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Abstract:
Emphysema detection has traditionally relied on clinical assessments and imaging modalities, such 
as computed tomography (CT) scans. Recently, artificial intelligence (AI)-based imaging modalities 
have been explored for their potential to enhance detection accuracy and efficiency. I conducted a 
systematic review to assess the efficacy of AI-based imaging modalities in detecting emphysema. 
Multiple databases were searched using tailored MeSH phrases, keywords, and Boolean operators. 
Each study was evaluated for quality using the QUADAS-AI tool and the Grading of Recommen-
dations Assessment, Development and Evaluation (GRADE) approach to assess the certainty of the 
evidence. Ten studies were included, that demonstrated varied efficacy of AI in the detection and 
quantification of emphysema. AI tools were generally found to correlate well with clinical pulmonary 
function tests and were able to accurately quantify emphysema from imaging studies. Some studies 
reported that AI was comparable or superior to radiologists in detecting emphysema, particularly in 
the context of lung cancer screenings. However, effectiveness varied with different AI approaches and 
settings. AI also showed potential in differentiating severity levels of chronic obstructive pulmonary 
disease (COPD) and outperforming traditional densitometry methods in texture analysis. AI-based 
imaging modalities show promise in enhancing the detection and management of emphysema. They 
offer potential not only as supplementary tools to traditional methods but also, in some cases, as 
superior alternatives. The integration of AI into clinical practice could improve diagnostic accuracy 
and patient outcomes, although variability in AI performance across different contexts should be 
considered. 

Key words:
AI imaging, emphysema detection, systematic review, QUADAS-AI, GRADE methodology, pulmo-
nary function tests, COPD, texture analysis
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Introduction:
Emphysema is a primary global health 

concern; it is a pathological hallmark of 
chronic obstructive pulmonary disease 
(COPD), which is defined by the perma-
nent deterioration of alveolar structures 
other than the proximal alveolar ducts 1. 
Spirometry and high-resolution computed 
tomography (HRCT) are two classic di-
agnostic modalities that are clinical pillars 
for identifying and measuring emphysem-
atous alterations. However, emphysema’s 
varied clinical presentations and subtle 
morphological features highlight the need 
for more sophisticated, accurate, and tar-
geted diagnostic instruments 2.

Artificial intelligence (AI) has become a 
disruptive force in medical imaging in re-
cent years, bringing new methods of im-
age analysis that use deep learning frame-
works and machine learning algorithms 3. 
With the early and accurate identification 
of pathological diseases like emphysema, 
these AI-based imaging modalities can 
improve patient outcomes while increasing 
diagnostic accuracy and throughput. AI al-
gorithms are very good at deciphering in-
tricate patterns in imaging data, spotting 
minute details that would be difficult for 
humans to perceive, and producing quanti-
tative evaluations that accurately represent 
the underlying pathophysiology 4-5.

The effectiveness of these cutting-edge 

systems in the particular context of em-
physema diagnosis is still being actively 
researched despite the growing interest in 
using AI in medical imaging 6. The per-
formance of AI-based imaging modalities 
needs to be thoroughly assessed because it 
affects professional judgment, patient care, 
and the distribution of healthcare resourc-
es. A thorough evaluation of AI’s diagnostic 
skills, measured against accepted imaging 
criteria, is necessary in the context of its in-
tegration into clinical practice to guarantee 
that the application of these technologies 
is consistent with evidence-based medi-
cine 6-8.

When diagnosing emphysema, low-den-
sity regions on CT scans are made more 
visible with the minimum intensity projec-
tion (MinIP) technique, making it easier to 
spot early and subtle symptoms of the dis-
ease 9-10. This study investigated the appli-
cability of MinIP as a specialized augmen-
tation method for an unsupervised deep 
learning (DL) algorithm to automate the 
low-dose computed tomography (LDCT) 
scan emphysema diagnosis process 11-12.

