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Abstract
Rationale Acquiring high-quality spirometry data in clinical trials is important, particularly when using
forced expiratory volume in 1 s or forced vital capacity as primary end-points. In addition to quantitative
criteria, the American Thoracic Society (ATS)/European Respiratory Society (ERS) standards include
subjective evaluation which introduces inter-rater variability and potential mistakes. We explored the value
of artificial intelligence (AI)-based software (ArtiQ.QC) to assess spirometry quality and compared it to
traditional over-reading control.
Methods A random sample of 2000 sessions (8258 curves) was selected from Chiesi COPD and asthma
trials (n=1000 per disease). Acceptability using the 2005 ATS/ERS standards was determined by over-
reader review and by ArtiQ.QC. Additionally, three respiratory physicians jointly reviewed a subset of
curves (n=150).
Results The majority of curves (n=7267, 88%) were of good quality. The AI agreed with over-readers in
91% of cases, with 97% sensitivity and 93% positive predictive value. Performance was significantly
better in the asthma group. In the revised subset, n=50 curves were repeated to assess intra-rater reliability
(κ=0.83, 0.86 and 0.80 for each of the three reviewers). All reviewers agreed on 63% of 100 unique tests
(κ=0.5). When reviewers set the consensus (gold standard), individual agreement with it was 88%, 94%
and 70%. The agreement between AI and “gold-standard” was 73%; over-reader agreement was 46%.
Conclusion AI-based software can be used to measure spirometry data quality with comparable accuracy
as experts. The assessment is a subjective exercise, with intra- and inter-rater variability even when the
criteria are defined very precisely and objectively. By providing consistent results and immediate feedback
to the sites, AI may benefit clinical trial conduct and variability reduction.

Introduction
Measures of lung function, typically using spirometry, are critical clinical outcomes used in respiratory
clinical trials [1, 2]. The efficacy of treatments targeting the lungs is often assessed through two main
spirometry derived parameters: the forced expiratory volume in 1 s (FEV1) and the forced vital capacity
(FVC) [3–5]. Since both of these indices are dependent on a maximal forced expiratory effort, spirometry
requires skilled technicians to ensure the subjects’ compliance and optimal performance of the test.
Therefore, in the context of clinical trials, ensuring and assessing the quality of spirometry is of paramount
importance to guarantee that the measured FEV1 and FVC values are sufficiently reliable to assess the
efficacy of a therapeutic.
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To ensure valid data and reduce variability in the clinical trials, it is normal to use central spirometry that
incorporates standardised instrumentation, site training and centralised review (over-reading) of all
spirometry sessions [6, 7]. The over-reading is performed by independent reviewers who are registered
respiratory experts trained to review spirometry in a clinical trial environment where the objective is to
ensure consistent results across all patients, sites and time points. These specialists typically use the criteria
defined by an international task force appointed by the American Thoracic Society (ATS) and European
Respiratory Society (ERS) to evaluate spirometry data quality, with an average turnaround time of 24–48 h
for feedback to the investigational sites [8, 9]. This delay between subjects performing the spirometry
session and the investigational site receiving feedback can delay study-specific decisions, such as subject
randomisation and treatment changes, and may lead to repeat visits with additional spirometry sessions to
be performed by the subjects, increasing the burden on participants.

The ATS/ERS spirometry quality standards define both quantitative and qualitative criteria to ensure high
quality standards for spirometry measurements. Quantitative criteria (e.g. expiration duration longer than a
minimum time period, or back-extrapolated volume below a certain threshold) can be evaluated relatively
easily by software. However, the qualitative components (e.g. artefact detection) require subjective
assessment by the technicians acquiring the data [10–12]. Technician training, experience and other factors
can lead to heterogeneity of the assessment [13]. Agreement between two reviewers assessing the same
data has been measured as low as 52% in previous studies [14–17]. It is important to reduce this inter-rater
variability, especially in a clinical trial setting where spirometry data are being used for measuring the
therapeutic effect of a pharmaceutical intervention.

