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ABSTRACT: The rapid advancement of artificial intelligence (Al) has highlighted its potential as a supportive tool in
pulmonary function test (PFT) interpretation given the inherent biological variation, inter-rater variability, lack of
confidence in result interpretation and restricted access within resource-constrained settings. This study aims to
systematically review the published literature on the diagnostic accuracy of Al-based interpretation of PFTs and
evaluate its implications for current and future clinical practice in healthcare. After screening, forty-seven publications
met the inclusion criteria and were analysed to create a narrative summary. Four main over-arching themes were
identified from the available literature. Al appears to consistently outperform non-specialists in diagnostic accuracy of
PFTs and showed a synergistic effect when used as an adjunct in both specialist and non-specialist settings. Using Al
software also had greater diagnostic accuracy than clinicians when presented with suboptimal or limited clinical
information and investigations. It was also observed that the implementation of Al can address the issue of inter-rater
variability by giving more consultant interpretations. Chronic obstructive pulmonary disease diagnosis saw the greatest
accuracy with other conditions such as obstructive sleep apnoea showing limited evidence for the introduction of Al as
a diagnostic tool. The evidence suggests that Al has the potential to play a significant role in the future of healthcare
but should be used as an adjunctive tool as opposed to an independent diagnostic decision maker. One such way it
could be utilised is as a triage/screening tool to help bridge the gap between primary and secondary care.
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The advancement of artificial intelligence
(Al) in recent years has been highlighted as a
possible supportive tool in PFT interpretation
on account of its unique pattern recognition
proficiency. Moreover, Al can analyse large
clinical datasets, identify complex, non-linear
patterns not readily apparent to clinicians and
evolve with new data inputs following
advancements in machine learning (ML) [5,6].

Experience and pattern recognition are
instrumental to PFT interpretation thus
assessment and diagnosis of such conditions. indicating Al software with access to a large

PFTs such as spirometry, diffusion capacity data set would be well suited to this function.
for carbon monoxide (DLCO) and lung volume This in turn could lead to improved

assessments measure the airflow meChaniCS, diagnostic accuracy, greater clinician
gas transfer ability and other physiological confidence and enhance time efficiency for

Introduction

Chronic respiratory conditions exhibit a high
world-wide prevalence and are among the most
common non-communicable diseases globally.
The pervasiveness of noxious occupational,
environmental and behavioural inhalation
exposures plays a significant role in this disease
burden [1].

Pulmonary function tests (PFTs) are
investigations that support the clinical

capabilities of the lungs. However, PFTs exhibit
an inherent biological variation, and their use
must therefore be complemented with clinical
expertise and supporting information [2].

As aresult, a significant degree of inter-rater
variability has been observed as a long-standing
limitation of PFT interpretation [3].

Beyond interpretive variability, limited
access to PFTs or additional investigations,
procedural complexity of PFTs and low
clinician confidence in PFT interpretation have
been highlighted as barriers to a widespread
implementation in healthcare [4].

senior clinicians enabling focus on priority
tasks [6].

To date no systematic review has been
conducted to specifically evaluate the
diagnostic accuracy of Al-based interpretation
of PFTs. This study systematically reviews and
synthesises the current literature pertaining to
Al interpretation of PFTs, with a focus on
diagnostic accuracy as opposed to quality
control [7].

The current and potential future roles of Al
are explored and further recommendations for
studies to investigate remaining gaps in the
available literature are given.
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Objective

To systematically review the published
literature on the diagnostic accuracy of
Al-based interpretation of PFTs and evaluate its
implications for current and future clinical
practice in healthcare.

Methods

Design

A systematic review was conducted in
accordance with the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses
(PRISMA\) guidelines [8] and JBI guidelines for
systematic reviews [9].

The PICO framework was applied to
structure the research question when
formulating the review. The population of
interest was adults undergoing pulmonary
function testing (spirometry with or without full
PFTs).

The intervention of interest was Al-based
interpretation of PFTs with comparators
including clinician interpretation or guideline-
based assessment. The outcomes of interest
were diagnostic accuracy, sensitivity /
specificity, agreement (Cohen’s kappa) and
classification accuracy
(normal/obstructive/restrictive/mixed).

Search strategy

A systematic search of PubMed, Cochrane
Library and Embase databases was conducted
using the following search term:

OR lung function analys*[tiab] OR
spirometr*[tiab] OR PFT[tiab] OR PFTs]tiab])
AND ("Artificial Intelligence"[MeSH] OR
"achine Learning"[MeSH] OR deep
learning[tiab] OR artificial intelligence[tiab]
OR Al[tiab] OR machine learning[tiab] OR
algorithm*[tiab] OR neural network*[tiab] OR
automated[tiab] OR automation[tiab])

To reaffirm the sensitivity of the search
strategy, four key papers [10-13] were
identified through Google Scholar and their
inclusion checked in the retrieved records.

Screening and study selection

All retrieved records from the databases
were deduplicated in Rayyan [14].

This software was also used to facilitate title
and abstract screening.

Titles and abstracts were screened using the
eligibility criteria in Table 1 (75% TO, 25% IS).

This was followed by full text screening
(75% TO, 25% 1S). Discrepancies were
resolved through discussion between reviewers.

Table 1. Eligibility criteria used to screen papers
for inclusion/exclusion in the review.

Eligibility criteria used to screen papers for inclusion/exclusion in the review

Inclusion criteria Exclusion criteria

Studies using Al to interpret PFTs Al for quality control only
Studies reporting diagnostic performance Case reports / editorials
Human adult population Reviews and meta-analyses
Original research (cohort, Non-English publications
diagnostic studies etc.)
Publications from 2016-2026

validation,

Purely predictive model studies
Paediatric study population

Data extraction
A structured data extraction form was

n H n - - -
("Pulmonary Function Tests" OR pulmonary developed in Microsoft Excel to retrieve
function test*[tiab] OR lung function test*[tiab] relevant data from the included studies
(Table 2).
Table 2. Data extraction table.
Title Author Study design Objective Methods Results Key findings
Application of Saad etal. Diagnostic To explore the  An Al programme was trained  Diagnostic accuracy (true Al demonstrated higher
Artificial (2025) accuracy / accuracy of an Al in retrospective PFT and  positive) of Al was 86.59%. diagnostic accuracy in the
Intelligence in the validation algorithm / machine  clinical history. The Al was Clinician was 65.82% interpretation of pulmonary
Interpretation  of study learning in the  then compared to 8 senior (ranged from 54 to 79%). function tests when limited
Pulmonary interpretation of  pulmonologists in their  Fleiss's Kappa was 0.46 clinical information ~ was
Function Tests [10] pulmonary  function  diagnosis of patients based on  amongst the 8  available, compared with senior
tests with limited PFT and limited clinical  pulmonologists. pulmonologists. The study also
clinical data. history. The diagnostic reported moderate inter-rater
categories were normal, other variability among
(mixed or restrictive) or pulmonologists,  highlighting
obstructive  (further  sub- inconsistency  in  clinician
classified into mild, moderate, interpretation.
moderately severe, severe or
very severe). The diagnostic
accuracy was compared against
a diagnosis made by 2 senior
pulmonologists who had access
to a full, extensive catalogue of
clinical  information  and
investigations.
Al-Assisted Singh et  Diagnostic To evaluate the An Al programme was trained  Diagnostic accuracy (true Al demonstrated a high level of
Interpretation ~ of  al. (2025) accuracy /  diagnostic accuracy of on 10,000 labelled PFTs. positive) of the Al was 95%,  diagnostic accuracy and strong
Pulmonary validation an Al-based  Trained to classify as normal, 95%, 88% and 90% concordance  with  expert
Function Tests: study interpretation system  restrictive, ~ obstructive or  respectively for normal, pulmonologists in the
Enhancing for PFTs in  mixed. 3 experienced  obstructive, restrictive and interpretation of pulmonary
Diagnostic comparison with  pulmonologists interpreted 200  mixed diagnoses. The Al  function tests. However, as the
Precision in expert pulmonologist PFTs with clinical details in  system demonstrated a reference standard was based

Respiratory
Medicine [11]

consensus and  to
assess its applicability
in clinical settings.

adults using 2019 ATS/ERS
guidelines and their consensus
was used as the “gold-standard"
diagnosis.  The Al _then

positive  predicted  value
(PPV) of 92.1%, negative
predicted  value (NPV)
92.6% and a sensitivity and

on pulmonologist consensus,
the Al's performance was
inherently constrained to being
equivalent to or lower than this

142

10.12865/CHSJ.52.02.01



Current Health Sciences Journal

Vol. 52, No. 2, 2026 April-June

interpreted the same data and
yielded an interpretation.

specificity of 91.5% and
93.2% respectively. Cohen's
kappa 0.86 indicating strong
agreement with the
pulmonologists.

benchmark. Notably, reduced
sensitivity was observed in the
detection of restrictive patterns
(88%). The absence of
comparison with a broader
range of clinicians may limit
the generalisability of these
findings.