Given how quickly AI is developing in 
medical imaging, a thorough review of the 
available data is required to determine the 
practical effectiveness of AI-based modal-
ities for emphysema detection. Therefore, 
this systematic study aims to review the 
efficacy of artificial intelligence-based im-
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aging modalities for detection of emphy-
sema.  
Materials and Methods: 
Eligibility criteria:

The Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses 
(PRISMA) guidelines 13 shaped the meth-
odological framework of this systematic 
review. The methodology of PECO (Pop-
ulation, Exposure, Comparator, Outcome) 
was carefully developed. Patients without 
constraints on age, gender, or severity of 
the disease who were clinically suspected 
of having emphysema or who had been di-
agnosed with COPD made up the group of 
interest. The exposure was examined using 

AI-based imaging modalities, such as con-
volutional neural networks (CNNs), com-
bined with different imaging techniques 
like HRCT. The standard imaging method 
of diagnosing emphysema mainly involved 
radiologists’ visual evaluation and mea-
surements of lung density metrics, which 
served as the comparison. However, con-
sidering our review’s scope and objectives, 
a comparator was not deemed mandatory. 
The previously mentioned diagnostic ac-
curacy measures comprised the primary 
outcomes of interest. The inclusion and ex-
clusion criteria devised for this review are 
represented in Table 1.

Table 1: Inclusion and exclusion criteria devised for this review.

Criteria Description
Inclusion
Study Design Peer-reviewed articles reporting original research, including randomized con-

trolled trials (RCTs), cohort studies, case-control studies, and cross-sectional 
studies.

Population Studies involving patients with a clinical suspicion or established diagnosis of 
emphysema/COPD.

Intervention Research utilizing AI-based imaging modalities for the detection of emphysema.
Comparators Studies that included a comparator group assessed with traditional imaging tech-

niques for emphysema.
Outcomes Articles reporting on measures of diagnostic accuracy such as sensitivity, specific-

ity, AUC, predictive values, likelihood ratios, and diagnostic odds ratios.
Exclusion
Study Design Editorials, letters, comments, conference abstracts, reviews, and meta-analyses.
Population Studies exclusively involving animal models or pediatric populations.
Intervention Research focusing on other pulmonary disorders without a specific focus on em-

physema, or studies examining non-AI based imaging modalities.
Comparators Studies lacking a traditional imaging comparator.
Outcomes Studies not reporting specific diagnostic accuracy measures.
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Database search protocol:
In order to find pertinent papers for our 

review, the databases of PubMed, Embase, 
Web of Science, Scopus, IEEE Xplore, Co-
chrane Library, and Google Scholar were 
searched. MeSH phrases, keywords, and 

Boolean operators, inclusion date between 
2006 till 2023 specific to each platform’s 
features and indexing terms were used to 
access and query each database, as shown 
in Table 2.

Table 2: Search strings utilised across the different databases.

Database Search string
PubMed (“emphysema”[MeSH Terms] OR “emphysema”[Title/Abstract]) AND (“artificial intel-

ligence”[MeSH Terms] OR “AI”[Title/Abstract] OR “machine learning”[Title/Abstract] 
OR “neural networks”[Title/Abstract] OR “deep learning”[Title/Abstract]) AND (“imag-
ing”[MeSH Terms] OR “computed tomography”[Title/Abstract] OR “magnetic resonance 
imaging”[Title/Abstract] OR “radiography”[Title/Abstract])

Embase (‘emphysema’/exp OR emphysema) AND (‘artificial intelligence’/exp OR ‘machine learn-
ing’/exp OR ‘deep learning’/exp OR ‘neural networks’/exp) AND (‘diagnostic imaging’/exp 
OR ‘computed tomography’/exp OR ‘magnetic resonance imaging’/exp OR ‘radiography’/
exp)

Web of Science TS=(emphysema) AND TS=((“artificial intelligence” OR AI OR “machine learning” OR 
“neural networks” OR “deep learning”)) AND TS=((“imaging modalities” OR “computed 
tomography” OR CT OR “magnetic resonance imaging” OR MRI OR radiography))

Scopus TITLE-ABS-KEY (emphysema) AND TITLE-ABS-KEY ((“artificial intelligence” OR 
AI OR “machine learning” OR “neural networks” OR “deep learning”)) AND TITLE-
ABS-KEY ((imaging OR “computed tomography” OR CT OR “magnetic resonance imag-
ing” OR MRI OR radiography))

IEEE Xplore (“Abstract”:emphysema) AND (“Abstract”:(“artificial intelligence” OR “machine learning” 
OR “deep learning” OR “neural networks”)) AND (“Abstract”:(imaging OR “computed 
tomography” OR “magnetic resonance imaging” OR “radiography”))

