 3. Calibration results for RobotReviewer

Task Acc F1 P R ECE Brier AUC-RCC

AC 0.67 0.67 0.67 0.68 0.05 0.20 0.24

BPP 0.75 0.74 0.75 0.73 0.06 0.18 0.35

BOA 0.64 0.64 0.64 0.64 0.03 0.22 0.33

RSG 0.72 0.67 0.66 0.67 0.06 0.18 0.14

Abbreviations: ECE, expected calibration error; AUC-RCC, area un-
der the riskecoverage curve; AC, allocation concealment; BPP, blind-
ing of participants and personnel; BOA, blinding of outcome
assessment; RSG 5 random sequence generation.
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the risk of error can be observed for imprecision (Fig. 3b)
and RoB (Fig. 3c) criteria, as well as for RobotReviewer’s
BOA (Fig. 4c) and RSG tasks (Fig. 4d). In AC (Fig. 4a) and
BPP (Fig. 4b), the risk reduction is even greater, from 60%

(full coverage) to 20% (20% coverage), and from 40% to
10%. For certain EvidenceGRADEr tasks like indirectness
and publication bias, selective prediction is less effective.
This can be explained by the limited data annotated with

Fig. 2. Reliability diagrams for RobotReviewer. The results are shown for four different tasks (individual risk-of-bias criteria). A, Task: allocation
concealment. B, Task: blinding of participants and personnel, C, Task: blinding of outcome assessment. D, Task: random sequence generation.

Fig. 3. Riskecoverage curves for EvidenceGRADEr on different tasks. The red ‘‘all’’ curve represents the riskecoverage trade-off without selecting a
specific medical area. Each plot also includes the curves for the three medical areas (in blue, green, and magenta) with the highest risk of error at
full coverage. A, Task: binary grading. B, Task: imprecision. C, Task: risk of bias. D, Task: inconsistency. E, Task: indirectness. F, Task: publication
bias. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article).
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these two criteria and the resulting weak performance of the
classifier.8

Overall, we find the decrease in risk to be largely linear,
apart from a sharp reduction seen in certain tasks when ab-
staining from all but the most confident predictions (ie,
closer to 0% coverage). Although these trade-offs look very
promising for employing a selective approach in practice,
we find that they may give a distorted picture of what takes
place in certain ‘‘subregions’’ of medical evidence, namely
on the instances grouped by individual medical areas.9 In
the riskecoverage plots, we illustrate this by including
the expected trade-offs on three medical areas on which
the risk of error is the greatest at full coverage. This paints
a more realistic picture that illustrates the disparity across

those areas. Although one may expect to attain higher-
quality predictions by keeping more confident ones
(reducing coverage), this is often not the case, and the risk
of error can even increase dramatically on some medical
areas. This is a reason for concern as it implies that selec-
tive prediction would work differently well depending on
the medical area to which it is being applied. In the
following, we discuss the disparity issue in more depth,
and analyze it also with regard to predictive performance
and reliability.

3.4. Disparity

We use the term disparity to mean that outcomes are
group-dependent, which, if unobserved, may potentially
be harmful in clinical decision making. In this work, we
define the group as a collection of data instances belonging
to a specific medical area. While groups could be defined in
a number of ways, for example, using demographic or spe-
cific population criteria, we focus here only on medical
areas, and leave others for future work. We would like to

Fig. 4. Riskecoverage curves for RobotReviewer on different tasks. The red ‘‘all’’ curve represents the riskecoverage trade-off without selecting a spe-
cific medical area. Each plot also includes the curves for the three medical areas (in blue, green, and magenta) with the highest risk of error at full
coverage. A, Task: allocation concealment. B, Task: blinding of participants and personnel, C, Task: blinding of outcome assessment. D, Task: random
sequence generation. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article).

