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Abstract

Background: Lung cancer remains a leading cause of cancer-related mortality, predominantly due to late-stage diagnosis. Low-
dose Computed Tomography (LDCT) screening can reduce mortality but implementation is often challenged by already limited
radiology resources. Artificial intelligence (Al) has the potential to improve CT-based lung nodule detection, but systematic and
unified reporting on data sources, development, and model performance remains limited. This review applies MI-CLAIM and
QUADAS-2 to assess methodological quality and reporting, following PRISMA-P guidelines1. Objectives: 1) Identify Al ap-
plications for thoracic CT nodule detection and their diagnostic accuracy. 2) Evaluate clinical implications, validation setup and
data foundation. 3) Assess adherence to the MI-CLAIM checklist. Methods: Databases (Medline, IEEE Xplore, Web of Science,
Embase, Cinahl, Scopus, Cochrane, Google Scholar) were systematically searched using an adapted search string for the respec-
tive databases, developed with a trained librarian. Two named reviewers'? independently screened, and a third® resolved disagree-
ments. Data extraction focused on PICO elements, diagnostic performance, and reporting and bias with MI-CLAIM and QUA-
DAS-2 adherence. The search concluded on the 27th of December 2024 Results Of 11,875 records identified, 8,729 remained
after removal of duplicates. After title and abstract screening, 93 full-text articles were assessed, and 23 met the inclusion criteria.
Most included studies were published after 2019 and were based on retrospective hospital CT datasets. According to QUADAS-2,
11 studies had low risk of bias. Mean MI-CLAIM adherence was 65%, and 3 of 23 studies achieved high reporting completeness.
Reported Al sensitivities ranged from 59.2% to 98.8%, and false-positive rates from 0.067 to 2.4 per scan. Validation was mainly
retrospective, with only 3 studies using prospective data. Conclusion: Al for thoracic CT nodule detection shows promising but
heterogeneous diagnostic performance, mostly based on retrospective, single-centre data with incomplete reporting. Before rou-

tine clinical use, robust external validation studies with prospective design and transparent reporting are required.
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Introduction _ ' o ‘
where options of curative treatment are limited [2]. The delay in

detection and diagnosis significantly contributes to lung cancer's
high mortality rate and underscores the need for early detection
strategies [3].

Lung cancer is recognized as the most deadly malignancy
worldwide [1], primarily due to the advanced stage at diagnosis,

1 https://www.prisma-statement.org/protocols
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Although Low-Dose Computed Tomography (LDCT) screen-
ing can reduce the lung cancer specific mortality significantly by
carlier detection, it introduces a significant increase in workload
for radiologists [4,5]. Integrating Artificial Intelligence (AI), has
been proposed and in recent years proven to streamline this pro-
cess, reduce diagnostic variability, and maintain high accuracy
[6-8].

However, different international  guidelines (e.g.,
“Fleischner-Society”, “Chinese Medical Association guideline
for clinical diagnosis and treatment of lung cancer” etc.) impose
various criteria on nodule thresholds, features and follow-up pro-
tocols, creating inconsistencies in the development and design
of Al algorithms as well as training datasets with global applica-

tions in mind.

The model framework and technical foundation of a lung nod-
ule detection algorithm, including how key performance metrics
are defined and evaluated, are critical for clinical integration.
However, existing primary studies and systematic reviews show
that methodologies are highly heterogeneous and often sparse-
ly reported, with variable metrics, limited description of patient
populations and reference standards, and generally low certain-
ty of evidence, which reduces reproducibility and clinical trust
[9,10]. This PRISMA-based systematic review aims to character-
ise current applications of artificial intelligence for lung nodule
and lung cancer detection in thoracic CT. It aims to summarise
their diagnostic accuracy, evaluate the validation design, data
foundation, and methodological transparency of these studies.

Method
Protocol and registration

Protocol registered with PROSPERO
(CRD42024428566): https://www.crd.york.ac.uk/PROSPERO/
view/CRD42024428566.