Cochrane Library (MeSH descriptor: [Emphysema] this term only) AND (MeSH descriptor: [Artificial In-
telligence] this term only OR MeSH descriptor: [Machine Learning] this term only OR 
MeSH descriptor: [Neural Networks (Computer)] this term only OR MeSH descriptor: 
[Deep Learning] this term only) AND (MeSH descriptor: [Diagnostic Imaging] this term 
only OR MeSH descriptor: [Tomography, X-Ray Computed] this term only OR MeSH 
descriptor: [Magnetic Resonance Imaging] this term only OR MeSH descriptor: [Radiog-
raphy] this term only)

Variables selected and analyzed:
A team of reviewers carried out the data 
extraction; they were all well-trained in 
using the data extraction form, which was 
tested on several papers and improved as 
necessary. To reduce subjectivity and bias 
in the process, the reviewers worked inde-

pendently. Any disagreements were set-
tled by conversation or, if arbitration was 
required, by a third reviewer. The data ex-
traction form included the following items:
1.	 Study characteristics: Information 

such as the author(s), year of publica-
tion, country of origin, study design, 
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sample size, and duration of follow-up 
were recorded.

2.	 Population details: Data about par-
ticipant demographics (age, sex, eth-
nicity), clinical presentation, diagnostic 
criteria for emphysema, and severity of 
disease were extracted.

3.	 AI-based imaging modalities: Specif-
ics regarding the AI algorithms used 
(e.g., type of machine learning or deep 
learning model), training and valida-
tion of the models, imaging techniques 
employed, and any pre-processing steps 
were noted.

4.	 Outcomes: Primary outcome mea-
sures, including sensitivity, specificity, 
positive predictive value, negative pre-
dictive value, likelihood ratios, diagnos-
tic odds ratio, and area under the re-
ceiver operating characteristic (ROC) 
curve, were extracted. Information re-
garding secondary outcomes, such as in-
ter-reader variability, was also included.

Risk of bias and certainty bias assess-
ment:

Each included study was evaluated us-
ing the QUADAS-AI tool 14, which guid-
ed several domains, including patient se-
lection, index test, reference standard, flow 
and scheduling, and other AI-specific vari-

ables, including the setup and validation of 
the AI model. Concurrently, the Grading 
of Recommendations Assessment, Devel-
opment, and Evaluation (GRADE) ap-
proach 15 was used to assess the certainty in 
the evidence for each significant outcome 
assessed across the included papers.
Results:
Study selection process:
In the initial stage of the study selection 
procedure, 426 entries were discovered 
throughout all evaluated databases, as il-
lustrated in (figure 1). After 59 duplicate 
records were removed before screening, 
367 records were left to be evaluated. For-
ty-two items were deleted because viewing 
the entire content was not currently pos-
sible. Consequently, an attempt was made 
to obtain 325 reports. It was not possible 
to extract 39 of these records for further 
examination. Every one of the 286 remain-
ing reports was carefully assessed for eligi-
bility. Fifty-seven publications violated the 
PICO criteria: 36 were deemed off-topic, 
44 had merely case reports, 24 featured an-
imal research, 47 featured scoping reviews, 
39 featured seminar pieces, and the final 
29 featured editorials. When these criteria 
were applied, ten papers 16–25 were deemed 
suitable for evaluation.
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Figure 1: PRISMA protocol representation of the article selection process for the review

Assessed levels of bias:
Evaluating a subset of studies using the 

QUADAS-AI algorithm reveals that the 
bias risk varies between domains (figure 
2). Research on patient selection by Binder 
et al. 16, Fischer et al. 18, Kumarasamy et al. 

20, and Saad et al. 22 showed moderate bias, 
pointing to possible problems with par-
ticipant selection that might affect results. 

While Fischer et al. 18, Kumarasamy et al. 
20, Mendoza et al. 21, Saad et al. 22, and Xu et 
al. 25 showed moderate risk, suggesting po-
tential inconsistencies in test applications, 
Binder et al. 16 and Campo et al. 17 reported 
low-risk in the Index Test domain, indicat-
ing reliable AI algorithm application. 