Validation of  Sunjayaet Diagnostic To assess the A previously validated Al  For COPD diagnoses, the Al Al demonstrated a high degree
artificial al (2025) accuracy /  diagnostic (ArtiQ.Spiro) was wused to had a sensitivity of 84.0%, of usability in supporting
intelligence validation performance of an Al interpret PFTs carried out in  specificity of 86.8%, NPV of ~ COPD diagnosis in community
spirometric study diagnostic support  primary care clinics with  85.1% and PPV of 85.9%. settings, where it represented
diagnostic  support software in  the limited clinical informationand AUC was 0.914 and the most prevalent condition
software in primary identification of its diagnostic accuracy — accuracy was 85.4%. For  within the study population.
care: a blinded COPD and other compared to that of the “gold- ~ Asthma diagnoses, the Al  Diagnostic performance was
diagnostic accuracy chronic  respiratory  standard" diagnosis determined  had a sensitivity of 55.1%, more variable for other
study [12] diseases when by a panel of two (three for  specificity of 86.9%, NPV of  conditions, such as interstitial
provided with primary  diagnostic disagreements)  94.8% and PPV of 30.9%. lung disease (ILD) and asthma,
care spirometry data  pulmonologists with access to AUC was 0.814 and  with lower positive predictive
against a clinical  extensive clinical notes and accuracy was 83.8%. For  valuesand sensitivity observed.
reference diagnosis. secondary care investigations. ILD diagnoses, the Al hada  This likely reflects the greater
sensitivity of 75.1%,  reliance on pulmonary function
specificity of 85.9%, NPV of  tests in COPD diagnosis,
92.3% and PPV of 60.5%. whereas PFTs play a more
AUC was 0900 and supportive role in other
accuracy was 83.8%. For  respiratory conditions. Notably,
"normal” diagnoses, the Al Al performance was highest in
had a sensitivity of 33.3%, the detection of more advanced
specificity of 96.0%, NPV of  disease, particularly GOLD
98.1% and PPV of 18.9%. stage 3 and 4 COPD.
AUC was 0871 and
accuracy was 94.4%.
Atrtificial Topalovic Diagnostic To  explore  the 120 pulmonologists from 16  Pulmonologists made Al was associated with reduced
intelligence et al accuracy / accuracy and interrater  European hospitals assessed 50  correct diagnoses in 44.6+/- inter-rater variability in the
outperforms (2019) validation variability of cases with PFT and clinical 8.7% of the cases with a interpretation of pulmonary
pulmonologists in study pulmonologists when  summary, resulting in 6000 large interrater variability function  tests. It  also
the interpretation of interpreting PFTs independent interpretations.  (kappa=0.35). The Al-based  outperformed clinicians when
pulmonary function compared with  The Al software was exposedto  software perfectly matched only spirometry and limited
tests [13] artificial intelligence  the same data. American the PFT pattern  clinical  information ~ were
(Al)-based software. Thoracic Society/European interpretations (100%) and  available, compared to
Respiratory Society guidelines  assigned a correct diagnosis  scenarios where full diagnostic
were used as the gold standard  in 82% of all cases. data and investigations were
for PFT pattern interpretation. accessible.
The gold standard for diagnosis
was derived from clinical
history, PFT as well as
additional tests.
Integrating Al-  Giffen et Diagnostic To compare the 2 retrospective cohorts in a  Near complete concordance Al demonstrated high accuracy
assisted spirometry:  al. (2025) accuracy /  performance of  direct-access COPD diagnostic ~ between Al diagnosis of in identifying normal
Validation and user validation ArtiQ.Spiro with  pathway had their spirometry  “normal” and clinician  pulmonary function test results,
experience in a study clinician interpretation  data analysed by ArtiQ.Spiro  diagnosis of "normal" (NPV ~ but  comparatively  lower
COPD diagnostic as part of efforts to (Al) and compared to the 0.942) and good agreement accuracy in diagnosing COPD.
pathway [51] integrate Al into a interpretations of ATRP- of Al alone in COPD The findings suggest a potential
COPD diagnostic  registered clinicians and final  identification (PPV 0.69). In  synergistic role for Al when
pathway. diagnostic pathway outcomes.  the prospective validation,  used alongside  assistant
A prospective validation was  90% of tests were correctly  physiologists, with combined
also done in which the Al's interpreted by both assistant interpretation improving
interpretations were obtained  physiologists and  overall diagnostic performance.
by the assistant physiologists  ArtiQ.Spiro. 10% of initial
during data acquisition for 125 interpretations by assistant
consecutive tests. physiologists were incorrect
but correctly identified by
the Al.
Machine learning  Saha et al  Diagnostic To determine if a 21,062 patients undergoing The accuracy of RSP in  Machine learning frameworks
based detection of  (2025) accuracy /  diagnostic  platform  spirometry and lung volume detecting true ventilatory demonstrated greater accuracy
true ventilatory validation using machine  testing at a quaternary referral  restriction was 0.61 with a  in identifying true ventilatory
restriction [52] study learning to integrate  hospital in the United states of  sensitivity of 0.42,  restriction compared with the
spirometric data with ~ America were selected as the  specificity of 0.91, PPV of use of isolated spirometric
demographics will  study population. A LightGBM  0.88, NPV of 0.51. The parameters.
enable accurate  machine learning framework accuracy of the machine
detection of true  was trained on 80% of the data  learning framework was
ventilatory restriction.  before using the remaining20%  0.78 with a sensitivity of
as test data and comparing the ~ 0.74, specificity of 0.86,
accuracy against restrictive PPV of 0.89 and NPV 0.68.
spirometry patterns alone to
detect true ventilatory
restriction. The FEV1, FVC,
FEV1/FVC, FEV1 % predicted
and FVC % predicted as well as
age, sex and BMI were used by
the machine learning
framework to detect patients
with true ventilatory
restrictions.
Atrtificial Prevot et  Diagnostic To address the gap in 1094 flow-volume loops were ~ The Al demonstrated an  The Al demonstrated a high
Intelligence- Based  al (2025) accuracy /  standardised diagnosis  analysed (766 healthy controls,  overall PPV of 0.0.886, a level of accuracy in detecting
Deep learning validation of intra- and 256 with fixed airway sensitivity of 0.915 and an  pathological patterns; however,
Model for study extrathoracic airway  obstruction, 72 from COPD  F1 score of 0.893 showing its ability to differentiate
Detecting  Central obstruction using  patients). 90:10 training: test good concordance  between similar disease entities
and Upper Airway flow-volume loop  split. previously assigned  was limited. Interpretation of
Obstruction [44] patterns and improve diagnosis. these findings is constrained by
the  sensitivity  of the availability of only abstract-
diagnostic  decision level data for this study.
making through the
use of an Al deep
learning model.
Machine Learning  Elashmaw  Observationa ~ To determine the most ~ Various machine learning  Random forest classifier ~ Random forest classifiers were
for Enhanced i et al | study with effective machine  algorithms were compared  outperformed models based identified as among the most
COPD Diagnosis:  (2024) diagnostic learning algorithm in  against each other in detecting  on the following principles:  effective machine learning
A Comparative accuracy / COPD diagnosis  COPD based on spirometry and  logistic regression, support  algorithms for COPD
Analyses of validation /prediction based on readily accessible patient data.  vector machine, gradient diagnosis. This approach has
Classification component clinical  information 1522 data points were allocated  boosting classifier, Gaussian  been increasingly incorporated
Algorithms [38] and spirometry data. naive  bayes, K-nearest
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to the training set and 508 for  neighbours classifiers, into recent Al models for
testing. decision tree classifier,  spirometric analysis.
artificial neural networks.
Diagnosis and  Talker et Diagnostic To apply interpretable 115,053 capnograms (limited  The best  performing  Machine learning algorithms
Severity if COPD  al (2024) accuracy /  machine learning  to 14 per patient in analysis) machine learning model demonstrated a high degree of
Using a Novel Fast- validation techniques to were collected from 1114 displayed n  accuracy, concordance with reference
Response study capnography data  patients. Data was split into an ~ AUROC, sensitivity,  standard  diagnoses  when
Capnometer  and recorded by the N-  80:20 training: test split.  specificity, NPV and PPV of  incorporating capnography data
Interpretable Tidal device across Interpretations labelled patients ~ 0.811, 0.890, 0.771, 0.850, alongside  spirometry  and
Machine Learning five clinical studies as either COPD or non-COPD  0.792 and 0.834  clinical variables. Minimal
[36] and evaluate the as well as the severity of respectively. Little  variability =~ was  observed
performance of the COPD. Compared to gold- variability between models; between different machine
diagnostic and severity  standard diagnosis of patients ~ standard  deviation  of learning models. However,
classifiers. as per NICE guidelines. accuracy of the 3 models diagnostic performance was
tested was <0.03. High lower in mild COPD cases,
performance  seen with  which  were  the  most
GOLD 2-4 diagnoses, lessso  challenging to detect.
with GOLD 1.
Artificial Mendez et Diagnostic Thegoal istocreatean  Patients aged 30-80 with at  Machine learning was able ~ The model demonstrated good
Intelligence al (2024) accuracy /Al model based on least a 10 pack-year history to  predict  obstructive precision and accuracy in
Applied to Forced validation machine learning  were selected as the study spirometry patterns with an  detecting obstructive patterns
Spirometry in study capable of predicting  population from six primary accuracy and precision  using limited clinical
Primary Care [16] the  presence  or care centers in Velencia. 80:20  exceeding  90%  using information in a primary care
absence of an  training: test split. The GOLD  predicted FEV1 pre-  setting.
obstructive pattern  classification was used to  bronchodilator therapy
using variables with  assign diagnoses. The machine  values.
the highest predictive  learning algorithm was given
power derived froman  basic clinical information and
active search program  spirometric data.
for COPD in primary
care.
Time-series Mac et al  Diagnostic To use flow-volume 2871 pulmonary function tests ~ Accuracy of the Al was Al demonstrated a high degree
Machine Learning  (2024) accuracy /  loops interpreted by including flow-volume loops  demonstrated at >90%. of diagnostic accuracy in
Model  Classifies validation Al to  diagnose from 895 patients were identifying ventilatory defects,
Lung Function study restrictive an  analysed and classified based including small airway disease,
Using  Spirometry obstructive airmay on ATS/ERS guidelines. A when flow-volume loop data
Flow-Volume patterns  with a  machine learning model was were incorporated into machine
Loops Alone [53] particular focus on  trained on this data and a learning models, particularly in
small airway disease. separate subsection used for the absence of
testing that had not been seen plethysmography.
before.
Clinical Evaluation ~ Maes et al ~ Diagnostic To compare the A total of 6 primary care In77% of cases, GPsagreed  Non-specialists demonstrated
of Artificial ~ (2024) accuracy /  performance of GP  practices in Belgium used with the diagnosis proposed lower  concordance  with
Intelligence validation PFT interpretation  ArtiQ.Spiro, during a 3-month by ArtiQ.Spiro. Combined  pulmonologist consensus
Supported Software study with and without the  period alongside  existing  with spirometry and Al  diagnoses compared to Al in
in the Interpretation use of Al referral structures. The support, GPs  labelled the interpretation of pulmonary
of Spirometry accuracy of the diagnostic  patients correctly in 67% of  function tests. These findings
Results in a hypothesis based on the clinical ~ patients. When comparing suggest that Al may play a
Primary Care evaluation and interpretation of ~ the Al-proposed diagnosis  valuable role in improving
Setting [17] spirometry, supported by the Al with the pulmonologists'  spirometric interpretation in
software, was established by  diagnosis, 82% of diagnoses  primary care settings,
comparison to the diagnosis  were correct. particularly when used by non-
made by an expert panel of 3 specialists prior to specialist
pulmonologists.  This  panel referral.
reviewed the same data and all
relevant information from the
patient record 3 months after
the spirometry session.
Evaluating Antonio, Diagnostic To compare the 197 patients were assessed Al and pulmonologists had Al demonstrated comparable
artificial Montejo accuracy /  spirometry reading  using spirometry with  similar findings in normal  diagnostic performance and
intelligence- and Sy validation interpretation between  bronchodilator ~ studies to (Al 50.76%, pulmonologists  concordance with
interpreted against  (2024) study Al and pulmonologists ~ compare Al's accuracy to  55.1%-63.96%), restrictive  pulmonologists in the
pulmonologist- in terms of agreement  pulmonologists. (Al 19.29%, pulmonologists  interpretation of pulmonary
interpreted and reliability. 15.74%-19.29%), and  function tests.
spirometry results: obstructive (Al 18.78%,
a comparative pulmonologists 15.82%-
study [21] 20.30%) ventilatory defects,
but differed in mixed defects
and severity classification.
Al's  identification  of
significant  bronchodilator
response  (15.23%) was
within pulmonologists'
range (5.58%-12.69%).
Collaboration Das et al  Diagnostic To assess if the The study was conducted in  The number of diagnoses in  The use of explainable Al was
between (2023) accuracy /  collaboration between  two phases, a monocentre study  the differential diagnosis did  associated ~ with  improved
explainable validation a pulmonologist and  (phase 1) and a multicentre  not reduce, but diagnostic  diagnostic ~confidence and
artificial study Al with explanations intervention study (phase 2). confidence and inter-rater  consistency in  pulmonary
intelligence and (explainable Al  Each phase utilised two agreement significantly ~ function test interpretation
pulmonologists (XALl)) is superior in  different sets of 24 PFT reports  increased during  compared with unaided
improves the diagnostic of patients with a clinically intervention. clinician assessment, relative to
accuracy of interpretation of  validated gold standard  Pulmonologists updated  a reference standard diagnosis.
pulmonary function pulmonary  function  diagnosis. Each PFT was their decisions with XAl's
test interpretation tests (PFTs) than the interpreted without (control) feedback and consistently
[28] pulmonologist without ~and with XAl's suggestions improved their baseline
support. (intervention). Pulmonologists  performance if Al provided
provided a differential  correct predictions.
diagnosis consisting of a
preferential ~ diagnosis  and
optionally up to three additional
diagnoses.
Al models for Elmahy et  Diagnostic To evaluate the ability ~ An Al model was trained on  The Al demonstrated an  The model demonstrated
respiratory disease  al (2023) accuracy / of Al to diagnose 1609 subjects who underwent overall accuracy of 76%. moderate discriminative ability
from  spirometry validation respiratory diseases in  PFTs in hospital with the Poor sensitivity (0.25) and  between different diagnostic
alone:  validation study primary care on a addition of 500 healthy PPV (0.06) for  categories.
based on UK representative dataset. individuals from the UK  bronchiectasis.
Biobank [54] Biobank. It was then tested on