8 Although the risk of error is low across the coverage range, this is

due to highly unbalanced predictions that are heavily biased toward the

absence of the criteria.
9 We define the medical areas to be the topics assigned by Cochrane to

each review, cf. https://www.cochranelibrary.com/cdsr/reviews/topics.
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investigate the group-specific effects relevant in the assess-
ment of the strength of evidence. We first extend our anal-
ysis of disparity to other categories beyond selective
classification. We see in Figure 5 that the choice of a med-
ical area to a large degree affects the reliability of the clas-
sifier as measured by ECE. When assessing the evidence
within child health, neurology, and heart and circulation,
the calibration error is very low (median ECE ! 0.1),
while for other areas, such as allergy and intolerance, con-
sumer and communication strategies, and bublic health, it is
much higher (median ECE O 0.2). While we have looked
at this by aggregating over different models, there is notice-
able variation depending on the model choice, as can be
seen through the elongated boxplots for some areas and
the presence of outliers, such as RobotReviewer’s BPP task
when assessing evidence for eyes and vision, or Evidence-
GRADEr’s RoB assessment for Wounds. In the same spirit,
we plot F1 as a measure of predictive performance (Fig. 6).
There is a 0.22 difference in the median F1 between the
area with the most accurate assessment (reproductive and
sexual health, 0.71 F1) and the least accurate one (wounds,
0.49 F1). The areas that we have found above to be the
most or least calibrated, now also tend to have higher or
lower F1, providing some indication that there is an inter-
play between reliability and predictive performance.10

3.4.1. Explanatory factors
We create a series of statistical models to find whether

there is an association between certain data characteristics
and different performance measures. We treat the propor-
tion of higher-quality evidence (‘‘proportion’’), the number
of data instances (‘‘quantity’’), as well as their interaction,
as independent variables (fixed effects), and observe their
effect on a performance measure (dependent variable).
We include the measures for selective prediction (AUC-
RCC), calibration error (ECE) and predictive performance
(F1). Our observations are additionally influenced by two
other factors, namely the chosen taskemodel combination
and the medical area. To capture the random effects of
these factors, we fit a linear mixed effect model [40]. We
create a separate model for each dependent variable and
assess the effect of proportion and quantity for signifi-
cance.11 When significant, the null hypothesis of no effect
of either proportion or quantity on a performance measure
is rejected, meaning there is a data-characteristic effect.

The results are shown in Table 4. First, we find that the
disparity in selective-prediction performance is strongly
associated with the proportion of higher-quality evidence
available in a medical area. The relationship is negative,
so the higher the proportion, the lower our estimate of the
selective prediction trade-off (AUC-RCC). From the point
of view of selective classification, lower AUC-RCC is bet-
ter, meaning that those medical areas that display higher
proportions of high-quality evidence tend to fare better in

Fig. 5. Disparity of classifier reliability as measured by expected calibration error across different medical areas. Each boxplot represents all Evi-
denceGRADEr and RobotReviewer tasks (classifiers). ECE, expected calibration error; BPP, blinding of participants and personnel; BOA, blinding of
outcome assessment; EG, EvidenceGRADEr; RR, RobotReviewer.

10 A Spearman correlation test confirms that per-area ECE and F1

scores are mostly negatively associated, but that the strength of this asso-

ciation varies per taskemodel combination. Coefficients: risk of bias (EG):

e 0.7, AC (RR): e 0.5, publication bias (EG): e 0.4, binary GRADE (EG):

e 0.4, imprecision (EG): e 0.4, indirectness (EG): e 0.4, RSG (RR):e 0.3,

BPP (RR): e 0.2, BOA (RR): e 0.2, inconsistency (EG): 0.3.

11 We use the significance level of a 5 0.05 and correct for multiple

comparisons using the Bonferroni method (for three models, a 5 0.017).
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trading off coverage for risk. The role of quantity is less
clear as the effect is on the brink of significance due to Bon-
ferroni correction. Secondly, more data together with more
higher-quality evidence are predictive of a decrease in cali-
bration error (i.e., improved reliability). Thirdly, the un-
equal distribution of predictive performance (F1 across
medical areas in Fig. 6) is explained well by both quantity
and proportion. The direction here is positive, so more data
and more high-quality evidence mean higher F1.