Except for three research (Campo et 

al., Humphries et al.,  and Xu et al.) that 
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reported moderate risk, most studies for 

the Reference Standard achieved low risk, 

indicating trusted validation techniques. 

While some moderate risks were in Binder 

et al. 16, Humphries et al. 19, Mendoza et al. 

21, and Sørensen et al. 23, these risks were 

typically low and suggested potential tim-

ing and sequence problems. 

Figure 2: Bias assessment using the QUADAS-AI tool.

ble 3, along with a correlation between 

the results and clinical metrics. Compris-

ing a sample size of 141 patients, Fischer 

et al. 18 used deep convolutional networks 

with adversarial training to analyze CT 

scans of the lungs. The Tiffeneau index, 

AI-based imaging and its correlation 

with clinical metrics:

The description of clinical trials 18, 20, 

22-24 evaluating the effectiveness of AI-

based imaging modalities in identifying 

and assessing emphysema is given in Ta-
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a crucial spirometry parameter, averag-

es 0.57 ± 0.13. AI measurement of em-

physema using two distinct approaches 

yielded results of 9.96% ± 11.87% and 

8.04% ± 10.32%. Strong negative cor-

relations were seen in the study between 

the quantifications and the Tiffeneau in-

dex (ρ = −0.86 and ρ = −0.85, p < 0.0001).

Kumarasamy et al. 20 used SIEMENS 

AI Rad software to analyze ultra-low dose 

CT scan data from 308 patients, most of 

whom were male and between the ages 

of 65 and 79. The FEV1/FVC ratios and 

the FEV1 absolute values were among 

the spirometry measurements. While the 

AI emphysema score was only moderate-

ly correlated (r = 0.335, p < 0.001) with 

radiologist assessments, it was somewhat 

higher than the scores determined by ra-

diologists (AUC = 0.718). Saad et al. 22 

used Coreline Soft’s AVIEW software on 

non-contrast CT scans to assess 80 cases 

with different COPD severities. The study 

classified the severity of COPD using the 

Tiffeneau index and discovered substantial 

differences in the D-value and the inspira-

tory LAA-950% between COPD severi-

ty groups and strong correlations between 

these measures and COPD severity.

Sørensen et al.’s 23 use of texture analy-

sis and densitometry on CT scans involved 

1915 Danish Lung Cancer Screening Trial 

participants. They looked at relationships 

with COPD diagnoses, correlations be-

tween AI measurements and anticipated 

values for FEV1%, and forecasts of lung 

function deterioration. Compared to densi-

tometric measures, texture analysis demon-

strated a more significant correlation with 

lung function and higher diagnostic accu-

racy for COPD stages. Using AI, Wied-

brauck et al. 24 examined 298 patients’ low 

attenuation volume percentage (LAV%) 

on standard chest CT and spirometry test-

ing, with a threshold of less than -950 HU. 

The FEV1/FVC ratio and LAV% showed 

a strong negative connection (ρ = -0.477, 

P < 0.001), suggesting that higher LAV% 

is linked to more severe airway obstruction 

and higher visual emphysema grades based 

on spirometric criteria.
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Advances in AI algorithms pertaining to 
emphysema detection:

Table 4 represents the papers 16-17, 19, 21, and 

25 that investigate the effectiveness of AI 
imaging modalities for identifying and 
categorizing emphysema. Using CT scans 
split into patches and examined using a 
generative model with variational expec-
tation-maximization, Binder et al. 16 exam-
ined participants from the COPDGene re-
search. By classifying patches according to 
illness classifications that closely matched 
clinical disease subtypes, our method al-
lowed for the unsupervised detection and 
clustering of patients. The study found that 
this method improves the knowledge and 
categorization of COPD subtypes by so-
phisticated AI techniques despite the lack 
of reported sensitivity and specificity.