Eligibility criteria using PICO-Guidelines

Population: Individuals receiving thoracic CT scans for lung
nodule evaluation or lung cancer screening purposes. Studies in-
volving clinical settings (as opposed to purely phantom or animal
models).

Intervention: Al methods (machine learning, deep learning,
neural networks, radiomics) used to detect lung nodules or pri-
mary lung cancer on thoracic CT scans

Comparison: Comparing Al-assisted diagnostics with tradi-
tional diagnostic methods or no intervention, if applicable.

Outcomes: Adherence to guidelines and reporting methods
(MI-CLAIM [11], and a modified QUADAS-2 [12]). Detection
sensitivity, specificity, accuracy, positive predictive value, nega-
tive predictive value. Clinical implications (e.g., workflow im-
pact, reporting consistency).

Study designs: Randomized controlled trials (RCTs), cohort
studies, cross-sectional, retrospective or prospective observation-
al studies, diagnostic accuracy studies. Original research only (no
editorials, case reports, purely technical algorithm-development
papers without clinical data, etc.).

Inclusion criteria: Studies published between 2010 and 2025 in
English (or translations available in English). Peer-reviewed, full-

text articles. Human subjects. Sufficient reporting of diagnostic
performance or diagnostic performance and efficacy, accuracy,
or clinical implications to lung nodule/lung cancer detection.

Exclusion criteria: Non-original research (editorials, confer-
ence abstracts without available data, commentaries, pictorial
essays). Studies focused purely on algorithmic or image optimi-
zation. Reviews, systematic reviews, meta-analyses (these may
be used as background references, but not included as primary
data). Studies on metastatic disease from non-lung primaries.
Pure classification or segmentation studies. Non-thoracic imag-
ing.

Information sources

The following online databases were identified based on sus-
pected relevance and impact of publications: Embase/PubMed,
IEEE Xplore, Web of Science, CINAHL, Google Scholar, Co-
chrane Library and Scopus. Additionally, we searched the fol-
lowing additional sources for information: “Gray literature” and
conference proceedings.

Search strategy

A general search string was created and later adapted to each
of'the listed databases (specific examples in Appendix A). Search
terms and Boolean operators were used when applicable. The
general search string was created in collaboration with a trained
librarian at our institute. The search concluded on the 27th of
December 2024.

Selection process

The two independent reviewers (FD' and SMD?) initially
screened titles and abstracts in COVIDENCE according to pre-
defined eligibility criteria, applying the COVIDENCE machine
learning tool and the inclusion / exclusion highlighting filters.
Potentially relevant articles underwent full-text assessment by
the same two reviewers. Any disagreements were resolved by
consensus meetings or by consulting a third Radiology Special-
ist-reviewer (BSR?).

Data items / extraction process

After performing the study selection process all eligible stud-
ies were subjected to data extraction. A subset of the extracted
data points are outlined in Tables 1 and 2. Both reviewers in-
dependently completed the extraction to maintain accuracy and
consistency. For this process, COVIDENCE’s embedded ex-
traction tool was used. Discrepancies in the screening and data
extraction phases were resolved through discussion or, if neces-
sary, with input from the Radiolgy special reviewer. For the full
list of extracted variables, see Appendix D.

Quality assessment / risk of bias

Each included study underwent a two-part quality assessment.
We applied QUADAS-2 to assess risk of bias and applicabili-
ty in diagnostic accuracy outcomes. We kept the four standard
QUADAS-2 domains but tailored the signalling questions to our
review question and the Al setting. Each study was categorized
as either overall "low" or "high" risk based on the number of do-
mains (patient selection, index test, reference standard, flow and
timing) assessed as low risk ("+"). A study was considered low
risk overall if it scored "+" in three or more of the four domains.
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Table 1: Risk of bias assessment by category for Al for lung cancer detection studies performed with the
modified QUADAS-2.(+= green, low risk of bias for, ?7=orange, unclear risk of bias, — yellow, high risk