an independent dataset from the
UK Biobank. This set consisted
of physician-diagnosed asthma,
bronchiectasis, COPD and ILD
that have acceptable quality
spirometry within a year of
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diagnosis that showed at least

subtle signs of abnormal
spirometry.
ArtiQ.PFT: Al-  Autoren Diagnostic To ascertain the 60 cases are presented to 20  Pulmonologists gave a Al demonstrated a synergistic
powered decision  Desbordes  accuracy / accuracy and impact  pulmonologists from 3 different  similar number of effect when used alongside
support for the et al  validation of Al on diagnosisand  countries. For each case, the differentials whether they  pulmonologists, improving
diagnosis of lung  (2023) study planned next steps in  full PFTs and a short clinical  used Al or not. Itdid seemto  diagnostic ~ accuracy  and
diseases: Does it pulmonologists background are given. improve the diagnostic  influencing subsequent clinical
help the assessing PFTs. Pulmonologists provided a accuracy of clinicians when  management decisions.
pulmonologist to be primary and up to 3 differential  compared to interpretation
more accurate? [29] diagnoses as well as the next  without the aid of Al by
step they would take, once 18.9%. It also seemed to
without and once with the influence the next steps
support of ArtiQ.PFT. pulmonologists wanted to
take with an increase in
suggestions for “immediate
further investigations and
"plan follow-up" as opposed
to "back to GP" and “begin
treatment”.
Exploratory study  Hernande Diagnostic To develop an 4223 subjects with asthma and ~ The Al identified 2  Interpretation of this study is
of arisk prediction z et al accuracy / artificial intelligence 3830 with COPD were scorecards scaling from 0to  limited by the lack of detailed
artificial (2023) validation (Al) model to  recruited between 2019 and 250 and 300 to 620 points for ~ methodological  information.
intelligence model study standardize the  2021. Subject demographics asthma and COPD, However, the reported low
to diagnose asthma diagnoses of asthma  were collected for all subjects. ~ respectively. A total of positive predictive values for
and COPD in and COPD. Using clinical variables in  14.95%  subjects were asthma and COPD suggest a
Mexico [40] addition to spirometric  diagnosed with asthma, and  higher rate of false positives
variables, an artificial ~ most patients (61.22%) hada  and potential overestimation of
intelligence model was created  score ranging from 176 to  disease prevalence.
and trained. 220. COPD was diagnosed
in 310% with 41.38%
having a score of 540 to 620.
The sensitivity, specificity,
positive, and  negative
predictive values for asthma
and COPD were 64%, 72%,
30%, 92%, and 83%, 77%,
12%, and 99%, respectively.
Development and Huang et  Diagnostic To compare a The accuracy of an Al The agreement rates Al demonstrated a high level of
evaluation of a al (2024) accuracy /  computerised generated model was compared ~ (Cohen's kappa) for  concordance with clinician
computerized validation algorithm to clinician  to the clinician’s interpretation  obstruction, restriction and  diagnoses, with fewer overt
algorithm for the study interpretation of of 6889 PFTs from patients abnormal DLCO were diagnostic errors compared to
interpretation  of pulmonary  function  under the care of Duke from 94.4%  (0.868), 99.0% clinicians. Additionally, Al
pulmonary function tests. 2018-2020 using ATS  (0.979) and 87.9% (0.750) showed improved capability in
tests [30] guidelines. respectively. In 4,711 PFTs  identifying potential ~small
with FEVI/FVC>0.7, the airway disease.
algorithm identified 190
tests with small airway
disease index < lower limit
of normal (LLN), suggesting
small airway dysfunction.
Of these, the clinicians
(67.9%) noted 129 tests.
Deep learning  Mac et al  Diagnostic To compare Al with ~ The Al was trained using full  The final model Al outperformed both clinical
using  multilayer  (2022) accuracy /  clinician interpretation  sets of PFTs and clinical significantly outperformed decision trees and expert
perception validation of spirometry alone in  information and then compared ~ (94.67%+2.63%, p<0.01 for  clinicians in scenarios where
improves the study formulating a  with the ATS clinical decision  both) interpretation of 82  key clinical information was
diagnostic acumen diagnosis when full  tree and trained pulmonologists ~ spirometry tests by the limited, which would otherwise
of spirometry: a PFTs including body in terms of accuracy of clinical ~ decision tree  be required to establish a
single-centre plethysmography are  diagnosis made when all  (75.61%z0.00%) and  reference standard diagnosis.
Canadian study not available. information is available. pulmonologists
[23] (66.67%+14.63%).
Automated Zhou et al  Diagnostic To investigate the The portable Yue Cloud Concordance verified by the  Portable or handheld
interpretation of the ~ (2022) accuracy /  accuracy of automated ~ spirometer and Al diagnosis Kappa statistic showed an  spirometry combined with Al-
pulmonary function validation interpretation of the was compared against adults excellent agreement in  based interpretation
test by a portable study PFT measured by a  undergoing standard spirometry  pulmonary dysfunction,  demonstrated high concordance
spirometer in portable Yue Cloud investigation with the  small airway dysfunction, with current standard
Chinese adults [55] spirometer in Chinese  conventional Jaeger and severity evaluation  diagnostic practice.
adults compared to  MasterScreen and standard  between the Jaeger and Yue
standard care. interpretation procedures. Cloud spirometers. The
kappa values were all greater
than  0.80  (pulmonary
dysfunction, k= 0.890;
small airway
dysfunction, k=0.828; and
severity, k= 0.874).
Deep Learning for ~ Wangetal  Diagnostic To develop a deep Out of 45831 patient's 432 clinicians evaluated 80 Al  demonstrated  superior
Automatic  Upper  (2022) accuracy / learning model to  spirometry records, 351 had spirometry cases. They diagnostic performance
Airway Obstruction validation detect upper airway upper airway obstruction assigned an accuracy of compared to clinicians when
Detection by study obstruction  patterns  confirmed through further  41.2% (+15.4) with poor limited data were available. It
Analysis of Flow- and  compare its assessment. These cases were agreements (k = 0.12). For ~was also associated with
Volume Curve [24] performance to that of  used to train and test the Al and ~ the same cases, the model reduced inter-rater variability
lung function  clinicians as well as 200 normal  generated a correct detection ~ among clinicians.
clinicians. sets of PFTs. The two had their  of 81.3% (p < 0.0001).
accuracy and  agreement
compared  when  viewing
spirometry.
Explainable de Limaer  Diagnostic Toassess theaccuracy ~ An  explainable  machine  Automatic classifiers could  Explainable machine learning
machine learning  al (2022) accuracy / of explainable  learning algorithm was  increase sarcoidosis  approaches demonstrated
methods and validation machine learning in  developed and compared diagnosis, particularly in  accurate diagnostic
respiratory study detecting pulmonary  against other non-explainable  those with normal  performance and  showed
Oscillometry  for abnormalities in  algorithms/Al in interpreting  spirometry. Using machine  potential for application across
the diagnosis of sarcoid patients. forced Oscillometry to  learning improved a range of  respiratory
respiratory diagnose respiratory changes  diagnostic accuracy  conditions, including
abnormalities  in associated with sarcoidosis. 72 compared to looking at sarcoidosis with pulmonary
sarcoidosis [56] individuals were analysed with isolated parameters.  involvement.
a mix of healthy controls, Explainable machine

sarcoid diagnosis and
spirometry abnormalities,
sarcoid diagnosis and no
spirometry.

learning yielded an AUC
>0.900 in both those with
sarcoidosis and no
spirometry changes as well
as  with  abnormalities
compared to controls.

10.12865/CHSJ.52.02.01

145



Thomas Orpwood et al. - Role and Diagnostic Accuracy of Artificial Intelligence in Pulmonary Function Tests