In this investigation, we explored whether an artificial intelligence (AI)-based software (ArtiQ.QC) can
perform spirometry data quality assessment with an accuracy at least as high as manual over-reading,
bringing additional benefits of a shorter turnaround time and improved consistency.

Materials and methods
Study objectives
The primary objective of the study was to determine whether an AI-based software (ArtiQ.QC) can be
used to perform spirometry data quality assessment with similar accuracy as expert over-readers. Secondary
objectives were to assess the level of inter-rater variability and intra-rater reliability in spirometry data
quality assessment; determine to what extent a single reviewer’s judgment can be considered as a
gold-standard comparator; and determine whether AI-based software (ArtiQ.QC) may outperform the
over-reader’s quality assessment.

Data
Spirometry data from past clinical trials sponsored by Chiesi in the therapeutic areas of asthma and COPD
were used for analysis [18–20]. These studies were registered with ClinicalTrials.gov (identifier numbers
NCT02579850, NCT02676076 and NCT02676089). Using a function for random selection of data, a
completely randomly chosen sample of 2000 sessions was selected for analysis, with 1000 sessions each
from asthma and COPD subjects. A total of 8258 spirometry curves (n=4085 COPD, n=4173 asthma) were
used. All data selected for analysis were collected and assessed using the ATS/ERS 2005 spirometry
standards [9]. Each curve was labelled by an expert over-reader at the time of data collection according to
the over-reader guidelines for each clinical trial, with possible outcomes of “acceptable” or “unacceptable”.
Over-reader guidelines were aligned with the ATS/ERS 2005 standards, and stated that if a curve was
“usable” according to the ATS/ERS 2005 standards (i.e. have an acceptable start of test and are free from
artefacts, such as a cough) then the over-reading label should be acceptable. The acceptability evaluation of
the whole session is not reported within this article.

Study design
In this noninterventional retrospective study, the AI-based software (ArtiQ.QC; ArtiQ NV, Leuven,
Belgium) was used to assess the quality of spirometry data using the ATS/ERS 2005 standards [9]. ArtiQ.
QC is AI-based software which can apply the quantitative and qualitative criteria defined in the ATS/ERS
2005 standards to assess spirometry data quality. The qualitative criteria (i.e. artefact detection) are
assessed using a previously published deep-learning based approach [21]. ArtiQ.QC is a fully validated
software, and in this study was used by Chiesi for testing in a clinical trial context.

An overview of the study design is shown in figure 1. Firstly, ArtiQ.QC was used to assess data quality in
all 8258 curves, and the performance of ArtiQ.QC was measured (accuracy, sensitivity, specificity, positive
predictive value (PPV) and negative predictive value (NPV)) using the original over-reading labels as
comparators. Secondly, ArtiQ.QC was recalibrated (without altering the AI) on 80% of the data selected
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for analysis (n=1600 sessions, equally split between asthma and COPD) and the performance of the
recalibrated version determined on the remaining 20% of the data. The original over-reading labels were
again used as comparators in this second performance evaluation to evaluate the extent to which ArtiQ.QC
performance could be improved.

Subsequently, a selection of curves was manually assessed by three reviewers to determine gold-standard
labels (n=150 curves total, with n=100 unique curves, equally split between diseases; full breakdown of
curves selected for review is provided in the supplementary material). Initially, all curves were assessed
separately by each reviewer. All curves where there was disagreement between the reviewers’ applied
labels were jointly assessed to eventually agree on a gold-standard label for each curve. Reviewers were
blinded to the original over-reader and ArtiQ.QC labels, and used the criteria defined in the ATS/ERS
2005 standards to assess the spirometry data quality. Inter-rater variability and intra-rater reliability were
measured based on reviewer labels. Finally, ArtiQ.QC and original over-reader labels were both compared
to the gold-standard labels provided by the joint consensus of reviewers.