of bias)
Risk of bias w. modified QUADAS-2
Reference Year and First Author Patient selection  Index test Ref. standard Flow and timing
Low risk (13) + 0 +
(14) 2022 Yacoub iE + + +
(15) 2023 Aboelenin + + i
(18) 2019 Liu + + +
an 2005 Armato - + + +
(18) 2012 Bogoni 1 + o an
(19) 2023 Chao - + + +
(20) 2023 Chen - + + +
(21) 2022 Cui - + + +
(22) 2022 Murchison - + + +
@ 00X E + - R
High Risk @4) 2023 Pan B “ + i
(25) 2019 Zhang - i +
(26) 2020 Kozuka - + + -
(27 2019 Li - + + -
(28) 2021 Jarnalo - - +
(29) 2022 Zhang - = +
(30) 2022 Abadia - + = _
(31) 2022 Chen - + .
(32) 2022 Du = + N
3) 2022 Hu - 8 I
(34) 2022 Lan - = ~ _
(35) 2008 Hirose - = = o

Table 2: Reporting Quality of the Included Studies Based on the MI-CLAIM Checklist. *=Overall percent-
age of maximal score available by max 5 points in Study Design, 4 in Data and Optimization, 3 in Model

Performance, 5 in Model Examination, and 1 point in Reproducibility.

Reporting Quality of the Included Studies Based on the MI-CLAIM Checklist

Year and First Author Reference

Model Perfi

Model Examination Reproducibility Overall Percentage® (%)

Study Design Data and Optimi
2022 Murchison (22) 5 4
2022 Abadia (30) 5 4
2023 Hendrix (13) H 3
2023 Chen (20) 5 3
2023 Chao (19 ) 4
2022 Zhang (29) 5 3
2022 Cai {21y 4 4
2020 Xu (23) 4 1
2022 Yacoub (14) 4 3
2008 Armato (7 4 3
2012 Bogoni (18) 4 4
2021 Jamalo (28) 5 2
2022 Du (32) 4 3
2022 Lan (34) 5 3
2023 Aboelenin (15) 4 3
2019 Lin (16) 4 3
2019 Zhang (25) 5 3
2022 Hu (33) 4 3
2008 Hirose (35 4 3
2020 Kozuka (26) 4 3
2009 Li m 4 2
2022 Chen (31 3 3
2023 Pan (24) 4 0

L P N C I R TR Y

1
1
1

R S O

L S P R I P

R T P TR T

80,60
77,50
180
75,00
72,20
L0
69,40
69,40
66,70
66,70
66,70
66,70
66,70
66,70
63,90
63,90
63,50
61,10
a1,10
58,30
58,30
58,30
22,20
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Table 3: Primary characteristics, methods and outcomes from the included (n=23) studies, listed in accordance with the modi-
fied QUADAS-2 assessment. (CNN=Convolutional Neural Network, DL=Deep Learning; CAD=Computer Automated Detec-
tion, ML=Machine Learning; FPN= Feature Pyramid Network; NN=Neural Network; R-CNN=Region-based Convolutional
Neural Networks)(*=450.000 CT images, not further specified.