Machine Learning  Moffett et  Diagnostic To identify a method ~ ATS guidelines were used to 9,427 pulmonary function Al demonstrated a high degree
for the  al (2022) accuracy /  of identifying lower interpret pulmonary function tests were used, of which of diagnostic accuracy when
identification of validation limits of normal total tests performed at the 2,297 (24.3%) met ATS presented with limited clinical
Restriction Without study lung volume without  University of Pennsylvania criteria  for  restriction. information.
Lung Volume access to lung volume  Health System which included  Performance was similar
Measurements [25] testing facilities. both spirometry and lung across each of the Al
volume measurements. A 75-  models, with the best
25 split sample was used with  performance observed with
repeated 10-fold cross- the random forest model.
validation to train Al models to  The c-statistic of this model
identify restriction using the was 0.980 (95% CI 0.976-
age, sex, standing height, 0.984), while the area under
percent  predicted  forced the precision-recall curve
expiratory volume in 1 second  was 0.934.
(FEV1), percent predicted
forced vital capacity (FVC),
percent predicted FEV1/FVC,
and the percent predicted forced
expiratory flow (FEF25-75).
Deep  Learning- Wangetal  Diagnostic To explore the The gold standard for 90 physicians interpreted Al outperformed clinicians in
Based Analytic  (2022) accuracy / accuracy of deep identifying ventilatory patterns  100. The average accuracy the interpretation of flow-
Models Based on validation learning-based was the ATS/ERS guidelines.  achieved by the physicians volume loops and was
Flow-Volume study analytic models based  One physician evaluated the was 76.9 +/- 18.4% with a  associated with greater
Curves for on flow-volume  ventilatory patterns according  moderate agreement (kappa  consistency in  diagnostic
Identifying curves in identifying  to the international guidelines. = 0.46), physicians from classification. This advantage
Ventilatory the ventilatory ~ Ten deep learning models were ~ primary ~ care  settings  was particularly evident when
Patterns [18] patterns. developed to identify patterns achieved a lower accuracy  compared with general
from the flow-volume curves.  (56.2%), while the Al model  practitioners.
The patterns obtained by the accurately identified the
best-performing model were  ventilatory pattern in 92.0%
cross-checked ~ with  those  of the 100 cases.
obtained by the physicians.
Machine learning  Andrade Diagnostic To evaluate the Oscillometry and spirometric The BOP was dynamic Al enhanced the interpretation
associated with et al accuracy / performance of several exams were performed in 82  compliance which provided and diagnostic performance of
respiratory (2021) validation ML algorithms  individuals, including controls ~ moderate accuracy (AUC =  oscillometry.
Oscillometry: a study associated with the (n = 30) and patients with  0.77) in the scenario control
computer-aided respiratory systemic sclerosis with normal  group versus patients with
diagnosis  system Oscillometry analysis  (n = 22) and abnormal (n =30)  sclerosis and normal
for the detection of to aid in the diagnostic ~ spirometry. A machine learning  spirometry. In the scenario
respiratory of respiratory changes  algorithm was configured based  control group versus patients
abnormalities  in in systematic sclerosis.  on this. The best Oscillometry ~ with sclerosis and altered
systemic  sclerosis parameter (BOP) was sought in  spirometry ~ (CGvsPSAS),
[57] terms of accuracy in identifying  the BOP obtained high
patients who were controls or  accuracy (AUC = 0.94). In
had systemic sclerosis  control vs systemic sclerosis
with/without abnormal  patients with normal
spirometry. This was then  spirometry, the machine
compared with the machine learning model achieved the
learning model. best result (AUC = 0.90),
significantly improving the
accuracy in comparison with
the BOP (p < 0.01), while in
control vs systemic sclerosis
patients  with ~ abnormal
spirometry, another machine
learning model obtained the
best results (AUC = 0.97),
also significantly improving
the diagnostic accuracy (p <
0.05).
Machine learning  Levy et al  Diagnostic To examine patterns  The study used 350 overnight A total of 350 patients’ Al demonstrated a high degree
for nocturnal  (2021) accuracy / and dynamics on  polysomnography polysomnography ~ (PSG)  of diagnostic accuracy when
diagnosis of validation COPD patients during  recordings to extract oximetry-  recordings were used. A  assessing alternative or
chronic obstructive study overnight  oximetry based digital biomarkers and  random forest (RF) classifier ~ minimal data inputs.
disease using time series that may be  demographic features, which ~ was trained using these Performance was strongest at
digital oximetry unique to this  were then used to train machine  features. The RF classifier ~ detecting more severe disease,
biomarkers [34] condition. learning models to classify  obtained F1 = 0.86 +/- 0.02  whereas milder cases were
COPD vs non-COPD. The data  and AUROC =0.93 +/-0.02  more challenging to identify.
were pre-processed, feature-  on the test sets. A total of 8
engineered, and split into  COPD individuals out of 70
training/test sets, with models were misclassified. No
(e.g., random forest and logistic ~ severe cases (GOLD 3-4)
regression) evaluated using  were misdiagnosed.
nested cross-validation and Including additional non-
performance metrics such as  oximetry derived PSG
AUROC and F1 score. Gold  biomarkers resulted in
standard was achieved by  minimal performance
performing spirometry on these  increase.
patients.
Deep learning  Exarchos Diagnostic To evaluate a deep  The algorithm was trained and ~ The algorithm yielded an Al demonstrated high accuracy
algorithm for the et al accuracy / learning-based image tested on a set of 108 flow-  overall accuracy of 96%; the in classifying spirometry results
classification of  (2021) validation classification volume curves, almost equally  class-specific performances into broad categories, including
spirometries using study algorithm that  distributed across the three for correctly identifying normal and abnormal
flow-volume analyses solely the patterns and accuracy assessed.  obstructive, restrictive and  (obstructive and restrictive)
curves: proof of flow-volume loop normal patterns were 94%,  patterns.
concept study [45] curve and classifies it 97% and 98%, respectively.
into obstructive,
restrictive or normal.
Deep neural  Bodduluri Diagnostic To explore if it is  Participants enrolled in a large  The neural network was Al demonstrated improved
network analyses of et al accuracy /  possible that machine-  multicentre study (COPDGene)  more accurate in  capability in interpreting
spirometry for  (2020) validation learning  algorithms  were included. The data points  discriminating predominant  spirometry to identify COPD
structural study can be trained on from expiratory flow-volume emphysema/airway phenotypes; however, it is not a
phenotyping of spirometry data to curves were trained using a phenotypes (AUC 0.80, substitute for reference
chronic obstructive identify emphysema  deep-learning model to predict ~ 95%CI 0.79-0.81) compared  standard diagnostic
pulmonary disease airway disease  structural phenotypes of COPD  with traditional measures of  investigations.

[39]

contributing to airway
obstruction.

based on CT findings, and
results were compared with
traditional spirometry metrics
and an optimized random forest
classifier. Area under the
receiver operating
characteristic curve (AUC) and
weighted F-score were used to

spirometry, FEV1/FVC
(AUC 0.71, 95%CI 0.69-
0.71), FEV1% predicted
(AUC 0.70, 95%ClI 0.68-
0.71), and random forest
classifier (AUC 0.78, 95%ClI
0.77-0.79).  The  neural
network was also more
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measure the discriminative

accurate in discriminating

accuracy of a fully  predominant
convolutional neural network, emphysema/small  airway
random forest, and traditional ~ phenotypes (AUC 0.91,
spirometry metrics to  95%CI 0.90-0.92) compared
phenotype CT as normal, with FEV1/FVC (AUC 0.80,
emphysema-predominant (>5%  95%CI 0.78-0.82), FEV1%
emphysema), airway-  predicted (AUC  0.83,
predominant  (Pil0>median),  95%CI 0.80-0.84).
and mixed phenotypes.
Comparisons were also made
for the detection of functional
small airway disease phenotype
(>20% on parametric response
mapping).
Application of  Mencar et  Diagnostic To test the efficacy  Data surrounding demographic ~ The best average Al demonstrated comparatively
machine learningto  al (2020) accuracy / and clinical ~ characteristics, spirometry  classification accuracy on  lower accuracy in diagnosing
predict obstructive validation applicability of values, gas exchange (PaO2, testsetsis44.7 percent, with and classifying obstructive
sleep apnoea study different machine  PaCO2) and symptoms of 313  the same average sensitivity  sleep apnoea (OSA) when using
syndrome severity learning methods  patients with a previous (recall). In only 5.7 percent  predominantly non-diagnostic
[43] based on demographic  diagnosis of obstructive sleep  of cases, a severe obstructive  variables, relative to its
information and  apnoea syndrome were sleep apnoea syndrome  performance in other
questionnaire data to  collected.  After  principal (class 4) is misclassified as  respiratory conditions.
predict  obstructive  component  analysis, 19  mild (class 2). Regression
sleep apnoea (OSA) variables were selected which  results show a minimum
syndrome severity. were used for  further achieved root mean squared
preprocessing and to eventually  error of 22.17.
train seven  types  of
classification models and five
types of regression models to
evaluate the prediction ability
of obstructive sleep apnoea
syndrome severity, represented
either by class or by apnoea-
hypopnea index.
Deep learning  Tomita et  Diagnostic To explore whether 566 adult out-patients who  For the diagnosis of adult The Al demonstrated low
facilitates the  al (2019) accuracy / the use of deep visited Kindai University asthma based on symptoms diagnostic —accuracy when
diagnosis of adult validation learning with  Hospital for the first time with  and physical signs alone, the  relying solely on symptoms and
asthma [58] study combinations of  complaints of non-specific  accuracy of the DNN model  physical ~ signs;  however,
symptom-physical respiratory symptoms had their ~ was 0.68, whereas that for  performance improved
signs and objective data collected. Asthma was the SVM was 0.60 and for  significantly with the inclusion
tests, such as lung comprehensively diagnosed by the logistic analysis was of additional clinical and
function tests and the  specialists based on symptom-  0.65. When adult asthma physiological data.
bronchial ~ challenge  physical signs and objective ~ was diagnosed based on
test, can improve tests. Model performance symptoms and physical
model performance in  metrics were compared to  signs, biochemical findings,
predicting the initial  logistic analysis, support vector  lung function tests, and the
diagnosis of adult machine (SVM) learning, and  bronchial challenge test, the
asthma compared to the new deep neural network accuracy of the DNN model
the conventional ~ (DNN) model. increased to 0.98 and was
machine learning significantly higher than the
diagnostic method. 0.82 accuracy of the SVM
and the 0.94 accuracy of the
logistic analysis.
Artificial Topalovic Diagnostic To develop a smart 1430 subjects with respiratory At the external multicentric ~ High levels of discordance
intelligence helps et al accuracy / software wusing Al symptoms had data extracted validation, the software- were observed among expert
detecting lung  (2018) validation which improves the from 33 Belgian hospitals to  based automated diagnoses clinicians, whereas Al systems
disease with study clinical reading of a develop the algorithm. The (82%  accuracy) were demonstrated high diagnostic
pulmonary function lung function and final diagnosis ~ (healthy, superior to the suggested accuracy.
tests [26] suggests a respiratory  asthma, COPD, ILD, diagnoses of 85
disease diagnosis if  neuromuscular disease, chest pulmonologists (44.6 +/- 3.7
possible. wall  or pleural disease, % mean accuracy). Great
pulmonary vascular disease,  disagreement between
other obstructive disease) was  readers is observed with a
obtained from clinical history, low kappa score of 0.34.
lung function and all additional
tests, and confirmed by an
expert panel. A cloud-based
solution was incorporated into
the clinical setting to validate
the accuracy of the algorithm
on arandom sample of 136 new
subjects. Finally, the software
diagnoses were compared with
the diagnostic opinions of 85
pulmonologists ~ (from 11
different European hospitals)
provided with PFT and clinical
data of 50 new subjects.
Automated Topalovic Diagnostic To assess whether an 968 subjects admitted for the ~ ATS/ERS algorithm ~ Computer-based  algorithms
Interpretation  of et al accuracy /  unbiased machine  first time to a pulmonary resulted in a correct were associated with improved
Pulmonary (2017) validation learning  framework  practice had data collected. The  diagnostic label in 38% of  diagnostic accuracy.
Function Tests in study integrating lung  final clinical diagnosis was the  subjects. Chronic
Adults with function with clinical ~ based on the combination of  obstructive pulmonary
Respiratory variables may provide  complete pulmonary function  disease (COPD) was

Complaints [59]

alternative  decision
trees resulting in a
more accurate
diagnosis.

with the investigations that
were decided at the physician's
discretion. Clinical diagnoses
were separated into 10 different
groups and validated by an
expert pane.