Ensuring a fair comparison of ArtiQ.QC to over-readers
Individual spirometry curves in the dataset used for analysis were labelled as either acceptable or
unacceptable by the over-readers. ArtiQ.QC generates labels for individual spirometry curves in
accordance with the ATS/ERS 2005 standards, which permits “curves that have an acceptable start of test
and are free from artefact, such as a cough” to be “usable curves” for the measurement of FEV1 and FVC.
For the purpose of comparing ArtiQ.QC and over-reading labels, an ArtiQ.QC label of “usable” was
converted to “acceptable”, consistent with the rules followed by over-readers in the data source studies.

Analysis
A comparison of proportions test was used to evaluate whether significant differences in the baseline
dataset characteristics existed. For performance evaluation of ArtiQ.QC, a 2×2 confusion matrix of labels
assigned by ArtiQ.QC or original over-reading at a curve level was created. Accuracy, sensitivity,
specificity, PPV and NPV were measured from the confusion matrix. McNemar’s test was used to test
whether recalibration significantly improved performance of ArtiQ.QC. Cohen’s κ was used to assess
intra-rater reliability, and Fleiss’s κ (the multi-rater generalisation of Cohen’s κ) was used to assess
inter-rater variability from the manual review. Accuracy, sensitivity, specificity, PPV and NPV were
calculated for ArtiQ.QC and original over-reading labels using the expert reviewer labels as comparator.
Performance of ArtiQ.QC and original over-reading was compared using McNemar’s test.

Results
Dataset characteristics
The vast majority of curves (n=7267, 88%) were labelled as acceptable by the original over-reader
assessment. More curves were labelled acceptable in the asthma subgroup (3818 out of 4173, 91.5%)
compared to the COPD subgroup (3391 out of 4085, 83%; p<0.0001 comparison of proportions test).
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FIGURE 1 Study design and flow.
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Performance of AI software using original over-reader labels as comparator
A summary of the performance of the AI-based software using original over-reader labels as the
comparator is shown in table 1. From all n=8258 curves, the AI software agreed with over-readers in 87%
of cases, with 93% sensitivity and 92% PPV. Performance was significantly better in the asthma subgroup
(accuracy 90%, n=4173 curves) than the COPD subgroup (accuracy 84%, n=4085 curves; p<0.0001
comparison of proportions test).

Performance of recalibrated AI software using original over-reader labels as comparator
Tables 2 and 3 summarise the performance evaluation results of the recalibrated and baseline AI software,
respectively, using original over-reader labels as a comparator. Following recalibration of the AI software
in 80% of the full dataset, 67 curves in the 20% test set changed label compared to the quality label
assigned with the standard AI software. This resulted in a significant improvement in performance in the
test dataset (p<0.0001, McNemar’s test). The parameters adjusted in the recalibration were the artefact
probability and hesitation volume thresholds (full details are presented in the supplementary material).
Overall recalibrated accuracy was 91%, with sensitivity 97% and PPV 93% (1659 curves), compared to
baseline accuracy of 87%, sensitivity 92% and PPV 93%. The greatest improvement in performance was in
the asthma subgroup (increase in accuracy from 89% to 94% in 841 curves following recalibration;
p<0.001 McNemar’s test). In addition, a nonsignificant improvement in COPD performance was seen
(accuracy improved from 84% to 86% in 818 curves; p=0.13 McNemar’s test).

Manual review: reviewer reliability and variability
A set of 150 curves were additionally manually reviewed by three reviewers. 50 of these curves were
repeated in a random fashion in order to assess intra-rater reliability. Cohen’s κ values for the three
reviewers were 0.83, 0.86 and 0.80, indicating that although reviewers mainly provided consistent labels
when presented with the same data twice, some disagreement with their own evaluation was present.