Study Deseription Metbods Outeomes
Training Size
“Vear sed First Author Reference  Spossorship Source  Stody Type Moo of CT Scams  Reftrence Standand Labeling Method  Validation Test iz Network Tipe Mode] Name and Availability Sensitivity  Sestivity Rasge Positive Predictive Value
03 Hendrin [LE1] Rewospectne X Radsologat Comtemiun Seme-satormatic Ansotationt 00 ResketS, YOLOWS Dpes Soarce. S0
2012 Vaoh 4 Rewespective Radseloga) Comemnu. 100 NN Al-Rad Coespunion (Sicmens Healthineers) hod Me-913 3
2013 Aboclnin i Self-fanded Revospetive Radiclogest Consensus n DL CADY AVIEW Metric (Corcline Saft) bt %1
M9 L i) Govermenal Revospective nas Radiologest Consensus. Bounding Box. = Diemseet, R-CNN  lnferRead CT Lung {lnfervision Technology Ca, Lid) #0503 5.0 300
2005 Armits 1] Govermental Rewospective 197 Biopay, Radilegint Bounding Box H CAD 00
2012 Begosi (15) Govermenal Reraspactine W Radisloget Conseres. Astommatied Sepmamiaion ur ML Syngn CAD Masigee 20088 (Siomens Healtheare) 66,00
2013 Chao ) Vi Tochanlogics Rvospertie Radiologes Consomsas. ROl 00 N VEMED-LUSI R
2003 Chen i Corporatc and Govermental  Kevospestivy (] Radioboge Conpomsan Coontnatns kol FFR, NN lsttysonal + Commercial polldsoration LAk - 09
01Ca i Gt Propective. Rahloges! Conteriui. Coondnator 0 DL, ONM Irtematonal mtitetional collabonation 010 %497
2012 Meckison (] Govermestal and Asdoser - Rewosperiig 450000 Rabiologa) Comemu. nr DL-CAD Weye Cheat veriien 20 (Asdmec) 50 n3-m0
2000 Xu (] Gvermnadl Revageing L4 Ractiologat, Al Bomnding B, m ONN, ¥-Net Il Collahosation o
308 Pan ) Revespective Patbclogy, Radiokogist  Astomuted Sepmentition W IiL, ML o
2010 Fhang [ Govermensal Prospective 082 Pathology. Rachokogists Bounding Box ur NN, DL i
2010 Konika i6) Revospective PRadiologest Consensus. Bounding Box. ur DenseXet, B-CNN  InfirRead CT Lung (Infervision Technology Co, Lid)  ¥5.50 bkl
19Li @ Rcvaspective Radiclegist Consensizt e DL O34 o-DiscoverLang (12 Sigma Techackogies Co. Lad) 8620 WSS 0
B0 Jamake (%) [ T—— Rudichegint Comenszs 145 DLCAD Vieye Chest {Aidence) i
2012 Thang i’ Govermentl Rebospectne nas Radiologes! Consensus. Baumnding Box. 4 Demseet, R-ACNN  lefirRead CT Lusg (laforvision Tockaology Ca, L) 9930 Wi o
2012 Absdis (] Sacmems Healhiscens  Reospective Rsdiologint 143 NN Al-Rad Compunion (Sicmens Healthinoers) w10 w1
012 Chen i Rvospertig Pahology L) N Dorpwiss Hoabboa, V1.0 R 1M LAl
M (] Revospective Paology 15z bl N
W12 He [Ev] Prosipetive. 450000° Radsolognit Comsensus, CAD nr Demishet, RN lefrRead OT Lisg (lafenvaissn Tockaology Ca, L) SEB3 276685
012 Lan (L] Revospective [LE Radiologist, Al Porudo-labeling (] N, FC Reshet 15 L
20068 Blirose (] Rerospertive L) Badiclogist, CAD Astomuied Sepmemistion 141 mCAR EIOCAD LE version 115 (Ziosoft, Inc.) T4
Studies from databases/registers (n = 11875)
Ernbase (i = 4893)
MEDUINE [n = 3921)
IEEE Xplore [n = 2000)
Web of Stience [n = 434)
CINAHIL (n = 252)
Google Scholar (n = 243)
Cochrane Libeary (n = 48)
E Scopus (n = 34)
8
..
5
2
References removed (n = 3146)
Duplicates kdentifbed manually [n = 10)
Duplicates identified by Covidence (n = 3136)
Marked as incligible by automation tools (n = 0)
Other feasons (n = )
Studies screened (n = 8729) —> Studies excluded [n = 8636)
Studies sought for retrieval (n = 93) —> Studies not retrieved (n = 0)
Studies assessed for eligibility (n = 93) —>
Studies excluded (n = 70)
Wrang setling [n = 5]
Wrang outcomes (n - 4}
Wrong comparator {n = )
Wiong interveniion {n = 4]
Wrong study design [n - &)
No full text available [ = 17)
No trandation avalable in - 3)
Wrong pathent poplation [ - &)
Molaiin focms It on algorithen codfing of developmant (n = 27}

]
=
2
S
£

k.