Using CT scans and simulated X-rays, 
Campo et al. 17 examined a sizable data-
set comprising 7,377 individuals. We used 
an 11-layer convolutional neural network 
(CNN) trained on 2,705 pictures to de-
termine the low attenuation area percent-
age (LAA%). According to the study, the 
average error for emphysema percentag-
es was 3.96 ± 4.60. At 3%, 5%, and 10% 
thresholds, respectively, the corresponding 
sensitivity and specificity were 67.96% and 
80.18%, 78.36% and 76.90%, and 85.68% 
and 80.42%. Humphries et al. 19 employed 
deep learning methods incorporating 

LSTM and convolutional neural net-
works to study a sizable population from 
the COPDGene and ECLIPSE research. 
Comparing the algorithm’s classification 
to conventional visual assessments, 34% of 
scans were deemed more severe and 13% 
less severe. The study emphasizes the im-
portance of deep learning in improving 
diagnostic and prognostic evaluations in 
COPD.

Using methods including ROI scal-
ing, Local Binary Patterns (LBPs), Ker-
nel Density Estimation (KDE), and the 
k-nearest neighbors (kNN) classifier, Men-
doza et al. 21 examined 342 CT scans from 
the COPDGene project. In leave-one-out 
validation, the KDE had the highest mean 
success rate (0.664 ± 0.2175). Xu et al. 25 

used multidetector row CT (MDCT) to 
evaluate 34 human volunteers and catego-
rized them into various groups according 
to the severity of COPD as determined by 
pulmonary function tests (PFTs). Using a 
Bayesian classifier and 3-D texture data, the 
study showed improved sensitivity in iden-
tifying emphysematous alterations across 
different stages of COPD. For example, 
the sensitivity was 99% in 3-D and 72% 
in 2-D for the NN category (non-smokers 
with normal PFTs), while the specificity 
was 100% and 75% in the same range.
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GRADE inferences observed:
As per the GRADE criteria assessment, 

the risk of bias across these studies was 
considered low to moderate (figure 3). This 
classification reflects rigorous methodol-
ogies, although some studies could have 
further minimized biases related to study 
design or data handling. Inconsistency 
among findings was low, indicating that 
the studies generally agreed on the effec-
tiveness of AI in emphysema-related tasks. 

Indirectness was also low, as the studies 
addressed the research question with ap-
propriate patient populations and relevant 
clinical metrics. Imprecision was rated as 
moderate, suggesting that while the results 
are promising, some studies had wide con-
fidence intervals or small sample sizes that 
could affect the reliability of the findings. 
No additional factors were identified that 
significantly affected the certainty of the 
evidence.

Discussion:
The thematic threads identified across 

the studies that we included in our re-
view16-25, ranging from AI as a supplemen-
tary tool to its potential to outperform 
traditional methods, highlight the multi-
faceted roles AI can assume in the evolving 
landscape of pulmonary healthcare. Fischer 
et al. 18 proved that AI accurately measured 

emphysema, correlating closely with clini-
cal pulmonary function testing. This study 
aligns with the findings of Wiedbrauck et 
al. [24], who also highlighted the correla-
tion between standard clinical assessments 
and AI-based quantification (LAV%). This 
highlights the potential and dependability 
of AI to be seamlessly integrated into clin-
ical workflows. 

Figure 3: GRADE assessment observations of 10 reports for AI efficacy in emphysema quantification and diagnosis.
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Fischer et al.18, however, depart from Ku-
marasamy et al. 20, who proposed that AI 
was marginally less successful than radiol-
ogist assessments in lung cancer screen-
ing, notwithstanding its effectiveness. This 
suggests that although AI is quite accurate 
in quantification tasks, its performance 
compared to that of human specialists may 
change depending on the application. Fur-
thermore, compared to Sørensen et al. 23, 
which highlighted AI’s superiority over 
traditional densitometry in texture anal-
ysis, Fischer et al. focus more broadly on 
quantification rather than specific meth-
odological advancements. This implies that 
while Fischer et al.’s 18 findings do not ad-
dress comparative methodological efficacy, 
they do generally support the integration 
of AI into clinical practice.

Kumarasamy et al. 20 found that AI was 
marginally less effective than radiologists 
in detecting emphysema during lung can-
cer screenings. This contrasts with Saad et 
al. 22 and Sørensen et al. 23, where AI was 
demonstrated to effectively discriminate 
severity levels of COPD and surpass den-
sitometry in texture analysis, suggesting a 
key diagnostic role in both circumstanc-
es. Kumarasamy et al.’s 20 findings chime 
more with Mendoza et al. 21, where a 
more straightforward AI method (KDE) 
achieved equivalent accuracy to more 
complicated methods, demonstrating that 

more straightforward or less effective AI 
tools can still be helpful in clinical con-
texts when used to supplement tradition-
al methods. Additionally, the emphasis on 
AI as an additional tool in Kumarasamy et 
al. contrasts with the findings of Binder et 
al.16 and Humphries et al. 19, both of which 
explain AI’s potential in strengthening 
diagnostic and prognostic processes, sug-
gesting a more central position for AI in 
COPD care.