From the 100 unique curves, all reviewers agreed after their separate review sessions in 63% of curves
(inter-rater Fleiss’s κ=0.5), indicating disagreement between reviewers of a magnitude consistent with
previous studies [14–17]. Agreement between reviewers was higher in the subset of curves where the AI
software and original over-reading provided the same label (18 out of 25, 75%; Fleiss’s κ=0.63) than in
the subset where the AI software and original over-reader labels differed (45 out of 75, 60%; Fleiss’s

TABLE 1 Performance evaluation of baseline ArtiQ.QC using original over-reader labels as the comparator in
the full dataset

Overall Asthma subgroup COPD subgroup

Curves n 8258 4173 4085
Accuracy 87 90 84
Sensitivity 93 93 94
Specificity 35 52 25
PPV 92 96 87
NPV 41 40 43

Data are presented as %, unless otherwise stated. PPV: positive predictive value; NPV: negative predictive value.

TABLE 2 Performance evaluation of baseline ArtiQ.QC using original over-reader labels as the comparator in
the 20% test dataset

Overall Asthma subgroup COPD subgroup

Curves n 1659 841 818
Accuracy 87 89 84
Sensitivity 92 92 94
Specificity 24 43 15
PPV 93 96 87
NPV 30 29 32

Data are presented as %, unless otherwise stated. PPV: positive predictive value; NPV: negative predictive value.
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κ=0.45). Despite using a set of objective criteria defined by the ATS/ERS 2005 standards, this result
indicates that inter-rater disagreement exists between expert reviewers.

Performance of recalibrated AI software, original over-readers and each reviewer using gold-standard
labels as comparator
The 37 curves where disagreement existed between reviewers were jointly reviewed to derive labels for all
100 curves that all reviewers agreed on (gold-standard labels). The percentage agreement with
gold-standard labels and Cohen’s κ values for each reviewer, the reviewers’ majority opinion, AI-based
software and the original over-reader labels are shown in table 4. Note that the lowest possible value for
percentage agreement with gold-standard labels for any individual reviewer is 63%, since 63 out of 100
curves had the same label from the separate reviews. A percentage agreement of 89% for the majority
opinion of reviewers from their separate review sessions indicates that the gold-standard label was opposite
to the reviewer majority opinion in 11 curves. Unsurprisingly, the agreement of individual reviewers with
the gold-standard labels is high, since it is the reviewers’ joint opinion that defines the gold standard. The
agreement between AI-based software and gold-standard label (73%) is similar to reviewer 3 (70%). This
agreement is far superior to the original over-reader labels (46%) in this subset of curves, although the
high inter-rater variability in this subset may not generalise to the whole dataset.

Discussion
This study demonstrates that AI-based software can be used to measure spirometry data quality with
similar accuracy to expert over-readers. Additionally, this analysis confirmed that assessment of spirometry
quality is a subjective exercise, with intra- and inter-rater variability even when the criteria are defined very
precisely and objectively. When using the joint opinion of three expert reviewers as a gold standard,
AI-based software has a much higher agreement with the gold-standard labels than original over-reader
labels. Additionally, by providing consistent results and immediate feedback to the sites, using ArtiQ.QC
may benefit clinical trial conduct and reduce the variability in outcomes, although these benefits have not
been considered in this retrospective study.

Assessing the performance of AI software using the original over-reader labels as a comparator assumes
that the original over-reader labels are 100% accurate. However, the existence of inter- and intra-rater
variability observed in this and other studies [1–5] suggests that this assumption is unlikely to be correct.

TABLE 3 Performance evaluation of recalibrated ArtiQ.QC using original over-reader labels as the comparator
in the 20% test dataset

Overall Asthma subgroup COPD subgroup

Curves n 1659 841 818
Accuracy 91 94 86
Sensitivity 97 98 98
Specificity 22 40 14
PPV 93 96 87
NPV 58 59 57

Data are presented as %, unless otherwise stated. PPV: positive predictive value; NPV: negative predictive value.