detected with an acceptable
accuracy (74%), whereas all
other diseases were poorly
identified. The new data-
based decision tree
improved  the  general
accuracy to 68% after 10-
fold cross-validation when
detecting the most common
lung diseases, with a
significantly higher positive
predictive value and
sensitivity ~ for COPD,
asthma, interstitial lung
disease, and neuromuscular
disorder (0.83/0.78,
0.66/0.82, 0.52/0.59, and
1.00/0.54, respectively).
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Atrtificial Topalovic  Diagnostic To explore whether  Data of 1452 subjects fromtwo ~ Applying the algorithm on Al demonstrated high
intelligence detects et al accuracy / the use of artificial different cohorts were the dataset presented an  sensitivity and positive
lung diseases using  (2017) validation intelligence may result  collected: 1) Belgian  accuracy of 81% with a high  predictive value in the detection
pulmonary function study in a more reliable Pulmonary Function Study positive predictive values  of disease.
tests [22] interpretation of  (N=968), a prospective cohort and sensitivity for most of
pulmonary  function study that enrolled all the disease groups: COPD,
tests leading to an  successive new subjects in 33  asthma, interstitial lung
accurate detection of  different Belgian hospitals. A  disease, neuromuscular
different lung  final clinical diagnosis was  disorder, pulmonary
diseases. based on the combination of  vascular disease and thoracic
complete pulmonary function  deformity (89% and 92%,
with the investigations that 79% and 89%, 83% and
were decided at the physician's ~ 84%, 66% and 57%, 77%
discretion and lastly validated and 51%, 75% and 29%,
by an expert panel. 2) Leuven  respectively).
cohort (N=484), a
retrospectively collected data at
the outpatient clinic of the
University Hospital of Leuven,
consisting of patients with
known  disease  presence.
Algorithm for disease detection
and discrimination was
developed using neural network
model.
Late Breaking ~ Topalovic Diagnostic To develop a smart 1430 subjects with respiratory Al software presented a high Al outperformed
Abstract-Applying et al accuracy /  software which  symptoms were taken from 33  accuracy of 74% after 10-  pulmonologists in diagnostic
artificial (2017) validation improves the clinical  Belgian hospitals to developthe ~ fold cross-validation when interpretation when key clinical
intelligence on study reading of a lung algorithm. The final diagnosis detecting lung diseases (8  data were limited.
pulmonary function function and suggests  (healthy, asthma, COPD, ILD, possible disease categories).
tests improves the a respiratory disease  neuromuscular disease, chest The high accuracy was
diagnostic accuracy diagnosis if possible. wall or pleural disease, maintained in a real clinical
[27] pulmonary vascular disease,  setting (76%). The software-
other obstructive disease) was  based automated diagnoses
obtained from the clinical (76%  accuracy)  were
history, lung function and all  superior over the suggested
additional tests, and confirmed  diagnoses of pulmonologists
by an expert panel. A cloud- (535 +/- 6 % mean
based solution was  accuracy).
incorporated into the clinical
setting to validate the accuracy
of the algorithm on a random
sample of 86 new subjects.
Finally, the software diagnoses
were compared with the
diagnostic opinions of 16
pulmonologists provided with
PFT and clinical data.
Applying machine  Le-Dong Diagnostic To apply a Machine PFT data (Spirometry, Al software presented ahigh ~ Machine learning approaches
learning and et al accuracy / learning (ML)  Plethysmography and DLNO- accuracy of 74% after 10- may improve the detection of
pulmonary function  (2017) validation approach to detect the CO measurements, all  fold cross-validation when early systemic sclerosis (SSc)
data to detect study presence of Interstitial  converted into Z-score scale) detecting lung diseases (8 patients at higher risk of
interstitial lung Lung disease (ILD) in  were obtained in 273 patients  possible disease categories). interstitial lung disease (ILD).
disease in systemic patients with systemic ~ with confirmed diagnosis of The high accuracy was
sclerosis [41] sclerosis (SSc), using SSc and 50 healthy non-  maintained in a real clinical
combined data from  smokers. The main outcome is  setting (76%). The software-
multiple  pulmonary LD, as determined by HRCT. based automated diagnoses
function tests. (76%  accuracy)  were
superior to the suggested
diagnoses of pulmonologists
(535 +/- 6 % mean
accuracy).
Automated Das et al  Diagnostic To evaluate an  Three different neural networks ~ Of the trained neural  This study provides insight into
Screening (2016) accuracy /  efficient machine  were created using different  network models, the  the machine learning models
Methodology ~ for validation learning methodology ~ models and their accuracy of  multilayer perceptron model ~ most suitable for respiratory
Asthma Diagnosis study for the computerized  diagnosis compared based on  has the highest accuracy diagnostic applications.
that Ensembles detection of asthma clinical features and spirometry ~ (96.55 % sensitivity, 97.18
Clinical and that ensembles clinico-  available. % specificity, and 96.86 %
Spirometric epidemiological ~ and overall classification
Information [60] spirometric accuracy) for the automated
information to help classification of asthma-
pulmonologists in based statistically significant
diagnostic ~ decision- features.
making.
Detection of  Le-Dong Diagnostic To develop and Clinical and PFT data were  Dataexplorationand Cluster ~ Machine learning algorithms
interstitial lung et al accuracy / evaluate a screening  obtained in 244 patients with  analysis showed a clear demonstrated the ability to
disease in systemic  (2017) validation tool for detecting ILD  confirmed diagnosis of SSc, 29  dissimilarity in  NYHA identify interstitial lung disease
sclerosis using a study in SSc patients that patients with ILD-unrelated to  dyspnoea score, FVC, TLC,  (ILD) in patients with systemic
machine  learning based on Machine- SSc and 50 healthy non- FEV1, DLNO, DLCO and sclerosis.
approach based on learning  algorithms ~ smokers. The main outcome is V¢ between patients with
pulmonary function and combined data ILD, as determined by High-  and without ILD. These PFT
tests [61] from pulmonary  resolution CT. The attributes indices are implicated in
function tests. for classification are SSc type, most of the ML based
NYHA dyspnoea-score, ~ decision rules for the
cigarette smoking status and 12 screening of ILD. These
PFT  parameters including classifiers showed a good to
spirometry, DLNO-DLCO and  excellent prediction ability,
Plethysmography. with the mean values of
ROC-AUC, Accuracy,
Sensitivity, Specificity, PPV
and NPV of 0.86, 0.81, 0.69,
0.88, 076 and 0.85
respectively.  The  best
performing decision rule
was based on support vector
machine algorithm and Z-
score, with a balanced
accuracy of 084, a
sensitivity of 0.60 and a
specificity of 0.96.
Deep Learning Mac et al  Diagnostic To assess if a deep 2582 testsincluding spirometry ~ Of the 2582 tests, 780 were ~ Machine learning algorithms
Using Multi-Layer  (2022) accuracy /  learning model using and plethysmography data for  normal, 335 obstructive, demonstrated high diagnostic
Perceptron multi-layer perceptron 478 patients were collected 1130 restrictive and 337
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Improves the validation (MLP) can  from June 29th, 2018, to March  mixed lung disease. MLP  accuracy when applied to both
Diagnostic Acumen study differentiate  normal,  20th, 2020, at the Toronto produced comparable  complete and partial datasets.
of Spirometry [23] obstructive, General Hospital Pulmonary  accuracies for classifying the
restrictive, and mixed  Function Laboratory. Tests major lung conditions based
obstructive-restrictive ~ were classified as obstructive, on biometrics with
defects based on restrictive, or mixed lung  spirometry and
spirometry. disease using ATS guidelines.  plethysmography
MLP was built. MLP randomly  (94.79+2.56%), and
selected one test per patient for ~ biometrics with spirometry
each experiment, and the 478  (89.81+2.06%).
selected tests were randomly
partitioned into three sets:
training  (80%), validation
(10%), test (10%). MLP
classified lung conditions based
on different combinations of
input parameters: 1)
spirometry  (FVC, FEV1,
FEF25-75), plethysmography
(TLC, RV) and biometrics (sex,
age, height); (2) spirometry and
biometrics; (3) spirometry and
plethysmography; ()]
spirometry.
Detection of small ~ Xu et al  Diagnostic To construct and The preliminary experiment  The best result is obtained  Machine learning approaches
airway obstruction  (2018) accuracy / evaluate an effective involves the first 222 testsof 82 by the MLP model with 44  demonstrated effectiveness in
patterns in forced validation MLP  model  for subjects. Each testis labelled as  input features, including 4 the interpretation of forced
Oscillometry (FO) study detecting and  airflow obstruction (AO) or not  biometrics (age, gender,  oscillometry data.
and spirometry classifying small  according to ATS guidelines, height, weight), 36 FO
using artificial airway obstruction and randomly divided into  parameters (R, X, Rin-ex,
neural network [62] patterns in FO and training, validation, and test Xin-ex, each at 9 different
spirometry results. datasets at 70:15:15. MLP  frequencies), 4 spirometric
models with different numbers  parameters (FEV1, FVC,
of inputs, hidden layers, and FEF50, FEF75), 1 hidden
hidden units are evaluated layers with 140 units and a
regarding their performance in logistic activation function.
classifying AO By training 200 epochs at
(positive/negative). 0.001 learning rate, the
average validation accuracy
is 83% for unseen patterns.
Al-powered Gompelm Diagnostic This study aims to  Instudy phase 1, acohortof 60 Al improved the detectionof ~ Al was associated  with
evaluation of lung ann et al accuracy / explore the potential patients, 30 of whom had ILD, lung fibrosis as the primary  improved early detection of
function for  (2025) validation of Al software in  were retrospectively diagnosed diagnosis  from  42.8% interstitial lung disease (ILD).
diagnosis of study assisting by 25 pulmonologists by  without Al to 72.1% with
interstitial lung pulmonologists with  evaluating a PFT (body  Al.Phase 2 yielded a similar
disease [31] PFT interpretation for  plethysmography and diffusion  outcome: using Al increased
ILD diagnosis. capacity) and a short medical ILD diagnosis based on
history. The experts screened  primary diagnosis from
the cohort twice, without and 53.2% to 75.1%. ILD
with the aid of Al software and  detections ~ without Al
provided a primary diagnosis  support significantly
and up to three differential increased between phase 1
diagnoses for each case. In  and phase 2 but not with Al.
study phase 2, 19
pulmonologists repeated the
protocol after using ArtiQ.PFT
for 4-6 months.
Machine learning Xu et al  Diagnostic To evaluate the 280 datasets were used from 10S showed respiratory  Impulse oscillometry (10S)
for accurate  (2024) accuracy /  performance of several  healthy controls and those with  resistance at 5Hz (R5) was  may overcome certain
detection of small validation machine learning  respiratory symptoms (PPF  the best determinant of limitations of spirometry, such
airway study algorithms in  patients without SAD, n=158,  distinguishing between as the inability to perform
dysfunction-related diagnosing small  PPF patients with SAD, n=44,  healthy controls comparedto  forced vital capacity (FVC)
respiratory airway disease (SAD)  healthy control group, n=78). those  with  “preserved  manoeuvres. The integration of
changes: an in a population with Data split 70:30 training: pulmonary function" both  machine learning  further
observational study preserved pulmonary  testing. SAD was diagnosed  without and with SAD  enhances its diagnostic
[35] function (PPF). using spirometry measurements  (AUC 0.642, AUC 0.769)  performance, enabling more
of FEF25-75%, FEF50% and  with moderate success but accurate identification  of
FEF75%. Both impulse  when  combined  with  respiratory abnormalities.
Oscillometry (I10S) alone and  machine learning algorithms
with machine learning aid was  this dramatically increased
compared. to AUC 0.915 and 0.971
respectively.
SPIRO-AID: a Doe et al Randomised To evaluate whether A parallel, two-group, 234  participants  were  Al-based software was
randomized (2025) Control Trial an Al decision support  randomised controlled trial of  randomised with 133 (57%)  associated  with  improved
controlled trial of software (ArtiQ.  primary care clinicians in the  completing  (Intervention  diagnostic interpretation of
Al-assisted Spiro) improves the UK who refer for, or interpret, n=67, Control n=66): 73%  pulmonary function tests in
spirometry diagnostic prediction  spirometry. Clinicians were  female, 42% were general  primary care settings.
interpretation in of  primary care randomised 11 to  practitioners, 50% nurses.
primary care [19] clinicians. independently interpret fifty de-  The addition of Al decision
identified, real-world patient support software improved
spirometry sessions through an  the mean ‘preferred
on-line platform either with  diagnosis' prediction
(Al+) or without (Al-) an Al  performance from 49.7%
decision  support  software  (Control) to 58.7%
report. The primary outcome  (Intervention) in all cases.
was  diagnostic  prediction
performance (proportion of the
fifty spirometry sessions where
clinicians' preferred diagnosis
matched the reference
diagnosis, derived by consensus
from independent review of
primary and secondary care
notes and investigations by 3
pulmonologists).
Pulmonologists Das et al  Quasi- To explore the A previously reported Al  Pulmonologists updated Al demonstrated a synergistic
collaborate  with  (2021) experimental diagnostic  accuracy model was wused to aid their decision roughly 50% effect when used alongside
explainable difference  between  physicians. 16 pulmonologists  of the time with the use of  pulmonologists, improving
artificial clinicians interpreting interpreted 24 PFT reports; on ~ Al. Pulmonologists were  diagnostic accuracy.
intelligence for PFTs both with and each they provided a unlikely to follow XAl's
superior without  explainable  preferential and up to 4 incorrect suggestion
interpretation  of Al. differential  diagnoses, first indicating low automation
without (control) and then with  bias. Preferential  and
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pulmonary function
tests [33]

XAl's feedback (intervention).
Primary endpoint compared
accuracy of preferential and
differential diagnosis between
control and intervention.

differential diagnostic
accuracy increased with the
use of explainable Al.