In our statistical model above, we have assumed that the
quality labels are given, enabling us to calculate the propor-
tion of higher-quality evidence per medical area. However,
in practical applications on previously unseen data, such
ground-truth labels will not be available, but users would

still like to be aware of the risk of reduced calibration or
selective-prediction performance. We therefore examine us-
ing model’s predictions alone in quantifying such risk. We
employ variance to obtain an estimate of the dispersion of
output probabilities, and use it as a predictor of the three
performance measures above. As before, we fit a mixed ef-
fect model with the same two random factors and treat vari-
ance as a fixed effect. Our results (Table 5) indeed show
that variance strongly predicts the calibration and
selective-prediction performance (but not the predictive
performance as measured by F1). The direction of the
found effect is negative, which means higher variance is
associated with reduced ECE and AUC-RCC scores (desir-
able).12 This means that an indication of low variance could
be helpful in practical applications as a warning sign that
the model’s outputs are poorly calibrated and that
confidence-based selection may not work as expected,
requiring additional oversight from the user.

Finally, we turn our discussion of explanatory factors to
a specific medical area, namely public health. It is charac-
terized by a low proportion of high-quality evidence (33%
of data instances have high or moderate GRADE scores;
36% have low RoB for RobotReviewer), high ECE
(Fig. 5) and an F1 score that sits in the lower half of the
medical areas (Fig. 6). Public health reviews are known
to be dominated by lower levels of evidence, which in turn
receive lower quality and recommendation grades [41].
This has to do with RCTs being too restrictive for some
public health interventions, or infeasible due to cost,

Fig. 6. Disparity of predictive performance as measured by F1 across different medical areas. Each boxplot represents all EvidenceGRADEr and
RobotReviewer tasks (classifiers). BPP, blinding of participants and personnel; EG, EvidenceGRADEr; RR, RobotReviewer.

Table 4. Statistical models for three different performance measures
(dependent variables)

# Dep. var. Indep. var. b SE t P

Prop �1.12 0.07 �15.2 !0.001

1 AUC-RCC Quant �0.02 0.01 �2.4 0.016

Prop:quant 0.04 0.01 2.8 0.006

Prop �0.33 0.07 �5.1 !0.001

2 ECE Quant �0.09 0.01 �10.7 !0.001

Prop:quant 0.06 0.01 4.9 !0.001

Prop 0.50 0.12 4.0 !0.001

3 F1 Quant 0.06 0.02 4.1 !0.001

Prop:quant �0.11 0.02 �4.9 !0.001

Abbreviations: b, fixed effect of the data characteristic on the
outcome; SE, standard error; t, t-statistic; P, P-value for the model;
AUC-RCC, area under the riskecoverage curve; Prop, proportion of
higher quality evidence; Quant, quantity of evidence; Prop:quant,
their interaction; ECE, expected calibration error.

12 In our case, we can interpret the variance as a ‘‘tendency to cer-

tainty.’’ It represents the dispersion from the absolute uncertainty (0.5),

either toward the negative (0) or the positive class (1).
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difficulties in controlling randomization, or other practical
reasons [42]. Public healthdand possibly other areas with
similar considerationsdwould require a specially-adapted
evidence grading methodology. An extension of National
Institute for Health and Care Excellence guidelines for
grading public health evidence has been proposed, which
could be considered.13

3.5. A note on Cochrane RoB2

While our use of RobotReviewer is based on RoB1 an-
notations, newer guidance with several revisions to the
original tool now exists (RoB2) [43]. Ideally, our findings
should be revalidated once a larger amount of data is anno-
tated with RoB2, which will allow retraining RobotRe-
viewer.14 We expect the main findings around disparity
and its role in selective prediction to hold regardless of
which tool version underlies RoB assessment: the amount
of evidence per clinical question as well as the proportion
of higher-quality evidence are likely to differ between med-
ical areas independently of the choice of the RoB tool. In
addition, we agree with [36] who anticipate that a portion
of future reviews may still reasonably be expected to pro-
ceed with RoB1. For example, review updates may opt to
use the same RoB tool as the original review, or large re-
views with time constraints may prefer the earlier tool.15

4. Conclusion

How systematic reviewing technologies work in prac-
tice and when (not) to use them is often not clear to prac-
titioners [8]. In this work, we hoped to bring some clarity
to these questions by focusing on automated quality and
bias assessment within systematic reviewing. We analyzed
two systems for automatically grading the quality of evi-
dence according to their reliability and selective classifica-
tion performance. We show that these tools are already
reasonably well calibrated on most tasks, which is impor-
tant for practitioners seeking to integrate such systems in

systematic reviewing workflows. Additionally, we identify
and examine the issue of disparity for various measures of
system performance, which becomes apparent when look-
ing at the results by specific medical area. As medical ev-
idence in different areas differs in quantity and quality,
practitioners should be cognizant of the fact that this af-
fects the reliability and the performance of quality assess-
ment classifiers. Such effects remain under-explored for
systematic reviewing technology more generally. Metrics
defined over model’s output probabilities, as we show,
could be used by the practitioners as a defensive step.
We leave the exploration of how to precisely implement
such mechanisms for future work.