Studies included in review (n = 23)

Figure 1: PRISMA flowchart for the systematic review of Al for lung cancer detection.
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We then used the MI-CLAIM framework to assess methodol-
ogy, reporting transparency, and Al-specific aspects. We chose
MI-CLAIM rather than CLAIM because of its focus on core
clinical Al modelling steps rather than imaging workflow alone.
Both assessments were performed after full-text review. QUA-
DAS-2 ratings were recorded in Covidence, and MI-CLAIM
ratings in two independent spreadsheets. Disagreements were
resolved as in the data extraction process.

Effect measures

The main effect measures were study-level sensitivity and
specificity, including 95% confidence intervals when reported.
Where available, we also extracted accuracy, area under the
curve, false positives per scan, predictive values, and reading
time. Outcomes were treated as binary or continuous as appro-
priate and summarized descriptively; no formal meta-analysis
was performed.

Data synthesis

Data were exported from COVIDENCE and processed in
Microsoft Excel (Version 16.95.25031528, 2025 — Microsoft
Corporation, Washington, USA) and StataBE (StataNow 18.5,
StataCorp, College Station, TX, USA). A PRISMA flow dia-
gram was used to show study selection, and simple forest plots
were used to display study-level sensitivity where data allowed
(Figurel). We grouped studies by clinical application (screening
vs. non-screening), type of Al implementation (commercial vs.
in-house), and type of reported accuracy metrics. Not all stud-
ies reported the same outcomes; for each outcome we used all
available studies without imputing missing data. Results were
presented in structured summary tables for QUADAS-2 ratings,
MI-CLAIM completion and study characteristics, (Table 1, 2
and 3).

The reporting order of studies followed the overall risk-of-bi-
as judgement from the modified QUADAS-2 tool. We did not
perform formal statistical heterogeneity analyses or sensitivity
analyses because no meta-analytical pooling of effect measures
was undertaken and due to the descriptive synthesis and substan-
tial heterogeneity in populations, Al models, and outcome defi-
nitions. Potential selective reporting is described qualitatively in
the Results and Discussion.

Results
Search results and study selection

Actotal of 11,875 studies were initially identified. After remov-
al of 3,146 duplicates, 8,729 studies remained for title and ab-
stract screening. Of these, 93 studies were selected for full-text
evaluation, and following eligibility assessment, 23 studies [13-
35] were included in the final analysis. 70 were excluded due to:
wrong setting (n=5), outcomes (n=4), comparator (n=2), inter-
vention (n=4), study design (n=6), unavailable full text (n=17),
no translation (n=3), wrong patient population (n=6), or main
focus on algorithm coding/development (n=23). The identifica-
tion, screening, exclusions and inclusions of studies is presented
in the PRISMA flow chart, see Figure 1.

Study characteristics of included studies

Fourteen of the twentythree included studies were published
after 2022 and a total of 20 studies after 2019. Twenty studies

used retrospective hospital-based datasets, averaging around
7000 CT scans for training sets, except for one study that report-
ed the total number of CT-images instead [33]. Defining sizes
of training dataset were inconsistent, thus complicating standard-
ized comparisons. Some reported as individual pictures [25] and
some as number of CT scans [17].

The typical reference standard used was consensus annotations
between radiologists [14,16]. Two studies relied only on the pa-
thology reports as definition of the reference standard [31,32]. Of
the reported labeling methods, “Bounding Box”- and “X-, Y- and
Z-coordinate” methods were the most prevalent types of annota-
tion. The average size of the included datasets for external and
internal testing, where 320 cases (both CT and tumors). The most
commonly used commercialized application was “InferRead CT
Lung” applied in four studies. Primary characteristics for the in-
cluded studies are listed in Table 3.