Late Breaking  Deshordes  Quasi- This study aims to 60 patients, 30 of whom had  In Phase 1, Al improved the Al demonstrated a synergistic
Abstract-Al- et al  experimental explore the potential ILD, were retrospectively  diagnosis of ILD from effect when used alongside
powered decision  (2023) of Al software in diagnosed by 25  42.8% without Al to 72.1%  expert clinicians, improving
support helps assisting pulmonologists by evaluatinga  with Al (+68.5%). Phase diagnostic accuracy.
pulmonologists  to pulmonologists  with ~ full Pulmonary Function Test 2displayed similar results.
diagnose ILD more ILD diagnosis. (body plethysmography, ~ Using Al increased ILD
accurately [32] diffusion) and a short clinical  diagnosis (52.5% to 77.9%).
background.  The  experts It did not affect the number
screened the cohort twice, first  of differentials the clinician
without the aid of Al, and then  gave.
later with the assistance of
ArtiQ.PFT. The
pulmonologists  provided a
primary diagnosis and up to
three differential diagnoses for
each case. In Phase 2 of the
study, half of the experts
repeated the protocol after
using ArtiQPFT for six
months.
Artificial Ray et al  retrospective To evaluate if Al can 500,000 volunteers in the UK In 27% of subjects (N=29), Al  demonstrated  superior
Intelligence (2022) cohort study detect ILD from Biobank dataset were used and  the Al software detected ability to detect interstitial lung
Powered spirometry earlier than  data from participants had to  ILD may already be present  disease (ILD) earlier in the
Spirometry Enables clinicians. meet the following criteria: 1. (i.e. ILD was highest disease trajectory based on
Early Detection of had ILD as a cause of death, 2.  probability), ~with 66%  spirometry, compared with
Interstitial Lung had performed an acceptable (N=19) of these subjects clinicians.
Disease [42] spirometry measurement up to  exhibiting normal  lung
7 years prior to their date of function using standard
death, 3. had not received an interpretation guidelines. Al
ILD diagnosis on the date of  software detected possible
their spirometry measurement.  ILD up to 6.8 years prior to
A total of 109 subjects were diagnosis by a clinician
selected. Spirometry data and  through standard care in
subject demographic ~ 27% of patients who died
information were used as inputs ~ because of ILD in the UK
to an Al clinical decision  Biobank.
support  software, which
produced a probability for each
subject of having normal lung
function, asthma, COPD, ILD,
another obstructive disease, or
another unidentifiable
respiratory disease.
Insights into  De Vos et  mixed To wunderstand the  Structured interviews were  28.5% of patients at risk of Al provided a valuable adjunct
spirometry  usage  al (2023) methods delivery of and conducted in 18 Belgian GP COPD were flagged as to general practitioners in the
and the potential for observational  barriers to performing  practices at baseline and at the  having the disease. The interpretation of spirometry,
Al-based decision study spirometry in primary  end of the study. GPs were primary barriers identified particularly in settings where
support software in care and investigate asked to include patients with  were time pressure and lack  time constraints and limited
Belgian  primary the added value of Al-  the following criteria to have of good training in  confidence may impact
care [20] based software for the ~ PFTs: patients older than 35  spirometry. ArtiQ.Spiro was  diagnostic accuracy.
quality assessmentand ~ years old, with a smoking effective for both quality
interpretation of  history > 10 pack-years and at ~ assessment (4.13/5) and
spirometry in helping  least one respiratory complaint.  diagnostic aid (4.01/5).
primary care clinicians  ArtiQ.Spiro was used to assess
diagnose COPD. the quality of spirometry and
give a diagnosis. After every
use, the added value of the
software was rated on a Likert
scale.
Big data insightsin ~ Elmahy et  observational ~ To utilize Al in  ArtiQPFT was applied to Al predicted 12366 patients Al  demonstrated potential
the ILD population  al (2024) study interpreting anonymized PFT data from (14%) to have ILD overall utility in  epidemiological
through ~ Al-driven pulmonary  function 87205 patients from a Belgian ~ with an overall higher applications, enabling the

analytics [63]

tests in a large
population to leverage
interstitial lung disease
related data insights.

tertiary centre / reference centre
and 7 referring centres.
Compared the percentages of
ILD-predicted patients, patients
with  suggestive restrictive
spirometry,  patients  with
restrictive volume, and patients
with normal spirometry but
reduced DLCO.

patient percentage at the
reference  centre  (26%)
compared to the referring
centres (8%,SD 3%). The
difference was driven by a
high percentage of patients
with  restrictive  volume
(22% vs. 12%,SD 2%) and a
large percentage of patients
with normal spirometry but
reduced DLCO (27% vs.
14%, SD 2%). Surprisingly,
the percentage of patients at
the reference centre
exhibiting suggestive
restrictive spirometry was
similar to the referring
centres (15% and 14%
respectively).

analysis and interpretation of
large-scale datasets.

Data appraisal

Studies meeting the inclusion criteria were
critically appraised using the JBI critical
appraisal tools appropriate to each study designs
[9].

One researcher assessed the quality and
scored all the publications, and a second

researcher independently reviewed 25% of the
studies included (100% TO, 25% IS).

Any discrepancies were brought to review
and discussed to reach a consensus.

Data synthesis

The Popay et al. guideline for narrative
synthesis was used to analyse and integrate the
data, enabling the development of coherent
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conclusions from the included studies in the
large dataset [15].

Results

Study inclusion

The database search yielded
4279 publications. After de-duplication,
2906 publications were reviewed for title
screening, with 2727 publications excluded
thereafter.

Abstracts of the remaining articles were
screened and a further 118 were excluded.
Sixty-one full-text articles were assessed for
eligibility, of which forty-seven studies met the
inclusion criteria and were included in the final
analysis (Figure 1).

Records identified from Records removed before
| three databases (n=4279) > screening: Duplicated
l records removed (n= 1373)

Records screened by title:

” Identification |

Records removed: did not
(n=2906) meet inclusion criteria (n =
2727)

r

Records screened by Records removed: did not

Screening

abstract: (n=179) | meet inclusion criteria (n =

118)

b Records removed: did not

Records screened by full meet inclusion criteria (n
text: (n=61) = =14)
L2
Studies included in review

m=47)

| Included | |

Figure 1. Schematic illustration
of the study selection.

Characteristics and quality of included
studies

This review encompassed forty-one
diagnostic accuracy studies (87%), one
randomised controlled trial (2%), two quasi-
experimental studies (4%), two observational
studies (4%) and one cohort study (2%). The
included studies in the review exhibited an array
of methodological quality following analysis

with the JBI checklist (Tables 3-7); some being
considered robust and others lacking rigor.

The majority of studies focused on COPD,
while fewer investigated interstitial lung
disease, asthma, upper airway obstruction and
obstructive sleep apnoea. Commonly reported
metrics include diagnostic accuracy, sensitivity,
specificity, AUC and Cohen's kappa. The
included studies were published between 2016
and 2025, with a median publication year of
2022 (IQR 2020-2024) and a modal year of
2024.

Although the outcome metrics reported
differed  significantly  between  studies,
diagnostic  performance parameters were
analysed in all 47 included studies. The most
commonly used metric was overall diagnosis
accuracy; this was provided in 28 publications
(59.6%). Thirty (63.8%) studies reported on
sensitivity of Al diagnosis, whilst twenty-nine
(61.7%) calculated specificity-this enables
assessment of both illness detection and
exclusion. Measures of inter-rater agreement,
such as Cohen's or Fleiss' k, were reported in
14 publications (29.8%).

Additionally, the area under the receiver
operating characteristic curve (AUC) was
reported in 18 studies (38.3%). Less frequently
reported were positive and negative predictive
values, which were generally used in
conjunction with sensitivity and specificity,
rather than as independent metrics.

The variety of outcome metrics analysed in
the included studies highlighted the
methodological heterogeneity of the data. There
was no standard method for providing
performance measures, despite the majority of
studies aiming to assess Al diagnostic
performance. Some studies provided disease-
specific performance results or comparison with
pre-defined reference standards  without
analysing overall accuracy. In contrast, others
reported a single overall diagnostic accuracy.

As a result, even though all of the studies
evaluated the same clinical question, there was
limited direct quantitative comparison between
them.

Table 3. JBI critical appraisal score for diagnostic accuracy studies.