Saad et al. 22 highlighted AI’s effective-
ness in differentiating between COPD 
severity levels, underscoring its utility in 
direct clinical application. In terms of 
proving AI’s practical superiority in par-
ticular analytical tasks (severity differenti-
ation vs. texture analysis), this work aligns 
with Sørensen et al. 23. According to both 
research, AI can supplement or replace 
conventional techniques. Saad et al. 22, on 
the other hand, depart from Kumarasamy 
et al. 20, where AI was found to be less valu-
able than radiologists in certain situations, 
suggesting that the application of AI can 
vary depending on the clinical context. 
Compared with Xu et al. 25, which focused 
on the early detection of modest emphy-
sematous alterations, Saad et al. 22 present 
evidence for AI’s usefulness across a more 
extensive spectrum of disease severities, 
suggesting a new focus on AI application 
within pulmonary treatment.
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According to recent studies, combining 
various diagnostic modalities may sig-
nificantly improve the identification and 
tracking of COPD. Combining quantified 
CT imaging (specifically, texture-based 
radiomic features), demographic informa-
tion, and spirometric measurements in-
stead of using each modality independent-
ly can enhance the predictive accuracy of 
machine learning models for COPD pro-
gression, according to a population-based 
study conducted within the CanCOLD 
cohort 26.

Furthermore, using biomarkers repre-
senting lung irregularities characteristic 
of COPD and emphysema may enhance 
AI-based COPD diagnosis. For example, 
Chen et al. 27 used deep learning analysis 
of blood RNA-seq gene expression in con-
junction with CT imaging to find patterns 
associated with pulmonary structural alter-
ations and inflammatory processes called 
image-expression axes (IEAs). An emphy-
sema-specific IEA was found in this study, 
which included 1223 patients from the 
COPDGene project. This IEA was con-
nected with lower lung function, increased 
neutrophil counts, and radiographic evi-
dence of central emphysema. On the other 
hand, more significant airways and high-
er white blood cell counts were associated 
with the airway-specific IEA. Significant-
ly, those who scored highly on the IEA 

airway and emphysema indicators also had 
worse clinical outcomes, as shown by high-
er mMRC and SGRQ scores and shorter 
6-minute walk test distances 27.

These results highlight the potential to 
further our understanding of the structural 
and inflammatory mechanisms underly-
ing emphysema by combining blood tran-
scriptomics, CT imaging, and phenotypic 
data in AI models. Sputum 28-29 and more 
biomarkers 30-31 could be added to improve 
AI’s capacity to precisely diagnose emphy-
sema, anticipate exacerbations, and better 
patient outcomes. These thorough diag-
nostic techniques are essential for putting 
the new treatable characteristic strategy 
in emphysema therapy into practice since 
they offer a more individualized treatment 
plan based on specific prognostic mark-
ers32.

Wang et al.33 highlighted that AI could 
reliably identify and characterize several 
subtypes of COPD, such as emphysema, 
which is consistent with our results of AI’s 
strong quantification capabilities. Their re-
search also complemented our overall ob-
servations on the diagnostic adaptability of 
AI by elaborating on the kinds of distinc-
tive factors that AI might analyze, such as 
bronchial wall thickness and bronchiecta-
sis, which were not particularly included in 
our review.

A one-dimensional fully convolutional 
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neural network was described by Estepar et 
al. 34; it achieved high discrimination (AUC 
0.91) by effectively differentiating between 
emphysema and other COPD subtypes 
from flow-volume curves. This result con-
firms what we observed from Sørensen et 
al. 23 on the superiority of AI over conven-
tional techniques in texture analysis. How-
ever, Estepar et al.’s 34 emphasis on using 
AI for multiclass classification provides a 
more comprehensive picture of the possi-
ble uses of AI in pulmonary illness differ-
ential diagnosis, a complex topic that our 
review did not fully address.