QUADAS-2

As shown in Table 1, 11 studies were classified as overall low
risk, and 12 were classified as overall high risk. Generally, the
domain of “Patient Selection” demonstrated the greatest concern,
with only 6 studies rated as low risk, 15 rated as high risk, and
2 studies having unclear risk. In contrast, domains such as index
test, reference standard, and flow and timing were predominantly
rated as low risk, with 14, 15, and 16 studies scoring low risk
of bias, respectively. Specifically, among the overall low-risk
studies, "patient selection" remained an issue, with some studies
[15,16] rated as unclear ("?") and others explicitly as high risk
("-"), indicating variability within the overall low risk subgroup
as well. Among high-risk studies, recurring issues included miss-
ing or limited descriptions of the reference standard or unclear
reporting of the index test.

MI-CLAIM assessment

The included studies had a mean MI-CLAIM completion rate
of approximately 65%. Studies classified as having a low risk of
bias, according to the QUADAS-2 assessment (Table 1), [13,23]
had an overall higher rate of reported items compared to stud-
ies classified as high risk (24-35) in the MI-CLAIM Checklist.
Specifically, 27% of overall low-risk studies achieved a high MI-
CLAIM completion (=75%) compared to 8% of overall high-risk
studies, but this difference was not statistically significant (chi-
squared = 0.42; p = 0.52).

Two studies, Aboelenin et al. and Hendrix et al., provided suf-
ficiently detailed information to enable reproducibility; of these,
only Hendrix et al. also met the >75% overall MI-CLAIM com-
pletion threshold. Most other studies did not facilitate reproduc-
ibility due to inadequate reporting. All 23 studies were retained
in the descriptive synthesis and summary tables, but diagnostic
accuracy estimates from studies with lower risk of bias and high-
er MI-CLAIM completion were given greater weight when inter-
preting ranges and formulating conclusions.

Four studies demonstrated high overall completion of MI-
CLAIM checklist items (>75%), [13,19,22,30]. Sections related
to model performance, model examination, and reproducibility
showed lower reporting rates across the remaining studies.

Overall, adherence to MI-CLAIM guidelines was inconsistent,
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and none of the included studies adhered fully to the reporting
standards listed in the MI-CLAIM, see Table 2.

Reported outcome metrics

Outcome metrics were reported heterogeneously across the in-
cluded studies as presented in Table 3. Sensitivity and specificity
were the most frequently reported metrics. Sensitivities ranged
from 59.2% to 98.8%, and specificities from 61.8% to 100%
[14,15,21,25,26,29,34]. Even among low-risk-of-bias, moder-
ate-to-high—quality studies, reported sensitivities varied widely.
Crude sensitivity pooling weighted by validation/test sample
size, found pooled sensitivity was 82.1% among low risk-of-bi-
as studies and 91.4% among high or unclear risk-of-bias studies,
corresponding to an overall pooled sensitivity of 86.3%.

False-positive outcomes were explicitly reported in 20 of
the 23 studies. Where expressed per scan, false-positive rates
ranged from 0.07 to 2.4 FP/scan in both low- and high-risk-of-
bias studies. In comparative designs, Al-assisted reading usually
maintained or reduced the false-positive burden compared with
unaided radiologists while increasing sensitivity. Stand-alone Al
systems showed more variable, and at times higher, false-positive
rates than the human reference standard [34].

Performance metrics such as Positive Predictive Value (PPV),
Negative Predictive Value (NPV), and F1-score were inconsis-
tently reported. With Al-assistance, the PPV ranged between
57.9% to 70.5%.

Al-assistance typically lead to slight reductions attributed to in-
creased sensitivity and a higher rate of initial detections requiring
subsequent validation as described in a single study [26].

Sensitivity for each study is displayed in the Forest Plot (Figure
2), with accompanying range, if available. The range of Al sen-
sitivity is achieved by several training-rounds, and seven of the
included studies reported this data.