Title, author and date

Q1 Q Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10

Application of Atrtificial Intelligence in the Interpretation of Pulmonary Function Tests-Saad

et al. (2025)

Al-Assisted Interpretation of Pulmonary Function Tests: Enhancing Diagnostic Precision in

Respiratory Medicine-Singh et al. (2025)

Validation of artificial intelligence spirometric diagnostic support software in primary care: a

blinded diagnostic accuracy study-Sunjaya et al (2025)

Artificial intelligence outperforms pulmonologists in the interpretation of pulmonary function

tests-Topalovic et al (2019)

Integrating Al-assisted spirometry: Validation and user experience in a COPD diagnostic

pathway-Giffen et al. (2025)

Y Y Y Y Y Y Y Y Y Y
N Y N Y N/A Y Y Y Y Y
Y Y Y Y N/A Y Y Y Y N
Y Y N N Y Y Y Y Y Y
Y Y N N N/A Y N Y Y N
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Machine learning based detection of true ventilatory restriction-Saha et al (2025) Y Y Y Y Y Y Y Y Y Y
Artificial Intelligence- Based Deep learning Model for Detecting Central and Upper Airway
Obstruction-Prevot et al (2025) Y Y N N N/A Y N Y Y N
Machine Learning for Enhanced COPD Diagnosis: A Comparative Analysis of Classification
Algorithms-Elashmawi et al (2024) Yoy vy vy Y Yy o y Yy vy ¥
Diagnosis and Severity if COPD Using a Novel Fast-Response Capnometer and Interpretable
Machine Learning-Talker et al (2024) Y Y Y Y N Y Y Y Y Y
ér(;g‘llt):lal Intelligence Applied to Forced Spirometry in Primary Care-Moreno Mendez et al N v N N v v N v v v
Time-series Machine Learning Model Classifies Lung Function Using Spirometry Flow-
Volume Loops Alone-Mac et al (2024) N Y Y Y Y Y Y Y Y Y
Clinical Evaluation of Artificial Intelligence Supported Software in the Interpretation of
Spirometry Results in a Primary Care Setting-Maes et al (2024) Y Y Y Y N/A Y Y Y Y Y
Evaluating artifical intelligence-interpreted against pulmonologist-interpreted spirometry
results: a comparative study-Antonio, Montejo and Sy (2024) N Y Y N N/A Y N Y Y Y
Collaboration between explainable artificial intelligence and pulmonologists improves the
accuracy of pulmonary function test interpretation-Das et al (2023) Y Y Y Y Y Y Y Y Y Y
Al models for respiratory disease from spirometry alone: validation based on UK Biobank-
Elmahy et al (2023) N N N N Y Y Y Y Y Y
ArtiQ.PFT: Al-powered decision support for the diagnosis of lung diseases: Does it help the
pulmonologist to be more accurate?-Autoren Desbordes et al (2023) N Y N Y N/A N Y Y Y Y
Exploratory study of a risk prediction artificial intelligence model to diagnose asthma and
COPD in Mexico-Hernandez et al (2023) N Y N N N/A N Y Y Y Y
Development and evaluation of a computerized algorithm for the interpretation of pulmonary
function tests-Huang et al (2024) Y Y Y N Y Y Y Y Y Y
Deep learning using multilayer perception improves the diagnostic acumen of spirometry: a
single-centre Canadian study-Mac et al (2022) Y Y Y Y Y Y Y Y Y Y
Automated interpretation of the pulmonary function test by a portable spirometer in Chinese
adults-Zhou et al (2022) Yy oy N ¥ Y Yy Yy Yy vy ¥y
Deep Learning for Automatic Upper Airway Obstruction Detection by Analysis of Flow-
Volume Curve-Wang et al (2022) N Y Y Y N/A Y Y Y Y Y
Explainable machine learning methods and respiratory oscillometry for the diagnosis of
respiratory abnormalities in sarcoidosis-de Lima er al (2022) N N N N N Y Y Y N Y
Machine Learning for the identification of Restriction Without Lung Volume Measurements-
Moffeett et al (2022) Y Y Y Y Y Y Y Y Y Y
Deep Learning-Based Analytic Models Based on Flow-Volume Curves for Identifying
Ventilatory Patterns-Wang et al (2022) Y Y Y N Y Y N Y Y Y
Machine learning associated with respiratory oscillometry: a computer-aided diagnosis system N N v N v v v v v v
for the detection of respiratory abnormalities in systemic sclerosis-Andrade et al (2021)
Mach|ne learning for nocturnal diagnosis of chronic obstructive disease using digital oximetry N N v N v v v v N v
biomarkers-Levy et al (2021)
Deep learning algorithm doe the classification of spirometries using flow-volume curves: proof
of concept study-Exarchos et al (2021) N Y N N N N N N Y N
Deep neural network analyses of spirometry for structural phenotyping of chronic obstructive
pulmonary disease-Bodduluri et al (2020) Y Y Y Y Y Y Y Y Y
Q[;ﬁlzg&(\)t&gr)\ of machine learning to predict obstructive sleep apnea syndrome severity-Mencar v v v N v v v v v
Deep learning facilitates the diagnosis of adult asthma-Tomita et al (2019) N Y N N N/A Y Y Y Y Y
Qrzlzf(l)(igl intelligence helps detecting lung disease with pulmonary function tests-Topalovic et v v N N v v v v v v
Automa'ted Interpre.tatlon of Pulmonary Function Tests in Adults with Respiratory v v N N v v v v v v
Complaints-Topalovic et al (2017)
(Azgllf;():lal intelligence detects lung diseases using pulmonary function tests-Topalovic et al N v v v v N v N N v
Late !3reak|r]g Abstract-AppIylng artificial intelligence on pulmonary function tests improves v v N N v v v v v v
the diagnostic accuracy-Topalovic et al (2017)
Applying machine learning and pulmonary function data to detect interstitial lung disease in
systemic sclerosis-Le-Dong et al (2017) N N N N N Y Y Y Y Y
Au.tomate(li Screenlng Methodology for Asthma Diagnosis that Ensembles Clinical and N v N v v v v v v v
Spirometric Information-Das et al (2016)
Detection of interstitial lung disease in systemic sclerosis using a machine learning approach
based on pulmonary function tests-Le-Dong et al (2017) N N Y N N Y Y Y Y Y
Degp Learning Using Multi-Layer Perceptron Improves the Diagnostic Acumen of v v N v N v v v v v
Spirometry-Mac et al (2022)
Detection of small airway obstruction patterns in forced oscillometry (FO) and spirometry
using artificial neural networks-Xu et al (2018) Y Y N N N Y Y Y Y Y
Qle-lglac();sezrggj evaluation of lung function for diagnosis of interstitial lung disease-Gompelmann N N v N N/A v v N v v
Machine learning for accurate detection of small airway dysfunction-related respiratory
changes: an observational study-Xu et al (2024) N Y Y N Y N Y Y Y Y
Note. N = No, Y = Yes, N/A = not applicable
Q1-Was a consecutive or random sample of patients enrolled?
Q2-Was a case control design avoided?
Q3-Did the study avoid inappropriate exclusions?
Q4-Were the index test results interpreted without knowledge of the results of the reference standard?
Q5-If a threshold was used, was it pre-specified?
Q6-Is the reference standard likely to correctly classify the target condition?
Q7-Were the reference standard results interpreted without knowledge of the results of the index test?
Q8-Was there an appropriate interval between index test and reference standard?
Q9-Did all patients receive the same reference standard?
Q10-Were all patients included in the analysis?
Table 4. JBI critical appraisal score for randomised control studies.
Title, author and date Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12 Q13
SPIRO-AID: a randomized controlled trial of Al-assisted v N v N N v v v v N N v v

spirometry interpretation in primary care-Doe et al (2025)

Note. N = No, Y = Yes, N/A = not applicable
Q1-Was true randomization used for assignment of participants to treatment groups?
Q2-Was allocation to treatment groups concealed?
Q3-Were treatment groups similar at the baseline?
Q4-Were participants blind to treatment assignment?
Q5-Were those delivering the treatment blind to treatment assignment?
Q6-Were treatment groups treated identically other than the intervention of interest?
Q7-Were outcome assessors blind to treatment assignment?
Q8-Were outcomes measured in the same way for treatment groups?
Q9-Were outcomes measured in a reliable way?
Q10-Was follow up complete and if not, were differences between groups in terms of their follow up adequately described and analysed?
Q11 Were participants analysed in the groups to which they were randomised?
Q12 Was appropriate statistical analysis used?
Q13 Was the trial design appropriate and any deviations from the standard RCT design (individual randomization, parallel groups) accounted for in the conduct and analysis of the trial?
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Table 5. JBI critical appraisal score for Quasi-experimental studies.

Title, author and date

QL Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9

Pulmonologists collaborate with explainable artificial intelligence for superior interpretation of pulmonary v N v N N Y N Y 4

function tests-Das et al (2021)

Late Breaking Abstract-Al-powered decision support helps pulmonologists to diagnose ILD more v v v v v v v v v

accurately-Desbordes et al (2023)

Note. N = No, Y = Yes, N/A = not applicable
Q1-Is it clear in the study what is the “cause” and what is the “effect” (i.e. there is no confusion about which variable comes first)?
Q2-Was there a control group?
Q3-Were participants included in any comparisons similar?
Q4-Were the participants included in any comparisons receiving similar treatment/care, other than the exposure or intervention of interest?
Q5-Were there multiple measurements of the outcome, both pre and post the intervention/exposure?
Q6-Were the outcomes of participants included in any comparisons measured in the same way?
Q7-Were outcomes measured in a reliable way?
Q8-Was follow-up complete and if not, were differences between groups in terms of their follow-up adequately described and analysed?
Q9-Was appropriate statistical analysis used?

Table 6. JBI critical appraisal score for studies.

Title, author and date

Q2

Q Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11

Artificial Intelligence Powered Spirometry Enables Early Detection of Interstitial
Lung Disease-Ray et al (2022)

Y N N Y Y Y Y N Y

Note. N = No, Y = Yes, N/A = not applicable
Q1-Were the two groups similar and recruited from the same population?
Q2-Were the exposures measured similarly to assign people to both exposed and unexposed groups?
Q3-Was the exposure measured in a valid and reliable way?
Q4-Were confounding factors identified?
Q5-Were strategies to deal with confounding factors stated?
Q6-Were the groups/participants free of the outcome at the start of the study (or at the moment of

Q7-Were the outcomes measured in a valid and reliable way?
Q8-Was the follow up time reported and sufficient to be long enough for outcomes to occur?
Q9-Was appropriate statistical analysis used?
Q10-Were strategies to address incomplete follow up utilized?
Q11-Was appropriate statistical analysis used?

Table 7. JBI critical appraisal score for observational studies.

Title, author and date

QL Q2 Q3 Q4 Q5 Q6 Q7 Q8

Insights into spirometry usage and the potential for Al-based decision support software in Belgian primary care- v v v v N N v v

De Vos et al (2023)

Big data insights in the ILD population through Al-driven analytics-Elmahy et al (2024)

N N Y Y N N Y Y

Note. N = No, Y = Yes, N/A = not applicable
Q1-Were the criteria for inclusion in the sample clearly defined?
Q2-Were objective, standard criteria used for measurement of the condition?
Q3-Was the exposure measured in a valid and reliable way?
Q4-Were the outcomes measured in a valid and reliable way?
Q5-Were confounding factors identified?
Q6-Were strategies to deal with confounding factors stated?
Q7-Was appropriate statistical analysis used?
Q8-Were the study subjects and the setting described in detail?

A common limitation was the lack of
blinding to the reference standard when
deriving the index test results. Whilst this can
prove challenging in the context of training Al
models with representative datasets, some
studies addressed this by having specific
subsets of clinical data exclusively assigned for
testing.

Quality appraisal

The majority of included studies (87%) were
diagnostic accuracy/validation studies. The
mean JBI critical appraisal score across these
studies was 7.08 (IQR 6-9). Question 5 of the
JBI diagnostic accuracy checklist was often not
suitable for the included publications, as the
reference standard used in the studies was based
on expert consensus rather than an objective
diagnostic threshold. The range of quality
appraisal scores demonstrates methodological
heterogeneity across the data.

Review findings
The four overarching themes developed
from the included publications are:

1) The diagnostic accuracy of Al in non-
specialist and specialist settings

2) Application with suboptimal data or
alternative investigations

3) Improved consistency of diagnostic
interpretations with Al

4) Clinical applicability and accuracy of Al
in specific respiratory diseases.