In their discussion of AI’s implications 
in emphysema management, Robertson et 
al. 35 emphasized the technology’s ability to 
lower healthcare costs and increase diag-
nostic specificity, particularly in countries 
with limited resources. The results of our 
review, which highlighted the use of AI in 
clinical practice, somewhat supported this 
viewpoint. However, Robertson et al.35 of-
fered a more comprehensive perspective 
on the global applications of AI, partic-
ularly in low- and middle-income na-
tions, and emphasized the significance of 
a multimodal strategy that integrates CT 
imaging, demographic information, and 
spirometry. This all-encompassing strategy 
for incorporating AI into diagnostic proce-
dures supports our findings while also go-
ing beyond them by outlining a framework 

for widespread adoption and highlighting 
AI’s contribution to increasing access and 
decreasing inequities.
Limitations:

A few limitations can be said to have af-
fected the findings and the generalizabili-
ty of our findings. First, the variation in AI 
approaches among the included studies was 
a significant obstacle to thoroughly synthe-
sizing data. AI systems differed not just in 
their algorithmic architecture, which may 
be as simple as machine learning models or 
as complicated as deep learning networks, 
but also in terms of their training datasets’ 
size, quality, and demographic representa-
tion. This unpredictability hampered our 
capacity to conduct a meta-analysis and 
reach a consensus regarding the best AI 
method for emphysema detection.

Another drawback was the use of ret-
rospective studies, which contain biases 
in selection and may overstate the effec-
tiveness of AI systems since instances are 
pre-selected. Our knowledge of the effica-
cy of these AI modalities in clinical prac-
tice has been distorted by the underrep-
resentation of prospective studies in the 
literature, which are more representative of 
real-world performance.

Additionally, most studies did not offer 
a thorough external validation of the AI 
models. Particularly in medical applica-
tions, the generalizability of AI discover-



Majmaah Journal of Health Sciences ,Vol. 13,  Issue 4,  October - 2025, Rabi - Al-thani - 1447

181The efficacy of artificial intelligence-based imaging modalities for detection of emphysema: A systematic review

ies is essential, and the absence of rigorous 
external validation raises questions about 
how well these AI systems work across 
various clinical contexts and demograph-
ics. If this kind of evaluation is lacking, AI 
system diagnostic accuracy may be overes-
timated.
Clinical recommendations:

Several recommendations for the inte-
gration and implementation of AI in pul-
monary healthcare may be drawn from the 
thematic threads found in the evaluated 
papers. First, AI has proven to be quite 
accurate in measuring lung diseases like 
emphysema, and it strongly correlates with 
clinical pulmonary function testing. This 
implies that clinical procedures for quan-
tifying lung illnesses can dependably in-
corporate AI. It is advised that to improve 
the accuracy and efficiency of diagnosis, 
healthcare providers consider implement-
ing AI tools.

However, the effectiveness of AI in 
comparison to human experts, like radiol-
ogists, seems to rely on the particular use 
case. For instance, AI performed margin-
ally worse than radiologists in lung cancer 
tests. This suggests that, especially in com-
plicated diagnostic circumstances, AI must 
be integrated carefully and contextually to 
enhance human skill rather than take its 
place. In situations when AI tools may not 
yet be able to match human performance, 

healthcare systems should make sure that 
they are employed to augment radiologist 
assessments.

Furthermore, the results imply that less 
complex AI techniques can benefit and 
prosper in therapeutic contexts. This sug-
gests that even simpler AI tools, which 
could be easier to use and less expensive, 
can have a significant impact when com-
bined with conventional diagnostic tech-
niques. In light of their unique require-
ments and available resources, healthcare 
organizations ought to think carefully 
about implementing both basic and so-
phisticated AI technologies.
Conclusion:

As per the results of our investiga-
tion, AI-based imaging modalities show 
promise for enhancing emphysema detec-
tion and quantification. AI was found to 
quantify emphysema from imaging data 
and correlate well with clinical pulmonary 
function tests. The efficiency of various AI 
approaches and clinical contexts varied, but 
in some cases, such as lung cancer screen-
ings, some AI models were on par with or 
even better than traditional radiologist as-
sessments. 
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