Validation setup

The external test methodologies employed across studies were
heterogeneous. Most studies conducted retrospective internal
tests on datasets derived from a single or a small number of insti-
tutions. Three out 23 studies utilized prospective external testing,
offering insights of applicability [21,25,33]. The most prevalent
external testing practice involved comparing Al-model outputs to
radiologist consensus readings as the reference standard, although
two studies utilized pathology reports for ground truth determi-
nation [31,32]. Methodological transparency regarding the vali-
dation datasets was frequently insufficient, with limited reporting
on the diversity of patient populations, disease prevalence, or
specific inclusion and exclusion criteria. Moreover, descriptions
of threshold settings for determining detection sensitivity (e.g.,
voxel or pixel overlap criteria or minimum size thresholds for
nodules) were also inconsistently reported; further complicating
cross-study comparisons and clinical interpretation.

Clinical implications

The clinical impact of Al assistance was unevenly explored
across studies. Several studies reported that AI improved radio-
logical sensitivity, particularly for small nodules between 3—10
mm. One study [21] found an increase in sensitivity 58.9% to
86.3% for nodules sized 4-6 mm with Al assistance, underlining

the potential clinical relevance for early-stage disease. The over-
all direction of effect is consistent with other studies that showed
improved sensitivity for small nodules.

Al integration was frequently reported to enhance diagnostic
confidence and reduce variability among radiologists, especially
among less experienced readers [23]. Explicit descriptions and
discussions regarding workflow integration and resource utiliza-
tion were generally missing. Four studies [16,18,28,30] quanti-
tatively assessed workflow or resource outcomes such as reading
time or additional work-up, beyond diagnostic accuracy.

Discussion

This systematic review investigated the application and di-
agnostic accuracy of artificial intelligence (AI) models in tho-
racic CT for lung nodule and lung cancer detection. Of the
twenty-three included studies most were published after 2020,
reflecting the rapid development in the field. Most models used
deep learning and were trained and validated on retrospective
hospital-based datasets, suggesting potential real-world applica-
bility but limited prospective evidence was provided.

Our primary effect measure was lesion-level sensitivity; speci-
ficity, false positives per scan, and predictive values were treated
as secondary outcomes were reported. Across all studies, mean
sensitivity was high (aprox. 86%), but estimates were hetero-
geneous (59.2-98.8%). When restricting to high-quality studies
with low risk of bias, sensitivity estimates narrowed to approxi-
mately 66-95%, indicating more consistent performance. Spec-
ificity also varied widely, and only a subset of high-quality stud-
ies reported additional metrics such as false positives per scan
and positive predictive value, which generally showed that gains
in sensitivity could be achieved without prohibitive increases in
false positives. Although similar tendencies were seen in a num-
ber of studies, these estimates should be interpreted with caution
due to the high risk of bias and low reporting quality observed
across many studies.

Risk-of-bias assessment with the modified QUADAS-2 and
methodological assessment with MI-CLAIM both highlighted
overall concerns regarding patient selection and incomplete re-
porting of the index test. MI-CLAIM completion averaged about
65% and with frequent gaps in clinical integration, model ex-
amination, and reproducibility. Only two studies (Hendrix et al.
and Aboelenin et al. [13,15]) combined low risk of bias with de-
tailed, reproducible reporting. Hendrix et al. showed that a deep
learning system in a non-screening setting could detect benign
nodules, small primary lung cancers, and metastases with sen-
sitivities above 90% at approximately 1 false positive per scan,
performing comparably to, or better than, thoracic radiologists.
Aboelenin et al. demonstrated that an Al-assisted Lung-RADS
workflow in a screening-like cohort achieved very high sensitiv-
ity and specificity with excellent agreement with an expert refer-
ence radiologist. Together, these studies suggest that, under ro-
bust design and reporting conditions, Al can approach or match
expert performance while maintaining an acceptable false-posi-
tive burden and clinically meaningful positive predictive values.