We believe that the current evidence appraisal tools
cannot be applied fully independently and require oversight
by domain experts. What form such supervision should take
is open to debate. One possibility is that systems’ most
confident decisions are kept (following a selective classifi-
cation approach) with little or no work to human reviewers,
while the remaining decisions would be mere suggestions
and would still require substantial human labor for revision.
The system could also be considered as an additional anno-
tator that works alongside humans. This scenario could lead
to more robust consistency checking, and a model’s predic-
tion could sometimes even encourage human reviewers to
reconsider their decisions. In the light of large discrep-
ancies found in performance across different medical areas,
the prospects for implementation of quality assessment in
practice look better for certain medical areas, such as
‘‘neonatal care,’’ ‘‘gastroenterology,’’ and ‘‘reproductive
health.’’ To narrow the gap to the areas seeing lower perfor-
mance, it would be worthwhile in the future to explore
different data augmentation and balancing strategies since
we have already found a link between the amount of med-
ical evidence (or the prevalence of higher quality evidence)
and different measures of performance. Additionally, the
use of fairness-promoting techniques may help to equalize
the performance across different areas of application [44].
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Selective classification

Here, we provide further details about calculating the
riskecoverage curves and their corresponding AUC-RCC.

Table 5. Effect of variance of the output probabilities (independent
variable) on different performance measures (dependent variables)

# Dep. var. Indep. var. b SE t P

1 AUC-RCC variance �1.58 0.15 �10.7 !0.001

2 ECE variance �0.90 0.13 �7.2 !0.001

3 F1 variance �0.42 0.23 �1.8 0.07

Abbreviations: b, fixed effect of the independent variable; SE,
standard error; t, t-statistic; P, P-value for the model; AUC-RCC, area
under the riskecoverage curve; ECE, expected calibration error.

13 https://www.nccmt.ca/knowledge-repositories/search/28.
14 The switch to RoB2 is less likely to impact our observations

involving EvidenceGRADEr, since four (out of five) criteria involve as-

pects of quality other than risk of bias, and the RoB criterion in GRADE

represents only an overall RoB assessment.
15 Time use may increase as the tool becomes more refined [48,49].
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In our case, we are equally interested in the classification of
negative (lower quality of evidence/higher RoB) and posi-
tive (higher quality of evidence/lower RoB) examples. A
model’s prediction probability after the application of the
sigmoid function represents the positive class whenever it
is greater or equal to 0.5 and the negative class otherwise.
The most confident predictions are those that lie at the ex-
tremities of the probability interval, that is, closer to 0 for
negative- and closer to one for positive-class predictions,
with the value of 0.5 representing the utmost uncertainty.
To obtain the riskecoverage curves, we change tpos in in-
crements of 1=50 in the positive direction, starting at 0.5,
and let tneg 5 1� tpos. Concretely, when, for example,
tpos 5 0:6, all predictions greater or equal to tpos are kept,
as well as all predictions below tneg (0.4). When tpos 5
0:5, tneg is also 0:5, which is equivalent to performing no
selection on the model’s outputs, leaving the coverage un-
compromised. For other thresholding values, a portion of
data is rejected to the advantage of risk reduction, namely
all predictions tneg � bqi!tpos. In effect, the selectivity in-
creases for both positive and negative classes in equal steps.

EvidenceGRADEr

We use the data splits created by [14] who followed a
10-fold cross validation during development; we therefore
include in our analysis the model predictions made on all
10 test subsets.

Disparity: explanatory factors

We use the lme4 package [51] in R [52] together with
the lmertest package [53] to provide P values for mixed ef-
fects models.
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