Diagnostic accuracy in non-specialist
and specialist settings
A consistent  finding  demonstrated
throughout the publications included in this
review was the superior diagnostic accuracy of
Al compared to non-specialist interpretations.
In most of the studies, the non-specialists
were primary care practitioners [12,16-20].
Studies found that Al had the best diagnostic
accuracy when presented with COPD patient
data but consistently outperformed
inexperienced or unconfident clinicians [12].
The wuse of Al in clinical practice
demonstrated a higher degree of concordance
with expert interpretation than that achieved by
primary care practitioners [17].

10.12865/CHSJ.52.02.01
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Moreover, Al was shown to have a positive
synergistic effect when combined with general
practitioner (GP) interpretation of PFTs [19,20].

A decision support tool with Al software
was shown to improve the diagnostic accuracy
of spirometry interpretation compared to
clinicians who did not have access to such
software [19].

Al regularly performed well across the
studies in this review compared to the
pulmonologists’ interpretation and a very high
degree of concordance was demonstrated
between Al and expert clinicians in their
interpretation of PFTs [10,21,22].

Al demonstrated superior diagnostic
accuracy compared to senior pulmonologists
when significant clinical data and investigations
were unavailable [23-27].

Several studies alternatively investigated the
synergistic effect of Al in diagnostic accuracy
and consistency among specialists. It was
demonstrated that incorporating Al or
explainable Al into the tool set available to
specialists reviewing PFTs improved their
diagnostic confidence and accuracy as well as
altering their initial management plans [28,29]
PT-Conference Abstract, [30-32].

There was a lower chance of spurious errors
occurring and the addition of Al influenced and
altered their decisions up to 50% of the time
[30,33].

Application with sub-optimal or
alternative data

Multiple studies included in this review
demonstrate that Al can maintain high
diagnostic accuracy when comprehensive
investigations are unavailable and suboptimal
data is presented. Al often outperforms clinician
diagnostic accuracy of spirometry in these
settings [10,13,16,23-25,27,34].

One study included in this review
demonstrated the ability to apply machine
learning to alternative investigations such as
impedance Oscillometry (10S) in patients with
preserved pulmonary function
(FEV1/FVC>0.70) with spirometry otherwise
indicating small airway disease with excellent
diagnostic concurrence (AUC>0.9) [35].

Capnography data was also analysed by
machine learning algorithms to diagnose COPD
with similarly successful results [36].

Improved consistency of diagnostic
interpretation with Al

Interpretation of PFTs has long been limited
by inter-rater variability [3].

Significant subjectivity was reaffirmed in
the present review as multiple studies presented
significant discrepancies amongst clinicians in
PFT interpretation [10,13,24,26].

Reported kappa values ranged from
0.12-0.46 indicating only slight to moderate
agreement in PFT interpretation amongst
clinicians according to the classification
proposed by Landis and Koch [37].

Variability between different Al-based
models was substantially lower than that
observed among clinicians [36].

Clinical applicability to specific
diseases

Numerous studies focused on heterogenous
PFTs amongst a population with varying
pathology and clinical presentations. Some
studies, however, focused on one specific
respiratory disease. COPD was most commonly
studied for the diagnostic accuracy of PFT
interpretation by Al. The evidence consistently
demonstrated high diagnostic accuracy of Al in
COPD from PFT interpretation in both
traditional and non-traditional means, such as
capnography [12,14,34,36,38,39].

However, one study suggested that there was
a high degree of false positives when using Al
to diagnose COPD and asthma [40].

Al also demonstrated a high degree of
diagnostic accuracy in the detection of
interstitial lung disease (ILD), including the
identification of subtle changes. In some cases,
the Al detected such changes much earlier than
experienced clinicians [31,32,41,42].

This includes patients with systemic
pathology affecting the lungs such as systemic
sclerosis and sarcoidosis which can present or
be associated with respiratory symptoms and
pathology. The Al was able to thoroughly and
accurately detect those systemic sclerosis
patients at higher risk of ILD and those with
subtle lung changes [41].

Other conditions investigated include upper
airway obstructions and obstructive sleep
apnoea (OSA). Overall, the evidence for these
conditions was mixed with limited research.
Whilst Al interpretation of PFTs to identify
upper airway obstruction was seen to be very
successful and accurate, using Al to diagnose
OSA had a very poor accuracy and did not seem
to provide clinical benefit in this specific
condition. The evidence on this is limited in
quantity [18,43].
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Discussion

The findings in this review emphasise the
potential role of Al as a diagnostic support tool
in the interpretation of PFTs, particularly in
non-specialist and resource limited settings.

Al exhibited high concordance with expert
interpretation throughout the evidence assessed
and consistently outperformed non-specialists,
which may reflect the known limitations in
primary care clinician’s confidence to interpret
PFTs [12,16-20].

Thus, suggests that Al could be a useful tool
in bridging the gap between primary and
secondary care by improving diagnostic
accuracy in community setting [20].

When patients only have preliminary studies
complete, it appears Al may serve as the most
accurate tool to diagnose patients or screen
those who need further investigation to confirm
a diagnosis through the standard pathways
[10,13,16,23-25,27,34].

Using Al in this manner may thereby reduce
the referral burden to secondary care and again
could serve as an intermediary triage tool,
although this remains to be validated in
prospective studies.

However, a key limitation of Al seen in the
literature relevant to the above propositions is
the reduced ability of Al software to
differentiate  between mild impairment,
moderate impairment and normal results when
compared to its performance in identifying
severe or clearly normal results [34].

Additionally, some studies reported
challenges in accurately differentiating between
specific conditions despite being successful in
spotting abnormal or normal cases [44,45].

This reinforces the idea Al should function
as a tool for clinicians, perhaps in screening or
triaging as opposed to an independent decision-
making model.

Studies not only compared Al to clinician
interpretation, rather also investigated the
pulmonologists’ interpretation with and without
the use of Al as an adjunctive tool. Al showed a
consistent synergistic effect which improved
clinicians’ diagnostic accuracy and confidence
[28-32] thus illustrating the potentiated effect
combining the clinical experience of a
pulmonologist and processing ability of Al can
have. Accordingly, the perspective of Al going
forwards needs to be more centered around it
being used as a clinical adjunct, not clinician
replacement. Radiology is one such specialty
that has seen a synergistic effect of
incorporating Al into clinical practice to

improve  efficiency, suggesting broader
applicability across other diagnostic disciplines
such as PFTs [46].

Again, this requires prospective validation.

In resource constrained environments, where
access to gold standard investigations -such as
body plethysmography and advanced imaging-
for the diagnosis of chronic respiratory
conditions is frequently limited (such as low-
and middle-income countries), Al may offer a
pragmatic solution. The limitation of resource
scarcity has been widely recognized as a
significant barrier to delivering high-quality
healthcare in such environments. As a result,
rates of misdiagnosis and underdiagnosis within
resource limited environments of chronic
respiratory diseases remain unacceptably high
[47].

On account of the success seen with
Al-based diagnostic accuracy with suboptimal
clinical data, the implementation of Al in these
settings may be a model that could aid in
overcoming the limits of resource scarcity and
insufficient healthcare access. Whilst this
delivery style of healthcare would still not meet
the criteria for “gold-standard” treatment, it
may improve the current unacceptable levels of
underdiagnosis [47].

Resource limitations are not the only reason
for exploring the improvement of alternative or
traditionally suboptimal investigations for
diagnostic purposes in chronic respiratory
conditions. Spirometry remains the most widely
used tool to assess small-airway function;
however, this requires good cooperation from
patients and substantial effort. Certain patient
groups, such as the elderly, can struggle with the
forceful exercises required for good quality data
thus alternatives may be more appropriate.

Unlike spirometry, 10S relies on quiet tidal
breathing and is therefore more feasible for
certain patients to carry out and could thus
possibly lead to more efficacious results with
machine learning incorporation [35].

These findings highlight the need to assess
the potential utility of previously underutilized
investigations as they may gain clinical
relevance with the advancement of Al.

The implementation of Al-based interpretive
software, particularly in settings where they
demonstrated superior performance compared
to clinicians, may facilitate a more standardized
approach to care given the reduced inter-rater
variability displayed [10,13,24,26].

Such systems have the potential to deliver
consistent, scalable interpretation across large
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patient  populations, thereby  supporting
equitable care without requiring proportional
expansion of the clinical workforce.

The results were particularly robust for
COPD specifically, the most frequently
investigated condition, likely reflecting the
central role spirometry plays in COPD
diagnosis compared to the more supportive role
it plays in other respiratory conditions [48,49].

In contrast, Al seemed to demonstrate a
more limited diagnostic utility in obstructive
sleep apnoea diagnosis where performance was
inconsistent and generally lower [24,43].

Limitations

One of the main limitations of this study was
the heterogeneity of the studies included. The
aim of the study was to comprehensively
appraise the current literature that met the
study’s inclusion criteria.

However, the resulting study designs were
diverse with varying methodologies which
limited quantitative analysis of the available
literature.

The studies also exhibited a heavy reliance
on non-standardised, clinician-led reference
standards and diagnostic criteria thus leading to
a degree of subjectivity and bias.

Moreover, the studies included in this review
often lacked clear blinding to the reference
standard when the index test results were
interpreted which, in turn, reduced internal
validity and may have overestimated diagnostic
performance.

As mentioned, the reference standard was
frequently based on a pulmonologist’s
interpretation or a group of pulmonologists
making a consensus decision with a full clinical
dataset of necessary investigations.
Consequently, the reported diagnostic accuracy
is inherently constrained by this clinician-
defined standard.

There is also limited confirmed
generalization of the data as the majority of
studies were conducted in high income
countries.

Furthermore, most studies focused on the
binary presence or absence of disease and
therefore diagnostic thresholds were not used
and comparison was made with expert opinion
as the reference standard. This can however
create a “black box effect in which there is a
lack of transparency in decision making
amongst Al tools. One such way to mitigate this
is to use explainable Al as seen in the study by
Das et al (2023) as this displays the factors

which influence the Al’s decision-making
process [28].

However, one of the largest barriers to
implementing Al in healthcare is perhaps the
introduction of a “responsibility gap”.

Al systems do not satisfy concepts such as
agency, intent and accountability which help
form legal responsibility and thus cannot bear
responsibility for clinical decisions [50].

Responsibility must therefore lie with the
clinician and as a result, Al should be used as an
adjunctive tool, not an independent clinical
decision maker.

Directions for future research

Future research should focus on the
implementation of Al systems in low- and
middle-income countries to assess its benefit in
diagnostic accuracy with limited clinical data in
such settings.

Furthermore, studies should incorporate
clinical outcomes as opposed to diagnostic
accuracy in isolation to assess if there is a
tangible improvement in health outcomes.

Conclusions

Overall, Al demonstrates high diagnostic
accuracy in the interpretation of PFTs when
compared to both non-specialist and specialist
physicians.

This advantage becomes particularly
apparent when significant clinical data is
unavailable.

Al systems also work synergistically with
clinicians, improving diagnostic confidence and
accuracy, thus should be used as an adjunctive
clinical tool rather than independent decision-
maker.

Al appears to have a particularly important
role in primary care settings where confidence
in PFT interpretation is generally lower, as well
as in resource constrained environments where
access to specialist investigations may be more
limited.
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