TABLE 4 Percentage agreement and Cohen’s κ value for agreement with the gold-standard label, which was
defined using the joint opinion of the three reviewers, from 100 spirometry curves

Agreement with gold standard Cohen’s κ

Reviewer 1 88% 0.73
Reviewer 2 94% 0.85
Reviewer 3 70% 0.42
Majority opinion of reviewers 89% 0.75
AI software 73% 0.47
Original over-reader 46% −0.08

AI: artificial intelligence.
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Even when comparing three very experienced reviewers, and the exact criteria from the 2005 ATS/ERS
standards were used to derive quality scores for each curve, disagreement between reviewers was still
present in over a third of all 100 unique curves reviewed in this study.

The inter- and intra-rater variability present when spirometry data are reviewed manually means that a
single reviewer’s opinion is not a reliable comparator for assessing the accuracy or reliability of an
automated tool. While the inter-rater agreement measured in this study was consistent with previous
reports, this agreement may be influenced by experience, training and expertise of the reviewers [22–24].
However, this is reflective of the real-world scenario, where usually only a single reviewer assesses
spirometry data quality. The joint opinion of the three reviewers may be considered a viable gold standard,
but this approach is not realistic for implementation in clinical trials. Therefore, for AI-based software to
be useful its performance simply needs to match that of another manual reviewer. With percentage
agreement of 73% with the gold-standard labels in the subset of curves manually reviewed, the AI
software performance is similar to reviewer 3 in this study. Compared to the original over-reader labels
(percentage agreement with the gold standard of 46%), it may be the case that AI software such as ArtiQ.
QC could outperform over-readers in assessing the quality of spirometry data in clinical trials.

Limitations
This study was conducted using legacy spirometry data acquired during the two clinical trials (one in
asthma and one in COPD). The over-reading services for the two studies were provided by two different
vendors, potentially causing a difference in the level of agreement between AI algorithm and over-reading
for each study. Additionally, the algorithm was initially developed and trained on a diverse set of curves
(from healthy subjects, different respiratory and other internal diseases), potentially leading to a lower
accuracy than with the algorithm that would have been developed and trained on a set of curves within
specific therapeutic area. Further work is required to explore the generalisability of these results to other
disease areas, paediatric population and non-clinical trial settings [25, 26].

This study compares the performance value of the software that is trained to mimic experts and experts
themselves, once the complete spirometry session is performed. However, the largest practical impact on
the running clinical trials will be if the software were used after each spirometry blow. This would
immediately reject initial bad blows and help subjects and technicians to secure the acceptable quality of
spirometry by the end of the session.

This study was conducted using data acquired using the 2005 ATS/ERS standards, and with over-reading
performed according to those standards. New ATS/ERS standards were published in 2019, which offer
more guidance in quality assessment and change the way in which spirometry data must be acquired
explicitly recommending a maximal inspiration following forced expiration [8]. This study serves as proof
of concept that the AI methodology can be tailored to follow the 2005 spirometry standards to assess
spirometry acceptability. Although the AI algorithms will be updated to comply with the revisions in the
2019 spirometry standards, the proven underlying AI methodology remains unchanged. With the new
standards and AI software working in parallel, inter- and intra-rater variability in spirometry data quality
assessment may decrease; this is the subject of ongoing work.

Conclusion
With this retrospective analysis on a subset of asthma and COPD spirometry data acquired according to the
2005 ATS/ERS standards, we confirmed that AI software can be used with high accuracy to evaluate the
quality of spirometry data in clinical trials. AI software such as ArtiQ.QC may offer an alternative
approach, or assistance, to manual over-reading with the main advantage that AI software can provide
immediate feedback allowing a real time evaluation with the subject still at the site. Additional advantages
that AI software brings include increased consistency and repeatability of spirometry data quality
assessment because the AI model is more objective than manual over-reading. Further evaluation and
testing of this technology are needed to understand its practical implications and accuracy according to the
most recent 2019 ATS/ERS standards and in disease areas other than asthma and COPD. Prospective
real-time testing would also allow to explore and evaluate additional potential benefits of this technology
on reducing patient burden and enhancing quality of data in clinical trials. Next to this, such AI algorithms
may contribute to increased reliability and enhanced validity of epidemiological studies where spirometry
data is collected.

Provenance: Submitted article, peer reviewed.
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