Data foundation

Dataset biases due to selective populations or inconsistent
tumor management protocols were generally inadequately ad-
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Reported Sensitivity of Detection

2023 Hendrix . S (1. T 1000
2022 Yacoud -?-----'--- SLENBA SN 973%)
2023 Aboelerin 4 L
20190 ----’----E LTI 86
2005 Armate + ™
2012 Bogoni L] @
2023 Chas i 1] LT
2023 Chen 4 SOL19 (B3 « SRS
2002 Cui e = S0 1% 864% - 93.7%)
2022 Murchison o DTS- 1%
2020% 1 0%
2023Pan + o
2019 Thang L] Lo
2020 Kozuka B,
20161 -4 B4 1% - BEE)
2021 Jarnale 4 o
2022 hang & FHINGEN- 1005
20022 Abadia 4 1%
2022Chen [ 12%
202200 + L85
2022Hy | ommmeeeeeee ] 63 (42T - G84%)
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Figure 2: Forest Plot of reported sensitivity and range for Al appli-
cations for lung cancer detection. Mean Sens.= 85.95%.

dressed. The use of open-source annotations [21] raises concerns
about propagating similar model errors such as misclassification.
Many studies lacked external testing, often matching validation
closely to training datasets, risking overfitting [26,29]. Small
sample sizes in validation cohorts further limited robustness and
generalizability [33,34]. Transparency regarding the source of
dataset and annotation methods was frequently insufficient, hin-
dering clinical trust and practical implementation.

Important methodological limitations in the included studies
should also be recognized.For example, inconsistencies in defin-
ing reference standard and detection sensitivity thresholds across
studies pose challenges for comparative analyses. Most studies
lacked rigorous external testing and comprehensive performance
metrics beyond sensitivity and specificity, reducing the robust-
ness of reported outcomes.

In descriptive terms, our findings are broadly consistent with
previous literature in suggesting that Al can increase sensitivity
for small nodules compared with historical radiologist perfor-
mance. We did not perform formal meta-analyses, and only a
few primary studies reported statistical tests comparing Al-as-
sisted and unaided readings, so these comparisons are not based
on statistically pooled estimates and should be interpreted with
caution. Even among low-risk-of-bias, moderate-to-high—qual-
ity studies, reported sensitivities varied widely; for example,
Bogoni et al. [18] reported a CAD-assisted sensitivity of about
66%, illustrating that improved methodology does not uniformly
translate into high sensitivity and that case mix, thresholds and
reading strategies remain important determinants of observed
performance.

This review is subjedt to several noted limitations, including
potential selection bias given language restrictions (English
only) and the heterogeneity of Al models assessed. However, it
provides an overview and analysis of the current methodological
and reporting practices in Al lung cancer and lung nodule appli-
cations for thoracic CT scans, outlining critical areas requiring

standardization and improvement.

To ensure effective implementation of Al solutions into rou-
tine clinical practice, uniform standards for training dataset se-
lection, annotation methods, and unbiased external validation
practices must be universally adopted.

Conclusions

Across the 23 included studies, adherence to the MI-CLAIM
checklist was only moderate, with major gaps in transparency
and reduced reproducibility. Among the included studies, Al
applications for thoracic CT nodule detection showed generally
high but heterogeneous lesion-level sensitivity, while specifici-
ty, false-positive rates and predictive values were inconsistent-
ly reported. Two studies stood out, Hendrix et al. showed with
high quality reporting and low risk-of-bias that Al can approach
or match expert performance, while maintaining acceptable
FP-burdens. In the remaining studies Al assistance improved de-
tection of small nodules in general, but clinical impact on work-
flow and downstream management was rarely quantified, and
validation and data foundations were weak, with few indepen-
dent external test sets. Robust and externally validated studies
with standardized reporting are therefore required before these
systems can be relied on in routine practice.

Registration
Protocol registered with PROSPERO (CRD42024428566).
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